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Foreword
This WMO Training Workshop on the Interpretation of Numerical Weather
Prediction (NWP) Products in Terms of Local Weather Phenomena and Their
Verification was approved by the Executive Council at its fortieth session in
Geneva, 7 -16 June 1988.
It is being held in the International Agricultural
Centre in Wageningen, at the kind invitation of The Netherlands. The purpose of
the workshop is to provide an international forum to transfer research results
and application experiences, especially to developing countries, in the areas of
statistical interpretation and forecast verification.
The International Program Committee is composed of Harry R. Glahn
(Chairman, USA), Allan H. Murphy (USA), Seijo Kruizinga (The Netherlands),
Laurence J. Wilson (Canada), and J. Coiffier (France).
The Local Organizing
Committee consists of Seijo Kruizinga (Chairman), C. J. Kok, and B. M. Kamp; in
addition, the efforts of B. G. M. Kok and B. Lanser are greatly appreciated. A
number of people assisted very substantially in the preparation of the lecture
notes, including J. Paul Dallavalle, Valery J. Dagostaro, Mary C. Erickson,
Brenda S. Smith, and Jennifer A. Hoppa.
The principal lecturers are Harry R.
Glahn, Allan H. Murphy, Laurence J. Wilson, and John S. Jensenius, Jr.
We
greatly appreciate the efforts of Dr. X. Du of the WMO for his efforts in making
this Workshop possible.
The material to be presented is slightly broader than the title of the
workshop might suggest.
First, the discussion of statistical techniques and
their application is not strictly limited to interpretation of numerical model
output. Second, concepts and methods of forecast verification are described from
a broader perspective than that traditionally associated with the evaluation of
forecasts produced by interpretation systems.
In addition to the formal lectures, we will have the benefit of 10 or more
experts from a number of countries who will present invited papers. These papers
will give the students and lecturers alike a better understanding of how
statistical interpretation and forecast verification are practiced around the
world.

;L.G:?Jv~
Chai~

International Program Committee
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I.

INTRODUCTION

Primary motivation for this workshop is provided by developments in
statistical interpretation and forecast verification over the last 20 years.
During this period, many countries have designed and implemented operational
statistical interpretation systems. These systems use the output of numerical
weather prediction models and other data as a basis for producing statistical
forecasts of local weather conditions.
In addition, a coherent body of
verification methodology for evaluating weather forecasts has been developed in
recent years, and experience has been acquired in the implementation and
utilization of the output of verification systems.
To achieve the goal of
enhancing the quality and value of weather forecasts on a worldwide basis, it is
obviously desirable to employ a variety of mechanisms--including workshops--to
transfer these methodological and practical developments from one country to
another.
The content of the workshop involves two principal topics: (a) statistical
interpretation and (b) forecast verification. It is quite reasonable to· combine
these topics in a single workshop because forecast verification plays a key role
in the development and evaluation of statistical interpretation systems.
The
preparation of state-of-the-art weather forecasts in the 1990's requires that
national weather services give careful consideration to the development and
implementation of both statistical interpretation and forecast verification
systems.
The workshop is designed for students who have had relatively little
experience with either statistical interpretation or forecast verification.
These lecture notes are not highly mathematical. However, clear description and
effective use of the basic concepts and methods requires that mathematical and
statistical notation and expressions be employed.
At the completion of the
workshop, participants should be familiar with the basic concepts and methods and
be able to apply them in the solution of practical problems. It is also hoped
that these notes may be useful to individuals concerned with statistical
interpretation and/or forecast verification who have been unable to participate
in the workshop.
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11.

OVERVIEW OF STATISTICAL INTERPRETATION
AND FORECAST VERIFICATION

A.

Statistical Interpretation

1.

Definition

What is meant by the term "statistical interpretation?"
To answer this
question, it is helpful to define and discuss briefly "objective forecasting."
AlIen and Vernon (1951) defined an objective forecast as " ... a forecast which
does not depend for its accuracy upon the forecasting experience or the
subjective judgment of the meteorologist using it.
Strictly speaking, an
obj ective system is one which can produce one and only one forecast from a
specific set of data."
An objective system consists of a set of rules,
equations, nomograms, etc. which completely define the forecast, given the
necessary input data. Although subjective judgment is not generally required in
the use of the obj ective system, some expertise on the par.t of the user in
providing the input data is sometimes required. For instance, if an observation
of sea level pressure is needed at a station for input and it is missing on a
particular day, the meteorologist might estimate it from other available data.
Generally speaking, objective forecasting methods fall into two categories.
One is numerical weather prediction in which numerical models of the atmosphere
are formulated and systems of hydrodynamic equations are solved by high-speed
electronic computers.
This method was first tried by Richardson (1922) a few
years prior to 1922 but had its practical beginning about 1950 when Charney,
Fj ortoft, and von Neumann (1950) successfully integrated the simplified equations
of motion. Great progress has been made in numerical weather prediction since
that time, and many countries now produce such forecasts as does the European
Center for Medium Range Weather Forecasts (ECMWF). Even so, most of the effort
and success has been in the prediction of the large scale features of the
atmosphere; small scale features, those only a few tens of kilometers in extent,
and surface (or near-surface) weather variables such as temperature, height and
amount of clouds, visibility, and wind are many times not predicted directly by
the numerical models, and when they are the accuracy may be fairly low. These
surface weather variables are sometimes specified (or computed) from the direct
model output or they are forecast by other means with heavy reliance on the
numerical prediction products.
The other category of objective forecasting is composed'of various statistical methods. This is not to say that numerical forecasting and statistics are
divorced from one another.
It has been through studies of observational data
that numerical models were formulated and improved.
Most numerical models
contain certain constants that are quasi-empirical in nature. Also, the application of statistical techniques permits the use of predictors that are suggested
by numerical models and physical reasoning.
Statistical relationships are
usually much stronger between concurrently measured variables than between
time-lagged variables. For instance, cloud patterns are more closely related to
the simultaneous pressure and moisture distributions than they are to the
pressure and moisture distributions 24 hours earlier. Therefore, the statistical
technique should rely on the numerical product for its input in many applications.
When the objective forecasting system is inherently statistical in
nature and depends for its input on numerical prediction models, it is said to
be an "interpretative system," since it is "interpreting" the ,numerical model.
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2.

Purposes

...

What are the purposes of a statistical interpretation system (and in a
broader sense, a statistical objective forecasting system)? We might list them
as follows:
(a) training, (b) alerting, (c) control, (d) a "first cut" (or
"initial") forecast, and (e) a final product.

j
~.

Training -- When a forecaster first reports for duty at a station, he (or
she) may not be familiar with the local characteristics of the weather or
the local climate.
A set of rules or guidelines may help him to become
proficient more quickly at that particular station.
Alerting -- The application of a statistical system may alert a forecaster
to a situation that needs careful attention.
For instance, certain
combinations of moisture, stability parameters, and wind may be a tip-off
that severe convective weather may develop later in the day.
This could
serve to ensure that the forecaster does not overlook this threat.
Control -- This could be thought of as the opposite of alerting.
Rather
than the forecaster being warned of possible dangerous weather, the
forecaster has made a forecast of unusual weather and the statistical
system warns him that his forecast is unusual and may be outside the
climatological bounds for that season, locality, time of day, etc.

(

First Cut Forecast -- This routine use of a statistical system can provide
an initial estimate of the weather variable that can then be modified (or
tuned) by the forecaster.
Final Product - - For some purposes and situations, the obj ective system may
provide a forecas t that is "good enough" to use without forecas ter
modification.
This might be the case for "good weather" days when the
forecast is rather routine.
Also, it may be that when staffing at a
forecast office is low and there is severe convective weather in progress
or imminent, the routine "public" forecast covering the next I to 3 days
might be produced entirely by an objective system.
3.

Methods

The methods used for developing statistical forecasting systems range from
simple scatter plots to sophisticated statistical models which require significant computer resources.
In every application, there is a predictand (perhaps
more than one) which is the variable to be forecast or estimated. Also, there
is always a predictor, and usually several, that is used to estimate the predictand. The concept can be illustrated by the diagram in Fig. 11-1.
In this case, the predictand is the daytime maximum temperature at a
specific place, and the predictor is the 1000 - 500 mb thickness at the same
location and at approximately the same time.
In application, a 1000 - 500 mb
thickness (which is the 500 mb height minus the 1000 mb height), probably as
forecast by a numerical model, is used to estimate the maximum temperature. A
particular thickness is illustrated at point xi' which corresponds to temperatures somewhere near Yt' depending on the statistical model or analysis method
used.
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Figure 11-1. Example scatter plot (or scatter diagram)
showing the relationship of maximum temperature to 1000500 mb thickness.
The statistical models that are dealt with in detail in this document are
regression and discriminant analysis; others are discussed only briefly.
Although the mathematical equations involved with discriminant analysis and
particularly regression are not extremely complicated, there are many practical
issues to address in applying these models. It is the addressing of these issues
to which much of the material in the interpretation part of this document is
devoted.
4.

History

The practice of estimation of the future value of a weather variable based
on existing conditions is probably as old as civilization itself. The systematic
analysis of data through scatter plots (or. scatter diagrams) dates back at least
to Besson (1905).
Graphical regression, as this method is called by some
persons, was studied in detail by Brier (1946) and several papers appeared in the
Monthly Weather Review in the 1950' s illustrating this technique; a typical
example is Thompson (1950).
With the coming of computers, more modern methods were developed, used, and
extended by several persons at the Trave1ers Research Center (TRC) in Hartford,
Connecticut. These included Robert M. White, Joseph G. Bryan, Robert G. Miller,
and Isadore Enger. TRC was the springboard from which the use of regression and
discriminant analysis came into widespread use in meteorology in the United
States and Canada. Specific contributions will be mentioned later in the course.
Surveys of methods and uses are contained in G1ahn (1985) and Carter et al.
(1989).
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B.

Forecast Verification

1.

Definition

-;
\

Forecast verification (FV) is usually defined as the process and practice
of assessing the quality of forecasts. Since forecast quality possesses several
distinct characteristics,FV is concerned with various aspects of the correspondence between the forecasts of interest and the matching observations.
Traditionally, this correspondence is determined by means of a statistical
analysis of one or more verification data sets (i.e., samples of forecasts and
observations).
In this document, forecast verification will acquire a somewhat broader
definition. According to this broader definition, FV is the process and practice
of determining the statistical characteristics of the verification data set.
That is, forecast verification involves the statistical characteristics of
(a) the forecasts, (b) the corresponding observations, and (c) the relationship
between the forecasts and observations.
Forecast verification should be distinguished from forecas·t evaluation (FE) .
The latter relates to both the scientific quality of forecasts and their economic
value. Thus, FV is a component of FE. The verification material in these notes
focuses primarily on forecast quality. Nevertheless, Chapter XIX will briefly
consider some basic aspects of forecast value, as well as the relationship
between forecast quality and forecast value.
2,

(

Purposes

Forecast verification is undertaken for a variety of purposes.
These
purposes include: (a) to determine the state of the art of weather forecasting
and trends in forecast quality, (b) to monitor the quality of forecasts (quality
control), (c) to compare forecasts produced by different forecasters or different
forecasting procedures, (d) to provide feedback to forecasters regarding
individual and/or collective forecasting performance, (e) to diagnose the errors
in forecasts as a basis for improving forecasting techniques, and (f) to provide
users with information concerning the quality of forecasts (e.g., the distribution of forecast errors). The choice of a suitable approach to a verification
problem--and an appropriate set of verification methods--depends on the purpose
(or purposes) for which the verification activity is undertaken.
The concepts and methods described in this document relate to most if not
all of these purposes.
Nevertheless, the principal focus of the methodology
discussed here involves purposes (a), (c), (d), and (e). Thus, we are concerned
here primarily with measuring the characteristics of forecast quality in absolute
and relative terms and with providing modelers and forecasters with feedback that
can be used to obtain insight into the basic strengths and weaknesses of
forecasting performance.
3.

History

The practice of verifying weather forecasts is almost as old as routine
weather forecasting itself, with the first papers and reports on verification
methods and the results of verification studies appearing more than a century
ago. Moreover, the history and development of forecast verification have been
marked by several colorful incidents and by considerable controversy.
(An
II-4
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example of such an incident is introduced and discussed in Section 4.)
A
comprehensive review of the literature on forecast verification is not possible
here.
For noteworthy papers, including review papers and bibliographies, on
verification concepts and methods, the reader is referred to Brier and Allen
(1951), Daan (1984), Gringorten (1951), Johnson (1957), Meglis (1960), Murphyand
Allen (1970), Murphy and Daan (1985), Murphy and Winkler (1987), National Center
for Atmospheric Research (1976), Stanski et al. (1989), and World Meteorological
Organization (1980).
4.

An Early Verification Problem

An early example of some basic problems inherent in forecast verification
is provided by an analysis of J. P. Finley's tornado forecasts (Finley, 1884).
Finley initiated forecasts of tornado occurrence (and nonoccurrence) for various
districts in the United States in 1884. The results of his tornado forecasting
activity for a particular district are summarized in a 2x2 contingency table in
Table 11-1.
Finley used the percentage of correct forecasts as a measure of
forecasting performance, and he reported that these forecasts were 96.6%
[= 100(28 + 2680)/2803] correct. However, Doolittle (1885) was quick to point
out that a forecast of "no tornado" on all 2803 occasions would have been 98.2%
[= 100(72 + 2680)/2803] correct!
Table II-L
The quality of J. P. Finley's tornado
forecasts, as described by a 2x2 contingency table.
Observation
Tornado

Forecast

No Tornado

Total

Tornado

28

72

100

No Tornado

23

2680

2703

Total

51

2752

2803

Among other things, this example illustrates the difference between two
characteristics of forecast quality, accuracy and skill.
The percentage of
correct forecasts is a measure of forecast accuracy and, according to this
measure, Finley's forecasts are highly accurate. Skill, on the other hand, is
concerned with the accuracy of the forecasts of interest relative to the accuracy
of forecasts produced by some reference procedure. If the reference procedure
is taken here to be a forecast of "no tornado" on each occasion, then Finley's
forecasts are of negative skill (i.e., the forecasts are less accurate than the
reference procedure).
Several basic questions arise regarding the measurement of forecast quality
even in this relatively simple situation. For example: How many numbers must
be specified to describe forecasting performance in Finley's situation? Should
Finley receive equal credit for correct forecasts of tornado and no tornado?
(The percentage of correct forecasts possesses this property.)
If not, how
should differential credit for the various combinations of forecast and observed
events be determined?
What measures of forecasting performance are most
II-5

appropriate in such a situation? What effect does the climato1ogical probability
of the event of primary interest (i.e., tornado occurrence) have on the problem
of choosing an appropriate verification measure? These and other basic questions
will be addressed as verification concepts and methods are introduced in
subsequent chapters.
C.

.~
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Ill.

A.

BASIC STATISTICAL CONCEPTS AND DEFINITIONS

Population and Sample

The concept of population and sample are very important in statistical
analysis.
Definitions can be stated as follows:
Population - - ".
any finite or infinite collection of individuals."
Kendall and Buckland (1960, p. 222).
Sample - - "A part of a population . . . which is provided by some process
or other, usually . . . with the object of investigating the properties of
the parent population . . . " Kendall and Buckland (1960, p. 254).
Members of the population and sample can be obj ects; they are not necessarily living organisms.
Each of the members has some common, observable characteristics. The terms population and sample can apply either to the members themselves or to an observable characteristic of them (Dixon and Massey, 1983,
p. 39).
In meteorology, we usually think in terms of the observable characteristic, because the idea of obj ects or individuals is sometimes a little
obscure. For instance, a population of all surface temperature measurements that
could have been made at a particular observing station at 0000 UTC since its
establishment may be easier to comprehend than what the objects or individuals
are that are being measured.
In statistical analysis, we usually deal with samples because the parent
population is too large. (We could define a population in such a way that there
would be only a few members, but this usually doesn't lead to useful results.)
The sample is analyzed and used to infer the characteristics of the parent
population.
If we are presented with a sample of data, in order to do a
meaningful analysis and to interpret the results, we must know how the sample was
obtained and from what parent population.
This leads us to the question, "How do we obtain a sample from a population?"
Textbooks define random sampling with replacement and random sampling
without replacement. This leads to the question, "What is random sampling?"
Random Sample -- Selecting a random sample of one means that we select one
member from a defined population in such a way that any member is just as
likely. to get selected as another member.
If we then select at random
another member without replacing the first one selected, that would be
selecting a random sample of two without replacement.
If, instead, we
returned the first one selected to the population and then selected a
second one at random, that would be selecting a random sample of two with
replacement. Either of these procedures can be continued until a sample of
size N is taken.
(In the case of sampling with replacement, there is no
limit to N; it could be larger than the number of items in the population.
For sampling without replacement, N is limited to the size of the population. )
When the population is large and N is relatively small, it makes little difference whether we have randomly sampled with or without replacement; our conclusions about the population will be the same for all practical purposes.
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Random sampling is used in textbook examples, in some carefully controlled
laboratory experiments , and occasionally in analysis of meteorological data.
However, in developing objective forecasting systems ,we rarely have random
samples. In fact, since we are trying to build a system to apply to future data,
that future data would be part of our population, and, therefore, we couldn't
have sampled from that (future) portion of the population. Although pure random
sampling plays a relatively minor role in developing obj ective forecasting
systems, the concept is important, especially in understanding significance
testing, discussed in Chapter IX. We will say more about sampling when we get
to specific applications.
B.
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Now that we have a sample, what do we do with it?
One of the simplest
things we could do is to draw a picture of the distribution of values. Suppose
that our sample consisted of 200 observations of maximum temperature.
The
distribution of those temperatures, when they are put into classes defined by
5 degree intervals, might look like the histogram in Fig. 111-1.
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One thing that might be .confusing to a reader of the graph in Fig. 111-1 is
where the observations of 5.0go--inthe 0-5 column or the 5-10 column.
This
must be made clear in the capti.on, or the horizontal scale could be
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Instead of drawing vertical bars, one could J o~n the points at the center
of where each bar would be, as indicated by the curve in Fig. III -1.
Such a
diagram, extended to the horizontal axis as shown, is called a frequency polygon
(Mode, 1951, p. 95).
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Empirical Frequency Distributions

The ordinal label on the left is
the number of observations--the frequency- -and the total height of all
vertical bars is 200, the sample size.
On the right is the relative frequency
(which is here stated in percent)--the
left scale divided by the sample size.
The total height of all vertical bars
according to the right scale is 100%
or unity.
When speaking about fractions or percentages, the term relative frequency is most precise. However, sometimes only the word frequency is used for percentages as well as
for the ac tual numbers of values.
This is usually not a good practice,
but seldom does confusion arise because of ambiguity.

I
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given that 5. o goes into the 5-l:0 column, ate.
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Another way to display the data is by a cumulative frequency distribution.
Here, we start at one end of the range of values, let's say the low end as that
is usually the case, and show on the vertical scale the cumulative frequency or
relative frequency of values less than or equal to the values on the horizontal
scale. The same data used for Fig. 111-1 can be presented as in Fig. 111-2.
Instead of drawing vertical bars,
one could join the points at the center of where each bar would be, as
indicated by the curve in Fig. 111-2.
Such a line, extended to the lower
horizontal axis as shown, is called an
ogive (Mode, 1951, p. 103).
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The distribution of the popula~
tion from which a sample is taken is
important when conclusions are to be
drawn about other population characOL--...y......,.e:i..-....L--'-_.!...-....L---'_-'-----l-----'
teristics from the sample. One might
-10 -5 0
5 10 15 20 25 30 35 40 45
Temperature
look at Fig. 111-1 and conclude that
the population distribution is symmetric--that is, it is approximately the
Example cumulative fresame shape to the right and left of Figure 111-2.
quency
distribution.
the center (we'll talk more precisely
about the " center" later).
But suppose the population were the observations of total sky cover in terms of clear,
scattered, broken, and overcast. Depending on the location where the observation
is made, the season, and the time of day, the distribution of 200 observations
might look like any of the examples in Fig. 111-3.
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seaU~red
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Figure 111-3. Possible frequency distributions of four categories of total
sky cover--clear, scattered, broken, and overcast.
Figs. III-3 (a) and (b) indicate the population is nearly symmetric;
however, (a) and (b) are profoundly different. Fig. 111-3 (c) is not symmetric
. but rather skewed.
The distributions in (b) and (c) are called U-shaped and
J-shaped, respectively.
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C.

Theoretical Frequency Distributions

So far ,we 'have talked about frequency distributions in non-mathematical
terms--symmetric, U-shaped, J-shaped, etc. Suppose that we wanted to create a
population of values from which we could draw samples for experimentation
purposes. How would we do it? There are many ways, of course, and the way we
would do it would depend on the purpose. One could just "decide" on 10 values
and those 10 values, no matter what they were, might serve the purpose of experimentation. But suppose we wanted to create a large sample (several hundred or
thousand) from a very large population.
We would need some repeatable
process--probably one that we could exercise by computer. Also, frequently we
want to specify the distribution of the population. If we don't already have the
population, we usually want to specify one that is rectangular or normal.
A rectangular (or uniform) distribution is one in which any real number
between two limits is equally likely. For practical purposes , we limit the real
number to some predefined precision (number of digits after the decimal point),
and usually the limits used are zero and one, without any loss of generality.
One place where the rectangular distribution is used is in the generation of
pseudo-random numbers by computer.
(The term "pseudo" is used, because such
numbers would not be completely random, and would in fact be generated by a
repeatable process.)

i
t

(

A normal distribution has a precise mathematical definition that will be
given later after we have discussed some other concepts. Suffice it to say here
that the normal distribution is absolutely symmetric, is "bell-shaped," and is
not limited to specific values at either side of the bell (it extends to plus and
minus .infinity).
The assumption of a normal distribution for the population
underlies many statistical procedures, especially significance testing. If one
needed a population (or sample) whose values were normally distributed, a close
approximation could be achieved by generating sets of values of pseudo-random
numbers from a rectangular distribution and taking the arithmetic mean (see
Section D) of each set. These means would have a near normal distribution; the
more values in each set, the more nearly normal the means would be.
We will discuss other frequency distributions later in the context of
significance testing.
Usually, the mathematical expression for a frequency distribution is written
in such a way that the total frequency is unity. Thus, the frequency function
represents proportions (like the right-hand scale of Fig. Ill-I) rather than
numbers of values. As such, it is called a probability density function (or a
density function, for short) and is denoted by f(x).
(Strictly speaking, this
terminology applies only to a continuous variable x). Since it is a probability
density, it is everywhere in the range 0 to 1 inclusive, and the area under it
is unity, Le.,
+CO

If(X)<!x - 1.
-co

1;[1-4

(

D.

Measures of Central Tendency

We spoke earlier about the "center" of the distribution; just what is the
center of a distribution? Actually, it can be defined in different ways. The
three most common ways are as follows:
Mean -- The (arithmetic) mean of a set of values is the arithmetic average
of those values.
It can be computed from

1

N

~

x = -

xi

N i=l
for a discrete distribution of size N (which is what our sample will be),
or
+00

P

J

xf(x)dx

-00

for a continuous distribution (which may be the way our population is
defined).
Median - - The median of a set of values is the "middle" value,
the same number of values above it (in value) as below it.
wi th an even number of values, the convention is to use(arithmetic mean) of the two middle values. Mathematically,
can be defined for the density function f(x) as
M

the one with
For a sample
the average
the median M

+00

J

J f(x)dx

f(x)dx

1/2.

M

-00

Mode - - The value that occurs most frequently in the sample.
It could
happen that two (or more) values occur with-equal maximum frequency with
lesser frequencies for values in between; in that case, the distribution is
truly bimodal (or multimoda1). Usually, however, the mode is'thought of as
the value with a greater frequency than "surrounding" values. This is
rather vague but embraces data such as shown in Fig. III-3(b). Whether or
not the values at clear and overcast are equal, this distribution is
thought of as bimodal.
A mathematical definition of a mode is sometimes
expressed as a point in the density function f(x) where
df(x)
dx

=

0

and

(Kenda11 and Buck1and, 1960, p. 184)
We note that these definitions of central tendency apply to both samples and
populations, although the mathematical definitions involving f(x) apply only when
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we know the population distribution f (x) because the sample distribution is
empirical in nature and is not a continuous, known function.
Although the median and mode are important concepts, the mean is used to a
far greater extent in numerical calculations.
According to convention, an
overbar is used to denote a sample mean and the Greek letter mu (~) to denote a
population mean.
When the variable is called x, its mean is x.
~ is also
called the first moment of f(x).
E.

t

Measures of Variation

A sample of 200 observations of temperature was shown as a histogram in
Fig. III -1.
The mean of this distribution appears to be between 15 and 20.
Another histogram of 200 observations is shown in Fig. 111-4.
Note that the mean of this sample
also appears to be between 15 and 20.
However, the two distributions are
quite different, even though the means
are (about) the same and both are
somewhat symmetric. The difference is
in the "spread" or "dispersion" or
"variation" of values.
A measure of
variation is the variance.
Variance -- The variance of the
sample is denoted by s2, where s
is the sample standard deviation.
It can be computed by

s2 -

N
2: (xi - x)2

~

(Ill-I)

i=l
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Another example frequency

for a discrete distribution of
size N (which is what our sample
will be), or
+00

J

(x - I')'f(x)dx

(

-00

for a continuous distribution (which may be the way our population is
defined). Note that x is used in the computation for the sample and ~ in
the computation for the population.
The variance of the population is
denoted by a 2
where a (the Greek sigma) is the population standard
deviation. a is also called the second moment of f(x).
Even though Eq. 111-1 is the defining equation for the sample variance, it
is usually more easily computed by
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N

1 L: x. 2 _ (x) 2.
N i=l I
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The equivalence of Eqs. 111-1 and 111-2 is easily proven and can be found in many
texts.
The variance, along with the mean, is a statistic much used in data analysis. One can see that the variance of the data (which can be thought of as the
variation of the data about the mean) in Fig. 111-4 is greater than that in
Fig. Ill-I. So far, so good; we can calculate x and s2 from a sample, and these
values are exact for that sample. But what do they tell us about the population
from which that sample came? We might think that a statistic calculated on the
sample might be the "best" estimate of the corresponding population parameter.
Sometimes this is true, but sometimes the statistic may tend to be too high or
too low, in which case, the estimate is said to be biased.
For the normal
distribution, x is an unbiased estimate of j.£, but s2 t'ends to be smaller than a 2 ,
and, therefore, is biased. An unbiased estimate of the population variance is

1
N-1

~2 = - -

N

(III-3)

L: (Xl' - x)2

i=l

where the circumflex rBpresents an unbiased estimate.
it
by
by
to
F.

The bias of s2 comes about because x
is unbiased. Since L: j (x j - x)2 will give
any other value, it will tend to be too
N accounts for this inaccuracy of x.
define s2 with N - 1 in the denominator

is likely not equal to j.£ even though
a lower value than when x is replaced
low. The division by N - 1 instead of
(We must note that many texts prefer
rather than N; then ~2 = s2.)

Degrees of Freedom

Degrees of freedom is an important concept, especially in performing tests
of significance, to be discussed later. When we have a random sample (with replacement or from an infinite or very large population), no one value influences
another value, so in a sample of N we say we have N degrees of freedom. Each one
is a free choice--there is no limiting factor.
If we calculate one statistic
from that sample, we use one of those degrees of freedom, leaving N- 1. We can
think of it this way. We originally had N independent values, now we have N + 1
values, but they are not completely independent. . In fact-, if we know any
combination of N of these N+ 1 values, the other is redundant. Therefore, knowing
x, only N - 1 independent values are left. This is another way of thinking about
the N - 1 in the denominator of Eq. III - 3. There are only N - 1 independent sums
of squares rather than N because x has used up the freedom of the other one.
G.

Nonrandom Samples

So far.we have talked about random samples. Such a sample of N values would
have N .degrees of freedom. However, many times the samples are not random. For
instance, as a somewhat extreme case,suppose we were interested in warm season
temperatures (say from April through September), but we had a sample from only
July.
Obviously, for most locations, Julytempetatures would not be representative of the whole 6-month period; the sample would be biased, and it is unlikely we could estimate parameters of the parent population from statistics
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(mean, variance, etc. ) calculated from the sample.
This is something our
meteorological knowledge tells us. There may be other populations for which it
wouldn't matter much whether we sampled more completely at random or not. For
instance, we might have available data from every second day rather than every
day over the period of the defined population. If we used those data or sampled
randomly from them, we could probably adequately estimate the population
parameters even though the sampling had a nonrandom component to it. We will
have much more to say later about nonrandom samples.
H.

Probability - Some Basic Concepts

1.

Unconditional Probabilities

.

If

Let f(x) denote the unconditional (or marginal) probability distribution for
a continuous random variable X. Then f(x)~O for all x and
-tOO

J

f(x)dx

1

-00

(also see Section C).
is then

The probability that X takes on values between x, and x 2

(

x2

J f(x)dx.
x,
In geometric terms, this probability is the area under the function f(x) between
x, and x 2 " An analogous definition applies in the situation in which X is a
discrete variable.
Hereafter, we assume that f(x) denotes both discrete and
continuous distributions. It is important to note that P(X=x) ~ 0 for a discrete
variable and P (X = x) = 0 for a continuous variable.
Cumulative distributions can be defined for both continuous and discrete
probability distributions, and these distribution functions are denoted here by
F(x). Roughly speaking, F(x) accumulates the probability under the function f(x)
from the smallest value of the variable to the value of interest.
For a
continuous variable X,

x
F(x)

P(X<x)

J f(x)dx,
-00

and an analogous expression for a discrete variable X can be written in terms of
a summation. Since f(x) is a nonnegative function, the cumulative distribution

III-8

(

F(x) is a nondecreasing function; that is, it increases--or remains constant--as
x increases.

2.

Joint Probabilities

The joint (or bivariate) probability distribution for two random variables
X and Y is denoted by f(x,y), and their joint distribution function is denoted
by F(x,y). Let A and B represent the events for which X takes on values between
x 1 and x 2 and that Y takes on values between Y1 and Y2' respectively. If X and
Y are continuous random variables, then the joint probability of A and B is
P (AB), where
Y2 x 2

JJ

f(x,y)dxdy.

P(AB)

Y1 x 1
An analogous expression can be written for discrete variables
summations.
3.

in terms of-

Conditional Probabilities

The
takes on
and" this
tions as

conditional distribution of the variable X given that the variable Y
the value y (or range of value.s between Yi and Y2) is denoted byf(xIY),
distribution is defined in terms of joint and unconditionaldistribufollows:

f(xIY)

=

f(x,y)/f(y).

It is important to recognize that a conditional distribution of X exists for each
value (or range of values) of Y.
The probability of event A(x1~X~x2) given
event B(Y1 ~Y ~Y2) is
p(AIB)

=

P(AB)/P(B).

It should be noted that conditional probabilities--and conditional distributions--in which the variable Y is conditioned on the variable X can be expressed
simply by interchanging the symbols X and Y in these expressions. That is,
f(Ylx)

=

f(x,y)/f(x),

and, as a consequence,
p(BIA)

=

P(AB)/P(A).

The definition of conditional probability--and
distributions--is symmetric in this sense.

conditional

probability

In determining the probability of an event A (say), it is also useful to
recognize that
P(A)

p{A1B)p(B) + p(AI-B)P(-B),

where-B is the complement of B (Le., the nonoccurrence of the event B).
addition, if P(AUB) denotes the occurrence of A or B (or both), then
III-9
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P(AUB) = peA) + P(B) - P(AB).
4.

Bayes' Theorem
The symmetry of the definition of conditional probability implies that
p(AIB) = [p(BIA)P(A)]/P(B).

This expression represents Bayes' theorem, which is a direct consequence of the
definition of conditional probability. Similar expressions can be written in
terms of discrete and continuous probability distributions. Bayes' theorem is
quite useful in many applications of probabilistic methods, since it provides a
relationship between the two basic sets of conditional probabilities (or
conditional distributions).
5.

Dependence and Independence

In general, the probability that events A and B occur simultaneously is
P(AB) , where
P(AB)

=

p(AIB)P(B)

=

p(BIA)P(A).

That is, the joint probability is the product of a conditional probability and.
the unconditional or marginal probability of the conditioned event.

(

Events A and B are independent if p(AIB) = peA) or p(BIA) = P(B). That is,
A and B are independent if knowledge of A's (B's) occurrence does not affect the
probability of B's (A's) occurrence. It follows that
P(AB) = P(A)P(B)
for independent events A and B. Similar expressions can be written for discrete
and continuous distributions.
In general, f(x,y) = f(Ylx)f(x) = f(xly)f(y).
However, if the random variables X and Y are independent, then f(xIY) = f(x) and
f(Ylx) = f(y), and it follows that f(x,y) = f(x)f(y).
Conditional independence represents an extension of the concept of
independence. Let C denote the event that the variable Z takes on values between
z, and zz. Events A and B are conditionally independent given the event C if
p(AIB,C)

=

p(AIC)

p(BIA,C)

=

p(BIC).

(

or

In this situation, given that event C has occurred, knowledge of the occurrence
of event B (A) does not affect the probability of event A (B).
Conditional
independence also implies that
P(ABI:c)

=

p(AIC)P(BIC).
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I.

Interpretation of Probability

1.

Objective Interpretation

The objective interpretation of probability is based either on symmetry
arguments or on long-run relative frequencies (Winkler, 1972).
In simple
situations, such as tossing a fair die, it is possible to argue that considerations of symmetry involving elementary events suggest that the probability of
a "5," say, is equal to -1/6.
This interpretation may be useful in some
situations, but it is of limited use in real-world situations in which the basic
events are not equally likely.
Alternatively, the probability of a "5" when tossing a fair die is said to
be equal to 1/6 because the relative frequency of a "5" approaches 1/6 as the
number of trials (i.e., tosses) increases.
Technically, this interpretation
requires a long series of independent trials under identical conditions.
The
long-run relative frequency interpretation of probability is the interpretation
most commonly employed in a meteorological context.
For example, the
climatological probability of measurable precipitation at a particular location
is interpreted as the relative frequency of this event at the location in
question in a large sample of data.
Although the relative frequency interpretation appears quite reasonable, it
is not necessarily easy to apply in all situations.
In some situations, for
example, it may be difficult to conduct (or imagine) repeated trials or
observations under identical conditions. In this sense, the relative frequency
interpretation of probability is a conceptual interpretation, not an operational
interpretation.
2.

Subjective Interpretation

According to the subj ective interpretation, probability represents an
individual's degree of belief in the truth of a proposition or in the occurrence
of an event (Winkler, 1972).
From this perspective, probability reflects the
judgment of an individual, and may vary from individual to individual based on
their respective information sets (i.e., knowledge, experience).
An important distinction between the objective and subjective interpretations of probability is now evident. According to the objective interpretation,
probability is a property of the device (die) or system (the atmosphere). On the
other hand, according to the subj ective interpretation, probability is a property
of the (state -of mind of the) individual who assesses the probability.The subjective interpretation of probability greatly expands the realm of
applicability of probabilistic concepts. For example, it is no longer necessary
to think in terms of a large number of independent repetitions of an experiment
under identical conditions. The subjective interpretation of probability can be
applied to unique events or to situations in which it is difficult to conduct--or
even imagine--a large number of repetitions or a long-run relative frequency.
Thus, the subj ective interpretation of probability can be thought _of as an
extension of the obj ective interpretation of probability.
Moreover, the
subjective interpretation is an operational interpretation of probability in that
no impediment (such as a long series of independent trials) exists to its
application in real-world situations.
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J.

Quantification of Uncertainty

1.

Obj ective Probability Estimation

,I

Probabilities can be estimated by objective methods in several ways. The
relative frequency of an event (e. g., the occurrence of measurable precipitation,
the occurrence of a minimum temperature less than 32°F) can be estimated
empirically by its relative frequency of occurrence in a relevant sample of data.
This method can be applied in a forecasting context by determining the relative
frequencies of the predictand values (or categories) conditioned on the values
of the predictors.
When statistical models (e.g., linear regression models) are used to develop
a prediction equation, the probability of an event can be estimated from this
equation (and the model performance characteristics).
For example, consider
regression estimation of event probabilities, a variant of multiple linear
regression in which the predictand is a binary variable (see Chapter V). When
this model is used, the prediction is the expected value of a binary random
variable, which can be considered to represent an estimate of the probability of
occurrence of the event in question. It is, in fact, a model-adjusted estimate
of the conditional relative frequency of this event.

(
2.

Subjective Probability Assessment

Subjective probabilities can be assessed by direct and indirect methods.
For example, a forecaster can assess the probability of measurable precipitation
(hereafter "rain") tomorrow simply by answering the question: What is my degree
of belief regarding the occurrence of this event? Although this approach is
straightforward, forecasters with little experience in subj ective quantification
of uncertainty may find such an approach difficult to apply and may possess
little confidence in the result.
An example of an indirect method that provides the assessment process with
some structure involves the use of bets. Let p denote the (unknown) probability
of rain, let S denote a prize (in $) that the forecaster will receive if rain
occurs, and let T denote a prize (in $) that the forecaster will receive whether
or not rain occurs (T<S). Let S = $10. The forecaster can then consider for
what value of T he (or she) would be indifferent between $T for certain and $10
if rain occurs. Presumably, when T = $0, the forecaster would prefer the latter;
whereas when T = $10, he would prefer the former. Suppose that the forecaster
is indifferent between these two alternatives when T = $3.
Then, under the
assumption that the forecaster is trying to maximize his expected return (in $),
it follows that lOp = 3, or p = 0.3.
The method of bets (or lotteries) is
referred to as an indirect method because the forecaster does not assess the
probabilities directly (they are revealed by his choices between the prizes), and
it is quite convenient to use in situations involving discrete variables.

(

Forecasters can assess probabilities for continuous variables such as
maximum temperature by determining various quantiles of their subjective
probability distributions.
For example, the median of the forecaster's
subjective probability distribution can be determined by finding the maximum
temperature that the forecaster believes is equally likely to be exceeded or not
exceeded.
This same procedure can be used to find other quantiles of the
distribution, such as the upper and lower quartiles. Once these quantiles have
been assessed, it is possible to determine credible intervals for maximum
j.
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temperature (e.g., a central 50% interval defined by the difference between the
upper and lower quartiles) or even a subjective probability distribution. For
an application of this procedure, see Murphy and Winkler (1974).
K.
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IV.
A.

FORECAST VERIFICATION:

SOME BASIC CONCEPTS

Types of Predictands and Forecasts

The variables for which weather forecasts are formulated (i.e., the predictands) are necessarily either nominal or ordinal variables. Nominal variables
are variables involving a set of mutually exclusive and collectively exhaustive
(mece) events for which no natural ordering exists (e.g., a set of present
weather conditions, a set of obstructions to vision).
Ordinal variables are
continuous variables defined on an ordinal or interval scale (e.g., temperature,
precipitation amount) or they involve an ordered set of mece events (e.g.,
ceiling height or visibility in five categories). Thus, nominal variables are
discrete, whereas ordinal variables may be continuous or discrete.
The
distinction between nominal and ordinal variables is important in this context,
because the concept of distance (between values of a variable or between events)
plays an important role in forecast verification.
Clearly, this concept is
meaningful in the case of ordinal variables but not in the case of nominal
variables. Attention is focused in these notes primarily on situations in which
nominal and ordinal variables are treated as discrete predictands.
Two general types of forecasts can be identified, nonprobabilistic forecasts
and probabilistic forecasts.
Nonprobabilistic (or categorical) forecasts are
statements indicating that specific events or predictand values will or will not
occur. The forecasts are categorical in the sense that they are stated without
qualification. Probabilistic forecasts are forecasts in which the uncertainty
associated with the occurrence of events (or predictand values) is described in
quantitative terms. Thus, probabilistic forecasts for discrete and continuous
variables are, in effect, discrete and continuous probability distributions,
respectively.
It will be assumed here that such probabilities are nonnegative
numbers and that the sum of the probabilities over a set of mece events (or over
all possible values of a continuous variable) is equal to one.
It is evident
that categorical forecasts represent a special case of probabilistic forecasts
in which only probability values of zero and one are used.

B.

Verification Data Sample

Let (f 1 ,x 1 ), (f 2 ,X2 ), ..• , (fN,x N) denote a sample of N forecasts (f) and the
corresponding observations (x). The set {(f i , xi); i = 1, 2, ... ,N) is the verification data sample.
The forecasts and observations may be scalar or vector
quanti ties.
For example, in the case of nonprobabilistic forecasts for a
continuous variable (e.g., temperature), f and x represent specific (scalar)
values of this variable.
On the other hand, in the case of probabilistic
forecasts for a predictand involving three mece events, f is a vector consisting
of three probabilities and x is a vector consisting of zeros and ones (one
denotes occurrence and zero denotes nonoccurrence).
An important distinction between nonprobabilistic and probabilistic
forecasts should be mentioned here. In the case of nonprobabilistic forecasts,
the set of possible forecasts and the set of possible observations are identical.
However, in the case of probabilistic forecasts, the number of possible forecasts
generally exceeds the number of possible observations.
For example, in a twoevent situation in which 11 equally-spaced probability values are used (i.e., 0,
0.1, 0.2, ... , 1), the number of distinct forecasts is 11 and the number of
distinct observations is two.
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C.

Joint Distribution of Forecasts and Observations

,,

The joint distribution of forecasts and observations, p(f,x), contains all
of the nontime-dependent information relevant to forecast verification (Murphy
and Winkler, 1987).
When p(f,x) is based on the verification data sample, it
represents an empirical distribution that describes the relative frequency with
which the various combinations of forecasts and observations occurred in the
sample. Time-dependent information (e.g., the time history of the errors in the
forecasts) can be investigated separately.
In the case of discrete variables, p(f,x) can be displayed in the form of
contingency table.
The joint (frequency) distribution for some of
J. P. Finley's tornado forecasts was presented in the form of a contingency table
in Table 11-1. Similar displays can be produced for K-event (K> 2) categorical
forecasts and for probabilistic forecasts.
It is also possible to depict the
distribution p(f,x) in the form of a bivariate histogram.
a

Examination of the empirical distribution p(f,x) provides insight into the
relationship between the forecasts and observations.
For example, displays in
the form of contingency tables, bivariate histograms, etc., reveal overall
characteristics of the data sample such as bias (forecasts generally larger than
observations, or vice versa), variability, asymmetry, etc.

(

The joint distribution can be factored into conditional and marginal
distributions in two ways: (a) p(f,x) = p(xlf)p(f) and (b) p(f,x) = p(flx)p(x).
The distributions p(xlf) and p(flx) are the conditional distributions of the
observations given the forecasts and the conditional distributions of the
forecasts given the observations, respectively. The distributions p(f) and p(x)
represent the marginal (or unconditional) distributions of the forecasts and
observations, respectively.
These factorizations provide access to the
information contained in the j ointdistribution and are discussed in greater
detail in Chapter VIII.
In some cases, it may be reasonable to replace the distribution of forecasts
and observations, p(f,x), with the distribution of errors p(e), where e = f-x.
Although this approach simplifies the verification problem, it is important to
recognize that all errors of equal size are combined in this distribution,
regardless of the respective values of the forecasts and observations. It should
be evident that this approach is not appropriate in the case of nominal
variables.

D.

Absolute and Comparative Verification

It is useful to distinguish between absolute and comparative forecast
verification.
Absolute verification (AV) relates to the performance of an
individual forecasting system or forecaster, whereas comparative verification
(CV) relates to the relative performance of two or more forecasting systems (or
forecasters) .
It should be noted that AV, as defined here, includes the
comparison of the forecasts of interest with forecasts produced by reference
procedures, at least in those cases in which the reference forecasts can be
derived from the verification data sample (e.g., reference forecasts based on
chance, climatology, or persistence). Two types of CV can be identified:
(a)
matched comparative verification (MCV) in which both systems make forecasts on
the same set of occasions, for the same locations, etc. and (b) unmatched
comparative verification (UCV) in which the systems make forecasts for different
IV-2
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sets of occasions, different locations, etc.
verification methods and measures for AV.
E.

This set of notes focuses on

Complexity of Verification Problems

The complexity of verification problems relates to the number of factors
involved in the basic distribution of forecasts and observations and the number
of possible factorizations of this distribution (Murphy, 1991). In the case of
AV, the basic joint distribution p(f,x) involves two factors, and two factorizations of this distribution are possible (see Section C). In the case of MCV,
the basic distribution is p(f,g,x), and this distribution involves three factors
and six factorizations.
In the case of UCV, the basic distribution is
p(f,g,x,y), and it involves four factors and 24 factorizations. It is evident
that the complexity of CV problems greatly exceeds that of AV problems. It is
partly for this reason that these notes focus on verification methods for AV.
F. Dimensionality of Verification Problems
The dimensionality (D) of verification problems depends on the number of
distinct forecasts and observations in the verification data sample (Murphy,
1991).
In particular, D is the number of relative frequencies (or empirical
probabilities) that must be specified in order to reconstruct p(f,x) . Thus, D = IJ -1,
where I is the number of distinct forecasts and J is the number of distinct
observations (recall that the sum of the IxJ joint probabilities is equal to
one) .
In effect, D is the number of degrees of freedom associated with the
distribution p(f,x).
For example, in the case of categorical forecasts for a two-event
predictand, both f and x possess two values, and D = 2 x 2 - 1 = 3. Thus, it is
necessary to specify three joint probabilities to reconstruct p(f,x). Onthe
other hand, in the case of probabilistic forecasts involving 11 (equally-spaced)
probability values for a two-event predictand, D = 11 x 2- 1 = 21; Thus, it is
necessary to specify 21 joint probabilities to reconstruct p(f,x) in this case.
The magnitude ofD has important implications for the practice of forecast
verification.
In particular, it takes considerably more numbers to describe
forecasting performance completely in the case of two-event probabilistic
forecasts than in the case of two-event categorical forecasts;
G.

Verification Measures - Some Basic Properties

1.

Absolute and Relative.Measures

It is useful to distinguish between absolute verification measures and
relative verification measures.. Absolute measures are concerned with the
performance characteristics of an individual forecasting system. For example,
the mean square error (MSE) is a measure of the accuracy of "forecasts produced
by such a system (characteristics such as "accuracy" will be carefully defined
in Chapter VIII). On the other hand, relative measures compare the performance
characteristics of two forecasting systems. For example, a skill score based on
the MSE measures the accuracy of a forecasting system relative to the accuracy
of forecasts produced by a standard of reference (relative accuracy in this
context is usually referred to as "skill").
Common standards of reference
include chance, climatology, and persistence.
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2.

Proper Scoring Rules

,;

In the context of subj ective probability forecasting (in which probabilistic
forecasts are based, at least in part, on the judgments of individual forecasters), it is desirable for verification measures to possess the property that they
encourage forecasters to make their forecasts correspond to their judgments (the
judgments are inherently probabilistic). This desideratum leads to the concept
of proper scoring rules. In particular, a scoring rule (a verification measure
defined for individual forecasts and observations) is strictly proper if
forecasters can maximize- -or minimize (whichever is appropriate) - -their expected
scores only by making their forecasts correspond to their judgments.
Thus,
strictly proper scoring rules discourage hedging on the part of forecasters. The
Brier score (Brier, 1950) and the ranked probability score (Epstein, 1969;
Murphy, 1971) are examples of strictly proper scoring rules.
Scoring rules that do not encourage hedging are called proper scoring rules,
and scoring rules that encourage hedging are called improper scoring rules. The
linear scoring rule is an example of an improper scoring rule.
For discussion
and examples of proper scoring rules, refer to Murphy and Wink1er (1971) and
Wink1er and Murphy (1968).

3.

(

Consistent Scoring Rules

From the discussion in Section G. 2, it is evident that the concept of proper
scoring cannot be applied in contexts in which the forecasts are expressed in a
nonprobabi1istic format (since the forecasts cannot correspond to the forecasters' judgments).
However, a less stringent condition can be placed on
scoring rules in such contexts. This condition specifies that the nonprobabilistic forecasts should be consistent with the "directive" followed by the forecasters in translating their probabi1istic judgments into nonprobabi1istic
forecasts.
For example, if this directive indicates that forecasters should
forecast the mean values of their judgmental probability distributions, then a
measure such as MBE should be used to verify the forecasts, since the MSE is
minimized by such a strategy. Scoring rules that are consistent with directives
in this sense are referred to as consistent scoring rules (Murphy and Daan,
1985).

4.

Scales for Scores

Verification measures discussed in these notes yield quantitative scores
defined on a numerical scale. The values of these scores describe the "degree
of goodness" with respect to a specific characteristic of the forecasts (e.g.,
accuracy).
Moreover, a mono tonic relationship is generally assumed to exist
between the score and the relevant characteristic. A measure for which larger
scores, are better has a positive orientation, whereas a measure for which smaller
scores are better has a negative orientation.
It is often convenient to establish a standard range for scores. This range
is frequently chosen to be [0,1] or [-1,1], with zero (or minus one) representing
the worst possible score and one representing the best possible score. Whenever
the range of scores for a measure is bounded (on both ends), it is possible to
transform the measure linearly in such a way that its range is [0,1] (or [-1,1]).
For this (and other) reasons, it is appropriate to refer to' two verification
measures that are linear transformations of each another as equivalent measures.

IV-4

(

H.

Some Basic Verification Measures

To provide the background information required for the discussion of statistical interpretation methods in Chapters V, VI, and VII, some basic verification
measures are defined and briefly described here.
These measures include two
measures of bias, the mean square error, the mean absolute error, and the Brier
score. In addition, the correlation coefficient and reduction in variance are
defined from a verification perspective.
These and other measures will be
revisited in Chapters XI-XIII after the general framework for forecast verification has been introduced in Chapter VIII.
The measures to be considered here are defined in Table IV-l. This table
indicates the type of forecast for which the definition is applicable, the
characteristic of quality assessed by the measure, a mathematical expression for
the measure, its orientation, and its range of scores. Only brief supplementary
comments are included here.
Table IV-l.

Some basic verification measures,"

See text for additional details.

Type of
Forecast

Characteristic

Nonprobabilistic

Bias

BD

f-x

( -<0,<0)

Nonprobabilistic

Bias

BR

fix

[0,<0)

Nonprobabilistic

Accuracy

MAE

(l/N)~f~xp(f,x)lf-xl

Negative

[0,<0)

Nonprobabilistic

Accuracy

MSE

(l/N)~f~xp(f ,x) (f-x)2

Negative

[0,<0)

Nonprobabilistic

Accuracy

Negative

[0,<0)

Probabilistic

Accuracy

Negative

[0,2]

Positive

[-1,1]

Positive

[0,1]

Nonprobabilistic

Association

Nonprobabilistic

Association

Measure*

. RMSE = (MSE) 1/2
PS = (1/N)~f~xp(f,x)(f-x)2
r fx = sfx/(sfsx)
RV = r fx 2

Orientation

Range

*BD = bias. difference, BR = bias ratio, MAE = mean absolute error, MSE = mean
square error, RMSE = root mean square error, PS = probability (or Brier) score,
r fx = correlation coefficient, and RV = reduction in variance. The summations
contained in the expressions for MAE, MSE, and BS are taken over all distinct
pairs of values of the forecasts (f) and observations (x).

The measures of (systematic or unconditional) bias are concerned with the
correspondence between the mean forecast and mean observation. This characteristic can be measured as a difference (BD) or as. a ratio (BR). Negative values of
BD--and values of BR less than one--indicate underforecasting (forecast values
less than observed values on the average), whereas positive values of BD--and
values of BR greater than one--indicate overforecasting (forecast values greater
than observed values on the average).
When the forecasts are completely
unbiased, BD =
and BR = 1.

°
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Measures of accuracy identified here include the mean absolute error (MAE) ,
mean square error (MSE) , root mean square error (RMSE) , and probability (or
Brier) score (PS). Large errors are weighted more heavily by MSE and RMSE than
by MAR (since the former squares such errors and the latter takes their absolute
value). In fact, RMSE 2: MAE. MAE and RMSE measure accuracy in the units of the
original variable.
PS is simply the mean square error for probabilistic
forecasts (in two-event situations, the observation is treated as a binary
variable) .
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The correlation coefficient (r fx ) and reduction in variance (RV) measure
(linear) association between forecasts and observations. In this context,
term "association" refers to the correspondence between the observations and
best lirtear function of the forecasts (or vice versa). These measures ignore
biases in the forecasts (see Chapter XI, Section B).
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v.
A.

STATISTICAL MODELS--REGRESSION

Model Description

Regression, and specifically least squares multiple linear regression, is
the model most used for developing statistical objective forecast systems. This
specific regression model is the only one we'll be dealing with in any detailed
way in this course.
The regression model has the form

where Y is the predic tand; a O is a cons tant; a , a 2 , ••• , a are cons tant
1
coefficients; X" X2 , ... , X are predictors; and € 1S an error t~rm. The model
P
is called "multiple" because there can be mUltiple predictors - - that is, more than
one.
"Linear" means that the predictor terms are linear; the value of a
particular coefficient is constant and does not depend on the particular value
of the predictor, and in the development of the equation (determining the
coefficients) the predictor terms are linear. (This may become more clear later
when we talk about computed predictors, non-linear predictors, etc.)
"Least
squares" essentially defines the method of solution- -the method of estimating the
a's from a sample of data. Because this model is so important to us, we'll look
at it in some detail.
In practice, we must estimate the a's from a sample of data; that is, we
need to develop an equation of the form

In this equation, the circumflex means that this is an estimate of Y, and the a's
are estimates of the a's. Generally, when we speak of particular {sample) values
of the predictand, Y, and a predictor, X, we will use lower case letters y and
x, respectively.
Consider the same data we saw before in Fig. 11-1. In this case, we are
dealing with a single predictor. We said that a predictor value of Xi (on the
graph) would lead to a forecast "near" Yi' What is "near;" what is, in some
sense,the best estimate of y given Xi? Linear least squares regression gives
us a method of drawing a straight line on a graph such as in Fig. 11 -1.
The
solution is obtained by minimizing the sum of the squared distances between the
line and the predictand values:
N
~ (Yj

" 2
- Yj)

= minimum

(V-1)

i=1
From now on, we wili usually use just

~'

to mean the summation over N cases.

If we 'set this expression equal to Q, insert a one predictor regression
equation for
into it, and expand, we get

y
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L:(y - a O

Q

-

a\x 1 )2

L:(y2 -2aoy - 2a1x 1y + a o2 + 2aOa 1x 1 + a,2x ,2)
- 2+2 a a L:x + a, 2
2
L:y2-2 aoL:y - 2 a,L:x,y + Na
L:x,
o
O 1 1
We want to minimize Q with respect to the two statistics (coefficients) that we
need to estimate, a o and a 1 .
(V-2)
(V-3 )
Eqs. V-2 and V-3 are the so called "normal" equations and lead to

(7)y (7)

(xy)x

and

_ (~)2

(
(xy) - (x) (y)
(7)

_

(~)2 '

where the overbar always signifies the mean over N cases, e.g.,

xy

=

1 N
N L: xiYi
i=l

Note that the denominator of each of these terms is s x 2 (see Eq. 111-2).
regression equation can-then be written

(7)y y=
(7)

(xy)x
(~)2

+

(xy) - (x)(y)
(7)

_ (~)2

x.

The

(V-4)

_We note from ~hJ:s that when xi = x, Yi ==, y. So the regression line goes
through the point x,y, Fig. 11-1 is reproduced in Fig. V-l with the regression
line drawn on it. It has the property that the sum of the _vertical distances
from the line to the N data points is smaller than any othe~ linear (or- straight)"
line will produce.
- ,

(

Least squares regression has a close relationshtp wit;h. the P~arson" product
moment correlation coefficient. A correlation coefficient is a-measure of the
interdependence between two variables (Kendall and Buckland, 1960, p. 66), and
this particular "one" is by far the most used'- The (pro"duct monient) c'orrelation
between two variables is defined as
L:«x - x)(y - y))

..
'
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Figure V-l.
The data shown in Fig.
regression line indicated.
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xy - {x) (y)

We note that this is symmetric in x and y; that is, the correlation ·of y
with x is equal to the correlation of x withy. r xy can range from -1 to +1.
The correlation coefficient, or actually the square of it, tells how well x
predicts y with the regression equation Eq. V-4; the fraction of the variance of
y in the sample on which the equation was developed, Sy2, that is exp1ained·by
the equation is r Xy2 . The explained and unexplained components of the total sum
of squares and of variance are additive, so
Total Sum of squares

=

Explained + Unexplained

or

These three differences which are squared and summed in the above equation are
shown in Fig. V-1.
Also, total variance of y

Explained + Unexplained

or
s y 2 = r xy2s y 2 + .(1 _ r xy2)s y2'
Note that it is the variance and r 2 in the equation, not the standard deviation
and (unsquared) correlation coellicient.
Since r 2 is the fraction of the
variance of y explained, we say r x 2 is the reduction x6f variance afforded by the
• •
y
regress10n equat10n.
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Also, the predicted y (that is,
variance
of r xy2s y2, so
s y2

=

-

y)

over the developmental sample has a
.'

sA2
+ (1 y

We said previously that rx~ can range between -1 and +1. When it is +1, there
is perfect (positive) correlation, all points in the sample are Q!! the regression
line, and the variance of y equals the variance of y. Also, when the correlation
is -1, there is perfect (negative) correlation, all points in the sample are on
the regression line, and the variance of y equals the variance of y.
The
difference is that for r xy = +1, Y increases as x increases, but when r xy = -1,
y decreases as x increases. The' two cases are shown in Fig. V-2.
A

y.

/

Y,

X,

(c)

(b)

(a)

~
X,

Y,

(
X,

Figure V-2. The correlation between X and Y is +1 in (a.), -1
in (b) and 0 in (c).
Whep r xy = 0, there is no linear relationship (in the sample) between x and
y, and the regression -line is a horizontal ~ine at the mean of y as shown in
Fig .. V-2(c). In this case, the best prediction afforded by linear regression,
no matter what the value of x, is y. The data could all be on the horizontal
line, but that is very unusual because then s2 = O. It is also unusual that a
calculated r xy is exactly zero, but it may be Yrather small. Even 0.2 or 0.3 is
small, because then the fraction of the variance of y explained is only. 4% and
9%, respectively, and such a weak relationship between x and y would probably be
hard to see on a graph.
Since there is such a closerelationstlip between'the regression line and the
correlation, one might expect that the line co\.ifd be explained in terms of the
variances, m~ans '.. and .correlationof x an<Ly. That ·is 'indeed t;;hecase:
A

Y

(

Sy

Y + r xy -- (x
Sx

Since the above regression equation involves only two variables y = f(x),
one might expect it could be rewritten x = f(y). Consider th~ above equation
rewritten as

'1,-4
,

.

y - y
then rearranged as
1

x - x

=-

However, this is not the regression ofx on y; rather, the least squares
estimation of x given y is

x - x
which again emphasizes the sYmmetry of the correlation between x and y.
Note that the regression of y on x minimizes the squared distances between
the regression line and the data points measured parallel to the y-axis, while
the regression of x on y minimizes the squared distances between the regression
line and the data points measured parallel to the x-axis.
So far, we have dealt with one predictor and the relationships have been
easy to visualize on two-dimensional diagrams.
With two· predictors, the
regression equation defines a plane rather than a line.
The coefficients are
developed by minimizing the squared distances between the plane and the data
points in the direction parallel to the y-axis, the same as with a single
predictor.
There is a multiple correlation coefficient associated with this
equation which, as before, is the square root of the reduction of variance of y
achieved by the two predictors. The correlation coefficient can be designated
by r y . x x ' Since there are three variables involved, there is not the symmetry
we poihfed out before except that r y . x x = r y • x x; that is, the order of the
1 2 .~n t h e2 computat~on
1
.
·
. t h e equat~on
.
d oes not matter
pre d ~ctors
~n
0 f t h e corre 1 a t'~on
or the values of the coefficients and constant in the equation. For ease of use,
the multiple correlation coefficient is denoted by R and the reduction of
variance by R2
The same basic concept for regression with two predictors extends to P
predictors. The data points and the hyperplane represented by the equation is
now in P + 1 space.
The computation of the multiple correlation and the
coefficients is quite involved and the equations are best expressed.in matrix
form.
The computations are almost always made on high. speed computers with
software packages, so we don't usually have to worry about how the computations
are performed. For those interested, the equations are presented below in matrix
form.

y
or

Y - Y

-1

=

(X - X) Sxx Sxy

where
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I
x

Sxx

S

I

and X are row matrices of P elements each,

xy

-1

=

Skx

is the inverse mean squares and cross products matrix of the P
predictors,
1

-

N

~

x'y is the mean squares column matrix of the predictand y with
the P predictors,
X'X is the P x P matrix of mean squares and products matrix of
the P p~edictors,

X in the definition for Sxx and Sxy is the N x P matrix of N values of the
P predictors, and X' is the transpose of X.
B.

Predictor Selection

Usually there are many variables that bear a relationship with a predicfact, hundreds. How do we choose which ones to put into the regression
equation? Why not just put them all in? Inclusion of all variables we could
think of is neither practical nor necessary.
First is the matter of acquiring
the data sample.
Every predictor to be included must have a value for each
"case" in the sample. That is, the sums of squares and cross products needed for
computation of the coefficients must all be based on the same N cases; otherwise,
computational difficulties may arise.
So, it may be necessary to exclude
variables that are frequently missing.
Also, as we will see in more detail
later ,the more variables included in the equation, the larger the sample we need
to get a "stable" solution. By "stable," we mean a regression equation that not
only fits the data in the developmental sample rather well (high reduction of
variance of the predictand) but will also be a good relationship to use on other
samples of similar data- -probably data not yet available, as the practical
application of the equation will be on "future" data.
tand~-in

(

The limitation on the number of predictors to include in the regression
equation as a function of sample size cannot be overemphasized. Unfortunately,
there is no way we can exactly determine how many predictors to include for a
given sample size. We will learn more about this when we deal with significance
testing.
Suffice it to say here that the best we can ever do is determine a
number which tells us, in effect, the probability that the predictor bears a
"real" relationship with the predictand and should be included in the equation.
As an illustration; suppose that we had a sample of completely random data;
the correlation between all pairs of variables in the population from which it
was drawn is ·zero..For a sample of N, we could get an exact fit (100% reduction
of variance) with N - 1 terms (predictors) in the equation. This equation would
allow· us' to . tell exactly the value ofy; given the xi 's irtthe sample for all
i = 1, ... , N.
But only for those exact N points!
If we were to draw another
sample from the population, the equation would, in general, perform very
poorly--in fact, much worse than just using themean:bf yeas a II11red;iction. n The
fitting of N points with N - 1 predictors is easy to visualize with N = 2. If we
have two data points (N = 2 values of each of x and y), we can always draw a
straight line through them and the reduction of variance would be 100%. This is
also relatively easy to understand for 3 data poin~s'::~a plane aeterm'Lned by the
predictand and N - 1 = 2 predictors will go through the 3 points, and the
reduction of variance would be 100%. Note that this is true whether or not there
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was any linear relationship between the predictand and the predictors in the
population.
Whenever we devise a relationship that fits the developmental sample well
but does not "hold up" on another sample, we say we have overfit the sample. As
a practical matter, experience has shown that if we are to include several, say
10 to 12, predictors in the equation, we should have a sample of several hundred
that is thought to be "representative" of the data to which the equation is to
be applied.
Closely associated with the "exact" fit of N - 1 predictors and a predictand
on N cases is the problem of multicollinearity. When one predictor is an exact
linear function of one or more other predictors, the set of equations for
determining the coefficients cannot be solved. I~ that case, the matrix Sxx is
said to be singular and cannot be inverted (Sxx
doesn't exist in the usual
sense).
It doesn't mean that y cannot be expressed as a linear function of P
predictors; rather it means that it can be expressed by an infinite number of
such functions, and the normal equations (such as Eqs. V-2 and V-3 for one
predictor) cannot determine the one to use.
When this occurs, the predictors
involved in this exact relationship are said to be collinear.
As a simple example, suppose we have two predictors and they are always
equal to each other- -a trivial case of one being a function of the other. If the
equation for y with one of the predictors is

y = aD + a 1x 1 ,
then the equation for y in terms of the other predictor x 2 is

where the aD and a 1 in one equation are the same as the an and a 1 in the other
equation, respectively. Also, y in terms of both x 1 and x 2 could be
y

aD + (a 1/2)x 1 + (a 1/2)x2 ,

y

aD + (a 1/3)x 1 + (2a 1/3)x2 ,

y

aD + (2a 1/3 )x 1 + (a 1/3)x2 , etc.

There is no limit to the number of such "equivalent" equations we could write.
Sometimes the term collinear is applied to the situation where one predictor
is almost an exact linear combination of other predictors.
If this situation
exists, a unique solution can be found, but some of the coefficients may not be
"stable."
Just like the situation where N - 1 terms can fit the data sample
exactly but not work well on another sample from the same population, the
"near-collinear" solution, as we will call it in this course, will work well on
the dependent sample, and may work well on many or even most points in the
population, but will "blow up" (not give good results, and even highly erratic
results) on some combinations of predictor values in the population. We can't
expect to always get a good prediction from a regression equation (after all, the
weather can't be predicted precisely), but we can expect a "reasonable" result.
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Unless we unwittingly include a predictor which is actually calculated (in
a linear way) from other predictors, we don't usually have to worry about exact
collinearity.
(An example of this would be including 500 mb height, 1000 mb
height, and lOOO~500 mb thickness.) However, we do have to be concerned about
near~collinearity. This subject will come up again later.

..

Since we may want to IIconsiderll many predictors but limit the number
actually used to a few, how do We do it? , There are several "selection" methods
associated with regression. Probably the simplest one to use (one that is also
a "good" one) is called screening. This procedure was used in meteorology as
early as 1944 by Dr. Joseph G. Bryan of TRC and waS popularized by Dr. Robert G.
Miller also of TRC (Miller, 1958, 1962) (see Chapter 11, Section A.4). Most
texts refer to this procedure as forward selection.

;

..

1

;1
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The next step is to calculate all multiple correlations or reductions of
variance involving two predictors where one of the pair is the first one chosen.
For simplicity, let's interchange predictors, if necessary, so that the first one
selected is called x 1; that, is 1 X s becomes x1 B;nd x1 becomes x s ' _ We
then calculalte the Q:} reductions ?f variance _rY'~1x22, ry.x1h2, ... ,ry. X1X arid
choose the argest. we can then wr~te the regress~onequat~on

r/

y == aO + a 1x 1 + a2x s'

(

x,

lOO!

"

"" 90!-~ 10! == 1. 7 x 10

li
;1

where X s is the predictor selected.
This is the best one~predictor linear
equation we could determine (in a least squares sense) on the sample of data used
for calculating the r yx _' s . To find the predictor x" we had to compute and
select from Q reduction~ of variance r YXi 2
s

This equation will be the best two~predictor equation we could determine (in
a least squares seris:) ont?esample of data used ~o:ca~culating the r Y']{1 X/ / S
when one of the pred~ctors ~sx1' f;l'ote that all comb~nat~ons of two pred~ctors
have not beenconsidered, only those involving
,(renumbered)., It ispossible
that another pair would give better results. Why not look at all pairs? This
is a :r:ather onerous chore even for high speed computers. For Q == 100 variables,
the process just described involves calculating and looking at 100 + 99 values
to determine the x 1 ' X s pair; looking at all pairs would involve (100 x 99)/2 ==
4950 pairs of values.
this is still doable.
But as the process would be
cOritinued to choose, say, 10 predictors, the values to calculate and choose from
would be

li
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The first step in the procedure is to select the variable which correlates
most highly (in either a positive or negative sense) with the predictand. This
is, of course, also the one that gives the highest reduction of variance of y.
So we can calculate r yx1 , ,ryx , ... , r yx , where Q is the total number of
',
predictors being considered, 2and' h
coose Q the xi having
the
largest
r yx . in
• , d'
1
magn~tu e.
If we stopped the procedure here, we could compute the one predictor
equation

,I

13

for looking at all combinations of 10.
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More predictors can be added one at a time, each time calculating the
reduction of variance each variable not already selected will give together with
those already selected, and choosing the l~rgest. The number of calculations for
this screening procedure is very modest compared with looking at all combinations
of several variables, and while the result may not be the very best combination
that could be found on the sample, it will be a good one. It might even be a
better one on another sample than the one that could be found by looking at all
combinations, as fewer degrees of freedom are used in the process (more about
that later).
The question now arises--when do we stop the selection procedure? We will
discuss this topic in more detail later. Suffice it to say here that we do need
a stopping procedure. Suppose that the first predictor selected gave a reduction
·of variance of 0.70 and the next one increased that by ry.x,x 2 - r y. x 2 = 0.80 0.70 = 0.10, we'd probably conclude the second one was impor~ant and should be
included. However, suppose the second one increased the reduction of variance
by only 0.705 - 0.700 = 0.005, we'd wonder whether we should include it. This
additional reduction of variance is the basic statistic on which most (if not
all) stopping procedures are based.
The simplest is just to say "When the
additional reduction of variance is less than 0.005 (or some other value), we'll
stop the procedure." This will be discussed again in Chapter IX.
At the conclusion of the screening procedure, we will have a regression
equation

It is important to note that as predictors are added to the equation, the ai's
already calculated will, in general, change. That is, a O and a, in

and

will not usually be equal. (They will be equal only when the correlation between
x, and x 2 in the sample is exactly 0.)
Another selection process is to put all the Q predictors into the equation,
then see which one in that equation contributes the least when taken with all the
others (again in a reduction of variance sense). Quite likely, several of them
will contribute very little. After removing one, again look for the one that
contributes the least. Note that the calculations of reduction of variance must
be done again. That is, once one predictor is removed, the contribution of a
specific predictor will, in general, change from what it was before the predictor
was removed. This process is appropriately called backward elimination. Again,
a stopping procedure is needed. A simple one would be when the least helpful
variable contributes 0.005 or more reduction of variance, stop the process.
Terminology in selection procedures is not entirely standardized. Usually
stepwise selection is applied to a process that combines screening (forward
selection) with backward elimination. To understand this well, we need to know
the rudiments of significance testing. But let's suppose that we are midway in
the stepwise process; we have an equation with five predictors. We then try to
V-9

find ~ sixth th~t's "significant." If we do, we add it. Now, we test each of
the five other predictors in the equation for significance. It may be that one
of those selected earlier is jUdged to be not contributing significantly to the
six-predictor equation. If so, it's eliminated. So this is a forward-·backw~rd
process.
Any of the three selection methods presented will give good results.
However, for each, a stopping procedure must be applied, and the one used,
including the specific va1ue(s) of the criterion (ia) in the procedure, may be
quite important. Screening is the simplest of the three, and there is no body
of results to indicate the selection of predictors it gives is not as good as
either of the others when the resulting equations are applied to independent
(new) data. Backward elimination is not generally used, partly because of the
larger computational burden of calculating equations with a large number of
predictors. Forward stepwise selection is a way of looking at more combinations
of predictors than screening without looking at all combinations. As such, it
may produce better results. The method to use may depend on the availability of
commercial statistical software.
In calculating the regression equation or in the selection of predictors,
there are no assumptions that need to be made regarding distribution, randomness,
etc. of the variables dealt with in the process.
The mathematics does not
require this. However, in interpreting the results, such things as the degree
to which the sample is representative of the population and the multivariate
distribution of the variables are very important. We have to use meteorological,
~s well as
statistical, judgment to decide whether a regression equation
developed on one sample of data can be applied to another sample. Also, the
appropriateness of tests of significance is very dependent on assumptions of
distributions of the vari~b1es involved and the independence and randomness of
the cases in the data sample. These topics will be mentioned again and again
throughout the course.

c.

(

Binary Variables in Regression

Although we didn't explicitly say so, our discussion up to now has implied
that the variables involved in the regression are quasi-continuous. A continuous
variable is one that can assume any value between certain limits. For instance,
temperature is such a variable.
In practice, however, we always observe a
variable to a certain degree of precision (e.g., to the closest degree or tenth
of a degree for temperature), and could then call it quasi~continuous. Such
variables we will c&ll in this course continuous.
Other variables may take only a limited number of discrete vahles. This
kind of variable we will call categorical.
The categorical type can be
subdivided into two subtypes--one in which the discrete values are numeric and
therefore orderable, and one in which the discrete values or categories do not
have an obvious order (defined in Chapter IV as nominal variables). The first
type might be snow amount that is observed only in the categories of none, less
than 2 inches, 2 to 6 inches, and greater than 6 inches. We can note immediately
that there isn't much difference between this type of variable and a continuous
variable (both of these fall into the category of ordinal variables defined in
Chapter IV), except that perhaps the categorical variable has a relatively few
"observable" values and that the "scale" may vary. That is, the first category
of snow amount is only one specific value, the second category contains a range
of 2 inches, the third category contains a range of 4 inches, and the upper
V-IQ
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category is unbounded. Even though they are similar; we may want to deal with
continuous and "numerical" categorical variables differently when using them as
predictands or predictors.
The other subtype of categorical variable includes precipitation type, where
the full set of types might be liquid, freezing, and frozen.
Here, the
categories are non-numeric and there is no implicit ordering of the categories.
These we will definitely have to deal with differently than continuous variables.
A somewhat degenerate, but very important, case of a categorical variable
is one that can take only one of two values. This we call a binary variable.
Normally, we will use 0 and 1 to represent the two states of a binary variable.
Regression with a binary variable as a predictand can be used to estimate
the probability of an event occurring.
The determination of the regression
equation is exactly the same as presented previously.
(Remember, we said the
solution did not depend on the distribution of the variables.) If a "1" is used
to represent the observation of an "event" and a "0" to represent the nonobservance of the event, then the regression equation will produce a number which can
be interpreted as the probability of the event. More specifically, it is the
conditional probability, given the specific values of the predictors. Another
way of thinking about it is~ it's an estimate of the relative frequency of the
event for all those times when the predictors have a particular combination of
values. (The sample does not usually contain enough instances where a specific
combination of predictor values occurs to estimate the relative frequency of the
event directly; in fact, the specific set of values we want to insert into a
regression equation may never have occurred in the developmental sample. The
regression equation makes its estimate based on all the data in the sample in the
P+l space of the P predictors and predictand.) Unfortunately, the regression
estimation is not bounded by 0 and 1 as" a probability must be.
This is
troublesome for the purist, but gives little trouble in practice. Just truncate
the values as necessary to the 0 to 1 range.
While working with discriminant analysis and canonical correlation in the
probabilistic prediction of categorical variables," Miller (1964) realized that
the regression estimation of the event probabilities ,which he called REEP, could
be used effectively for multiple category predictands.
Suppose we want to
predict snow amount in the four categories mentioned above: none, less than 2
inches, 2 to 6 inches, and greater than 6 inches.
The categories of this
variable are exhaustive and mutually exclusive (defined as mece events in
Chapter IV)--any observation will fall into one and only" one of the categories.
We could think of this as a problem of four different events. The first "event"
would be no snow, the second "event" would be snow but less- than 2 inches, etc.
Each observation would fall into one and only one of the four categories and,
therefore, one of the "events" could have a 1 ass igned to it (for occurrence) and
the others a 0." We can then develop a regression equation for each of the four
events~

Y1

a 10 + a 11 x 1 + a 12x 2

a 1px p

Y2

a 20 + a 21 x 1 + a 22 x 2

a 2px p

Y3

a 30 + a 31 x 1 + a 32x 2

a 3px p

Y4

a 40 + a 41 x 1 + a 42 x 2

a 4px p '
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Given that all predictors in each equation ar~ the same, the SUlll of the four
pr6babillty estimates will add to unity as they should to abide by the laws of
probability. Unfortunately, as we saw in the two categorY Gase above, each of
the estimates is not constrained to the range 0 to 1. This causes more problems
in the multiple category caSe than the two category case. With two categories,
if the estimate of the event from regression is, say, 110%, we'll just truncate
it to 100%. (This implies that a regression estimate of the non-event of -10%
would be truncated to 0%.) However, suppose the four probability estimates are
110%, 20%, 0%, and -30%. The SUlll of these values is 100%, as REEP always gives.
If we truncate these values to the 0 to 1 range, we have 100%, 20%, 0%, and 0%;
the sum is now not 100%. Somehow, we may need to adjust one Or more of these
values so that the sum is 100%.
In practice, the individual estimates are
generally not far outside the 0 to 1 range, so, while worrisome, the problem does
not invalidate the use of REEp for multiple categories. Also, if we don't insist
on these estimates being probabilities, but rather (only) an "indicator" of the
likelihood of the event, 130 may give us more confidence than 100.
Since the SUlll of the four probabilities produced by REEP is always 100%, we
don' t really need four eq\lations; any three of the four would suffice because the
other is redundant. If you have three values from three equations, just subtract
the sum from 100% to get the other.
However, there is no problem with the
mathematics in developing all four equations.

(

The probability score (PS) was defined in Table IV-l, and it was stated in
Chapter IV, Section 0.2 that it is a "proper" scoring rule--a desirable characteristic in evaluating probability forecasts.
It is act\lally a mean squared
error measure and the lower the value the better. Least squares regression is
based on minimizing that same f\lnction. That is, Eq. V-l defines PS (actually
one-half of it) for a binary predictand, and the regression procedure minimizes
it over the developmental s~mple (s\lbject, of course, to the linear combination
of the specific predictors used). Since each of the four regression equations
for the four predictand categories can be developed independently from the other
three, each minimizes its contribution to PS for the four categories:

and the fO\lr~category PS is minimi~ed. (Remember, however, that the individual
estimates may be Qutside the 0 to 1 range. Fot' the tl'IQ category Gase, truucatiQn
to 0 and 1 will improve PS; whether it is improved Or not' for the multiple
cat.egory case will depend on the adj\lstmentalgorithm \Jsed inrelatiou to the
distribution of values in. the sample.)

I
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REEP can be used for any n\lUlRer of predictand categories. When there are
only two, it's customary .to develop onlYQne equation~~the one giving the
probability of the event. For multiple categories, all can be developed, or one
can be omitted. We emphasize that the summation to unity of the k estimatelil for
the k~category situation depends on the same predictors-being in each equation.
For each predictor, the sum of its coefficients over all categories (equations)
is zero. That is,
k
4: aji "" 0

for i

R

1, 2, ... , P

j=1
I'
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So, binary predictandscan be accommodated with regression.
What about
binary predictors?
There is nothing in the mathematics of regression that
excludes binary predictors, as such. However, remember that no predictor can be
an exact linear combination of other predictors. This means that not all of the
k binaries for the k exhaustive and mutually exclusive categories of a variable
can be included; one must be omitted for mathematical reasons.
This doesn't
bother us, because the one omitted is redundant and would add nothing if it could
be included.
It also doesn't matter which one is excluded; the reduction of
variance afforded by the k - 1 predictors, even in combination with other
predictors, is always the same.
The concept of binary variables is very important in our use of regression.
As predictands, binary variables are important in the following situations:
(1)

We actually have a binary variable to start with- -for instance, the
observation of a thunderstorm.
It's either there or it isn't.

(2)

A variable is observed in one of several categories and these
categories are non-numeric or at least not well related to each other
in a linear sense.
Suppose in the snow amount example the variable
were to be treated as a continuous predictand. We have four categories.
We could give those categories the values 1, 2, 3, and 4,
respectively, and use the variable that way.
(Values of 2, 3, 4, and
5 or of 0, 1, 2, and 3 would be equivalent "coding" schemes.) Or we
could use the midpoint of the range of values, and get 0, 1, 4, and
something, the something being most anything we want because no upper
bound is specified. It's not obvious the best way to do this, so we
may want to estimate the probability of each of these categories by
using binary predictands.

(3)

The distribution of the predictand or its relationship to the
available predictors may be such that useful results will not be
obtained if the original numerical values are used. A good example is
ceiling height. It has a J-shaped distribution [see Fig. 1II-3(c)]--a
very small percentage of cases are below, say, 500 ft, especially when
"unlimited" is considered. However, it is just those few low values
that are important and that we want to forecast accurately. If we use
the ceiling height as a continuous predictand, giving unlimited some
high value, or even if we exclude unlimited from the sample, it is
unlikely that we'll get acceptable results.
One alternative is to
define several operationally meaningful categories and treat each as
a binary predictand.
Categories that have been used in the United
States for this purpose are 0-100 ft, 200-400 ft, 500-900 ft, 10003000 ft, and 3100 ft and greater.

As predictors, binary variables are important in the following situations.
(1)

We actually have a binary variable to start with.
We can use some
value to indicate the event and some other value to indicate the nonevent. Note that it doesn't matter what two values are chosen so long
as they are different.
(This is in distinction to using a binary
variable as a predictand;if the estimate is to be thought of as a
probability, the values must be zero and one for a predictand.)
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(2)

It is expected that the relationship between the predictand and a
continuous or categorical predictor is non~linear. One way this nonlinearity can be addressed is by creating a number of binary predictors from the original variable. Each of these binaries (except the
redundant one) can be included in the regression (or screened for
inclusion, in which case even the redundant one can be included
because a redundant predictor will not be selected).
This can
effectively account for a highly nonlinear relationship;
however,
some information is lost in the process. By assigning one value to a
range of values of a continuous variable, the variation within that
range has been lost. This mayor may not be important, depending on
the application. Another disadvantage is that more predictors are now
available for selection and inclusion in the equation. Starting with
one variable and making it into six binaries gives us five nonredundant predictors instead of one. If the relationship between the
predictand and the original predictor is linear, we would have to
include five (binary) predictors in the equation to capture the
essential relationship instead of one (and even so, some information
would be lost), and this leads to overfitting.
So we should not
arbitrarily always use binaries.

Although it's not necessary to use binary predictors when the predictand is
binary, it may be advisable to do so unless other precautions are taken to
.restrict the range of the continuous predictor. FOr instance, let's suppose
maximum temperature is related by regression to 1000-500 mb thickness.
The
relationship may apply as well to extreme values of temperature and thickness as
to other, more usual, values. However, suppose one had put temperature into
categories in order to predict the probability of those categories of temperature. The upper category of temperature will probably be predicted at 100% for
some value of thickness considerably below the maximum value that can be
attained. As the thickness increases, the probability will increase to above
100%, and perhaps considerably above.
This may not be desirable.
When the
predictors are also binary, it's less likely that the predicted probability will
go substantially above 100%.
This is primarily because the effect of each
predictor is limited; no one predictor can increase to very unusual values and,
therefore, drive the predicted value to extreme values. .

D.

(

Logistic Regression

We have mentioned that regression estimates of a binary predictand can go
above 100% (as well as below 0%).
A typical eXample of a one"'predictor
relationship is shown in Fig. V-3.

(

Note that all predictand values are at y ~ Q or y ~ 1, and the predictand
cannot be estimated very well by the single predictor. Suppose x is some mid·
range value. The best probability we can estimate based on that predictor alone
is the relative frequency of the event given that particular value of x. (Other
predictors will usually improve that estimate.) But look at the ends of the
line. Obviously, the Ht at the extrlPmes could be improved, because estimates
below 0.0 or OVer 1.0 cannot be correct and WQuld be improved by slPtting those
below 0.0 to 0.0 and those above 1.0 to 1.0.
A model which alleviates this problem is a non-linear form of regression
called logistic regre:ssion or the logit model. In effect, i t fits a sigmoid or
S-shaped curve to the data, as shown in Fig. V-4.

..'
.

"-

This curve is asymptotic to 0 and
1 and may fit the data better over a
considerable range of predictor values
near the extremes"
The form of the
one predictor equation is
A

Y

1
1 + exp(ao+a,x)"

Binary
Predictand

••

••••

•••
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The model can also be extended to
several predictors and to several,
rather than two, categories of a
o ••• ••••• • •
•
predictand.
Determination of the
constant and coefficient(s) (ao and a,
in the equation above) is usually more
difficult than determination of coefficients in a linear regression equation.
Iterative procedures can be Figure V-3. Linear regression of binary
predictand on a continuous variable x.
used, or if each specific value of x
in the sample is repeated and the relative frequency of tbe predictand is
neither 0 nor 1 for each of those values, then a more direct method of solution
can be used for the following linearized form of Eq. V-5:
1 - p

1n (

p

)

=

a o + a,x,

Binary
Predictand

where p is the relative frequency of
the predictand for the repeated values
of x.

••

Usually, in meteorological applications, several predictors are to be
included, and this method of solution
would require enough replications of
each combination of predictor values
to estimate the relative frequency of
the predictand for that combination.
We know of no meteorological applica~
tion where this method of solution for
multiple predictors has been used.
For a discussion of this method, see
Neter and Wasserman (1974, pp. 330334).

E.

•

•

Figure V-4.
The same data shown in
Fig.V-3 fit with the logit model.

Interpretation of Results

In this chapter, we have discussed many of the options available for
developing statistical regression equations. Obviously, we will need to make
certain decisions (at least tentatively) concerning the methods to be used before
we actually begin the process of equation development. For example, we will need
to decide on the form of the predictand, the technique to be used in predictor
selection, and the procedure to be used to stop the regression process. Also,
we will have to supply the regression program with a list of potential predictors
to include in the equation. Some of these decisions may be obvious, while others
V~15

may require a certain amount of testing. Given the nwnber of options available, '
it is always a good assumption that Wfi; will be ablfi; to improve a statistical
interpretation system by studying our developmental results. and modifying the
developmental process accordingly. How, then, dQwe interpret these results?
Before we discuss how to use the developmental results, let's talk a bit
about the types of results that should be available after an equation is
developed.
As discussed before, the resulting equation from a regression
procedure will be of the form:

Obviously, a regression program will give us the regression constant and
coefficients a O' a" a 2 , ..• a that were computed by the regression procedure.
Also, the program should give 'hs some indication of how well the equation is able
to estimate the predictand. Most regression procedures output the fraction of
the total variance explained by the regression equation--the total reduction of
variance, R2 •
In addition, many regression programs will also specify the
multiple correlation coefficient. This is, as mentioned earlier, simply the
square root of the reduction of variance. Most regression programs also output
the "standard error of estimate" which is a mea'SUre of the accuracy of the
regression estimates and is equal to the root mean squared error of the
regression estimates when compared to the actual observed data (RMSE defined in
Table IV-I).

(

For test purposes, it may also be useful to look at the effects of each
predictor as it enters the equation. Most regression programs will allow the
user to look at the fractional increase in the reduction of variance at each step
of the regressio.nprocess or, perhaps, the change in the standard errOr of
estimate to determine if the stopping criteria are appropriate. Most regre$SiOh
programs also give an indication of the "statistical significance" of each
predictor entering the equation. Although the significance testing topic will
be addressed later in Chapter IX, it's worth noting here that. caution should be
exercised when attempting to infer the value of a predictor to the equation based
on the statistical significancfi; claimed by the regression program- -a point
alluded to in Section B.
- , ' . '
Now that we know what information is u$uallyavailable from a regression
program, how can we use this information?
Unfortunately, thE;\re are nQ
established rules for making decisions based on regresSion results. Since we
want to obtain the "best" equation, we should define what we mean by th~ word
"best". 'Let's list some characteristics of oUr "best e.quation."
maximi~e

(1)

We want to

(2)

We want to minimize the standard error of estimate for the sample.

(3)

We want the equation to perform well on other (independent) data.

(

the total reduotion of variance for the sample.

Each predictor entering an equation will, at that point in the selection process,
work towards satisfying criteria I and 2 (which are really ~quiYalent criteria).
On the basis of only the developmental results, it is impossible to know how well
the 3rd criterion has been satisfied. Therefore, it is always advisable to test
the final regression equations on independent data to see how well they perform.

,

.

However, there are certain things in the developmental results that may indicate
problems in the equations.
One problem that we want to avoid is overspecification of the predictand.
As mentioned before, this happens when we have included more predictors in the
equation than the data will support.
In other words, the increase in the
reduction of variance afforded by one or more of the predictors is mostly due to
chance, rather than for meteorological reasons. Usually, overspecification can
be avoided by requiring that each predictor entering an equation increase the
reduction of variance by a certain percentage of the total variance. However,
the best reduction of variance cutoff will vary depending on the predictand,
season, and accuracy of the nwnerical model predictors.
For example, let's
assume we are deriving a temperature forecast equation and the increases in the
reductions of variance by the first 15 predictors are 0.500, 0.210, 0.100, 0.050,
0.030, 0.020, 0.015, 0.010, 0.009, 0.006, 0.004, 0.002, 0.004, 0.003, 0.002.
After about the 10th predictor, the increase in the reduction of variance is
small and is somewhat unsteady.
In this case, most, if not all, of the
predictive information from the model is available from the first 10 predictors.
Although it is possible that there may be some small additional information
supplied by the 11th through 15th predictors, there is also the danger that the
predictand may be overspecified. Given that the reduction of variance afforded
by these predictors is small, it is probably better to not include them, rather
than to risk overspecifying the predictand.
The predictor coefficients also provide some information about how the
equation will behave on independent data. For example, consider the simple case
of a one predictor equation to predict the maximum temperature based on the 1000500 mb thickness. In this case, we would expect the temperature to be directly
related to the thickness- -that is, as the value of the thickness gets higher, the
maximum temperature forecast by the equation would be warmer. Consequently, the
sign of the predictor coefficient would be positive. In contrast, if we were to
derive an equation to predict the percentage of possible sunshine received based
on the 1000-500 mb mean relative humidity, we would expect the sunshine to be
inversely related to the mean relative hQ~idity. As the mean relative h~~idity
gets higher, we would expect the percentage of possible sunshine received to be
less. The predictor coefficient in this case should be negative. Interpretation
of predictor coefficients is easy in a 1-predictor equation. However, as the
number of predictors in an equation increases, so does the difficulty in
interpreting the effects of individual predictors.
Consider a two predictor equation to predict the maximum temperature. Let's
say that the 1000-500 mb thickness and the 1000-850 mb thickness are the two
predictors in the equation. Our initial thoughts would probably lead us to think
that both predictors should be directly related to the maximum temperature and
should have positive coefficients.
However, let's suppose that the final
equation was:

Tmax

=

ao + 0.025 THIOOO-500 - 0.005 THIOOO-850'

This equation seems to imply that the maximum temperature increases as the 1000850 mb thickness decreases. Clearly, this is opposite of what we would expect
from our experience. However, the key here is to remember that the 1000-500 mb
thickness and the 1000-850 mb thickness are not independent variables. When the
1000-850 mb thickness increases, it is likely that the 1000-500 mb thickness will
also increase.
Since the magnitude of the coefficient for the 1000-500 mb
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thickness is larger than the magnitude of the 1000- 850 mb thickness, most
increases in the 1000-850 mb thickness would lead to a warmer forec~st value for
the maximum temperature despite the coefficient assigned to the 1000-850 mb
thickness. What then would be the purpose of the 1000~850 mb thickness in this
equation? Although it would be difficult to know with any degree of certainty,
we can speculate that the selection of this predictor might be related to
atmospheric stability, which might be related to cloudiness, which might be
related to how warm it will be on any given day. Let us rewrite and expand our
original equation.

Tmax

=

ao

+ 0.015

THIOOO-500

+ 0.015

THIOOO-85Q

+ 0,010

THIOQO-SOO -

0.020

THIOOO-8S0'

By adding and rearranging the last two terms, we get:

Tmax

=

ao

+ 0.015

THIOOO-soo

+ 0.015

THIOOO-8S0

+ 0.010

TH8S0-S00 -

THIOOO-soo

+ 0.015

THIOOO-8S0

+ 0.010

(TH8S0-S0Q - THIOOO-8S0 ).

0.010

THIOOO-8S0'

which is the same as:

Tmax

=

ao

+ 0.015

This equation, which is exactly the same as our original equation, seems to be
more consistent with our meteorological reasoning. Now the first two terms (the
1000-850 mb thickness and the 1000-500 mb thickness) are directly related to the
maximum temperature and the third term is clearly incorporating the effects of
atmospheric stability.
In the last term, the warmer (higher 850-500 mb
thickness) the air is aloft and the cooler (lower 1000-850 mb thickness) the air
is in the lower atmosphere, the more atmospherically stable the air would be,
which would favor fewer clouds, more sunshine, and warmer surface temperatures.
This is only one example of how our original two - term equation could be
rewri tten. There are, of course, an infinite number of ways we could rewrite the
equation and many possible explanations of why we obtained the coefficients that
we did.
The two term example given above indicates the difficulty in interpreting
the effects of predictor coefficients. Of course, in a 10 or 15 term equation,
it WQuld be virtually impossible to understand the exact effects of any given
predictor on the forecasts produced by the equation. Not only are many of the
predictors meteorologically interrelated, they are also related in space and
time. For example, two similar predictors at different projections (perhaps 12
hours apart) might be selected (one with a positive coefficient and one with a
negative coefficient) to account for the effects of an increase or decrease of
that predictor with time. In general, each predictor in an equation is probably
interrelated to every other predictor in the equation to some degree.
Interpreting the effects of a binary predictor in an equation is somewhat
easier.
If the binary predictor has a value of 0, then the predictor does not
directly cOntribute to the regression estimate.
If the binary predictor has a
value of 1, then the contribution of the predictor is simply equal to the
regression coefficient.
Suppose, for example, that we have a binary predictor
which is assigned a value of 0 if the mean relative humidity is less than 70
percent and is assigned a value of 1 if the relative humidity is 70 percent or
greater. Let's say that we developed an equation to predict the occurrence of
precipitation and that the binary humidity predictor was selected by the
regression procedure and given a coefficient of 0.15.
Then, given that the
values of the other predictors in the equation are the same, the probability of
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precipitation estimated by the equation will be 0.15 higher when the mean
relative humidity is greater than or equal to 70 percent than when it is less
than 70 percent.
As mentioned before, it doesn't matter how much the mean
relative humidity is above 70 percent or how much the mean relative humidity is
below 70 percent.
The value of the binary predictor would be the same if the
humidity is 20 percent or 69 percent. Similarly, humidity values of 70 percent
and 99 percent would give the same contribution to the equation.
There would,
however, be a .15 difference in the contribution between mean relative humidities
of 69 and 70 percent.
Although binary predictors are very useful for binary predictands, we must
be careful that the binary coefficients assigned to these predictors are not too
large.
In the example above, suppose the regression procedure gave the binary
predictor a value of 0.40.
We certainly would not expect the probability of
precipitation to increase by 0.40 just on the basis of whether the mean relative
humidity is above or below 70 percent.
In this case, additional binary
predictors should be formed from the mean relative humidity (for example with
binary cutoffs of 60 percent and 80 percent) to more realistically represent the
relationship between the mean relative humidity and the observed occurrence of
precipitation.
Keeping in mind the difficulty in interpreting individual predictor
coefficients, one might still wish to know what the relative impact of each of
the predictors in the equation is. Since some of the predictor values are large
(for example, thickness) and some predictor values are relatively small (for
example, relative vorticity), the coefficients assigned to these variables differ
considerably. Obviously, we can not simply look at the value of the coefficient
of a predictor to determine the relative impact of the predictor on the equation.
Instead, we must determine how each predictor coefficient is related to the
variability of the predictor. To do this, we can multiply the absolute value of
each predictor coefficient by the standard deviation of the predictor.
This
tells us how much each standard deviation of change in the value of the predictor
will affect the final forecast. For example, assume we've derived the following
two-predictor equation based on the 850 mb temperature and the 1000-500 mb
thickness to predict the maximum temperature:
T max =

ao

+ 1.0

T s50

+ 0.1

TH1000-500.

From this equation, it is not apparent which of the predictors has the greatest
impact on the forecasts produced by the equation.
Now let's assume that the
standard deviation of the 850 mb temperature predictor is 6 degrees while the
standard deviation of the thickness predictor is 90 meters. In this case, if we
multiply the standard deviations of the predictors by the regression coefficients
we have:
1.0 x 6
TH1000-500

=

6~

and

0.1 x 90 = 9.

A one standard deviation change in the 850 mb temperature would lead to a
6 degree change in the forecast maximum temperature.
In comparison, a one
standard deviation change in the 1000-850 mb thickness would lead to a 9 degree
change in the forecast maximum temperature. It is now clear that the 1000-500 mb
thickness predictor has the greatest impact in this equation. Although not the
same,the standardized regression coefficients discussed by Neter and Wasserman
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(1974, pp. 267-268) are similar in that they measure .the relative importance of
the predictors in a regression equation. Reme'mber, however, that both the method
discussed here and the standardized regression coefficients do not account for
the interrelationships between predictors and maybe quite misleading.
So far, We /ve discussed how we could interpret results for individual
equations.
If, however, we derived equations for numerous stations and/or
proj ections, We could see which predictors appeared to be most important by
summarizing the developmental results. We might look at the relative order in
which the predictors were selected and the number of times each predictor was
selected.
For example, if a particular predictor was selected first in 75
percent of the equations and was selected as one of the first 10 terms in 95
percent of the equations, it would be safe to assume that the predictor was
important. In contrast, a predictor that was selected as one of the first la
predictors in the equations only la percent of the time is probably relatively
unimportant.
These generalizations do not apply when looking at a single
equation.
The relative order in which the predictors were selected does not
indicate their importance in the final equation. Even though a predictor may be
selected first by a forward selection procedure, the importance of the predictor
changes as each new predictor enters the equation.
By the time la or 15
predictors have entered an equation, the impact of the first predictor could be
relatively small compared to other predictors in the equation. Usually, however,
the predictor selected first is important in the final equation and would be
retained if a stepwise procedure which included elimination were used.
In addition to some of the statistical measures listed above, many
regression programs allow the user to obtain a list of the residual errors. The
residual errors are simply the differences between the observed data and the
estimates from the regression equation. What, if anything, can we tell from
these residual errors? Remember that we have used a form of regression that fits
straight lines to our data- -in other words, linear regression.
All the
relationships embodied in the equations are linear. Suppose that the relationship between our predictand and one of the predictors is not linear, but rather
is better described by a curve. In many cases, another predictor will enter the
equation to account for this nonlinearity. However, it is quite possible that
the nonlinearity will not be fully accounted for. How, then, do we recognize
cases where we have not fully accounted for the nonlinearity of the relationships
between the predictand and one or more predictors? One method is to plot the
. residual errors versus the predictor values for each predictor in the equation.
These plots would, of course, have correlations of 0.0 since the correlation is
based on a linear relationship, and the regression has already accounted for all
the linear information that is available. However, we might find a nonlinear
pattern in one or more of the plots.
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Consider the plot in Fig. V-5(a). In this plot, the equation overforecasts
the value of the predictandwhen the predictor value is either relatively-high
or relatively low and underforecasts the value of the predictand wh;;m the
predictor value is in between. We might expect this type of residual plot in
cases when the original plot of the predictand versus predictor looked similar
to Fig. V-5(b), (Note that the data in (a) and (b) seem to agree exactly (only)
when this term is considered alone and not when considered with other predictors.) In cases such as this, the original predictor can be transformed into a
second predictor to make the relationship with the predictand more linear.
Alternatively, several binary predictors could be made from the original
predictor. The original (continuous) and the binary predictors could then be
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Figure V-5. Example of nonlinear predictor versus residual error plot (a)
and corresponding predictor versus predictand plot (b).
offered as potential predictors to the regression program.
Fig. V-6(a) also shows a nonlinear relationship between the residual errors
and a predictor. In this case, we might expect the original predictand-predictor
relationship to look similar to Fig. V-6(b).
This plot might, for example,
represent the relationship between the observed percent of possible sunshine and
the mean relative humidity. A similar pattern would be expected in cases with
a binary predictand and a continuous predictor (such as Fig. V-3). In cases such
as these, binary predictors can often be used to account for the nonlinearity.
Logistic regression could also be used to fit the relationship more accurately.
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Figure V-6. Example of nonlinear predictor-versus residual error plot (a)
and corresponding predictor versus predictand plot (b).
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In summary, developmental results are useful for determining whether the
techniques used· in the oevelopment of the equations are appropriate and for
giving us ideas as to how we might improve the equations. A close examination
of these results may prevent us from overspecifying the predictand, and may allow
us to recognize Cases where nonlinear relationships are not accounted for
properly by the regression. Developmental results, however, are no substitute
for results based on independent data when trying to assess the accuracy of the
statistical equations.
F.
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VI.
A.

STATISTICAL MODELS--DISCRIMINANT ANALYSIS

Introduction

Multiple Discriminant Analysis (MDA) is, like regression, a multivariate,
linear statistical technique.
As the name implies, the intent is to
"discriminate." That is, the predictor values are used to distinguish between
categories of the predictand, and the discriminant analysis is a procedure where
relationships are sought that maximize this ability to distinguish between
categories. MDA is used only for categorical predictands (see Chapter V, Section
C for a definition of categorical variables), and its output is a set of
probability forecasts of the predictand categories.
MDA is normally a two-stage procedure.
The first step is to use the
dependent sample to obtain a set of "discriminant functions." These are linear
combinations of the predictors that provide a basis for determining the category
to which each event belongs. At the end of the first step, one only has a set
of equations.
The second step of the process is to 'use the equations to
determine probabilities of occurrence of each predictand category based on input
values of the predictors.
It is possible to carry out a discriminant analysis in one step where probability forecasts of the predictand are made directly from the predictor values,
but this method is less often used than the two step procedure. The two-step MDA
procedure is a little like a combination of principal component analysis (see
Chapter VII, Section F) followed by regression. The principal component analysis
concentrates the predictive information in a few new predictors that are linear
combinations of the original predictors, then the new predictors are used in the
regression.
Likewise in MDA, the discriminant functions are chosen to
concentrate the discriminant information in the original predictors into a few
new variables, which are linear combinations of the old ones. The new variables
are then used to develop rules for determination of probabilities of membership
in each category.
In both cases, the intent of the first step of the analysis
is to concentrate the predictive power in as few variables ·as possible.
This
reduces. the number of variables in the analysis.
For MDA, "predictive power"
means the ability to discriminate among the categories of the predictand on the
basis of input values of the predictors.
B.

Graphical Analogy

Let us start with the simplest possible type of problem.
Fig. VI-l shows
a hypothetical distribution of 700 mb vertical velocities. There are actually
two distributions plotted. The one on the left, with a negative-valued mean, is.
for cases where there was no precipitation reported; the. one on the right with
the positive-valued mean is for cases where precipitation was reported. Suppose
we are given another value of vertical velocity, and want to decide whether or
not it is likely to be associated with rain.
The problem ·of MDA is to define
relationships to do this in the most reliable way possible·, given a specific
developmental dataset. Of course, if the new value of vertical velocity is near
one of the means of the two distributions, it would not be hard to decide. The
problem comes when it is in the Qverlap area between the two distributions--the
shaded area in Fig. VI -1. If a predictor could be found such that there was no
overlap, discrimination would also be easier and more reliable.
There. are two
ways of minimizing the overlap:
finding predictors for which the two distri-butions are separated by a large distance (or more" precis'ely, the means are
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separated by a large distance) and finding predictors for which the "spread" or
the variance within the two distributions is small. The sketches in Figs. VI-2a
and 2b illustrate these two points.
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760 rnb Vertical Velocity

Figure Vl-I. Frequency distributions of vertical velocity for a
sample of non-precipitating events (left, with mean #1) and a
sample of preci~itation events.(right, with mean #2)'

Predictor

~

Figure VI-2a. - Illustration of the effect of more widely separated
- means on the size of the overlap in the distrilhiti'ons. . 80th
left. and right eXamples have the same· variance in each group.

We can now consider a - situation :where there _is more than one predictor
·,availabTe. Suppose a sample were available containing observations (analyses)
of relative humidity, vertical velocity, and corresponding observations of
precipitation. If all cases wherepiecipitati.on d.id not occur are grouped -into
category 1 and all precipitation Cases are grouped into category .2, the predictor
values may be, plotted as dots for category 1 and crosses for category 2. The
resulting scp.tter plot may ideally look like -Fig. VI-3.
-
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Ellipses Can be drawn on the figure to enclose a specific percentage of the
events. Such centile contours will be perfect ellipses if the data are normally
distributed within categories. If the data points are visua:J.ly projected onto
either one of the axes, it is evident that the overlap area would be, re1<it;tvely
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Figure VI-2b. Illustration of the effect of- the sample variance
on the overlap area. The separation of means is the same in the
left and right examples.

No precipitation

•

Precipitation

Relative humiditY

Figure VI - 3.
Schematic representation of a scatter plot of
relative humidity versus vertical velocity for non-precipitating cases
(dots)
and precipitating cases
(crosses).
Ellipses enclose a specific percentage of events in each
category. The large dot and large cross indicate the-category
average of the two variables.
large, as indicated by the tick marks on the axes, and the within-group variance
(the "spread" of the data points) would also be relatively large. If a line is
drawn parallel to the line joining the two category means, it is evident that
projection of the data points onto this line would produce sharper within-group
distributions and minimize the overlap.
With only one predictor as shown in
Fig. VI-l, there is no choice--the overlap is determined by the data distribution, and one must choose the "best" predictor to minimize the overlap. With two
predictors, there is a choice: one can use the two predictors in their original
form or one can linearly combine them in such a way that the means of the
VI-3

distrih1,ltionsare well~,separatedcmdthewithiTI~group-dispersions are -minimized.
That is the god of the fi'rl?tl:>tepof MPA.~~t:o detet'mine linear comhinationsof
the predictors for which the dbc-t"iminating ability is ma~i:mized; Of cotJ.rse, it
also helps if the o'riginalpredictors provide good 4iscrimin ating power to start
with;tha-t is the job of the predictor sdect;i.on technique deEicribed lateJ::".
The v.isual analQgycanpe -e~tended only sO far, If there were three :catego-ries, it would be' POsEilbleto find tWQiineswhich t-ogether :wQuld meet the
criteri~ of maximizing sepaJ;"atiQn of groups whil~,miIlimizingwithin group_
dispersion. In Fi'g. VI--4, Qne line separates the grQUPS mOre s\J.ccesafully than
the other, as is u-sual1y the ca.s~.

(

.
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figure ¥:J:>4,
-I\. sehematic representa't19n of the discriminant'
function orientation forthe-thx-eeiir91Jp~twoprediet()rcase. ;
The graphical analogy .suggests.t4eJ~b.araete'rhticsofthe disc~irninant
functions quite clearly: --they are linear co.mbinationsof thepr~d.ictors which
maximize hetween~group separation aml minimize >wi thine group dispersion. tn fact,
it is the betw.eengroups/with~ngr9up~ dispersion ,ratio that is .lJlms:imizeli. Most
of the predictive power avail.ab"le is concentrated in the first one or two
discpim:inant functions'. It fs pO~.l'>iblet9 find ingeriera;L (G~l) d.iscriminant
functions where G 11'> the num:ber of'groups. Shouidt1J.e number of predictors be
very small,' the number of discriminant fUflctionswillbe Uin-Hed- to the number
of predictors if it is:Less than (Gel), Phcriniinant functions are_independent
in a statistical sense" but they are not orthogonal. This means that values for
one discriminant function (.fo:r the dependent sam.ple) are uncorrelated with values
from another discriminant function, hut that the plotted lines may not be.
perpendicular to one another.
Fig. VI ~5 shows an exarnpleofa -discriminantanaly.sll3 based ,on real rnete9ro~
logical data ~ Observations pf c10u.d amount in four categories are plotted as.a
function of the associated 850' mh dew polnttemperature and the geostrophic
relative vOJ;"ticity. The large dots show the means of the fourcategorie$. A.s
indicated above, dif>·criplination is maximized when the category means are

(

separated by the greatest amount, and when the overall. di<spersion (variance)
within the categories is minimized.
Thus, one might expect the first
discriminant function to be the best line through the means of the four groups.
For such a line, the separation of the group means is maximized. In fact, the
first function does come close to passing through the means; the requirement to
minimize the within-group dispersion also affects the orientation of the line,
but that effect is hard to see on the plot.
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Figure VI-5. A scatter plot of the 6 hour average cloud opacity
as a function of 850 mb dew point temperature and 850 mb geostrophic relative vorticity.
Squares are category 1 events
(clear), pluses are category 2 events (1 to 5 tenths), diamonds
are category 3 events (6 to 9 tenths), and triangles are category 4 events (overcast).
Large dots represent group means.
Straight lines are the three discriminant functions.
In the example, there are three discriminant functions, one less than the
number of groups. It can be seen that the third one is nearly perpendicular to
a line joining the group means, and probably does not have much power associated
with it. Note that in this example the equations for the discriminant functions
contain six predictors.
For the graphical illustration, the data have been
projected onto the plane represented by the first two predictors.
From a meteorological perspective, the analysis makes sense.
Higher
cloudiness (the triangles) is associated with higher 850 mb dew points and higher
(cyclonic) geostrophic relative vorticity. The 850 mb dew point predictor in
fact separates the means quite well by itself. This expresses the climatological
fact that, for the station where these data apply, clear skies are often
associated with cold, dry arctic outbreaks, accompanied by very low dew points.
Of course, it also expresses the fact that greater cloudiness tends to be associVI-5

ated with higher dew points because there 'is a greater chahCe th.e. dew point will
be close. to the"tempera;ture when th~ dew point is high.

C.

Step 1 - Calculation

Or

Discriminant Functions

"We have seen in Chapter V tha.t Ohe of the matrices necessary to calculate
in multiple linear regression is SlOP the sum of squaresanq. c.rQSS products
matrix of the predictors. In MDA, two sums of squares and crossproducts matrices
are needed, a "within groups I. matrix and a ilbetween groups 11 matrix.
Each of
these contain sums of squares and cross products AS defined in this section. The
treatment and notation 6loselyfollQw that of Miller (1962).
.

.

.

Assume there are G mutually ~xclusi~e And exhaustive groups (categor,ies) of
the predictand. Assume also that thereareng obs.ervations fAlling into group
g in the dependent sampl$. Then the total number of observation~ (the dependent
sample size) is:

Assume there are P predictors, x"
defined AS follows:
.
(1),

>x2' .•. , xi"

Sum of squared deviations within

,:the four required sununations are

(

~~oups

p=l, 2, ... , P

The notation is as follows:
k is the index for theifidividuAl observation within

a group,

g is the index for the group, and
p is the index for the predictors.
The Ii. n means that an average has. been calculfited by sUifiiiiing over the
misslng index,.k. :goes from 1 to' ~!l; g goes from 1 to G;_ find p . ~be~
from 1 to P. SSW(xp) represents the squared deviations of individual
observations from the group me,afis, summed .over all groups, calculated
separately for each predictor.
(2)

Sum of squared deviations between group means and the grAnd mean:

p=l,.2, ..• , P
For each predictor, this is the squared difference between the lIlean of
the observations within the group and the overAll meAn of all observations, weighted by the number of observAtions within the group.
Again, a sum is taken.overal1 groups.

(

(3)

Sum of crossproducts within groups
p, q=l, 2, ... , P
pfq
This is the covariance of the pth and qth predictors calculated within
the group, then summed over all groups.

(4)

Sum of crossproducts between group means and the grand mean
G

L: ng(x pg . - x p.
g=l

.> (Xqg . - x q.'>

p, q=l, 2, ... , P
pfq

This is the covariance of the within-groups means of predictors p and
q, weighted by the group sample size, n g , summed over all groups.
A within-group matrix, W, may now be formed,
SSW(x1 )
SPW(xzx,)
W

I

SPW(xp_1x, )
SPW(x px 1 )

-

SPW(x 1x p_1 )
SPW(xZx p_1 )

SPW(x,xp)
SPW(xzxp)

- - - - - - - - -

SSW(x p_1 )
SPW(xpx p_1)

SPW(xp_1x p)
SSW(xp)

SPB(x,x p_1 )

SPB(x 1x p)
SPB(xzx p)

SPW(x 1x Z)
SSW(xz ) - -

I

SPW(xp_1x Z) - SPW(xpxz ) - - -

-

I

I

and the between-groups matrix, B,
SSB (x 1 )
SPB(xzx,)
B

I
SPB(xp_'x,)
SPB(xpx,)

SPB(x 1x Z)
SSB(xz ) - -

- - SPB (xzx p_')
I

I

SPB (xp-' x)
z - - - - - - - SSB(xp_')
SPB(x px)
Z - - - - - - - - SPB(xpxp_')

I

SPB(xp_,xp)
SSB (x p)

Both matrices are P x P and sYmmetric. These matrices can be summed to give the
Sxx matrix that is used in regression, Sxx = W + B where Sxx is the sums of
squares and crossproducts matrix of predictors for the whole dataset.
The quantity that is to be maximized in the analysis is t~1 between-groups
to within-groups dispersion ratio, given by the matrix ratio W B. To do this,
the procedure is:
(1)

Form a column vector V of the unknown coefficients of the predictor
variables in the discriminant function.

(2)

Post-multiply both Band W by V.

(3)

Take partial derivatives of the resulting fraction with respect to the
components of V, and equate the partial derivatives to O.

(4)

The eigenvalues (characteristic roots) Aj must first be found using
the determinantal equation
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(5)

Then, the unknown vectors V j can be found from the matrix equation
~,

(W B - AjI)V j

=

O.

The number of eigenvalues found will depend on the rank of the matrix W·'B
which will be ~p, the number of predictors.
Subject to this restriction, the
number of eigenvalues will be equal to (G-l), one less than the number of groups.
Since in our applications there are rarely more than six groups or so to
consider, this is usually the limiting factor. There will be one eigenvector V j
for each eigenvalue. The discriminant function associated with Aj and V j is

where v"
v 2 , ••. , v p are the coefficients of the
discriminant function.

P predictors

of the j th

There is only one eigenvector associated with each eigenvalue. This vector
is simply the list of coefficients of the original predictors which make up the
linear combination of predictors known as the discriminant function. The length
of the eigenvector is thus equal to the number of predictors used in the
analysis.
For example, suppose we are trying to forecast preoipitation type
using thickness and 850 mb temperature as predictors. There are two groups, rain
cases and snow cases, and two predictors. Therefore, the analysis can produce
only one discriminant function, thus one eigenvalue and one eigenvector.
The
eigenvector will contain two values, the coefficients of the two predictors:

(

where y is the discriminant function, x, is the 1000·500 mb thickness for this
example, x 2 is the 850 mb temperature, and b, and b 2 are the coefficients or
weightings of the two predictors.
It is now a simple matter to take all the original values of x, and x 2 in
the dependent sample, apply the above expression, and calculate a value of y.
This procedure is usually called "transforming the data to discriminant function
space." When this is done, there is a complete new set of data, of which the
individual values are all weighted combinations of the corresponding original
data values.
In terms of the graphical analogy discussed above, the discriminant function
is any line (not a specific line because there is no y. intercept) oriented in the
best possible way to discriminate between groups.
The transformed data are
simply values on this line.
It seems at this point that one is no further ahead in terms of predicting
group membership of an independent observation than at the start. All that has
been done is to transform a set of old predictor values into a (smaller) set of
new predictor values. The discriminant functions now become predictors which are
used to define criteria for deciding to which group an observation belongs.
The actual numerical values of the eigenvalues are useful because they
convey relative information concerning the importance or power of the associated
discriminant functions to discriminate among groups.
For example, if one
eigenvalue is 0.256 and another is 0.005, the first discriminant function
contains much more predictive information than the second. One would be quite

(

justified in using only one function in the analysis in this case. This is an
important advantage of doing the eigenvector analysis--reduction of the
dimensionality of the problem. That is, the discriminant information contained
in several predictors can be concentrated in a small number of discriminant
functions.
Figure VI-5 seems to indicate that the discriminant information in the two
predictors shown is split between the first two functions, while the third
contributes much less.
This is because the group means are nearly coincident
when proj ected onto the third line. In this case, however, there were more than
two predictors, and it is likely that some of the others not represented on the
graph contribute their discriminant information through the third function.
Nevertheless, the eigenvalues are always ordered according to their power, and
it is sometimes worthwhile to restrict the number of functions used in
prediction.
In summary, the advantage of determining discriminant functions (step 1) is
that the discriminant (predictive) power can be concentrated in a relatively
small number of new predictors which are linear combinations of the old
predictors. In this way, one can have access to the predictive power of a large
number of predictors, but also have the practical advantages of fewer predictors.
If events are classified into categories with non-parametric methods (described
below), there are significant savings in data storage and computation effort
possible with a two- or three-fold reduction in the number of predictors when
samples are relatively large, say ~ 500 events.
These non-parametric methods
require that the dependent sample be kept for use in the classification procedure
each time a forecast is made.
It is more efficient to keep the data after
transformation to discriminant space than to keep all the original predictor
values.
D.

Step 2 - Obtaining Probabilities of Category Membership

Once the discriminant functions are obtained, the next step in the analysis
is to develop procedures of estimating the probabilities of occurrence of each
predictand category based on the values of the predictors.
Since the
discriminant functions have been chosen to maximize the discriminant power of the
predictors, it makes sense that they would be used in the probability estimation.
The general procedure thus involves transforming the input set of predictor
values to values of the discriminant functions simply by applying the discriminant function equations.
It is the transformed values that are then used in
estimation of the probabilities.
There are two general ways
methods and parametric methods.
1.

of obtaining probabilities:

nonparametric

Nonparametric Methods

Figure XI-6 is a hypothetical example of what a dependent dataset would look
like after transformation to discriminant space.
The data are plotted as a
function of the first two discriminant functions, and, as is always the case, the
first function separates the three categories the best.
For example, the two
functions might be linear combinations of the 1000 to 850 mb thickness and the
850 to 700 mb thickness, and the three predictand categories might be liquid
precipitation, freezing precipitation, and frozen precipitation.
Physically,
liquid precipitation cases would relate to high values of total thickness and
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frozen to Iow values of total thickness, thus, coefficients of the two predictors
could be positive, and these two categories would be well separated. Freezing
precipitation requires a temperature inversion; it would be best distinguished
by high values of the 850-700 mb thickness and Iow values of the 850-1000 mb
thickness. Thus, the second function might have a positive coefficient for the
upper thickness and a negative coefficient for the lower thickness, so that high
values of that function would effectively separate the freezing cases from the
others. This kind of relationship is depicted schematically in the figure.

(
. NEIGHBOURHOOD USED TO
COMPUTE PROBABILITIES
BY NON·PARAMETRIC METHOD

Figure VI-6. Schematic of precipitation type data plotted as a
function of the first two discriminant functions. Rain cases
are the dots, snow cases are the crosses, and freezing precipitation cases are the triangles. The first function (the horizontal axis) separates the three groups the best overall, but
the middle category (freezing) is completely swamped by the
other two categories. The second function does a better j ob of
separating the freezing precipitation cases from the other two
categories. This schematic also shows how a subsample of points
in the neighbourhood of a sample point may be used to estimate
probabilities. In this case, the neighbourhood contains eight
rain events,- one snow event, and one freezing rain event, giving
probabilities of 80%, 10%, and 10% for the three categories,
respectively.
Suppose that some new independent predictor values become available and we
want to use them to forecast the probability of precipitation type.
An
intuitively simple way of doing this would be to calculate values of the two
functions from the original predictor values, then to compute the distance of the
new point in discriminant space from each of the points of the dependent sample,
as illustrated on the graph. The distances so calculated could then be ordered
from largest to smallest, a "neighbourhood" could be defined by selecting a
maximum distance, and the probabilities would be given by the proportion of
dependent sample points associated with each category falling within the
neighbourhood. The neighbourhood has to be carefully chosen. It must be large
VI-lO
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enough that there is a representative sample of points from each category
contained to get a reliable estimate of the probabilities, and it should not be
too large, or the results will be too smooth; the uniqueness of the location of
the independent sample point will be lost. Note that the calculation of distance
as suggested here and in the figure effectively assigns equal weight to each
discriminant function used.
This is not necessarily desirable because the
discriminant power is concentrated mostly in the first, less in the second, and
so on.
An obj ective way of adjusting for the relative importance of the
functions is to weight the distance according to the magnitude of the eigenvectors. This is a recommended procedure when using a neighbourhood.
This procedure is called a nonparametric method because it makes no
assumptions about the distribution of the data of the dependent sample. This is
its advantage, because one doesn't have to worry about whether the dependent
sample fits a specific distribution or not. The disadvantages of nonparametric
methods are all practical.
To carry out the procedure described above, it is
necessary to keep all the dependent data on hand for every evaluation of
probabilities. Especially if only the discriminant function values are wanted,
this is not now too difficult with the storage capacity of modern computers. A
typical sample of 500 cases leads to storage requirement of 1500 data values for
a four category problem (three discriminant functions), along with a small number
of coefficients for the discriminant functions.
Unless there is a very large
number of equations involved for many different stations and many different
forecast projections, this should not now be too onerous. Computation time to
make a forecast is also relatively high, though, to compute all the distances and
to order them.
The historical reason that the non-parametric methods have not been widely
used in operations is the limitation of computer storage and power. This is not
the serious limitation it once was, and non-parametric methods should therefore
see wider use in future.

2.

Parametric Methods

To get around the necessity of storing the dependent data for later use, it
is possible to assume they fit a specific distribution, estimate the parameters
(mean and variance) of that distribution from the data, and then store those
parameters. This greatly reduces the requirements for storage and computation
since the dependent dataset is replaced by estimates of the parameters of its
distribution, and the probabilities are obtained directly from the assumed
distribution. This is called a parametric method because the dependent sample
is replaced by the parameters of the assumed distribution.
This assumption
strictly applies to the dependent data after transformation to discriminant
function space, since those are the data used to define probabilities.
The parametric method often used in meteorologicalMDA is that.described by
Miller (1962). The assumptions are:
(1)

data within groups are normally distributed, and

(2)

the within group dispersion is the same for all· groups.

This means that the standard deviations (or variances) of the dependent sample
discriminant function values must be the same for all groups, but not all groups
have to have the same frequency of occurrence in the overall sample.
For
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example, a typical rain-n~ rain forecasting problem would generally lead to a
s'i tuation where the no rain caSes are much more frequent than the rain cases, in
the sample (unless one is dealing with a very rainy place).. This is all right
as long as the standard deviation of each predictor is the same for the rain
cases as for the no rain cases. As another example, if MDA were used to forecast
precipitation amount in categories, it is usually the categories representing the
highest amounts that have the lowest frequencies and vice versa.
Again, this
doesn't matter in the analysis as long as the variances within each of the four
categories are about the same.
Fig1.lre VI-7 is an example of a frequency distribution where category 1.
occurs more o,ften than category 2, but the variances are about equal. Many tests
exist to test the validity of the assumption that the data fit a normal
distribution, but in practice the tests are not o·ften carried out., Experience
indicates that the assumption is relatively robust in the sense that larg,e
departures from normality within groups do not necessarily lead to, large errors
in estimated probabilities. If another theoretical distribution were known to
fit the data better than the normal, it could just as easily be used in the
estimation of probabilities.

(

Fig~re

VI-·f ~ A schematic of' twO' distributions in
which the vall'f.anee's are about the same" but the
sample sj,z:es" aad hence the a !nriO'ld p)r~iD'ab&l:ir
ties" are different.

The' pll'o'bab&l:iLt::y computation is accomplish.ed: by us,iug. Bayes" Theorem.
word's:" Bayes." th,eolrem sta.te's::

In,

a, pos,te:ri<inri probah:Uity 0,£ g;roup membership; ...

Ca Jjuriori plrobabiHty) x like1:iihood

for that group

h Ca prilori probability} x. likelihood

over all g;roups.

This: means that the probability' 0'£ g,roup membel'i'ship! given the values 0'£ the'
pl'i'edictolrs fa posteriorr) may De- calculated in te'rms 0'£ the a priori probabflities of group membership ~re-lative frequencies of OCCUlrrence in. the dependent
sample), and the likeJlihooa that that particular observation belongs to that
group, based on predictor values. The term "a ]llrioriu always lrefers to what is
known be-fore the statistical te~hnique is applied, in this case the fl'i'equencies:
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of occurrence in the dependent sample; "a posteriori" refers.to the effects of
added information on the probabilities. In this case, the added information is
the predictor values. Without the predictor values, the best we could do to
predict the probabilities of occurrence of the groups would be to use the
frequencies in the dependent sample all the time.
The predictor values give
information that, through MDA, leads to more informed estimates of those
probabilities.
Mathematically, Bayes' rule is:
qg P (y1,y2' . . . ,ykIg)
0

G

~ q g oP(y1'y2'··· 'Yklg)

g=l

The y's are the discriminant function values again, and there are k of them, one
for each discriminant function used in the analysis. They are calculated from
the predictor values and the discriminant function equations. As before, there
are G groups.
The a priori probabilities are the qg' g = l, 2 , ... ,G for the G
groups. As stated above, these are simply the frequencies of occurrence of the
groups in the dependent sample.
The probability statement P(Y1'Y2' ... ,ykl g) is the probability of occurrence
of the specific values Y1' Y2"'" Yk of the discriminant functions as calculated
from the input predictor values, given that we are dealing with a group g case.
Since we have assumed a distribution for each group (normal distribution, say),
these probabilities can be computed from that distribution. The equation for the
multivariate normal distribution can be written:

where y is the vector of discriminant function values (there are k of them), :E
is the within groups dispersion matrix for the dependent data in discriminant
space, and y is the vector of means of the discriminant functions for group g.
There are also k means, one for each discriminant function, and they are
estimated from the dependent dataset. The multivariate normal distribution is
simply a generalization of the normal distribution to several dimensions, where
the variance is replaced by the within groups dispersion matrix and the mean by
a vector of means.
It is time for an example.
Suppose we had a two ~ group problem with one
discriminant function, y (the rain-no rain case would do): ·In Fig. -VI-8, the
normal curves represent the dependent data distributions, expressed in terms of
the discriminant function. An independent observation might be represented by
point a. Bayes' formula would then be evaluated. Since a is very much nearer
to the mean of group 1, it is far more likely to come from that group. For this
example,
.

p(g=lly=a)
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p(g=2Iy=a)

..

Since a is far from the group 2 mean, P(y=alg=2)«P(y=alg=1).
Therefore,
P(g=ll y=a) will be nearly equal to 1. If, on the other hand, the predictor value
is indicated by point b, the two groups are nearly equally likely to occur, and
Bayes' rule will give a probability near 0.5 for both. The probabilities are
obtained from the univariate normal distribution.

o

b

Figure VI-B.
An illustration of the use of
discriminant function values in calculation of
probabilities from Bayes' rule. Probabilities
for points a and b are calculated from Bayes'
rule and the normal distribution.
In general, there will be niore than one discriminant function involved, in
which case the assumed distribution is the multivariate normal distribution as
given above. In .summary, the following must be stored to permit calculation of
probabilities by the parametric method described here:
(1)

The discriminant function coefficients. This is a P by k matrix, one
for each of the P predictors and ·for.each of the k functions used in
the analysis.

(2)

The inverse of the within groups matrix for the transformed dependent
data. This will be a k by k matrix of sums of squares and cross products for the discriminant functions.

(3)

The- means of the discriminant functions for all categories ,calculated
from the dependent data. This is.a k by G matrix, one value for each
of the k fUtlctions and for each of the G groups.'

(4)

The frequencies of occurrence of the groups in the dependent sample (a
priori probabilities). There are G of· these, one for each group.

The storage requirements are thus greater than requi'red for regression
(including REEP) , where it is necessary to store only the coefficients of the
equations, but far less than what would be necessary for a non-parametric
procedure. For a typical problem with four categories, six predictors, and three
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discriminant functions, 43 values must be stored, compared with 28 for REEP.
With modern computers, that is not an important difference.
E.

Statistical Tests in MDA

Hypothesis testing in MDA applications is fraught with the same problems
that it is in regression.
Statistical significance of a result seems to be
relatively easy to obtain, and it is not clear that statistical significance
gives any guarantee that the equations will also be useful in meteorological
forecasting. An additional common problem is that all statistical tests require
knowledge of the degrees of freedom in the test dataset, which in meteorological
applications is usually far less than the sample size because of temporal and
spatial correlations in the sample. It is not easy to determine exactly what the
degrees of freedom are for application of an exact test. Nevertheless, the "test
statistics" that are used often give a general idea how good the fit is, and can
be used in a comparative sense. They may also be used in screening procedures.
There is really only one type of relevant test for MDA. We want to know if
the discriminant function is capable of describing sufficient separation of the
groups to be useful.
There are two factors involved, the separation of group
means and the within group dispersions.
The most important factor is the
separation of the group means. Some tests are formulated on this basis, because,
if the means are not sufficiently separated, the groups cannot be distinguished.
The within group dispersion is important from a "confidence" point of view. For
two situations where the group means are equally well separated, the better
predictor is the one for which the within group dispersions are the smallest.
The larger the within group dispersions, the greater the overlap area between
groups for the same separation of means. All tests seek to determine the power
.of the discriminant function in terms of the concepts· described in this
paragraph.
Since actual quantitative tests· are not often done for reasons stated above,
this discussion is limited to a description of the two test statistics that are
most often used.
Tests involving these statistics may be formulated in the
standard way as described in Chapter IX on hypothesis testing if one is
interested.
1.

Mahalanobis D2 Statistic
2

Sometimes called the Mahalanobis distance or Hotelling's T , this statistic
describes the separation of the group means taking into account the variance
within the groups. It performs the same function in multivariate analysis as the
Student's t-test does for the separation of means in univariate analysis. The
test statistic is:
Dp

2

-,

=

(N - 1 - G·P) ·trace(W B)

for P predictors, G groups and a total sample size N; Wand B are the withinand between-groups matrices as defined in Section C. The trace of a matrix is
the sum of its diagonal elements. As usual, it is assumed· that the events of the
dependent sample are independent.
If the within groups data are normally
distributed, then for large N the D/ statistic is estimated to follow a chisquare distribution with P(G-l) degrees of freedom.
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High values of the statistic are best.

These Qccur for:

::

2.

(1)

Large samples (N large).

(2)

Small number of groups (G small). Separation of groups is simpler if
there are fewer of them to separate.

cn

Sinall number of predictors (P small).
As in regression,
predictors may lead to overfitting the data.

(4)

Well-separated means (trace B large) and small overall within-group
dispersion (trace W·'B large)

..

too many

Wilks A Criterion

This statistic is used to determine the ability of P predictors to
discriminate significantly among all G groups. It is analogous to the variance
ratio in univariate statistics. It also uses the determinants of the within- and
between-groups dispersion matrices, as follows:

~
j,W + BI

(

The form of the statistic that is most often used. is:
- [N - 1 - (P+G}/21ln A

and this statistic is thought to have a chi square distribution with P(G-l)
degrees of freedom for large N.
F.

Predictor Selection in MDA

Seleetion of predictors is an important part of MDA as it is for regression,
s'fnce there is a large variety of meteorological variables available .Of course,
predictor selection begins with a "prescreening" phase where one's knowledge of
meteorology is used to decide which predictors are best to offer. Factors to be
considered in prescreening are:
(1)

Physical relationship with the predictand.
InMDA, this means that
the predictor should provide a good basis for the separation of the
predictand categories.
Reliability of the predictor. This means that it should not have too
much variation which cannot be related to the predictand; for similar
weather situations, predictor values should be repeatable to a high
degree.

(3)

Availability in operations.
If the technique is to be used in real
time forecasting, predictor values must be available in real time.

Obj.ective screening procedures available for use in MDA are very similar to
those used in regression analysis.
For all screening procedures, a "test
statistic" is required. This 'test statistic should measure the strength of the
predictor for the intended purpose.
Values of the test statistic can then be
obtained and either compared against an absolute standard value to determine
VI-l6
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whether a predictor should be used, or they can be compared against a previous
value of the same statistic to see if there is a significant change when a new
predictor is added. We favour the latter approach mainly because it is hard to
determine an absolute value of the test statistic that can be used all the time
to decide whether or not a predictor should be used.
The test statistic usually used in MDA is the Mahalanobis distance, as
described above. This measures the overall discriminant power of the predictors
under test. The screening procedures most often used are "forward selection,"
referred to as "screening" in the regression chapter, and "forward stepwise."
The latter is the same as the former, except that, as each predictor is entered,
each of the other predictors in the equation is re evaluated as if it were the
last entered to see if it is still contributing to the discrimination. Forward
selection is more often used, probably only because it is a little simpler, and
nearly as good. The steps are as follows:
(1)

For all predictors offered, calculate the Mahalanobis statistic.
Choose as the first predictor the one giving the highest value.

(2)

Recalculate the Mahalanobis statistic for all predictors in combination with the first. The second predictor is the one that increases
the Mahalanobis value by the greatest amount.

(3)

Repeat step 2 for three predictors, four predictors, etc. until no
predictor increases the Mahalanobis value by a significant amount,
say, 5%.

The threshold percentage can be set to any reasonable value. Higher values
result in selection of fewer predictors, lower values result in more predictors.
The use of a percentage increase in the test statistic as a cutoff criterion is
a simple way of discontinuing selection. However~ it guarantees that at least
one predictor will be chosen even if none is "significant." For this reason, it
may be worthwhile to do a more rigorous statistical test on the final equation.
The number of predictors selected is affected not only by the cutoff criterion,
but also by the sample size, since that is included in the Mahalanobis statistic.
If the sample is small, it is useful to raise the cutoff criterion to avoid
selecting too many predictors.
Our experience suggests that 150 independent
events is sufficient to justify a 5% level in the MDA procedure.
One way of assessing the predictor selection method is to plot the
Mahalanobis statistic as a function of the number of predictors. Figure VI-9 is
an example. Normally, the rate of increase of the Mahalanobis value decreases
as more predictors are added, and the best stopping point is soon after the
initial strong rise in the value of the statistic. In Fig. VI-9, that could be
anywhere from 3 to 7 predictors.
Stopping too soon causes discriminant
. information to be lost, and stopping too late results in a better fit to the
dependent data, but reduces the reliability of the equation on independent data.
This is the problem of overfitting that is also encountered with regression. It
is an important problem especially with small datasets, and it is only revealed
by poor performance on independent data.
G.

Relationship between MDA and REEP
REEP and MDA have the following similarities:
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Figure VI-9. A plot of the Maha1anobis statistic
as a function of the number of predictors in
the discriminant equation(s) for a typical
screening cycle.
(1)

They are both designed to produce probability forecasts.

(2)

For the two category case, they are equivalent. The coefficients in.
the single REEP equation are different from the corresponding ones in
the discriminant equation by only a constant.

(3)

They are both linear techniques.

REEF and MDA have the following differences:
(1)

REEP is the simpler procedure, except where the equations must be constrained to contain the same predictors. In that case, special programs must be written to handle the data.

(2)

The assumptions are different. Normality within groups is assumed for
parametric MDA; for REEP, the cumulative distribution function is
assumed to be linear with respect to the predictors.

(3)

Extreme predictor values cause out-of-bounds probability forecasts in
REEP; in MDA, they may cause the probability of occurrence of one of
the groups to go to 100%. With renormalization of probabilities in
REEP, the result is similar to MDA.

(4)

Based on tests, MDA produces sharper forecasts than REEP; that is, MDA
is more likely to forecast probabilities near 0 and 100%~ This is of
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value for identifying warning situations; however, the reliability of
the forecasts must be carefully monitored.
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VII.
A.

PREPARING METEOROLOGICAL DATASETS
FOR INPUT TO STATISTICAL MODELS

Introduction

Most computer software that does statistical processing expects the data to
be entered in some sort of matrix form. The columns of the matrix represent the
meteorological variables to be processed, both predictors and predictand, and the
rows of the matrix represent events. Each event consists of one observation of
the predictand and all predictors. The sample size is determined by the number
of rows (events) in the matrix.
Sometimes more than one predictand is included when the data matrix is
formed. That is usually for convenience when the intention is to use the same
set of predictors to forecast more than one predictand. The statistical program
can be run more than once with a different variable designated as the predictand
each time.
The process of setting up the data matrix involves matching observations of
the predictand with "corresponding" predictor values, that is, collecting the
data to define the events. Predictand data nearly always come from observations
of weather elements; predictor data may come from a variety of sources. Ways of
defining the predictand and sources of predictor variables are discussed in this
chapter.
The predictors that are used must be carefully chosen.
The main
criteria for choosing potential predictors include: (a) the known or postulated
relationship with the predictand, and (b) the availability of data, not only for
the development and test samples but also for operational use. Other criteria
will become apparent later.
B.

Types of Predictand Variables

Predictand data always come from meteorological observations, but they are
often modified or processed in some way before insertion into the data matrix.
For the purposes of statistical technique development, it is convenient to
consider three types of predictand: continuous, categorical, and transformed.
Continuous predictand -- A continuous (or quasi-continuous) predictand is
one that can take on any (almost any) value within its meaningful range of
values.
For instance, temperature can take on any value, but is usually
available to the nearest degree or tenth of a degree Celsius.
The
statistical forecast technique for such a predictand would be expected to
produce specific and generally continuous values within the observed range
of the predictand. Among surface weather elements, dry bulb temperature,
dew point temperature, wind speed, and U- and V-wind components are most
often used as continuous predictands.
Categorical predictand -- A categorical predictand is one that can take on
only a (small) specific set of values. Such a weather variable may occur
naturally, may be observed that way even though the underlying variable is
continuous, or may be processed from a continuous variable. For instance,
cloud amount may be observed in the four categories clear, scattered,
broken, and overcast. Also, ceiling height, although basically reported as
a quasi-continuous variable, may be processed such that the predictand takes
on only a few discrete values, one of which might represent ceilings between
200 and 500 feet.
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Transformed predictand - - The term transformed predictand refers to any
predictand whose value has been changed from the original observation.
There are many reasons for transforming the predictand data before creating
the data entry matrix:
To transform a continuous variable into a categorical variable -- As
an example, it is decided that cloud amount is to be forecast in four
categories, clear (0 or 1 tenth), scattered (2 to 5 tenths), broken (6
to 9 tenths), and overcast (la tenths or obscured). The cloud amount
which is observed with 11 possible values is replaced by four binary
variables representing the four categories.
An observation of 5
tenths cloud cover would be replaced by the four values (0,1,0,0)
because 5 tenths falls in the "scattered" category. All the predictand observations may be transformed in this way, then inserted into
the data matrix as four new predictand variables.
To alter the distribution of the predictand - - Usually this means
transforming the predictand so that it will have a distribution closer
to the normal distribution. An example is precipitation amount. At
many locations, precipitation amount has a highly skewed distribution.
The distribution can be made more normal by taking the cube root of
the data values. Some statistical methods give better performance on
data that are nearly normally distributed.

So far, the discussion has assumed that the main source of predictand data
is point observations of surface weather elements, which certainly has been true
in the past.
The recent trend toward the use of remotely-sensed data as a
supplement to the regular network of weather observations promises another
valuable source of predictand data that hasn't fully been exploited yet.
Some
possibilities are:
Radar data - - Radar data can be effectively used to supplement precipitation
observations, particularly where the precipitation is of a showery nature
and might be missed by a network of point observing sites. Aside from the
sheer volume of data, the main problems are ground clutter and anomalous

VII-·2

I

"

I

. i
I
~

(

To achieve a specific non-linear fit - - If it is known that the
predictors are more likely to be linearly related to the square of the
predictand, linear statistical techniques will give a better fit if
the predictand is squared before the equation is derived.
To define the predictand according to operational requirements -- For
example, hourly data may be available for forecasting cloud amount,
but the users .of the product may need to know average cloudiness
through the afternoon or the evening.
In such a case, it might be
preferable to average six consecutive 1 hour cloud observations to
create a new predictand "6 hour average cloud amount." If the users
of the product want the minimum value of a predictand during the valid
period (e.g. the minimum visibility over 6 hours), the observations
can be processed by selecting the lowest of each set of values in the
valid period.
Finally, if one has the luxury of having a fine scale
network of observing sites, areal averaging of the observations can
also be done if the requirement is for a predictand that is representative of an area.
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propagation echoes, both of which have to be removed to generate a "clean"
dataset.
Satellite data -- Satellite data offer the possibility of nearly continuous
spatial coverage of some weather elements such as cloudiness.
Again,
because of the very large data volumes, the data would have to be summarized
in some way before they can be effectively used as predictand information.
In the next decade, satellite derived estimates of surface wind over marine
areas will be an important new source of information to supplement data in
areas where observations are scarce.
Lightning strike data -- Lightning data from networks of direction finders
provide continuous spatial and temporal coverage of thunderstorm activity.
During the past decade, networks have been placed into operation across the
globe, with many more in the planning stage. Lightning data are generally
used either alone or to supplement radar data in determining the initiation
and intensity of convection, the tracking of individual cells or lines, and
the location of weak or imbedded convection not resolved by radar. The data
can be easily referenced to and summarized on grids of varying resolution
for use as predictand information.
C.

How to Decide on the Predictand Type

There are three types of information to take into account when deciding
whether to treat a specific predictand continuously or categorically-:
the
weather element, the distribution of observations (climatology) of that element,
and the user requirements for the forecast product.
These three factors are
interrelated and must be considered together to form a decision on the optimum
predictand type.
Of the weather elements that are observed at the surface, the only two that
are usually treated as continuous predictands are temperature and wind. They are
treated as continuous predictands mainly because their distributions are
reasonably smooth, and the users traditionally wish to have a specific,
quantitative forecast of temperature and wind. Temperature includes maximum and
minimum temperature, temperature at a specific time (sometimes called "spot
temperature"), and dew point temperature.
Wind is a special case; it is a vector quantity. Wind direction and speed
are usually forecast by a combination of three related predictands, the west wind
component (D), the south wind component (V) and the wind speed (S).
The
components D and V are used to define the direction, and the speed is forecast
directly.
D and V could be used to obtain speed as well, but this would
underestimate the speed on average compared to what would be obtained directly.
Also, wind direction is a cyclical variable which is hard to deal with in most
statistical procedures.
Several weather elements can either be treated continuously or categorically.
The decision on how to treat a specific element is usually based on
distribution considerations and on user requirements. Weather elements in this
category include ceiling height, visibility, precipitation amount, and cloud
amount.
If these elements are to be forecast categorically, they must be
converted to binary variables by using threshold values to define the categories.
Thresholds are chosen mostly in consideration of user needs, but are also
influenced by statistical considerations.
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As an example, ceiling heights are observed in 100 foot (30 m) increments.
The distribution illustrated in Fig. VII~l is highly skewed, with unlimited being
the most common occurrence by far.
Furthermore, unlimited has no direct
numerical value, and in order to fit these data directly as a continuous variable
one would have to impose a numerical value on the "unlimited" category. This is
one important reason for treating this predictand categorically.
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Figure VII~ 1.
Frequency distribution of ceiling height for
Pearson International Airport (Toronto, Ontario). Although
it is nominally a quasi-continuous variable with 30 m
resolution, many values of ceiling height are never reported.
Once it is decided to treat ceiling categorically, it is necessary to
determine where the category boundaries (thresholds) should be set. Since the
primary users of ceiling forecasts are in the aviation industry and since these
users alrea.dy have their own established operating thresholds , it would seem
obvious to choose these.
Usually this is the practice, but statistical
considerations intercede once again. For development of stable equations, there
must be sufficient data in each category. For ceiling, sample size is a problem
in thelower,raret categories. The aviation industry also has more operating
thresholds in the lower ranges. The usual compromise is to establish categories
as necessary to maintain sufficiently large samples, while continuing to use
operationally significant values of the predictand as thresholds.
Fig. VII-2
is the categorized version of the data in Fig. VII-I.
Visibility has a similar distribution to ceiling, also with a nonnumerical
unlimited category. Actual observed values of visibility often are influenced
by the distance from the station of known objects, and it may therefore be more
useful to change all visibility values above a given threshold to unlimited.
Visibility categories may be chosen similarly to ceiling categories, through a
combination of user thresholds and statistical considerations.
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Pearson International Airport
Frequency Distribution of Ceiling Height
After Categorization
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Figure VII-2.
Same as Fig. VII-l, but after categorization
according to the requirements of the aviation industry. The
distribution is smoother, but still highly skewed.

Precipitation amount also has a highly skewed distribution, with a maximum
at low values.
It is easier to fit directly with statistical methods than
ceiling height and visibility, because it is a continuous variable, bounded at
the lower end, with no non-numerical values. However, the physical relationship
with most available predictors changes over the predictandrange, but especially
between "no precipitation" and "precipitation." Furthermore, the distribution
is such that the most important events are also the rarer ones, i. e., high
precipitation, potential flood situations. If the data are fit directly, each
event enters the equation with equal weight, and the rare events may not receive
the weight they deserve.
Ways to avoid this include weighted statistical
methods, and categorization.
Categorization is usually chosen because of
simplicity.
User requirements for quantitative precipitation forecasts are not as
clearly defined, articulated, or standardized as for the aviation elements.
Statistical considerations are therefore relatively more important. Categories
can be chosen to partition the overall sample into roughly equal parts, for
example. They can also be allowed to vary from one station to another, depending
on the distribution and local requirements for the forecast.
As stated in Chapter Ill, cloud amount often has a U-shaped distribution.
Such bimodal distributions are difficult to handle directly with regression
because the mean corresponds to a relative minimum in the distribution.
The
tendency of regression equations to predict "toward the mean" gives rise to
relatively large numbers of moderate errors with a U-shaped predictand
distribution.
Cloud amount is reported with no more than 11 distinct values
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(0 to 10 tenths sky cover) and is bounded at both ends. The aviation conununity
specifies four categories for sky cover- -clear, scattered, broken, and overcast.

.
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Some weather elements are inherently non-numerical and thus ought to be
treated categorically. These include precipitation type, and the occurrence of
weather and obstructions to vision. Precipitation types are usually categorized
according to phase (liquid or solid), and further stratification by character may
also be done--for example, to separate continuous rain from showers.
Of
particular importance in some areas is freezing rain and ice pellets (frozen
rain). These are rare events that represent important hazards to aviation and
surface transportation activity. They are difficult to handle because of their
rarity and because the special upper air structure that is a necessary condition
for their occurrence is difficult to observe and forecast in sufficient detail.
Nevertheless, freezing precipitation is important enough that a third category
is often defined for these events.
Weather and obstructions to v~s~on include fog, precipitation occurrence,
haze, thunder, dust, and sandstorms--in fact, any weather element that is
reportable using the standard code. Each of these is inherently categorical (it
either occurs or it doesn't at a particular time), and is usually binary (yes or
no only). For successful statistical prediction, it is important to ensure that
there are enough occurrences of the element to give a representative sample of
favourable conditions.

D.

(

Sources of Predictors

As discussed above, the matrix of data that is input to statistical
development techniques contains one or more predictands and usually a larger set
of predictors. While the options available for choice of predictands are limited
to the relatively few variables that are required in weather forecasting, the
options for selection and processing of predictors are much greater and may seem
to be unlimited. Since the source of the predictor information is inextricably
linked to the statistical methods used, more information on predictors is
included in several other chapters.
There are three basic principles governing the choice of predictors:
Physical relationship to the predictand - - Only predictors that are expected
to have a non-zero correlation with the predictand should be chosen. It is
always important that the predictors used in a statistical equation be
defendable on physical grounds.
If they are not, it will be difficult to
make the statistical forecasts acceptable to the forecasters who are
expected to use them.
Knowledge of the physical relationships between
predictors and predictand gives the statistical meteorologist an advantage
over a pure statistician in the predictor selection. This knowledge should
be used.
Availability - - If the statistical forecast equation is to be used in
operations, the predictors that are needed to make a forecast must be
readily available.
Predictability - - If the predictors used in statistical equations are
themselves predicted by ilUmerical models (see Section 3 below), they must
also be available in predicted form with sufficient accuracy to perform well
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in the statistical system. Predictability is an important issue especially
for perfect prog equations as described in Chapter X.
There are three sources of predictors: observations and variables derived
from observations, climatic terms, and numerical model output.
These are
described in the following paragraphs.

1.

Observational Data

Any observed data can in theory be used as predictor data. Observations are
"real" data and can be expected to be accurate representations of the variables
measured at specific times and for specific locations.
Generally, surface
observations are most often used as "persistence" predictors, i. e., to tell what
the value of the same weather element was at initial time or at a previous time.
When upper air observations are used, they most often serve as predictors for
surface variables.
In a statistical forecast method for maximum temperature, one predictor that
might be used is yesterday's maximum temperature at the same station. Such a
predictor expresses the serial correlation that is present in almost all
meteorological time series, and might profitably be used whenever it is thought
that yesterday's maximum temperature contributes information about today's
maximum temperature over and above that contained in other predictors.
Advective processes can be simulated statistically by including observations
from (climatologically) upstream stations in equations. If the predominant wind
direction is westerly, yesterday's maximum temperature for a station west of the
predictand station might be used as a predictor for maximum temperature.
Upper air observed data are often more convenient to use in analyzed form,
on a grid. This, of course, is a processed form of the data, and most analysis
procedures have the effect of smoothing the input data, especially for variables
with strong or sharp horizontal gradients. Since the gridpoints do not normally
coincide with the locations of the predictand stations, an interpolation step
is usually added to bring the predictors to the predictand location. Interpolation is not absolutely necessary; sometimes predictor values at nearby gridpoints
are used directly in equation development.
2.

Climatic Terms

For some weather elements, it is desireable to represent the climatological
variations by means of mathematical functions that resemble the nature of the
climatological variation of the element.
Temperature has an annual climatological cycle that resembles approximately
a sinusoidal wave with a maximum in the summer and a minimum in the winter. This
is often represented by sine and/or cosine of the day of the year. A constant
can be added or subtracted from the day of the year to make the phase of the sine
or cosine match the phase of the annual temperature cycle; when both sine and
cosine are included in an equation, a constant is not necessary, because together
they define the phase as well as the amplitude. Fig. VII-3 shows an example of
the annual variation of temperature.
Wind speed at many stations has a strong diurnal cycle, where winds are
stronger in the daytime than at night. This can be represented by some sort of
VII-7

truncated sine wave.
Fig. VII-4
shows an example of the diurnal
variation of wind speed.
The
inclusion of
climatic
terms is particularly important
when the dataset is made up of
events
from different climatic
regimes or different parts of the
annual cycle.
These predictors
serve the purpose of explaining the
part of the variation in the predictand that is due to climatological variations. On the other hand,
if it is possible to stratify the
dataset
to
eliminate
climatic
variations, such predictors may be
unnecessary.
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Climatic variations can be
entered in a more indirect way by
- 2 0 L----L_.L---L_..I.----L_-'----'-_-'-_'-----'-----'
expressing the predictor and preJan Feb Mar Apr May Jun Jut Aug Sep Oct Nov Dec
dictand data as departures from
Month
long term averages.
That is, the
predictand becomes the anomaly or
-+- Minimum dally
~ Maximum dally
departure from normal in the weath--*Mean
dally
er element.
The main difficulty
with such techniques is to define
the resolution of the climatologiExamples of seasonal variacal data used to calculate anoma- Figure VII-3.
tion
of
temperature
for Montreal, Quebec.
lies.
If, for example, mean daily
Data
are
1951-1980
normals.
temperatures are used, the confidence in the climatological value
may be too small to define reliable anomalies. Mean monthly or mean seasonal
temperatures give a more stable reference, but represent the climatological
variation in less detail.
Overall, redefining the predictand as anomalies may be a good way of
avoiding the need to stratify the data by season (which might make the sample too
small), and is a reasonable option as long as the physical processes leading to
the anomalies are not variable over the dataset in a systematic way.
3.

Model Output

By far the largest source of predictor information comes from the output of
numerical atmospheric models.
Model output is usually in gridded form; the
variables are represented on a grid of points in three dimensions, valid for
specific times.
The model output variables that are used in statistical
technique development are nearly always upper air elements, but increasingly,
model forecasts of surface weather elements are also used. These forecasts are
often referred to as "direct model output."
Model output
variables.

comes

in two

general
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Figure VII-4. Examples of diurnal variation of wind speed for
Winnipeg, Manitoba, for each of three seasons. The "transition" season is a composite of autumn and spring season data.

Basic variables -- Basic variables are those that are available directly
from the model. They include geopotential heights, temperatures, moisture
variables, winds, vertical velocity, divergence, vorticity, and other
quantities that are available at the output stages of the model. The exact
form of these variables depends on the model. For instance, moisture might
be available as specific humidity, relative humidity, dew point depression,
vapour pressure, etc., all of which contain essentially the same information.
Each can be computed from any of the others by using thermodynamic
principles and other information from the model.
Basic variables are usually available at standard pressure levels, or they
may be available only at the model's output levels which are usually in a
terrain-following coordinate (sigma) system.
If output has been interpolated to standard levels, it is convenient to use it in this form, but it
is not necessary to do so. It is important to understand the nature of the
interpolation in the vertical, especially how low level data are processed.
The sigma coordinate follows the model's terrain which might be quite
different from the real terrain, especially in mountainous areas.
The
lowest model level might be far from sea level, and considerable extrapolation may be necessary to produce values of model variables at sea level, or
at low-lying valley stations. How this is done varies with the model, but
it is important to know when evaluating the potential utility of low level
model output predictors.
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Derived variables-~ Derived variables are those that are computed from the
basic model output. Since model output is presented on regular grids, there
is considerable opportunity to compute new predictors using various forms
of horizontal and vertical differencing. The options for this are nearly
endless; it is important to be selective and to ensure that the computed
predictors will have some physical connection to the predictand. Examples
of derived variables include stability indices, advection terms, vertical
and horizontal wind shears, non-dimensional indices such as Richardson
number, and various averaged quanti ties.
If the model doesn I t produce
vorticity and divergence directly, they also can be derived.
E.

Stratification and Gompositing of Data

The general goal of data preparation for statistical processing is to
produce a dataset that is large enough to give a stable statistical relationship,
is generally homogeneous, and contains predictors that bear strong and preferably
linear physical relationships with the predictand.
The requirement for
homogeneity means that relationships between predictors and predictands should
be reasonably constant over the dataset. In the discussion that follows, it is
assumed that we start with a time series of predictor and predictand data valid
for a single station, then proceed to stratify or composite as required.

(
1.

Stratification

Stratification is the usual means of trying to achieve the maximum
homogeneity in a dataset. Datasets are stratified according to a rule or rules
which define the subdivisions of the dataset.
Several types of rules are
described below:
a.

Stratification based on time

A common type of stratification is on the basis of astronomical periods.
This includes seasonal stratification and diurnal stratification (by time of
day). The greater the variability in the weather between seasons, the greater
the number of seasonal divisions required to achieve reasonable homogeneity. In
North American applications, division into four seasons is common if the dataset
is large enough to support it, or two if not.
Diurnal stratification is
warranted as a way of accommodating diurnal variations in relationships.
A
common example of diurnal stratification is separating data valid for 0000 UTC
from data valid for 1200 UTC. Finer stratification is possible if the dataset
is large enough to handle it.
b.

Stratification based on weather type

Related to analogue methods,. weather- type stratification involves defining
rules to separate the events in the sample into different weather types.
The
weather types are usually defined in terms of the distribution of pressure or
he·ight, and are defined over an area. For example, one might be interested in
separating cases where the circulation is cyclonic from cases where the
circulation is anticyclonic. Or, one might wish to separate cases where a front
is approaching from cases where it is not. Weather-type stratification quickly
leads to a large number of categories, and it is often difficult to obtain
sufficient homogeneity this way without making the samples too small.
On the
other hand, it is more appealing than the calendar as a means of stratifying the
data, because unseasonable weather situations would be classified according to
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the characteristics of the season they represent.
For example, weather-type
stratification procedures might identify an early winter snowstorm and include
it with other winter events even if it actually occurred in the fall.
Application of equations developed after weather-type classification
requires prior knowledge of the category of weather so that the correct equations
can be applied.
This implies that the weather category must be reliably and
accurately identified, otherwise the wrong equations might be used. Weather-type
stratification, appealing as it is on physical grounds, is not often used in
practice.
That is because of uncertainties and difficulties associated with
objective classification of weather types, and the extra overhead of determining
the weather type for each application of the equations.
c.

Stratification based on the predictand

Sometimes it is advisable to stratify a dataset on the basis of the
predictand itself, for example, when it is important to have a forecast for a
specific range of predictand values.
When this is done, it always leads to a
"conditional" forecast, since the prediction applies only to a subset of the
predictand values.
The most common example of this type is the predictand
"conditional probability of precipitation type." When a technique to forecast
the phase of precipitation is developed (liquid or frozen), only cases when
precipitation occurred are included in the sample, and all non-precipitating
cases are left out.
The result is that the equation applies only when
precipitation occurs.
Stratification on the basis of the predictand is particularly useful when'
the physics of the problem varies over the range of the predictand. For example,
the processes that distinguish precipitating from non-precipitating cases may be
quite different from the processes that determine how much rain will fall.
If
so, better results might be obtained by developing relationships on a sample that
contains only the precipitating cases, and using a separate method to determine
whether or not it will precipitate. Such a procedure would be applied by first
forecasting whether or not it will rain, then deciding on the basis of that
forecast whether or not to apply the equation(s) to determine how much rain. The
latter forecast is always conditional, since a subset of the sample was used to
define the equation. It says, for example, "If it rains, we will get 10.5 mm in
24 hours."
Another reason for stratification on the basis of the predictand is to
develop a relationship for a subset of important values of the predictand. For
example, it might be more important to know whether the wind will be 25 kt or
30 kt than it is to know whether it will be below la kt. If the available sample
is dominated by light wind cases, statistical methods will tend to emphasize
those in the fitting procedure.
Developing equations only for stronger wind
cases gives added emphasis to those in the development. Of course, one is once
again left with the problem of determining whether the wind will be light or
strong before the specialized equations can be used.
2.

Compositing

Compositing the data means combining datasets to create one larger dataset
for input to a statistical technique.
The usual goal of compositing is to
increase the sample size so that stable equations can be developed. Compositing
is a good idea when:
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The homogeneity of the data can be maintained over the larger sample. That
is, the datasets that are composited are climatologically similar and the
relationship between predictors and predictand is reasonably constant over
the composite dataset.

I
I

The uredictand contains rare values for which it is important to derive a
stable statistical relationship. For example, compositing is nearly always
necessary for forecasting freezing precipitation because it is a rare event.

-I

The predictand is not greatly affected by local effects.
This generally
means that compositing is better for elements that are driven by middle
atmospheric processes (such as precipitation) than for surface elements
(such as wind) that are affected by local channelling, downslope winds, sea
breezes, etc.
A frequently used form of compositing is pooling data over several stations
within an area.
This is done by identifying groups of stations with similar
climatology.
Homogeneity with respect to the predictand can be maintained by
expressing all the data as differences from the station mean values.
From a
statistical perspective, this is nearly equivalent to including in the sample
different repetitions of the same experiment, since the sample will contain
multiple observation sets valid at the same time. Given the spatial continuity
of most meteorological data, the number of degrees of freedom (see Chapter Ill,
Section F) in the sample may not be substantially increased by compositing. In
short, with a composited dataset, the degrees of freedom are not only limited by
serial correlation of the events, but also by spatial correlation of the events.
F.

I
I

(

Processing of Predictors

The selection and processing of predictors is one of the most important
steps of statistical technique development.
It is also the step where the
meteorologist has the greatest chance to use his/her knowledge and also to be
creative in forming relationships.
The goal of predictor selection and
processing is to obtain a set of possible predictors that is:
Complete
That is, it is capable of explaining as much of the predictand
variance as is meteorologically possible.
Not too large -- The larger the predictor set, the longer the statistical
screening process will take.
On the other hand, the smaller the set, the
greater the likelihood that important predictors will be excluded from the
set.
However, "throwing everything into the pot" is a lazy strategy that
should never be used as a substitute for using meteorological knowledge.
Composed of reasonably independent variables
Inclusion of highly
correlated variables is not generally useful, since the chance that they
will contain independent information about the predictand is relatively
small.
For example, height fields are correlated in the. vertical.
Therefore, it usually isn't necessary to include 850, 700 and 500 mb heights
in the predictor set when one of these can convey a relationship with the
predictand about as well as the others.
Linearly related to the predictand (for linear statistical techniques) -Transforming predictors so that the relationship is linear can make quite
a large difference in the goodness of fit that is obtained.
For example,
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for x between I and 20, the linear correlation between x and exp(x) is only
about 0.5. If the real relationship with the predictand were exponential,
the correlation could be improved considerably by using the exp function on
the predictor.
Predictor selection may involve many iterations.
Since meteorological
variables are usually highly correlated in space and time, it is often necessary
to do some experimentation to find a best set of predictors to offer to the
statistical screening program. The starting point is always the basic type of
predictor referred to in this chapter. These include observations, analyses, and
model output data.
From this point, there are several types of predictor
processing that can be applied: (a) interpolation, (b) spatial and/or temporal
differencing, (c) spatial and/or temporal averaging, (d) nonlinear transformations, (e) creating binaries, (f) predictor combinations, and (g) empirical
orthogonal functions.
Each has a specific purpose:
Interpolation is done to make the valid location in space and/or time match
that of the predictand. Bilinear (two horizontal directions) interpolation
is easiest and often sufficient for statistical development, but biquadratic
and spline interpolation are also used.
Some interpolation methods also
have a smoothing effect, the intensity of which is dependent on the number
of grid points used in the interpolation.
It is worthwhile to know the
characteristics of the interpolation used and to understand the effect on
the predictor.
One must also know which type is used in development in
order to prevent introducing biases into the computation of the predictors
when the equations are used on independent data.
Spatial and temporal differencing are used to represent physical processes
such as advection and stability.
For example, in many parts of North
America, the occurrence of precipitation is related to the advance of a warm
front or cold front which can be represented by thermal advection predictors, or perhaps by the 12 hour change in temperature at a specific
location.
Spatial and temporal averages are used usually to smooth out noise in the
predictors, or to match their scale with the predictand.
For example,
vertical averages of moisture are more likely to relate to the occurrence
or amount of precipitation than moisture variables at a specific level. If
the predictand is average cloud over 6 hours, it might be desirable to also
average many of the predictors over 6 hours.
Nonlinear transformations are used to "linearize" the relationship between
predictors and predictand.
In addition to exponentiation, trigonometric
functions, and other continuous transformations; one can also replace a
predictor with a piecewise continuous variable.
For example, relative
vorticity values above zero might be linearly related to precipitation
amount.
However, values below zero do not bear a similar relationship to
precipitation. Thus, a piecewise variable made up of a constant (zero) for
vorticity ~ 0 and equal to the relative vorticity for values above zero
might give a better relationship to precipitation amount.
Binary variables are also used to provide a better match between predictor
and predictand.
They are a particular type of nonlinear transformation
where the predictor is replaced by a step-function.
The transformed
predictor value changes in a stepwise fashion from 0 to 1 at a chosen
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threshold value. Binary predictors take the value 0 or I for all values of
the original predictor. (Also see Chapter V, Section C for a discussion of
binary variables.)

,"

Combining predictors is another way of improving the match between the
predictor and the predictand.
For example, meteorologically, falling
pressure means something quite different when the pressure is already low
than when it is high.
Thus, a predictor consisting of the product of
pressure and pressure tendency can convey more information for forecasting
precipitation or wind than either predictor might on its own.
Binary
predictors may also be multiplied to simulate the logical "and." That is,
the product predictor will be "on" only if both component predictors are
"on."
Empirical Orthogonal Functions (EOFs) are linear combinations of predictors,
or more commonly, functional representations of data over an area.
They
attempt to capture the meteorological signal in the data and separate it
from the noise, and to concentrate the signal in as few (independent)
predictors as possible.
EOFs, therefore, attempt to concentrate the
predictive information in a smaller set of predictors. The analysis leading
to EOFs is also known as principal component analysis and eigenvector/eigenvalue analysis.

(
Most transformations are in fact combinations of some of the above.
Interpolation in space to the location of the predictand observation is necessary
after other processing has been done on gridded data. Because differencing is
easier to do on gridded data, it is always done before the interpolation step.
One can also conceive of creating binary predictors from predictors that have
already been differenced or nonlinearly transformed.
G.

Summary - Procedure for Data Preparation

Methods for data preparation are summarized by the flow chart in Fig. VII - 5.
This is intended to be a very general suggestion of how the data preparation
might proceed. Of course, many other decisions must be made along the way that
have a bearing on the data preparation.
The diagram suggests that predictor
processing may occur at more than one stage in the preparation. Depending on the
application, it may be better to create the full predictor set before stratification or compositing, but there are often good opportunities to test newly created
predictors with a statistical screening program, then to discard those that are
never selected. Creating derived predictors after the compositing or stratification stage also allows for tuning the predictor set to the particular season
(e. g., for seasonal stratification) or to the particular dataset that will
actually be provided to the development program.
The iterative procedure of deriving predictors, testing them with a
screening program, and then dropping the poorest and adding others provides a way
of keeping the number of predictors to a reasonable level, while ensuring that
a relevant set is offered. 'Where computation time is important, it is worthwhile
to weed out useless predictors early in the process.
Some of the decisions in Fig. VII-5 have been oversimplified for clarity.
For example, an inhomogeneous dataset doesn't automatically mean stratification
is in order; the sample might be too small to support it.
Decisions about
stratification and compositing are nearly always a trade-off between sample size
and homogeneity.
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Figure VII-So
A general flowchart indicating the steps
involved and some of the decisions needed to prepare a meteorological dataset for statistical processing.
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VIII.

GENERAL FRAMEWORK FOR FORECAST VERIFICATION

A.

Absolute Verification (AV)

1.

Joint Distribution of Forecasts and Observations

As noted in Chapter IV, the general framework for AV is based on the joint
distribution of forecasts and observations, p(f,x) (Murphy and Winkler, 1987).
This distribution contains all of the nontime-dependent information relevant to
forecast verification. For a verification data sample (see Chapter IV), p(f,x)
is an empirical distribution that specifies the relative frequencies of the
various possible combinations of forecasts and observations.
Thus, p(f, x) =
N(f,x)/N, where N(f,x) is the joint frequency of f and x, and N is the overall
sample size.
For discrete variables, the distribution p(f,x) can be summarized in the
form of a contingency table.
The joint distribution for J. P. Finley' s
tornado/no tornado forecasts (see Chapter 11) is displayed in a 2x2 contingency
table in Table VIII-l (a).
It can be seen, for example, that no tornado was
forecast and observed on 95.6% [= 100(2680)/2803)] of the forecasting occasions.
This table also contains the marginal distributions that specify the relative
frequencies with which tornado and no tornado events were forecast and observed
(see Section A.4).
The joint distribution for a sample of objective precipitation probability
forecasts and the corresponding observations is depicted in the form of a l3x2
contingency table in Table VIII-2 (a) (13 distinct probability values are identified). This table indicates the relative frequency with which each combination
of forecast probability and event occurrence or nonoccurrence is found in the
verification data sample.
For example, the joint relative frequency of a
probability forecast of 0.20 and the occurrence (nonoccurrence) of precipitation
is 0.023 (0.052) in this sample.
Contingency tables can be used to display the joint distributions of
forecasts and observations for all discrete variables, whether the forecasts are
nonprobabilistic or probabilistic and whether the number of categories is two or
more than two. For continuous variables (e.g., temperature), the distribution
p(f,x) can be displayed in the form of a contingency table if the variable is
discretized (by defining a set of mece categories) or in the form of a bivariate
histogram (see Murphy et al., 1989).
2.

Factorizations of Joint Distribution

The joint distribution p(f,x) can be factored into conditional and marginal
distributions in two ways:
p(f,x)

=

p(xlf)p{f)

p(f,x}

=

p(flx)p(x).

and

These factorizations generally are referred to as the calibration-refinement and
likelihood-base rate factorizations of p(f,x), respectively, and they provide
access to the information contained in the joint distribution. In particular,
VIII-l

Table VIII-I. Joint, conditional, and marginal distributions for J. P. Finley' s tornado forecasts
(see Table 11-1).
(a) Joint distribution p(f,x)
tributions p(f) and p(x)

and

marginal

dis-

Observation (x)

Forecast (f)

Tornado

No Tornado

Total

Tornado

0.010

0.026

0.036

No Tornado

0.008

0.956

0.964

Total

0.018

0.982

1

(b) Conditional distributions p(xlf)
Observation (x)

Forecast (f)

Total

Tornado

No Tornado

Tornado

0.280

0.720

1

No Tornado

0.009

0.991

1

(

(c) Conditional distributions p(flx)
Observation (x)

Tornado

Tornado

No Tornado

0.549

0.026
0.974

Total

1

1

(
p(xlf) and p(flx) represent the conditional distributions of the observations
given the forecasts and the conditional distributions of the forecasts given the
observations, respectively. Since they characterize the relationship between the
forecasts and observations, these conditional distributions play a central role
in forecast verification.
The distributions p(f) and p(x) represent the marginal, or unconditional,
distributions of the forecasts and observations, respectively. In a verification
data sample, the former describes the relative frequency of use of the various
possible forecasts and the latter describes the relative frequency of occurrence
of the various possible events (or values).
The relative frequencies of the
events are sometimes referred to as the sample climatological pr~babilities.
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Table VIII-2.
Joint, conditional, and marginal
distributions for 12-24 hour objective precipitation probability forecasts for Portland, Oregon,
in the cool season (October-March) from 1980-1987.
(a) Joint distribution p(f,x)
tributions p(f) and p(x)

and

marginal dis-

Observation (x)

Forecast (f)

f

x=l

x=O

Total

0.00
0.02
0.05
0.10
0.20
0.30
0.40
0.50
0.60
0.70
0.80
0.90
1.00
Total

0.001
0.001
0.002
0.006
0.023
0.028
0.042
0.049
0.053
0.072
0.083
0.046
0.014
0.420

0.134
0.032
0.085
0.100
0.052
0.048
0.049
0.038
0.018
0.009
0.011
0.003
0.001
0.580

0.135
0.032
0.087
0.106
0.075
0.076
0.092
0.088
0.071
0.081
0.094
0.049
0.015
1

(b) Conditional distributions p(xlf)
Observation (x)
f

Forecast (f)

0.00
0.02
0.05
0.10
0.20
0.30
0.40
0.50
0.60
0.70
0.80
0.90
1.00

x=l

x=O

Total

0.007
0.030
0.023
0.056
0.303
0.364
0.462
0.562
0.750
0.890
0.884
0.940
0.933

0.993
0.970
0.977
0.944
0.697
0.636
0.538
0.438
0.250
0.110
0.116
0.060
0.067

1
1
1
1
1
1
1
1
1
1
1
1
1

(continued on next page)
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The existence of two factorizations appears to suggest that two different
approaches to AV can be identified. In one approach, attention would focus on
p(xlf) and p(f) and in the other approach, attention would focus on p(flx) and
p(x) .
It is interesting to note that, since p(x) does not depend on the
forecasts in any way, the quality of the forecasts is embodied completely in the
conditional distributions p(flx) in the case of the likelihood-base rate
factorization, whereas forecast quality involves both the conditional distributions p(xlf) and the marginal distribution p(f) in the case of the calibrationrefinement factorization.
.
Although it may appear' that the factorizations lead to two different
approaches to AY, it is impQrtant to recognize that the components of these
factorizations- -namely, p(xlf), p(flx), p(f), and p(x) - -are concerned with
different distributions and' thereby with different characteristics of the
forecasts, the observations, and their relationship (see Section C). Thus, it
is more appropriate to view these approaches as complementary rather than as
alternatives. Moreover, the two approaches. are necessarily related, since both
factorizations are derived from the joint distribution of forecasts and
observations.
3.

Conditional Distributions

The conditional distributions p(x~f) and p(flx) describe the relationships
between the forecasts and the observations.
In the case of p(xlf), attention
focuses on the distributions of the observations given the various possible
forecasts, and a conditional distribution of this type exists for each value
of f. Analogously, in the case of p(flx), attention focuses on the distributions
of the forecasts given the various possible observations, and a conditional
distribution of this type exists for each value of x. In the verification data
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sample, these distributions describe the relative frequencies of the events given
the various possible forecasts and the relative frequencies of the forecasts
given the various possible events, respectively.
These conditional relative frequencies can be defined in terms of the joint
and marginal frequencies. Specifically, p(xlf) = N(f,x)/N(f), where N(f) is the
frequency of the forecast f. Analogously, p(flx) = N(f,x)/N(x), where N(x) is
the frequency of the observations x.
As an example of these conditional distributions, consider J. P. Finley's
tornado forecasts. In this case, both the forecasts and observations are binary
variables. The conditional distributions p(xlf) and p(flx) for these data are
shown in Table VIII-l (b) and (c), respectively. Note that tornadoes occur on
28.0% [= 100 (28/100)] of the occasions on which tornadoes were forecast and
tornadoes were forecast on 54.9% [= 100(28/51)] of the occasions on which
tornadoes were observed.
In the case of the precipitation probability forecasts, it can be seen that
the relative frequency of occurrence of precipitation is 0.303 when the forecast
probability is 0.20 (Table VIII-2 (b». Analogously, the relative frequency of
use of a forecast probability value of 0.20 is 0.054 when precipitation occurs
(x=l) and 0.090 when precipitation does not occur (x=O) (Table VIII-2 (c».
4.

Marginal Distributions

The marginal distributions describe the unconditional, or overall,
probabilities of the various possible forecasts or observations. In terms of the
verification data sample, the marginal distribution of the forecasts is p(f),
where p(f) = N(f)/N. This distribution specifies the relative frequency of use
of the various possible forecasts. Analogously, the marginal distribution of the
observations is p(x), where p(x) = N(x)/N, and this distribution specifies the
relative frequency of occurrence of the various possible observations. As noted
in Section A.2, the latter are sometimes referred to as the sample climatological
probabilities.
Examination of Table VIII-l (a) reveals that tornadoes are forecast on 3.6%
[= 100(100/2803) = p(f=l)] of the occasions, whereas they are observed on 1.8%
[= 100(51/2803) = p(x=l)] of the occasions. In the case of the precipitation
probability forecasts (Table VIII-2 (a», the marginal distributions indicate
that a probability value of 0.20 is used on 5.2% [= 100(53/1015) = p(f=0.20)] of
the occasions and that precipitation occurs on 42.0% [= 100(426)/1015) = p(x=l)]
of the occasions.
B.

Comparative Verification (CV)

Comparative verification relates to the comparison of two (or more)
forecasting systems or forecasters.
CV can be performed under identical
conditions or under different conditions. The phrase "identical conditions" is
meant to imply that the forecasts are formulated on the same set of forecasting
situations for the same variable, lead time, etc.
Comparative verification under identical conditions will be referred to here
as matched comparative verification (MCV). The basic distribution for MCV is the
three-variable or trivariate distribution p(f,g,x), where f and g represent the
forecasts formulated by the two systems and x represents the corresponding
VIII-5

observations.
This distribution admits six factorizations, which involve 12
basic conditional and marginal distributions.
(A conditional or marginal
distribution is "basic" when it cannot be factored into other distributions.)
Comparative verification under different conditions will be referred to as
unmatched comparative verification (UMC). The basic distribution for UMC is the
four-variable distribution p(f,g,x,y), where f and g are the two forecasts and
x and y are the corresponding observations, respectively.
This distribution
admits 24 factorizations, which involve 32 basic conditional and marginal
distributions.

i

"!

It should be evident from this brief discussion that the complexity and
dimensionality of CV problems greatly exceeds that of AV problems (Murphy, 1991).
Although these notes focus primarily on the problem of AV, some issues related
to MCV also will be addressed. Moreover, the comparison of forecasting systems
(or forecasters) by means of skill scores will be incorporated within the
discussion of AV.
C.

I

I
I

Characteristics of Forecasting Performance

Several different characteristics of forecasting performance can be
identified. These characteristics represent various aspects of the quality of
the forecasts, as embodied in the joint distribution of forecasts and observations and its factorizations into conditional and marginal distributions.
In
addition to the basic characteristics, which relate primarily to the joint and
conditional distributions, other characteristics of interest involve the marginal
distributions of the forecasts and observations. The characteristics of interest
are identified and defined here, with alternative terminology provided in an
effort to enhance understanding.
Bias (unconditional bias, systematic bias) refers to the relationship
between the average forecast and the average observation over a verification data sample. Forecasts are unbiased when these two averages are equal
to each other.
When the average forecast is greater (less) than the
average observation, the sample is said to be characterized by overforecasting (underforecasting). For example, in Finley's verification sample
(Table VIII-I), tornadoes are forecast 3.6% of the time and observed 1.8%
of the time. Thus, Finley's tornado forecasts exhibit overforecasting, in
the sense that tornadoes are forecast to occur more often than they
actually occurred.
Bias is usually measured in terms of the difference
between--or ratio of--theaverage forecast. and average observation.
Accuracy generally refers to the average correspondence between individual
pairs of forecasts and observations oVer the verification sample.
Perfectly accurate forecasts exhibit complete correspondence between
forecasts and observations.
Measures of this characteristic include the
mean absolute error, mean square error, and root mean square error.
Skill usually refers to the accuracy of the forecasts of interest relative
to the accuracy of forecasts produced by some reference procedure.
The
latter may be based on some relatively naive forecasting procedure such as
climatology or persistence, or they may be produced by a competing or
alternative forecasting procedure.
Many different measures of skill, or
skill scores , have been defined. Generally, they are defined in such a way
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that a positive (negative) score indicates that the forecasts of interest
are more (less) accurate than the reference forecasts.
Reliability (conditional bias, calibration) refers to the degree of
correspondence between the average observation given a particular forecast
and that forecast, taken over all forecasts.
When these conditional
observations and forecasts correspond over all forecasts, the latter are
said to be completely reliable. In the case of precipitation probability
forecasts, reliability refers to the correspondence between the observed
relative frequency of precipitation when the forecast is equal to a
specific probability value and that probability value. Reliability usually
is measured in terms of the difference between the conditional mean
observation and the respective forecast. This characteristic involves the
components of the calibration-refinement factorization of p(f,x), in
particular the conditional distributions p(xlf).
Resolution refers to the extent to which the average observation given a
particular forecast differs from the overall (i.e., unconditional)
observation, taken over all forecasts.
Larger differences between these
conditional and unconditional means are indicative of greater resolution.
Resolution generally is measured in terms of the differences between these
conditional and unconditional means.
As in the case of reliability,
resolution involves the components of the calibration-refinement factorization of p(f,x); namely, p(xlf) and p(f).
Discrimination refers to the extent to which the average forecast (or other
characteristics of the conditional distribution of the forecasts)
conditional on one observation differs from the average forecast conditional on another observation. Presumably, it would be desirable for the
(conditional) distributions of forecasts associated with two quite
different observations to differ noticeably from each other. Thus, larger
differences in the conditional means (and other characteristics) are
indicative of greater discrimination.
Discrimination involves the
components of the likelihood-base rate factorization of p(f,x), in
particular the conditional distributions p(flx).
Sharpness (refinement) refers to the extent to which probabilistic
forecasts approach nonprobabilistic (or categorical) forecasts.
As a
result, this characteristic is of interest only when the forecasts are·
expressed in a probabilistic format.
In the case of precipitation
probability forecasts, forecasts near the climatological probability
exhibit little sharpness, whereas forecasts with probabilities approaching
zero or one exhibit considerable sharpness.
Sharpness relates to the
marginal distribution of the forecasts, p(f), and the variance of this
distribution is sometimes used as a measure of sharpness.
Uncertainty relates to the distribution of the observations, p(x) (and, in
a sense, to the difficulty of the forecasting situations).
Weather
variables whose values possess a small range can be said to be less
uncertain than those variables whose values possess a large range.
In
terms of a dichotomous variable such as precipitation occurrence,
situations involving climatological probabilities near 0.50 can be said to
involve greater uncertainty than situations involving very low or very high
climatological probabilities. Thus, uncertainty is a characteristic of the
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forecasting situations (it is not a characteristic of the forecasts), and
it can be measured in terms of the variance of p(x).
Association is a characteristic that, in the context of forecast verification, relates to the degree to which a linear relationship exists between
the forecasts and observations. The correlation coefficient generally is
used to measure this characteristic.
It is important to recognize the
difference between association--as measured by a correlation coefficient
(or its square, the coefficient of determination)--and accuracy--as
measured by (for example) the mean square error. The former is concerned
with the "correspondence" between the best linear combination of the
forecast and the observation (or vice versa) and, thereby, ignores both the
unconditional and conditional biases in the forecasts (Murphy, 1988).
Measures of these characteristics will be described in Chapters XI, XII, and
XIII (also see Table IV-I).
D.

Implications for Verification Methods and Practices

1.

Classes of Verification Methods

Consideration of an appropriate body of methodology for AV from the
perspective provided by the joint distribution of forecasts and observations
leads to the identification of three basic classes of verification methods: (a)
the joint, conditional, and marginal distributions themselves; (b) summary
measures of these distributions (conditional and unconditional means, conditional
and unconditional variances, etc.) ; and (c) performance measures and their
decompositions.
These three classes of verification methods are briefly
discussed here.

(

Since the joint, conditional, and marginal distributions describe the
fundamental statistical characteristics of the forecasts and/or observations,
these distributions constitute a potentially useful set of verification methods.
The conditional distributions, p(xlf) and p(flx), which characterize the
relationship between the forecasts and observations from two different
perspectives, can provide particularly valuable insights into forecasting
performance. This class of methods will be referred to as the basic distributions.
Notwithstanding the need to examine the statistical characteristics of the
basic distributions as revealed by the verification data sample, it also is
desirable to summarize the most important features of these distributions in
terms of a few specific measures.
The features of interest include such
distributional characteristics as central tendency, variability, and asymmetry,
and it seems reasonable to focus initially on measures directly related to the
basic distributions.
Traditional choices include the mean as a measure of
central tendency and the variance (or standard deviation) as a measure of
variability.
However, robust measures such as "the median and interquartile
range, respectively, might be more appropriate when the distribution of interest
is nonnormal and/or aSYmmetric. This class of verification methods is referred
to as summary measures.
Measures of forecasting performance (1. e. '" measures of the relationship
between forecasts and observations) are also of interest. These measures include
traditional measures of overall performance such as the mean error, mean square

(

•
,•

error, and various skill scores. Moreover, measures of conditional performance,
such as the interquarti1e range of the observations given the forecasts, can be
quite useful.
In addition, it is possible to decompose various performance
measures (e.g., the mean square error and skill scores based on the mean square
error), and the terms in these decompositions measure various basic characteristics of the forecasts and/or observations. This class of methods is referred to
as performance measures.
2.

Diagnostic Verification

As traditionally practiced, forecast verification consists of the
computation of a few overall measures of forecasting performance. Such practices
may be adequate to describe the general state of the art of forecasting or to
assess overall trends in forecasting performance. However, current procedures
and practices are inadequate when the obj ective is either to identify the
fundamental strengths and weaknesses in forecasts or to provide mode1ers and
forecasters with feedback as a basis for improving the quality of the forecasts.
Moreover, the needs of users for information regarding the basic characteristics
of forecasts and/or observations are not adequately meet by overall performance
measures.
The general framework for AV described here provides the basis for a
diagnostic approach to forecast verification. This approach is "diagnostic" in
the sense that it focuses on the fundamental statistical characteristics of the
forecasts, the observations, and their relationship. These characteristics can
be assessed, qualitatively and quantitatively, by employing the three classes of
verification methods described in Section D.1. Diagnostic verification appears
to provide a logically coherent and genuinely insightful approach to forecast
verification--an approach that has been lacking heretofore. For examples of the
application of diagnostic verification methods, refer to Murphy et al. (1989) and
Murphy and Wink1er (1991).
E.
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IX.
A.

SIGNIFICANCE TESTING

Concepts

The more modern term for significance testing is testing of hypotheses. In
any case, the subject deals with drawing conclusions about a population based on
a sample from it.
If we, for some unusual reason, had in our possession the
entire population, interpretation would be only a minor problem; we could
calculate any statistic we wanted and that would be irrefutable, at least so long
as we didn't make arithmetic errors. If we had in our possession two populations
and wanted to know whether or not the means were the same, or whether they
differed by less than a certain amount, we could just compute them--then we'd
know.
The same is true of samples when we are considering only the specific
samples on which we have calculated statistics. For instance, the mean on one
sample is larger than the mean of another sample, or it isn't--once calculated,
we know.
But, as we stated in Chapter Ill, we usually use a sample to reason
about the population from which the sample was drawn. Testing of hypotheses is
not an easy concept, and we'll approach practical applications to statistical
forecast systems gradually.
Usually, in order to do a "significance test" (or to deduce the "significance" of a result, computed on a sample, of course), we formulate a null
hypothesis, which in standard terminology is usually called Ho'
This is a
statement (hypothesis) about the population for which we will come to some
conclusion such as "There is only a 1% chance that the null hypothesis is true."
or "The null hypothesis cannot be rejected at the 5% level." Note that these
"conclusions" are in probability terms; we never really state categorically a
conclusion about the population (although trivial ones are possible).
But we have left something out. What if we don't rej ect the null hypothesis
(at some probability level), what do we conclude? Whenever we formulate a null
hypothesis, we must also formulate an alternative hypothesis, which is usually
called H1 , or alternate hypotheses. When we reject Ho, we accept the alternate
H,. More about this later--let's consider a very simple example.
B.

Binomial Test

Perhaps the simplest concept to deal with is the tossing of a (2-sided)
coin. We can do this a number of times (thereby producing a sample) and then try
to deduce whether the probability of getting a head is 1/2. In this case, the
population is all possible tosses of the coin.
The coin could be an actual
object, in which case we'd have to limit the number of tosses so that the
characteristics of the coin would not be changed by the wear of tossing.
Alternatively, the coin tosses could be simulated on a computer.
Suppose we assigned a 1 to the variable x whenever a head occurred and a 0
when it didn't.
For a very large number of tosses of an unbiased coin, we'd
expect x to be close to 1/2. However, for a small number of tosses, it might
be quite different from 1/2 (obviously, for one toss, x= = 0 or 1).
The
expected number of heads in N tosses is given by a discrete density function
called the binomial distribution, which is

x
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f(x)

=

e:

pX q(N-x)

where p is the probability of a head and q
There are

1 - P is the probability of a tail.
,'

eN

x

=

.

N!

(N-x)!x!

combinations with x heads in N tosses and each combination has a probability of
pXqCN-X). Suppose we had some reason to believe the coin was biased toward heads.
We could set up the null hypothesis and alternative

HO:
Ht:

p
p

1/2

> 1/2.

Then we could toss the coin, say 10 times, and count the heads. Suppose we got
nine.
What is the probability of obtaining nine or more heads under the null
hypothesis?
Note that 10 heads is even more unusual than nine and must be
included in the calculation. The first two terms in the binomial distribution
withp = 1/2 are

(
tO (1/2)10(1/2)0=. 10! (1/2)10
e10
.
.
lOt

1/1024

and

Therefore, the probability of obtaining nine or more heads is only 11/1024 ==
0.011- -a rather low value.
So, we have considerable reason to rej ect Ho and
thereby accept H,.
However, in so doing, we assume a risk.
If Ho is true, we would actually
expect to get nine or 10 heads in 10 tosses about 1.1% of the time. Therefore,
if we reject Ho, we will be wrong, on the average, 1.1% of the time. If we are
willing to accept this risk, we can say, "We reject the null hypothesis at the
1. 1% level." It might be that we are not willing to accept this risk and then
we might say, "We cannot reject the null hypothesis at the 1.1% level."
Suppose that we had gotten only eight heads. The probability under Ho of
getting eight or more heads is (1+10+45)/1024 = 5.5%. This is high enough that
usually we would not be willing to reject Ho' It's interesting to note that had
we tossed the coin twice as many times (20) and gotten twice as many heads (16),
we probably would rej ect Ho' because the probability of 16 or more heads in 20
tosses is (1+20+190+1140+4845)/2 20 = 0.6%.
So even though the number of heads
is no greater percentage of the total than before (8/10 and 16/20), 16 out of 20
is much more rare than eight out of 10. This emphasizes the importance of sample
size.
What if we had gotten six heads in the 10 tosses? Is that unusual? Not
really. The probability of getting six or more heads is 37.7%. So we would not
reject Ho' Does that prove Ho is true? Not at all. The coin may be biased, but
we can only decide that after obtaining additional information.
So, nine or 10 heads in 10 tosses is rare and let's say we reject Ho. Nine
or 10 tails is also just as rare (under Ho); do we reject Ho if we get nine
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tails? No, because our alternative (that we accept if we reject Ho) is p > 1/2.
Nine or 10 tails would be even more rare if p were greater than 1/2 than if it
were equal to 1/2, so we certainly wouldn't want to accept H, if we got nine or
10 tails. Note that the hypotheses must be set up before the sample is taken.
We can't take a sample, see something unusual, then test it statistically. We'll
discuss that more later.
Suppose that we suspected that our coin was biased but we didn't know
whether toward heads or tails. Then our hypotheses would be
p
p

=f

1/2
1/2.

Here, we would have to use both the chance of nine or 10 heads and the chance of
nine or 10 tails. Obviously, the distribution is sYmmetric, and the probability
under Ho would be double the chance of nine or 10 heads or 2.2%.
So, for our
first test, we could reject Ho at the 1.1% level, but we can't reject Ho in our
second test at that same level. From this, it appears that the pair
HO:

p

H,:

p

>

1/2
1/2

is "better" than the pair
HO:

H,:

p
p

=f

1/2
1/2,

because we "got significance" in the first case but not the latter. Is this pair
really better? The answer is "yes" if we only want to test whether or not the
coin is biased toward heads. But what we lose in the process is the chance to
say the coin is biased toward tails if we get nine or 10 tails.
These two
examples illustrate the one-tailed test and the two-tailed test.
If you only
want to test for a bias in one direction, use a one-tailed test. But if you want
to test for a bias in both directions, use a two-tailed test.
To emphasize a
point, we can't toss the coin, get a seemingly large number of heads and then
test this with a one tailed test. (We really shouldn't make any test at all, in
general, after looking at the sample.
However, since about the only unusual
thing we could see in such a simple set of data is a large number or heads or
tails, we might apply a significance test, but we must use both tails.)
Note that this is an exact test.
Under the null hypothesis, we know the
distribution exactly.
The only real assumption is that the tosses are
independent--the outcome of one does not depend on the outcome of others.
In our illustrations of using the binomial distribution for testing hypotheses, the number of coin tosses was relatively small. Suppose N ~ 100 and we want
to know the probability of getting 60 or more heads. We would have to calculate
(C

100
100
100
100
'00
+ C
+ C
+ ... + C
)/2
.
100
99
98
60

The, last term in the parentheses would be
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60!40!

x 61

100 x 99 x 98 x
40 x 39 x 38 x

x 1

Evaluating these terms is a sizable chore.
answered in the following section.

C.

What to do?

This question will be

...

Normal Deviate Test

The normal distribution plays a central role in many of the things we do in
statistics. Some of them will be mentioned in this course, but the full impact
of this distribution can not be fully appreciated in a 2-week course.
The
binomial distribution is a discrete distribution in two parameters- -N and p. The
normal distribution is a continuous distribution, also in two parameters, the
mean J1. and the standard deviation a. The equation for the normal distribution
is

,

f(x)
Looks complicated, doesn't it?
The normal curve, in terms of its two parameters, is shown in Fig. IX-l.
This curve is sYIDffietric about its mean and is sometimes referred to as bell~
shaped. It is also unbounded; x can assume any value, although the probability
of a value outside the range of ± a few standard deviations is very small.

(

There are many geophysical processes that generate data that, at least
roughly, are normally distributed. Because of the heavy use of the normal curve,
many statistical texts contain tables
of the ordinal values in Fig. IX-l and
of the area under a portion of the
curve.
We note that the mean only
determines the position, and it's only
the departures from it in terms of a
that need be considered in these tables.
How is the normal distribution
used in testing hypotheses?
Suppose
that we had a population that was
normally distributed and we knew the
standard deviation but were unsure of
the mean. We could set up hypotheses
HO: J1.
H1 : J.1.

'I

(

C
C

-(J

where C is some specific value.
We
could also decide that if we concluded
Ho to be false, we were willing to
accept a risk of 5% of being wrong.
(We'll see later this is the probability of a Type I error .) The available
tables are constructed so that the

j1.

ta

X
Figure IX-I.
The normal distribution,
probability density as a function of
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area under one "tail" of the curve is easily determined as a function of the
distance from the mean in units of a.
To test the above Ho versus H" it is
necessary to use both tails, because H, includes both the possibility of ~ being
less than C as well as ~ being greater than G.
We can determine from tables that 5% of the area under the normal curve is
beyond ± 1. 96a from the mean. This is the shaded areas in Fig. IX-2; each shaded
area contains 2.5% of the distribution.
So, if we reached into the population and drew out a value, and if it
were >1.96a or <-1.96a from C, we
would conclude (at the 5% probability
level) that the mean is not C. If, on
the other hand, the value was closer
to G than ±1.96a,
then we could not
reject Ho'
The critical regions (or
rejection regions) for this test are

x-C

x-C

---> 1.96 and ---< -1.96.
a
a
The combined size of these regions is
called alpha (0:).
In this case,
alpha = 5%.

-1.96

(J

+1.96 (J"

#

X

(Note that we have said that when
Ho is rej ected, "We rej ect HO at the 5%

confidence level."
Some texts state
this differently:
"We reject Ho at
the 95% confidence level."
This
should not be confusing, once we know
it can happen, and that the two statements are equivalent.)

Figure IX-2.
The normal distribution,
showing 5% of the distribution in the
shaded areas.

Usually when we make a test, we arrange to have a sample greater than one
value.
It is known that random samples each of N values drawn from a normal
distribution of mean ~ and standard deviation a also have a normal distribution
of mean J.L and a standard deviation of a/N'/2.
That is, aj( = a x/N'/2.
(We can
easily see that this works for a sample of N = 1. ) For the same Ho and H, as we
stated previously, the critical regions for alpha = 5% are

x -C
a/N l / 2

> 1.96 and

x -C
a/N 1/2

< -1. 96.

These are the regions beyond z

z
h~s

=

(IX-l)"

±l. 96, where

x -C

(IX- 2)

a/N l / 2

a normal distribution with zero mean and unit standard

devta~ion.

Now back to the binomial test involving 60 heads in 100 tosses. We showed
how arduous it is to use the binomial when N is large. It turns out that for
IX-5
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large N, the binomial distribution is closely approximated by the normal (and
becomes the normal in the limit), where J1. = Np and a = (Npq)1/2. The normal
deviate z is approximated by

z

I

x+.5 - Np
~

,

(Npq) 1/2

HO

P
p

,

1/2 versus

we can use the critical regions for the normal distribution
x +.5 - 50

x - .5 - 50

5

5

< -1.96.

Since we have x = 60 and z = 2.10, we can (just barely) reject Ho'
We mentioned earlier that rejecting Ho when it is in fact true is called a
Type I error. There is another type of error, appropriately called Type 11, that
we can make in the testing of hypotheses. Consider Table IX-I.
Table IX-I.

(

The two types of error in hypotheses testing.
Null Hypothesis

Decision
Actually True

Actually False

Not Reject

No error

Type II

Rej ect

Type I

No error

When the null hypothesis is true and we accept it, we make no error. Also,
when the null hypothesis is false and we reject it, we make no error.
The
probability of making a Type I error, as we saw before, is a. This a is usually
known because we have specified it, provided the conditions under which the test
is valid are true. In fact, it is this a from which-we determine the critical
region.
If we do not reject the null hypothesis when it is actually false, we make
a Type II error. The probability of making this error is called beta (f3) and the
power of the significance test is 1 - f3 (Dixon and Massey, 1983, p. 87).
Unfortunately, we usually don't know f3 because it depends on the actual, not the
postulated, distribution and this is what is not known. If we were to set up for
H1 a specific value, then we would be able to calculate f3 just as easily as we
can a, but most of our tests are not formulated in this way.
It's obvious that we would like both a and f3 to be small. Unfortunately,
the two are related so that as we make a smaller, f3 becomes larger. The a we
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- - - - > 1.96 and

I
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where the .5 in the numerator is to adjust for the sample being discrete rather
than continuous (see, for example, Mode, 1951, p. 290). Therefore, for N = 100
and a = 5%, to test

H1

..

(

choose to use (and the resulting implied value of ~, whatever it actually is)
should be determined by the consequences of making an error. If we were testing
a new objective forecasting technique and comparing it to an existing one, we
might use a small Cl: if the cost of implementing the new technique were large, but
we might use a larger Cl: if the cost were small. That is, if the consequences of
rejecting Ho are great, we are very concerned about making a Type I error.
As one might expect, even if x f C, the likelihood of rejecting Ho is small
(the power of the test is low) when C is "close" to x, but larger when C is
farther away.
As an example, let's suppose we have a sample of 10 from a binomial distribution (the coin tossing problem). We have decided on an Cl: = 5% and a onetailed test because we want to test for a bias towards heads only. We also saw
that with p = 1/2, we would get nine or 10 heads by chance 1.1% of the time and
eight, nine, or 10 heads 5.5% of the time. Therefore, our critical region is
nine or 10 heads or x > 8. What's the probability of a Type 11 error? We can
compute that if we know the true p, so we can assume some value and calculate ~
based on that value.
Suppose p = 3/4 (a big departure from 1/2).
The
probability of nine or 10 heads with p = 3/4 is
.2440.
Since the probability of getting nine or 10 heads with p = 3/4 is 24.4%, the
probability of not getting nine or 10 heads is 75.6%. A Type 11 error is made
here if we do not reject Ho when it is false (p = 3/4) and the probability of
this happening is 75.6%. Therefore, ~ = 75.6% for even this very biased coin.
The power of the test for this particular situation is 24.4%. More tosses of the
coin are necessary to be more sure of the conclusion from the test.
As another example, suppose we take a random sample of 49 from a normal distribution with a mean of 30 and a standard deviation of 5, and we want to test
HO: J.L
H1 : J.L

with

Cl:

z

28

> 28.

= 2.5%.

x- 28
=

5/49

1/2

We calculate the critical region from

> 1. 96

or x > 29.4.
Our postulated distribution of x,
distribution of X, f 1 , is shown in Fig. IX-3.

fa,

as well as the actual

The area under fa to the right of A in Fig. IX-3 is the critical region whose
size is Cl: = 2.5%.
The area under f 1 to the left of A is the probability of
Type 11 error,~. A = 29.4 is (30- 29.4)/(5/7) = .84 standard deviations from
the mean of the actual distribution f 1 , so we determine from the normal tables
that the area under f 1 to the left of A is 0.20.
SO,drawing a random sample of 49 from a normal population with a = 5, our
calculated X must exceed 29.4 to reject Ho'
If we do reject Ho' we will be
incorrect 2.5% of the time (Type I error). If the actual mean is 30, then the
IX-7
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28

A

30

Figure IX-3. Distribution of x, the mean of 49 observations, taken from a
normal population with mean Ji- of 28 (fo) and another similar distribution
with mean of 30 (f 1 ).

(

probability of accepting Ho is 20% (Type 11 error) and the power of the test is
80%. Note, again, that f o and et do not depend on the actual distribution. f 1
can be thought of as a curve sliding along the x axis. As the actual mean gets
closer and closer to the postulated mean of 28, the probability of making a
Type 11 error gets closer and closer to 1 - et and the power of the test decreases
to et. When the actual mean is less than 28, the power of the test becomes less
than et for the one-tailed test implied by H1 . For a two-tailed test, the power
curve is symmetric about 28 and never is less than et.
As the actual mean
increases and gets farther away from 28, the power of the test approaches unity,
because the probability of accepting Ho becomes very small.
The binomial and normal deviate tests are useful in understanding concepts
of significance testing and are sometimes useful in actual application,
especially where the binomial applies. However, when we have a distribution that
is near normal and we don't know the mean, usually we don't know the standard
deviation either, so the normal deviate test can't be used except in the limit
where N is large.
D.

The "Student" t-Test

The t-test can be used when the standard deviation of the population is not
known in much the same manner as the normal deviate test can be used when it is
knovffi.
In this case, a is estimated from the sample by the square root of ;2
given in Eq. 111-3. The t-distribution is a three-parameter distribution, the
parameters being Ji-, s, and N (actually, N - 1, where N - 1 is the number of degrees
of freedom, df). It is also symmetric about Ji-, so only deviations from Ji- need
to be given in tables, but the tables must show areas in terms of both df and s.
Usually, the coordinates of the table are df and et with values of the t-statistic
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x- c

(IX- 3)

s/(N_l)1/2

in the body. Note the similarity of the expressions in Eqs. IX-2 and IX-3; in
Eq. IX-2, the standard deviation of the mean, a x' is known as a1N 1/2 ; in Eq. IX-3,
it is estimated by s/(N-l) 1/2
The t-test is very useful and can be used, as Eq. IX-3 implies, in testing
pairs of hypotheses like

when we don't know the population standard deviation. It is perhaps most useful
to us in testing the means of two samples, say 1 and 2 . That is, we have two
results, each obtained from a sample. We may not know whether these samples came
from the same population or not and wish to test the hypotheses

x

HO: J1.1
H 1 : J1.1

f

x

J1.2
J1.2·

The way we would make this test depends on whether or not we postulate that the
samples came from popula.tions with the same variance.
If we are willing to
postulate that they did, then we can calculate

t

[N1S12+N2S22

LN1 + N2 - 2

(~
N1

+

(IX-4)

.:)~ 1/2
N2 ~

which has the t-distribution with N1+N 2 - 2 degrees of freedom. The assumptions
made in this use of the test are: (1) the samples were taken at random, (2) the
populations are normally distributed, and (3) the variances of the populations
are equal.
The testing of the hypotheses when we are not willing to postulate that the
variances of the populations are equal can be accomplished with the t-test, but
is more complicated and will not be covered in this course. A good treatment of
this situation is given by Johnson and Jackson (1959, pp. 162-164). Many times
it is reasonable to assume the variances are equal and the above test can be
used. Note the table is entered with N1 +N 2 - 2 degrees of freedom.
In the situation when N1 =N2 (=N), Eq. IX-4 reduces to
t

rS12 +

l

s/1

N -1

1

/

(IX-5)

2

]

Note that the absolute value in the numerators of Eqs. IX-4 and IX-5 is
taken because H1 indicates a two-tailed test. Had the hypotheses been
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HO: JL1
H,: JL,

>

JLZ
JL2,'

then the numerator would have been x, - x Z '
numerator would have been Xz -

x,.

Had H, been JL,

<

JLz,

then the

•

< •

It is also worthy of note that when N, = Nz, the test is valid whether or
not it is postulated the two variances are equal. That is, the validity of the
test is not based on homogeneity of variances in the populations. However, with
heterogeneity of variance we must use N, - 1 = Nz - 1 degrees of freedom in the
tables instead of N, +Nz - 2 (Edwards, 1960, p. 108).

.

Another very useful variation of the above test is when we have two matched
samples. A matched sample is one where each value in one sample is paired with
a specific value in the other sample. This ariseswhen·we have made a series of
forecasts by two different methods on each of several occasions (MCV in Chapter
IV). In this case, N, =N z (=N) and the formula for the t-statistic for testing
the pair of hypotheses
HO: JL,
JLz
H, :JL, fJLz

(

is

(IX-6 )
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The similarity of Eqs. IX-5 and IX-6 is apparent, the only difference being
the last term in the denominator, -2r,zs,sz. The r,Z is the correlation of x, and
X in the sample.
Since a large value of t, and therefore a small value of the
z
denominator, leads to "significance" (rejection of the null hypothesis), a
positive correlation will contribute to rej ecting the null hypothesis for a given
x, - X z
So, if the items of the sample are really related in a positive sense,
the calculated value of t from Eq. IX- 6 will be greater than the calculated value
of t from Eq. IX-5. (This makes sense, because it is harder to get a particular
difference between
and z , when there is really no difference between JL, and
JLz, when the_sample-yalues are positively related. In the limit, when x,=x z for
all cases, x, and X z could not differ at alL)" However, when us ing Eq. IX- 5
(unmatched samples and assumed equal'variances), the tabled value of t is found
with 2(N-l) degrees of freedom, but when using Eq. IX-6, the tabled value must
be found with N - 1 'degrees of freedom (Johnsori and Jackson, 1959, p. 166). So,
r,z must be large enough to compensate for using the smaller number of degrees
of freedom in the test. Usually in meteorological applications, th~ difference
in tabled values between using 2(N-l) and N-l degrees of freedom is not great
because N is usually fairly large. Also, the correlation between pairs of values
(for instance, two forecasts made by different methods for" t:he . same weather
element and projection) is usually quite high. A matched sample is usually much
preferred to an unmatched one, because for a particular Q the power of the test
will be greater.

I
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x,

x
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The matched sample test is equivalent to forming a new variable x 3i
for all i = 1, 2, ... , N, then testing the hypotheses

=

x 1i - x 2i

Viewed in this way, the assumptions in using this test are: (1) a population of
paired values exists and the sample of paired values was taken at random and (2)
the differences of these paired values are normally distributed.
The t distribution approaches the normal for large N. This can be deduced
from looking at normal and t tables. We can also see from these tables that the
distributions are very similar (the critical regions for particular significance
levels are not much different) for N greater than about 30.
Usually, other
problems associated with significance testing are of much greater concern to
meteorologists than the difference between the t and normal distributions.
Since the t distribution approaches the normal for large N, the power of the
t test is not far from that of the normal for large N. Many times our samples
are large enough that the differences between the t and normal distributions are
minor. Since the power of the test is a function not only of a and N but also
of the true parameter we are interested in, tables and graphs from which ~ can
be determined are not in many texts. Useful graphs for N less than 100 are given
by Croarkin (1962), but even these are evidently in terms of the unknown a of the
population.
E.

The F-Test

Another test of importance is the so-called F-test. This test can be used
when, under the null hypothesis, we have two independent estimates of the same
variance.
The ratio of these two variance estimates, each divided by its
respective number of degrees of freedom, has the F-distribution.
Like the
t-distribution, the F-distribution has three parameters--the ratio, call it F,
and the degrees of freedom associated with the numerator of the ratio (m) and of
the denominator (n). However, this distribution is not symmetric about its mean
and the mean itself is a function of m and n. Tables are usually entered with
m and n, and the value of F at a particular significance level (a) is given in
the table. Actually, the significance levels usually given are the areas under
the curve from the lower limit of 0 up to the tabled F value; therefore, the
significance levels shown are I-a, not a.
The F ratio can be used for many kinds of tests involving variances and even
differences of means.
It's interesting to note that t 2 = F for m = 1.
For
instance, the t value in the table for a two-tailed test for a = 0.10 and n = 30
is 1.697. The F table value for m = 1, n = 30, and a = 0.10 is 2.88. The t
value squared equals the F value, i.e., 1.697 2 = 2.88. A one-tailed F test is
equivalent, in this case, to a two-tailed t test. Our use of the F test in the
context of objective statistical systems is in testing the reality of relationships of predictands to predictors derived through regression, discriminant
analysis, or other procedures.
Usually, the F tables have only values greater than unity. Obviously, when
forming a ratio we could get a value less than unity. However, we are usually
interested in finding a variance value that is larger than expected by chance,
and we will put that value in the numerator. If we get a value less than unity,
IX-ll

we cannot reject our hypothesis, because unity is too close to the median (the
50% value) and not in the tail for a low Q (see tables in Dixon and Massey, 1983,
pp. 520-532).

,"

Now refer to Table 1X-2. What we are interested in, when using a table like
Table 1X-2, is whether or not a particular term in a regression equation is
significant, or whether the entire equation is significant. The null hypothesis
is in terms of the reduction of variance afforded by that single term or by the
entire equation, respectively.
For the entire equation, the reduction of
variance is R2 , which is a biased estimate of p2, the corresponding linear
relationship of the predictand to the predictors in the population.
The
hypothesis pair would be

HO:

H,:

p2
p2

0

>

o.

Table 1X-2. Analysis of variance table for a multiple regression equation. SS
is the sum of squares, df is the degrees of freedom, and MS is the mean sum
of squares.
SS Due to

SS/Ns 2

F

df

Total

1

N-1

Regression
Equation

R2

p

Last Term in
Equation

Rp2 - Rp_, 2

1

Residual

1-R2

R2
P
R 2_R 2
-p
p-'

(

R2 (N-1-p)
(1- R2 )p
(Rp2 - Rp _/) (N - p - 1)
(1 - R2 )

N-1-p
N-1-p

The total sum of squares (SS) of a predictand about its sample mean is Ns 2 .
This can be seen from Eq. 111-1.
So, "total" for the column heading SS/Ns 2 is
1.
Once we have developed a regression equation with p terms, the portion of
that SS/Ns 2 we have "explained" is R2 as shown for the entry "Regression
Equation." This is the reduction of variance discussed in Chapter V. The sum
of squares about the regression line is (1-R2 )Ns 2 and is called the residual,
or unexplained, sum of squares.
The total sum of squares has N - 1 degrees of
freedom (the calculation of the mean reduced the original N by 1), p degrees of
freedom were used in developing the regression equation (one per coefficient
calculated), and the residual, then, has N - 1 - p (those not used in the
calculation of the mean and the coefficients). Under the null hypothesis, the
sum of squares explained by the re~ression (R2 _Ns 2 ) and the sum of squares not
explained by the regression (Ns 2 - R Ns 2 ) each divided by its respective degrees
of freedom are independent estimates of the same predictand variance. Therefore,
their ratio follows the F distribution. The assumptions are that: (1) the sample
points, each of which consist of a predictand and predictor values, were drawn
randomly from the population, (2) the variables are from a mu1tivariate normal
distribution, and (3) the predictors were "selected" without any analysis of the
sample.

(
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The F statistic to be calculated to test the null hypothesis is shown in the
last column of Table IX-2 in the line labeled "Regression Equation." Note that
we have put the R2 term in the numerator and the l-R2 term in the denominator,
because we expect the relationship between predictand and predictors to be more
than chance. We can test the significance of the calculated F value by comparing
it to tabled values with m = p and n = N-l-p degrees of freedom.
We also may want to test the contribution of the last predictor in the
equation. The appropriate F statistic is shown opposite "Last Term in Equation"
in Table IX-2.
The numerator of the ratio is the additional reduction of
variance contributed by the pth term with one degree of freedom and the
denominator is again the residual divided by its degrees of freedom. The null
hypothesis and alternative in this case are
P 2 _
p

P 2 _
p

Pp -1
P p -1

2

o

2

> O.

and

The assumptions for making this test are the same as stated above. Note
that this test is for the last term, not some other term in the equation. To
test a term, say s, other than the last would require the additional assumption
that the contribution of predictors after the one being tested have no (linear)
relationship to thepredictand in the population. This is usually an unwarranted
assumption. The reason this assumption is necessary is that the residual sum of
squares has been lowered by the following terms in the equation and therefore,
a real relationship would artificially increase F.
In other words, the
calculated F value would then depend on all p terms in the equation, and not just
the s terms. Of course, if we are interested in a particular term we can always
arrange for it to be last.
It is very important to note that in order for the F test to be valid, the
predictors in the equation must have not been selected by analysis of the sample
of data (Pope and Webster, 1972). We cannot look at a sample, perhaps plot the
data or calculate correlations, find an interesting relationship out of a myriad
of possibilities, then test the significance of that relationship. This falls
into the category of multiple comparisons (Ryan, 1959) and must be avoided. By
way of understanding, suppose we draw a sample of 500 or 1000 "observations" from
a multinormal population consisting of 101 uncorrelated random variables. Then
suppose we use the first variable as a predictand and the other 100 as possible
predictors. We could calculate the correlation between the predictand, Y, and
each of the others, Xi' i = 1, 100. Each correlation is just the square root of
the reduction of predictand variance a single predictor would afford. It would
be legitimate to select at random one of these correlations (or reductions of
variance) and test it with the F test. It would not be legitimate to find the
largest correlation and test it, because in calculating 100 correlations in this
way we would expect to find 100a of them significant by chance.
That is, we
would expect to rej ect Ho: Pxy- = 0, and make a Type I error, a percentage of the
time according to the a selectkd. (Note that this would not necessarily happen
exactly 100a percent of the time on any particular sample, but would approach
that for a large number of samples.) If a = 5%, we would over the long run find
the highest 5 of these 100 correlations significant even with random variables.
It is very important to appreciate this "multiple comparisons" problem,
because when we select predictors by screening (see Chapter V, Section B), we are
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doing just that. The first predictor selected has been selected because of its
highest correlation of all potential predictors in the sample. We must not test
this one predictor equation by the method explained above, at least not without
some adjustment of the method. Note that the problem is more critical the more
potential predictors we have.
This brings up again the stopping procedure for the screening method of
selecting predictors. At each step in the process, an F could be calculated
based on the contribution of the last predictor selected.
However, the
comparison of the F value with tabled values of F is completely inappropriate so
far as deducing significance levels. It has been suggested by Miller (1966) and
others that this value be compared to values in the table, but the F value used
from the table would not be that corresponding to F(1-a)' but rather F [1-a/(Q-p+1)] ,
where Q (as in Chapter V) is the total number of potential predictors.
To
understand how this procedure was arrived at, consider that only two potential
predictors are available, and we want to select the best one. If the probability
of making a Type I error is a on each, then assumin~ independence in the two
tests, the probability of finding neither significant is (1-a)2, so the
probability of a Type I error on at least one of the two predictors is 1-(1-a)2
= 2a - a 2 , which is very close to 2a. Hence, the approximation of the F value
to use is F[1_ a/(2-1+1U = F(1-al2)' For a = 0.05, the F value to use in the table
corresponds to the 0.025 significance level.
This rationale extends to more
potential predictors and the number of choices we have at a particular selection
step. However, it must be emphasized that this is only a stopping procedure-ono
exact or even approximate level of significance can be attached to the computed
F value. The modification is a step in the right direction; it adjusts F upward
to help account for the multiple comparisons.
The assumption of independent
tests is important.
Usually, predictors are correlated, and, therefore, not
independent. This tends to make the correction too large (the F value to use in
the table too large).
This has been shown by Zurndorfer and G1ahn (1977) in
Monte Carlo simulations.
F.
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Discussion

One of the reasons for covering significance tests in this course is to
present what not to do as well as what to do. It is a worse mistake to know a
little about significance testing and to apply tests blindly than to not make
significance tests at all!
The major problems with practical application of
significance tests in meteorology are:
(1)

The data samples are not random samples, and therefore, probably not
fully representative of the population about which we want to draw
conclusions.
This non-randomness can come about because the sample
items are correlated in space or in time (or both) or because we have
sampled only a part of the population. As an example of the latter,
if our sample only covered one part of a country or one part of a year,
we would want to be very careful about drawing conclusions about other
areas or time periods.

(2)

We don't know the number of degrees of freedom associated with a sample
or of statistics calculated from it. This problem is related to nonrandom samples. The idea of associating one degree of freedom with one
case in the sample is based on independence of sample points. This may
or may not be a major problem, depending on the situation.
For inIX-14
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stance, in making a t-test with 1000 cases, there is no problem with
degrees of freedom per se.

G.

(3)

The variables in the population are not normally distributed. We have
seen how each significance test (with the exception of the binomial)
is dependent on the variables being normally distributed.
The tests
presented are rather robust (do what they are supposed to do) even if
the variables are not normal, so long as they do not depart too far
from it.
Reasonably bell-shaped distributions that are fairly
sYmmetric are close enough to normal that tests can be applied with
some confidence. After all, almost none of the data we use are exactly
normal, so if the tests required exact normality, we could never use
them. However, very skewed distributions, U-shaped distributions, and
especially binomial distributions (binary variables) cannot be expected
to perform well in the significance tests presented unless N is very
large.
In the testing of means, the central limit theorem is important. As stated by Mood (1950, p. 136), "The central-limit theorem ...
is the most important theorem in statistics from both the theoretical
and applied points of view.
And it is one of the most remarkable
theorems in the whole of mathematics....
The theorem is this:
If a
population has a finite variance a 2 and mean~, then the distribution
of the sample mean approaches the normal distribution with variance
a 2/N and mean ~ as the sample size N increases. The astonishing thing
about the theorem is the fact that nothing is said about the form of
the population distribution function.
Whatever the distribution
function, provided only that it have a finite variance, the sample mean
will have approximately the normal distribution for large samples."
So, if we have large samples (or rather samples each with a large
number of degrees of freedom), we can test the means with considerable
confidence.
This makes the t test very robust. We still have to be
sure we draw conclusions only about the population sampled.

(4)

The statistics we calculate may not follow a known distribution. For
instance, if in applying the Ftest in regression we have chosen the
predictors by screening, the ratio calculated from R2 does not follow
the F distribution with the degrees of freedom shown in Table IX-2.
This situation is complicated by the fact that the distribution would
depend on the actual correlations among the Q potential predictors,
something that is not known and would vary from· situation to situation.
Therefore, the F test can be used as a criterion for selection and/or
rejection in any of the methods of picking a good set of predictors
which is based on reduction of variance, but levels of significance
must not be attributed to it.
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X.
A.

METHODS USED IN EQUATION DEVELOPMENT

Introduction

We've already discussed in some detail two statistical models that can be
used to derive equations for an interpretive forecast system (regression and
discriminant analysis) and how to interpret the results that were obtained from
these statistical models.
We've also talked about the input to these models,
namely, the predictand and predictor data. However, we have not actually talked
about how we will apply these models to our meteorological data to derive the
statistical prediction equations. The statistical method to be used to derive
regression or discriminant analysis equations depends on the availability of
observed and dynamical model forecast data, both at the time of the development
and at the time when the operational forecasts will be made.
In this chapter,
we discuss three types of basic approaches for equation development and a
variation which combines two of these approaches.
Note that for all of the
approaches, the predictand variable does not have to be explicitly forecast by
a numerical model.
In addition, we discuss several developmental methods that
are commonly used to improve the quality of the forecast equations. Generally,
specific examples are in terms of regression, but the statements concerning them
would usually apply also to discriminant analysis. This chapter focuses on the
development of equations; it may be that the results of these equations will need
to be "post-processed," a subject discussed in Chapter XIV.
B.

The Classical, Perfect Prog, and Model Output Statistics (MOS) Approaches
for Equation Development

1.

Classical Approach

The classical approach for equation development is similar to subjective
methods that have been used by man to predict the weather for thousands of years.
That is, we observe the current or recent weather conditions at a point and make
a forecast based on our observation.
For example, dark clouds in the western
part of the sky might lead us to predict that our location will have a
thunderstorm soon.
Or, if we observe a gradual increase in high cloudiness
during the day, we might predict that it will rain on the following day. Ancient
weather proverbs, although not always accurate, are based on the classical
technique. In the case of a proverb, the observation of one event leads to the
forecast of another event, for example, "Red skies in the morning, sailors take
warning; red skies at night, sailors delight." In this proverb, the occurrence
of a red sky in the morning indicates an increased.probability of stormy weather
to follow, whereas a red sky at night indicates an increased probability of fair
weather to follow.
Although used many centuries ago, the classical method is
still a valuable tool for very short range forecasting. Many schemes have been
developed to make predictions in the range of 0 to 12 hours based on the current
conditions. For example, in the summertime, the evening dew point is often used
by local weather forecast offices to predict the following morning's minimum
temperature.
To develop equations with the classical method, we need observations of both
the initial and resultant weather conditions. The resultant weather conditions
are, of course,the predictand data Hhile the initial conditions are the
predictor data.
If, for example, He Hanted to predict the following morning's
minimum temperature based on 7 p. m. observations, the predictand data would
consist of all the minimum temperature observations in our sample and the
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predictors would be the corresponding observations from 7 p. m. the evening
before. Once we develop an equation relating the two sets of observations, it
can be applied every evening to make the forecast for the following morning. In
this example, there is about a 12 hour time lag between the time of the 7 p.m.
observations (predictors) and the approximate valid time of the morning minimum
temperature (predictand).
If we wanted to forecast the next day's maximum
temperature from the 7 p.m. observation, the time lag between the predictors and
the predictand would be approximately 20 hours. Note that the classical approach
does not use numerical model forecasts and relies purely on observed data.
Before dynamical models were available, operational statistical systems were
limited to the classical approach. The accuracy of any given forecast based on
this approach is strongly dependent on whether significant changes occur in the
atmosphere between the time of the predictor observations and the time the
resultant forecast is valid.
The greater the forecast projection, the greater
the chance that significant changes will occur. Consequently, this approach is
g'ood for short range forecasts and has only limited value after about 24 hours,
provided that skillful numerical model forecasts are available.
In a very
general form, however, the classical approach is also used for very long range
seasonal forecasts where there is little, if any, skill in numerical model
predictions. Relatively little emphasis in given in these notes to the classical
approach, except for Chapter XVII, which is devoted to it.
2.

;

(

Perfect Prog Approach

The perfect. prog approach (Klein et al., 1959) is based on the assumption
that the numerical model's forecasts are "perfect." Although we recognize that
numerical models are not perfect, this approach give~ us an estimate of what to
expect if the numerical model is correct. Perfect prog equations simply relate
the observed weather (predictand) to other variables that are observed at the
same. time or shortly before the time of the predictand with the important
res.triction that the predictor variables must b~ forecas.t by the numerical model.
For example, we could derive a simple regression equation to predict the maximum
temperature (pred~ctand). based on coincident observations of the 1000-500 mb
thickness (predictor). Fig. X-l gives the one-predictor equation relating the
obseryed maximum temperature to the observed 1000-500 mb thickness for the
plotted d~ta .. Once deriv~d, we could apply this equation to predict the maximum
temperature at any valid proj ection where a forecast of the 1000-500 mb thickness
is available. . If we wanted to predict the maximum temperature 144 hours. in
advance, we wo~ld simply substitu;te into the equation the 144 hour forecast of
the,lOOO-SOO mb thickness from a numerical model.
Perfect prog equations are
many times derived fora specific time of the day. For example, we would derive
one equation to forecast the temperature at 0000 UTC.
We would then use that
equation to ma~e all temperature forecasts valid at OOOOUTC, regardless of the
numerical model.' s initial starting time or the forecast proj ection.
We would
simply' substitute values of the model forecasts with the appropriate proj ections
into the equations.' On the.other hand, if diurnal characteristics are ignored
or if time-of-day predictors are, included, ~ne equation can be developed that can
be applied to any time of the day (see Chapter XI, Section D, for an example of
this).
An advantage of the perfect prog approach over the classical approach is
that, although it does not require numerical model data for development, it does
take advantage of the information available from numerical models when the
equation is applied operationally'.
It is important to make sure that the
variables used as predictors in the development of perfect prog equations will
X-2
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Figure X-1.
Perfect prog regression equation relating
the observed maximum temperature. to the observed
1000-500 thickness.

be available from the numerical model. So, although the perfect prog equations
are not developed from numerical model output, we must limit the predictors in
the equations so that the equations can be applied operationally.
In the development of perfect prog equations, predictors are selected and
weighted (in terms of the regression coefficients) according to the relationship
between observations of the predictand and the predictors.
The perfect prog
approach, however, does not account for the inaccuracy of the numerical models
in forecasting the predictor variables.
We must be careful not to offer the
statistical development program variables whose observations are highly
correlated with the predictand but are not forecast well by numerical models.
For example, since high afternoon relative humidities in the summertime generally
occur only during rain events, there is probably a high correlation between high
surface relative humidities in the afternoon and the occurrence of precipitation.
A perfect prog equation derived to forecast the occurrence of afternoon
precipitation might select the surface relative humidity as the most important
predictor. However, numerical models may have very little skill in forecasting
high surface relative humidity and, due to the physical parameterization in the
model, may never forecast high values in the afternoon in the summertime. The
equation would, therefore, not perform well when model data were used in the
equation.
Consequently, considerable care must be exercised in deciding which
predictors should be made available to perfect prog equations. Only predictors
whose forecast relationship with the predictand is similar to their observed
relationship with the predictand should be used.
Because of this problem,
predictors offered to the statistical model in a perfect prog development are
often time-lagged so that they do not actually occur at the. same time as the
predictand.
Alternatively, predictors (observations) can be used from other
stations to help attain a good predictor-predictand relationship;
As implied earlier, the perfect prog approach does not account for the
uncertainty or inaccuracies in the numerical model forecasts; given the same
X-3

predictor values, this approach produces the same statistical forecast regardless
of projection.
Because it does not account for the uncertainty in the model
forecasts, it will not trend the forecasts toward the normal climatic values or
climatic relative frequencies. This is many times a disadvantage, and will lead
to poor results when the forecasts are judged by some scores, such as root mean
square error (see Table IV-l and Section B of Chapter XI).
Therefore, the
perfect prog approach works best for short range projections when the numerical
model forecasts are best (most near perfect) and not as well for longer range
projections when the numerical models are least accurate. Also, note that the
perfect prog approach does not , i n general, produce reliable probability
forecasts, i.e., the observed relative £requency of individual categories of
probability will not equal the forecast relative frequency of those categories
(see Chapter VIII, Section C).
If reliable probability forecasts-are needed,
some scheme will be needed to modify (i. e., post-process) the perfect prog
forecasts to make them reliable.
3.

.

Model Output Statistics Approach

In contrast to the classical approach which does not use numerical model
forecasts at all and the perfect prog approach which uses numerical model output
only in the operational applicatio-n of the equations ,the Model Output Statistics
(MOS) approach (Glahn and Lowry, 1972) uses numerical model forecasts for both
the development and the operational application of the equations.
In order to
use the MOS approach, however, a sample of model forecast data must be available
for developing the equations. This requires that an archive of such data be set
up at least 1 year prior to the anticipated development of MOS equations, and
usually 2 or 3 years of data are needed rather than one.
The MOS approach relates a weather observation (predictand) to variables
forecast by a numerical model (predictors). The predictors from the numerical
model are usually forecasts that are valid at about the same time as the
predictand.
For example, if we want to predict the temperature 24 hours after
0000 UTC, we would offer to the statistical development program numerical model
forecasts that were valid about 24 hours after 0000 UTC.
Normally, separate
equations are developed for each forecast projection. If we wanted to forecast
the temperature 48 hours after 0000 UTC, we would derive another equation; this
time, we would offer model forecasts with projections of about 48 hours as
predictors. In addition to the model forecasts, recently observed data can also
be used as predictors in MOS equations.
Of course, these observed data would
need to be available operationally when the forecasts are made.
(Note that for
MOS, predictors are not limited to model output; observations and other variables
such as climatic normals can be used.)
The MOS approach accounts for the overall systematic errors of the numerical
model from which the equation was derived.
Since these systematic errors tend
to vary with cycle and projection, a separate equation is usually developed for
each cycle as well as for each proj ection; this allows the MOS approach to
account for the differences in the forecasts related to the numerical model's
initial starting time (0000 or 1200 UTC) and the diminishing accuracy of the
model forecasts with increasing projection.
Unlike perfect prog, the MOS
approach also incorporates the uncertainty of the numerical model forecasts by
adjusting the statistical forecasts toward the climatic normal or climatic
relative frequency.
Consequently, a sample of MOS temperature forecasts, for
example, will likely have less deviation from the normal climatic values than
will the coincident observations, especially at the longer range projections.
X-4
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This trend toward climate is brought about by the fact that the predictandpredictor relationships are weaker at longer proj ections and, therefore, a
smaller fraction of the variance is explained (see Chapter V, Section A).
Since the MOS approach takes into account the specific characteristics of
the model from which the equations were derived, changes to that model can affect
the performance, of the equations.
For example, if the 1000-500 mb thickness
forecasts in the developmental data had a cold bias, the MOS equations will
compensate for the cold bias and produce unbiased temperature forecasts.
However, if the numerical model is changed so that there is no longer a cold bias
in the 1000-500 mb thickness forecasts, the MOS equations will still try to
compensate for a cold bias, and will produce forecasts that are too warm. Any
change to a model will, to at least a small extent, affect the quality of the MOS
forecasts. Changes which lessen the random errors in the numerical model output
generally have a small effect on the performance of MOS equations unless the
changes are large, in which case the MOS forecasts should improve; changes which
alter the systematic errors of the numerical model output can have large and
undesirable effects on forecasts produced by MOS equations.
4.

Comparison of the Classical, Perfect Prog. and MOS Approaches

As mentioned before, the classical approach is most useful for the very
short range or if numerical model forecast data are not available. The classical
approach is relatively simple to use since it requires ,only data that are usually
available without special archiving procedures. Both the perfect prog and MOS
approaches require numerical model forecast data in the operational application
of the equations,
However, since perfect prog equations are derived from
observed data only, there is usually a longer sample of data available from which
to derive the equations.
In contrast, the MOS equations need to be developed
from a stable sample of numerical model forecast data. Because most numerical
models are constantly evolving, the developmental sample for MOS equations is
likely to be relatively short. If the numerical model that the MOS equations
were developed from is changed significantly, then a deterioration in the skill
and accuracy of the MOS forecasts should be expected. If this deterioration is
large, then the MOS equations would need to be redeveloped, but this is possible
only after a sufficient sample of the new (changed) model's forecasts has been
collected. Perfect prog forecasts usually do not deteriorate when a model is
changed; generally, an improved numerical model will lead to improved forecasts.
Also, perfect prog equations can be applied to a new numerical model immediately,
provided that the predictors used in the equations are available from the new
model.
Given that a sufficient sample of developmental data is available to
derive either perfect prog or MOS equations, and that the numerical model is not
expected to change in the near future, the MOS approach should give the best
results when applied operationally.
For probability forecasting, perfect prog equations do not produce reliable
probabilities. Since reliable probability forecasts are desirable, some scheme
for making the probabilities reliable may be necessary. MOS equations do produce
reliable probability forecasts (as long as the numerical model does not undergo
major change). As the projection of the forecast increases, MOS equations trend
the forecasts toward normal climatic values to account for the uncertainty of the
model's forecasts.
Generally, fewer perfect prog equations are necessary than MOS equations for
a fully developed operational system. That is, perfect prog does not require
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separate equations for different projections, while MOS usually does. This is
an advantage for perfect prog. Also, perfect prog can be applied to any model,
while MOS would usually be applied only to the model on which it was developed.
For a country running more than one numerical model, perfect prog relationships
could be applied to all models, if desired.

,

A

As an example of the perfect prog and MOS approaches, let's assume that we
want to forecast the maximum temperature valid about 48 hours after 0000 UTC.
In addition to the observed maximum temperature and thickness data shown in
Fig. X-I, we'll assume that we also have 48 hour numerical model forecasts valid
at approximately the same time as the maximum temperature observations.
Of
course, our model forecast thicknesses will differ from the observed thicknesses
due to the inaccuracies of the numerical model forecasts. Let's assume that the
mean absolute error of the model forecast thicknesses is 30 meters.
For the
purposes of this example, we will arbitrarily add 30 meters to half of the
observed thicknesses in our sample and subtract 30 meters from the other half to
create a set of data that would resemble the 48 hour thickness forecasts from the
numerical model. Fig. X-2 shows a plot of the developmental data for the MOS and
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Figure X-2.
Perfect prog (solid line) and MOS (dashed
line) regression equations relating the observed
maximum temperature to the observed (perfect prog) and
48 hour forecast (MOS) 1000-500 mb thickness.

perfect prog approaches. For each observed maximum temperature, we have plotted
the thickness observed at the ,approximate valid time of the forecast (filled
circles) and the 48 hour numerical model forecast thickness (open circles).
Fig. X-2 also shows the regression equations that would be derived from the
observed thicknesses (solid line, perfect prog approach) and from the forecast
thicknesses (dashed line, MOS approach).
Note that, for any given value of
thickness, the estimate from the MOS approach (dashed line) is closer to the
developmental mean than the estimate from the perfect prog approach, except, of
course, where the lines cross. This is due to the fact that the MOS approach is
compensating for the uncertainty in the model forecast thickness.
This
uncertainty is also apparent from the reduction of variance afforded by each of
X-6
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the regression lines. The reduction of variance for the perfect prog equation
is 0.87 while the reduction of variance for the MOS equation is 0.74. This is
what we would expect, since the observed maximum temperatures should be better
correlated with the observed thicknesses than with the forecast thicknesses.
Note, however, that the relative performance of these two types of equations on
the developmental data is not particularly important. To test the perfect prog
equation, we'll need to substitute model forecast values of thickness rather than
observed values'into the equation.
When we do so, we'll expect a significant
decrease in accuracy of the perfect prog forecasts due to the inaccuracies in the
numerical model data ,especially for the longer proj ections . In comparison, the
MOS equation already incorporates the uncertainty of the model forecasts and,
therefore, a much smaller decrease in forecast accuracy should be expected. The
real test of any approach must be done with independent data that are similar in
quality to the data that will be available when the equation is applied
operationally.
For the example above, let's test the two equations on some independent
data. For the purpose of this example, we have contrived the "independent" model
forecast data from the original observations using a method similar to that used
to create the dependent model forecast data.
We have given these data the
statistical qualities of the dependent numerical model forecasts, but we have
also been careful to assign the actual values in a way that won't bias the
results. A large sample of truly independent data should give relatively similar
results for the comparison of perfect prog and MOS equations. To make forecasts
with these equations, we simply substitute numerical model forecast thicknesses
into each of the equations.
Table X-l lists the results for the two types of
equations when tested on the independent data. Note that, for our
Table X-l. Verification statistics for the
contrived independent data, the
example perfect prog (P.P.) and MOS equamean forecast values for both
tions when tested on independent data.
types of equations are equal to
the observed mean value.
The
MOS
Observed
P.P.
standard deviation of the perfect
prog .forecasts was- about equal to
that of the observations, while
56.1
56.1
Mean Value
56.1
the MOS forecasts had a smaller
12.8
Std. Dev.
14.4
14.4
deviation.
As mentioned before,
this smaller deviation is due to
6.2
6.4
RMS Err.
the fact that the MOS approach
accounts for the -uncertainty in
Mean Abs. Err.
5.0
the model forecasts by trending
the forecasts toward the mean.
Table X-l also shows that the root mean square and mean absolute errors (see
Table IV-l and Chapter XI, Section B, for a description of these scores) of the
MOS forecasts were less than those of the perfect prog forecasts indicating that
the MOS forecasts performed better (in terms of minimizing the error) on the
independent data.
In summary, the classical approach is most useful in situations where
numerical model forecasts are unavailable. This approach is also good for making
very short range (0-12 hour) forecasts.
However, if numerical model output is
available, the perfect prog and MOS approaches provide better"guidance beyond a
few hours. Both the perfect prog and MOS approaches can produce good statistical
guidance for the 1 to 2 day range. Given that there is a sufficient sample of
stable numerical model output, and given that the numerical model is not going
X-7

to be modified, the MOS approach will produce the best results. However, if the
numerical model has been, or is expected to be, changed in a way that changes the
systematic errors, the perfect prog approach would probably be best. It is worth
noting, though, that the MOS approach has been used very successfully for
evolving numerical models in cases where the systematic errors remain relatively
unchanged (Erickson et al., 1991). Other discussions and comparisons of MOS and
perfect prog are contained in Klein and Glahn (1974) and Glahn (1985).
5.

Modified Perfect Prog Approach

Another approach that has been used successfully to produce statistical
forecasts is the modified perfect prog approach. This approach combines various
aspects of the MOS and perfect prog approaches. In the development of modified
perfect prog equations, very short range numerical model forecasts (0-12 hours)
are used as predictors rather than observations. In actuality, very short range
MOS equations are developed. However, like the perfect prog approach, only one
equation is derived for each time of day. In a modified perfect prog development, the numerical model forecasts are assumed to be near "perfect," and the
derived relationships (equations) are applied for any valid projection. Of
course, in the application of these equations, the projections of the predictors
are changed in much the same way that the projections of the predictors are
changed for standard perfect prog equations. The time relationship between the
predictand an4 the predictors is preserved. For example, let's assume that we
derived an equation to predict the minimum temperature between 0000 and 1200 UTC
based on the numerical model's thickness forecasts for 0600 UTC.
For this
development, we would use the numerical model output from the 0000 UTC run of the
model. The forecast projection of the predictand would be about 12 hours while
the predictor projection would be 6 hours.
Note that the projection of the
predictor is 6 hours prior to the expected occurrence of the minimum temperature.
If we wanted to use this equation to predict the minimum temperature that would
occur approximately 132 hours after 0000 UTC, our predictor value would be the
numerical model's thickness forecast valid 6 hours prior to 132 hours or, in
other words, the 126 hour forecast.
Like the MOS approach, the modified perfect prog approach does not limit us
to variables observed only at 0000 and 1200 UTC. We can also use variables, such
as vertical velocity, that are not observed, but are available from the numerical
models.
Like the perfect prog approach, the forecasts produced by modified
perfect prog equations do not account for the uncertainty of the numerical model
forecasts beyond the very short range projections used in the development.
Consequently, the forecasts for the longer range projections do not trend toward
the normal climatic value or climatic mean relative frequency, and the modified
perfect prog approach does not produce reliable probability forecasts.
To use the modified perfect prog approach, there must be a sufficient sample
of short range. numerical· model output available to be used as the predictor data
for the development of the equations. These forecasts should have very small,
if any, systematic errors.
Note that the model used in the development of
modified perfect prog equations does not have to be the same model that is used
in the application of the equations. However ,the developer must ensure that the
predictors used in the development of the equation will be available when the
equation is applied operationally. The modified perfect prog approach is most
useful in situations where a numerical model is undergoing significant
modification or in situations where a new numerical model is being developed.
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C.

Data Stratification and Compositing Methods

Now that we have presented several approaches that can used to derive the
statistical interpretation equations, we will address the question of developmental sample size and discuss several methods that are commonly used to enhance the
quality of the equations that are developed.
In addition, we will talk about
developmental techniques that can be used to enhance the spatial consistency in
the forecasts that are produced.
The overall goal in developing a statistical interpretation equation is to
obtain the IIbest ll relationship (equation) possible. As we've said previously,
the best relationship is the one that performs best on independent data.
Obviously, to perform well on independent data, our equations should be derived
from a sample of data that resembles (in terms of the statistical qualities) the
independent data. Also the developmental sample should contain the full range
of values that would be expected to occur when the equation is applied
operationally. However, we must also be concerned that the data in the sample
are homogeneous, so that the relationships between the predictand and the
predictors are similar for various subsets of the developmental sample.
1.

Data Stratification

As mentioned in Chapter VII, stratification is used to maximize the
homogeneity of the developmental sample by separating the developmental data into
two or more samples. For example, we might want to stratify our temperature data
into 24 distinct samples based on the time of day. Stratification is necessary
when sub-samples of the overall data sample are distinctly different in terms of
the relationship between the predictand and the predictors.
Obviously, the
relationship between the surface temperature and the 1000- 500 mb thickness
differs depending on the time of the day since the surface temperature usually
changes diurnally even if the 1000-500 mb thickness remains relatively constant.
Similarly, you would expect cooler surface temperatures in January in the
Northern Hemisphere than in July , given the same 1000 - 500 mb thickness. The more
we stratify the data, the more homogeneous we make the developmental sample. Of
course, we must balance the need to stratify the data against the need to have
a sample of data which is sufficiently large to include the full range of
possible values for both the predictors and predictand.
Diurnal stratification is simply based on the time of the day. As mentioned
earlier, for temperature, we would simply divide the data into separate samples
based on the time of the predictand observation.
For precipitation, the
predictand is usually observed for 6 or 12 hour periods; each of the four 6 hour
periods and the two 12 hour periods during the day would be forecast separately.
In general, diurnal stratification is needed whenever the predictand or predictor
variables are affected signific.antly by the earth's diurnal cycle. For virtually
all weather elements, diurnal stratification is advisable.
Seasonal stratification is based on the time of the year. Obviously, we can
not divide the year into 365 separate samples based on the day of the year, but
we also do not usually want to include July data and December data in the same
sample.
In this case, we'll want to compromise by dividing the developmental
data into, perhaps, 2, 4, or 6 separate seasons.
The number of seasonal
stratifications that should be used in the development is dependent on the
weather variable being forecast and the overall size of the data sample.
The
exact dat.es to use to stratify the data will depend on the location of the
X-9

station and the effects of seasonal changes on the predictand.
Whenever
possible, the seasonal stratification should correspond to approximate seasonal
changes in weather regimes.
As discussed earlier, certain developmental approaches essentially require
that the data be stratified.
For the MOS approach, the data are stratified
according to the initial starting tinie of the numerical model and according to
the forecast projection.
In the development of MOS equations, the predictand
data are used at least twice, once for the development of equations based on the
0000 UTC numerical model data and once for the development of equations based on
1200 UTC numerical model data.
In addition, the same predictand data would be
used for all projections that are 24 hours apart. 'For example, the same set of
predictand data would be used to derive the 12, 36, and 60 hour forecasts from
1200 UTC and the 24 and 48 hour forecasts from 0000 UTC.
We might also want to stratify the data on the basis of another weather
variable.
For example, if we wanted to predict the type of precipitation_, we
would, by necessity, include in the developmental sample only those cases when
it was precipitating. When we stratify on the basis of another weather variable
or event, the forecasts produced by the equation are conditional and are only
valid if the weather variable or event meets the original stratification
cri teria.
In this type of stratification, we must be especially careful to
ensure that the developed statistical relationship can be applied operationally.
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Other instances when data stratification is desirable have already been
discussed in Chapter VII.
The overall goal of stratification is to obtain a
homogeneous sample of data, but we must also be sure that we have a sufficient
amount of data in each sub~sample from which to derive stable equations.
2.

Data Compositing

Data compositing, also discussed in Chapter VII, is somewhat the opposite
of stratification. Compositing simply means to combine one or more small samples
of data to obtain a larger sample.
Compositing is usually used in situations
where there is not a sufficient amount of data in the smaller samples to develop
stable equations. However, in order to develop equations that will produce good
results, the homogeneity of the data must be maintained. Before compositing the
data, we must ensure that the predictand-predictor relationships are similar for
each of the small samples that are to be grouped together.
A common use of compositing is to group the data for two or more stations
into a combined sample. This combined sample is then used in the development of
one equation for the group. Equations derived for groups of stations are often
called regionalized-equations. By combining the data for two or more stations,
however, the ,equation derived will not account fully for the specific characteristics of any of the stations. Generally,' this slight loss in accuracy is more
than compensated for by the increased accuracy provided by the larger sample
size.
In addition, station specific predictors, such as station elevation and
normal climatic values, can be included in the list of potential predictors to
account for local factors. If, however, the overall loss in accuracy caused by
local environmental factors (local topography, the presence of nearby bodies of
water, the type and amount of vegetation, etc.) is larger than the increased
accuracy provided by the greater sample size ,then the dqta should not be
combined.
Usually, equations for we'ather variables such as clouds and
precipitation benefit from a regionalized development.
Variables such as
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temperature and wind, however, are often greatly affected by the local
environmental factors, so the data for these variables usually should not be
composited. For these variables, the predictand-predictor relationship varies
for each station.
Equations developed without compositing are often called
single station equations since they are applicable to only one station.
Several methods are commonly used to determine which stations to include in
a region.
As mentioned above, the most important criteria are based on the
predictand-predictor relationships. Obviously, we do not want to evaluate these
relationships for all stations and predictors in our sample, so we would limit
this analysis to the one or two most important predictors.
For example, let's
assume that we are deriving an equation to predict the percent of possible
sunshine and that we want to composite the data to develop regionalized
equations.
Let's also assume that we have predetermined that the 1000-500 mb
mean relative humidity is a very important predictor. We now need to determine
the predictand-predictor relationships for these two variables.
To do so, we
could develop a simple (one-predictor) regression equation for each station in
the sample relating the observed sunshine to the mean relative humidity.
We
could then compare the regression constants and coefficients for each of the
stations. If two stations have similar constants and coefficients, they can be
combined. If the constants and coefficients are quite different, then the data
for the stations should not be combined. Note, however, that we may be able to
compensate for the differences between the constants by using station specific
predictors. Plotting the regression constants and coefficients on maps aids in
the identification of good regions.
Note that, in deriving the constants and
coefficients, we are assuming that we have a sufficient sample of data at each
station to derive stable one-predictor equations. For developments in which the
MOS approach is used, particularly for rare events, there may not be a sufficient
sample.
If a sufficient sample of predictand and predictor data is not
available, this procedure will give meaningless results.
For binary predictands, a different method is often used to determine
whether two or more stations can be composited. Again, this method assumes that
we have already identified a very important predictor. First, we divide the data
into categories based on the value of the predictor. Then, for each category,
we determine how often (the relative frequency) the predictand event occurs.
These calculations give us the predictand's conditional relative frequency of
occurrence for each of the predictor categories. Separate frequencies would be
determined for each station to be composited. Then, for each station, we would
compare the frequencies of occurrence for each category with the frequencies at
other stations. For example, if we were deriving probability of precipitation
(PoP) equations and the most important predictor was the 1000-500 mb mean
relative humidity, we might divide the humidity data for each station into four
categories (0 to 25 percent, 25 to 50 percent, 50 to 75 percent, and 75 to
100 percent) and determine the conditional relative frequency of precipitation
for each category.
Then, we could compare the frequencies of occurrence to
determine which stations were similar. Table X-2 gives an example of the conditional relative frequencies for four different stations.
If the frequencies
for each of the four categories at a particular station are similar to the
frequencies of the respective four categories at the other stations (as for stations Wand Y), then the predictand-predictor relationships are similar and the
data for the stations can be composited.
If the four frequencies for a particular station differ significantly from the other stations (as for station X),
the data should not be combined. If each of the four categories for a particular
station is different from the other stations by about the same amount (as in
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station Z), then station specific predictors may be able to account for the
differences. In this example, stations Wand Y and probably station Z could be
Station X, however, should not be included in the region.
composited.
Table X-2.
Conditional relative frequencies
The correlation between
of precipitation based on four categories of
the predictand and the most
important predictors is also
mean relative humidity.
sometimes used to delineate
regions.
The correlation,
Observed Frequency
Relative
however, tells us how well
Humidity
two variables are related,
Sta. Z
Sta. Y
Sta. W
Sta. X
Category
but does not tell us what
that relationship is.
Two
0.01
0.03
0.00
0-25
0.00
stations could have similar
values for the correlation
0.25
0.29
0.12
25-50
0.23
between their respective pre0.48
0.41
dictand and predictor data,
50-75
0.43
0.27
but the relationship could be
0.90
0.94
0.54
75-100
0.87
quite different.
For example, let's assume that there
are two adj acent stations,
one on the top of a mountain and one in a nearby valley. We'll also assume that
the data for both stations have about the same correlation between the predictand
and the predictor. Because the grid resolution of the numerical model is likely
to be significantly larger than the distance between the two stations, the values
of the predictors for the two stations would be essentially the same. Since the
predictand data for these sites would be quite different, the predictandpredictor relationships for the two sites would also be quite different. Because
the correlation does not specify the predictand-predictor relationship, it can
be misleading when delineating regions.
The climatic mean value or mean relative frequency of the predictand has
also been used to determine regions. As with the correlation, these values do
not really tell us if the predictand-predictor relationships are the same for any
two stations. Two stations, one on the north side of a mountain range and one
on the south side of a mountain range could have similar mean relative
frequencies of precipitation, but the relationship between the observed
occurrence of precipitation and the north-south component of the wind could be
totally opposite for the two stations. Although a comparison of mean climatic
values can sometimes be misleading, these values combined with a knowledge of the
geographic and topographic features of an area are commonly used successfully to
delineate regions.
One advantage of this approach is that the observed data
needed to calculate the mean values are often available for a long period of
record.
The
regions.
However,
there is
within a

orography and geography of the stations can be used to define the
This method has the advantage that it requires no historical data.
because the method is not based on the predictand and predictor d~ta,
the risk that the predictand-predictor relationships will be different
region chosen this way.

In summary, the best method for compositing stations to obtain a larger data
sample requires that we determine the statistical relationship between the
predictand and one or more important predictors for each of our stations, and use
that relationship along with climatic and orographic information to place the
X-12
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boundaries for the regions.
However, this method also requires that we have
sufficient data to do so. If we lack the data, a knowledge of the mean climatic
values and the synoptic climatology of the area should lead to good results. The
correlation between the predictands and predictors for each of the stations may
also be useful for determining differences between stations.
After the data have been composited, the statistical development program
treats the data for all stations as if they were for one station. This technique
also enhances the meteorological consistency of the forecasts within the
developmental region, since the forecasts for all the stations within a region
are made from the same equation.
Of course, when the equation is applied, the
values of the predictors for each station will differ since the numerical model
forecasts for each station will be different.
In addition to the increased sample size and the enhanced consistency, there
are other advantages of developing regionalized equations.
If we develop
regionalized equations, we will have fewer equations to develop and store for
operational use. Another advantage of regionalized equations is that we can make
forecasts for locations where developmental data are unavailable.
Of course,
these locations would have to be similar (which we won't be able to verify
without data) to the stations already in the region.
If, at a later date, we
want to make forecasts for additional stations, we can do so without having to
develop equations for the new stations. We simply need to obtain the numerical
model forecasts for the locations of the new stations and substitute these values
into the equation.
D.

Simultaneous Derivations

In the preceding discussion on data compositing, we mentioned that the
forecasts produced for a particular station are likely to be meteorologically
consistent with the forecasts for other stations within the same composited
region. That is, we would expect to see large differences in the forecasts for
two stations within a region only if there were large or significant differences
in the predictor. values for those stations (in the case of binary predictors, a
significant difference could be a small difference in the underlying continuous
variable) .
Meteorological consistency is also important among the various
weather variables that we might want to predict. For example, we would like the
forecast minimum temperature to be no higher than the forecast maximum
temperature for the day, and we would like the forecast dew point to be no higher
than the forecast temperature valid at the same time. Also, we would not want
to forecast a ,low ceiling height at the same time that we are forecasting
scattered clouds. Although meteorologically inconsistent forecasts may provide
some information to the forecaster, they are often confusing and bothersome.
There are several methods for reducing the number of forecast inconsistencies.
We've already discussed how regionalized equations can improve the spatial
consistency of the forecast.
Another method is to check the various weather
variables after the forecasts are made and, if necessary, change the values so
that they are consistent. This is a post-processing technique and is discussed
in Chapter XIV. A third method involves deriving the equations for more than one
weather variable at the same time.
This is referred to as a simultaneous
derivation.
When two equations are derived simultaneously, the same predictor data are
available for both equations. The predictand data for the two weather variables,
however, are handled separately by the regression procedure. For a simultaneous
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derivation, the selection ,process initially picks the predictor variable that is
best correlated with either ·of the two predictands.
Once selected for one
equation, the regression procedure then forces the predictor. variable into the
other equation.. The selection procedure then selects the predictor which, when
combined with the first predictor, provides the greatest increase in the overall
reduction of variance to either equation and then again forces that predictor
into the other equation. The process continues until the stopping criterion is
met.
The resultant equations will contain the same predictors, although the
coefficients will differ.
Note that this procedure does not guarantee
meteorological consistency. However, the chances for inconsistent forecasts are
much less than if the equations were derived separately and contained different
predictors.
Simultaneous derivations can also be used to improve the temporal
consistency of the forecasts.
Suppose, for example, that we are deriving
equations to predict the temperature every hour throughout the day.
If we
derived all the equations simultaneously, we would improve the chances that our
forecasts would have a smooth' diurnal trend.
As another example, if we are
deriVing probability of precipitation (PoP) equations for a 12 hour period and
for the two, 6 hour periods contained within the 12 hour period, we decrease the
chances that one of the 6 hour PoPs will be greater than the 12 hour PoP by
deriving the three equations simultaneously. Note that this last example shows
how stratification, compositing, and a simultaneous derivation can be used in the
same development. First, the 6 hour PoP periods have been stratified according
to the time of the day.
A different equation will be developed for the first
6 hours of the 12 hour period and for the second 6 hours of the 12 hour period.
Next, since regionalized equations generally perform best for PoP, the data for
a group of stations will likely be composited to form a larger developmental
sample.
Finally, the two 6 hour equations will be derived simultaneously with
the 12 hour equation to enhance the consistency of the forecasts.
E.
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XI.
A.

INTERPRETATION AND VERIFICATION FOR
NONPROBABILISTIC FORECASTS

Introduction

Many of the weather elements for which we need to produce forecasts are
continuous or essentially continuous in nature.
Unlike an event such as
precipitation which either occurs or doesn't occur, weather variables such as
temperature and wind always occur, and we are interested in forecasting the
values of those variables. Temperature, dew point, wind speed, wind direction,
and the percentage of sky covered by clouds are all quasi-continuous variables.
However, before deriving equations to predict these variables, we should examine
their frequency distributions. If they are not "somewhat" normally distributed,
we may want to use special techniques to develop the forecast equations.
For
example, the percentage of sky covered by clouds or the percentage of sunshine
might have a U-shaped distribution with many more observations of clear (nearly
100 percent sunshine) or cloudy (nearly 0 percent sunshine) than observations of
40 or 50 percent cloud cover or sunshine. Frequency distributions of wind speeds
will likely be positively skewed such that many values occur near and below the
mean but relatively few at high values, far from the mean. Temperature and dew
point observations, however, will probably have a near normal distribution and
will, therefore, be well fitted by linear regression.
The nonnormal frequency distributions of some of the weather elements
described above are, to a certain extent, caused by the fact that the
observations of these variables are bounded or tend to be somewhat discontinuous.
For instance, observations of cloud cover or sunshine are bounded by 0 and
100 percent and may be limited to certain categories (for example, clear,
scattered, broken, or overcast). Wind directions are limited to being between
10 and 360 degrees and pose a special problem since the two extreme values of the
range are, in reality, very close to each other.
Wind speeds are, of course,
bounded by 0 (can never be negative).
Consequently,
we must
consider
the
specific characteristics of the weather variable before deciding on the approach
to be used in the development.
Even Eor some weather variables that are somewhat continuous in nature,
their frequency distributions may make it desirable to divide the range of values
into categories, develop forecast equations to produce probabilities for those
categories, and then, if necessary, to select a category from the probability
values.
Thus, in some statistical interpretive systems, clouds, precipitation
amount, and visibility are treated in a probabilistic manner, and,·we will discuss
methods appropriate to those weather elements in Chapters XII and XIII. In this
chapter, we confine our discussion to temperature,dew point, and wind because
these weather elements are continuous in nature and are usually treated in a nonprobabilistic fashion.
The discussion can, however, be applied to other
variables with similar distributions.
Before describing the techniques used to develop forecast equations for
temperature, dew point, and wind, we will first discuss in Section B some of,the
measures used to evaluate the forecasts produced by these equations. Verification is an integral part, of the development of interpretative statistical
systems, and familiarity with verification concepts and methods as applied to
nonprobabilistic predictands is essential to an understanding of the material in
Sections C and D. This discussion includes verification methods for nonprobabilistic forecasts of both continuous and discrete variables.
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B.

Verification Measures for Non-Probabilistic Forecasts

I

As indicated in Chapter VIII, three general classes of verification methods
can be identified: (1) the basic joint, conditional, and marginal distributions;
(2) summary measures of these distributions; and (3) performance measures and
their decompositions.
Section B.l briefly describes the role and use of the
basic distributions--and summary measures of the distributions--in the
verification of nonprobabilistic forecasts. In discussing performance measures
in this context, it is convenient to distinguish between continuous and discrete
variables. Sections B.2 and B.3 define and describe basic performance measures
for
nonprobabilistic
forecasts
of
continuous
and
discrete
variables,
respectively.

1.

Basic Distributions and Summary Measures

As noted in Chapter VIII, the joint distribution of forecasts and
observations, p(f,x), contains all of the (nontime-dependent) information
relevant to absolute verification. This information can be accessed by factoring
p(f,x) into conditional and marginal distributions, and two such factorizations
can be identified: (1) p(f,x) =p(xlf}p(f) and (2) p(f,x) =p(flx)p(x). The two
sets of conditional distributions, p(xlf) and p(flx), describe the relationship
between the forecasts and observations, and the two marginal distributions, p(f)
and p(x), describe the statistical characteristics of the forecasts and
observations, respectively. All verification systems should include a suite of
programs that produce this basic information as well as traditional measures of
forecasting performance.

(

Insight into fundamental characteristics of forecasting performance, as well
as into the statistical characteristics of the forecasts and observations, can
be obtained by displaying and examining the basic distributions. In the case of
discrete variables, the joint distribution p(f,x) can be depicted in the form of
a contingency table. Moreover, the basic contingency table can be augmented by
its row and column totals, which represent the marginal distributions p(f) and
p(x), respectively.
The conditional distributions p(xl f) and p(flx) can be
displayed in the form of two complementary contingency tables. These tables can
be created from the contingency table for p(f,x) by recognizing that p(xlf) =
p(f,x)/p(f) and p(flx) = p(f,x)p(x). Examples of these three tables for a twoevent situation are depicted in Table VIII-I.
In the case of continuous variables, these joint, conditional, and marginal
distributions can be displayed in the form of empirical probability distributions.
For example, the distribution p(f,x) can be depicted as a bivariate
histogram (Murphy et al., 1989). Univariate histograms can be used to display
the conditional and marginal distributions. In some cases, it may be reasonable
to focus on the distribution of errors, p(f-x), and this distribution also can
be depicted in the form of a univariate histogram.
Evaluation of the statistical characteristics of these distributions (e. g. ,
central tendency, variability, symmetry) should provide some additional insight
into forecasting performance . In the case of temperature forecasts, for example,
it may be of interest to examine the quantiles of the conditional distributions
of observed temperature given forecast temperature, p(xlf). These conditional
quantiles might in~lude the median (x .51 f), the upper an~ lower quartiles
(x.75If and x. 25 1f), and the O.90th and O.lOth quantiles (x.9If and x. l lf). Curves
for these conditional quantiles over all values of f can be obtained by smoothin-g
XI-2
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the estimates for each value (or range of values) of f.
Under the assumption
that the median is a reasonable estimate of central tendency, the correspondence
between the smooth curve representing x.sl f and the 45° line (for which f =x)
characterizes the conditional bias of the forecasts.
Moreover, the difference
between the upper and lower quartiles,
(x.7slf) - (x. 2s lf),
describes the
conditional accuracy of the forecasts.
An example of such a conditional quantile diagram for a sample of numericalstatistical maximum temperature forecasts for Portland, Oregon (48 hour lead
time, cool seasons ·of 1980 to 1987) is displayed in Fig. XI-1.
This diagram
reveals that forecasts involving temperatures less than 60°F exhibit a slight
tendency toward underforecasting (x.slf > f) and that forecasts involving
temperatures greater than 60°F are more accurate than forecasts involving
temperatures less than 60°F (the interquartile range for the former is less than
that for the latter).
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Figure XI -1.
Condi tional quantile diagram for a sample of
maximum temperature forecasts.

2.

Performance Measures for Continuous Variables

In this section, we define--and briefly describe--measures for some of the
basic characteristics of forecasting performance identified in Chapter VIII.
Attention is focused here primarily on measures of overall bias, accuracy, and
skill for continuous variables.
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a.

Bias

The basic measure of overall (systematic, unconditional} bias is -the mean
error (ME), where
ME

=

f

- x,

.'

in which f is the average forecast and x is the average observation.
ME
measures bias in terms of the arithmetic difference between f and
(other
measures of bias are possible).
When f = x, ME =
and the forecasts are
unconditionally unbiased.
If ME > 0, then f > x and the forecasts on the
average exceed the observations. Such situations are said to be characterized
by overforecasting. Conversely, if ME < 0, then f <
and the observations on
the average exceed the forecasts. These situations are said to be characterized
by underforecasting.

°

x

x

A positive bias (ME > 0) for temperature forecasts indicates that the
forecasts are too warm on the average, whereas a negative bias (ME < 0) for such
forecasts indicates that they are too cool on the average.
Similar statements
apply to forecasts of other continuous variables, such as dew point (too moist
when ME > 0 and too dry when ME < 0 and wind speed (too strong when ME > 0 and
too weak when ME < 0).

(

Generally, it is desirable for forecasts to be unbiased (i.e., for ME to be
equal or close to zero). However, it is important to recognize that ME is not
a measure of forecast accuracy; that is, unbiased forecasts may not be very
accurate.
For example, large positive and negative errors in individual
forecasts may compensate for each other and lead to relatively small values of
ME.
Moreover, it should also be noted that moderate or even relatively large
values of ME may occur in small verification data sets.
Such biases may be
indicative of a problem of overforecasting or underforecasting, or only of the
fact that the data set in question is not representative of the full range of
weather conditions (sampling variability).
b.

Accuracy

Several common measures of accuracy can be identified, including the mean
absolute error (MAE) , the mean square error (MSE) , and the root mean square error
(RMSE). As error measures, MAE, MSE, and RMSE possess negative orientations, in
the sense that smaller scores are indicative of more accurate forecasts.

(
The MAE can be defined in terms of the joint distribution p(f,x) (see Table
IV-I) or in terms of the forecast-observation pairs [(fj,x j ); i=l, 2, ... ,Nj. In
terms of the latter,
MAE

I

N

N

L;

If j - x j I .

i;;=l
The MAE me~sures the degree 6f correspondence between forecasts and observations
in terms o-f the average absolute difference between these two variables (i. e. ,
it represents the average absolute error in the forecasts). -Note 'that MAE = b
only when f j = x j for all i. That is, MAE vanishes only when the correspondence
between forecasts and observations is complete.

As in the case of the MAE, the MSE can be defined in terms of the
distribution p(f,x) (see Table IV-l) or in terms of the forecast-observation
pairs (fi,x i ).
In terms of the latter,
MSE
The MSE measures the degree of correspondence between forecasts and observations
in terms of the average squared difference between f i and xi'
Note that MSE =
o only when the correspondence between f i and xi is complete (i. e., f i = xi for
all i).
Comparison of MAE and MSE reveals that the former is the average of the
absolute value of the forecast errors whereas the latter is the average of the
square of the forecast errors. Thus, MSE gives greater weight than MAE to larger
errors.
As a result, the former is more appropriate than the latter in
situations in which the larger errors are of primary concern.
It should also be noted that MAE measures accuracy in terms of the units of
the original variable (e.g., of in the case of temperature forecasts), whereas
MSE measures accuracy in terms of the square of these units [(OF)2 in the case
of temperature forecasts].
To obtain a performance measure that shares the
properties of the MSE (i. e., gives greater weight to larger errors) and yet
measures accuracy in terms of toe units of the original variable, we can compute
the RMSE, where
RMSE

=

(MSE) 1/2.

It can be shown that theRMSE 'must be greater, than or equal to the MAE.
For
temperature forecasts, for which forecast errors generally are approximately
normally distributed, the MAE is about 80% of the RMSE .
. It is possible to ,decompose the MSE into measures o£ other characteristics
of the forecasts and/or observations.
In general, we can write that

Thus, t:he MSE is the sum of the square of the ME and the variance' of the
(individual) foreca:'st errors, sf.}' Moreover, since sf_}
+ sx2 - 2s f s xr fx '
we can write

s/

where sf. is the standard deviation of the forecasts, Sx is the standard deviation
of the-observations, and r fx is the (product moment) correlation coefficient
between the forecasts and observations. From this expression, it is obvious that
the MSE decreases as the ME decreases or as r fx increases. The impacts of sf and
Sx on the MSE are less clear since they appear
terms that tend to increase and
decrease the MSE.
It is important to note however, that only sf can be
influenced by the forecaster (or forecasting system); that is, sx is a
characteristic of the forecasting situation.

in
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c.

Skill

"

,
As defined in Chapter VIII, skill is the accuracy of the forecasts of
interest relative to the accuracy of forecasts produced by a standard of
reference such as climatology or persistence.
For the purposes of providing a
generic definition of skill, we will assume that the standard of reference is
long-term (or historical) climatology.
Thus, the forecast produced by the
reference procedure is assumed to be a forecast of the mean (or average) o·f the
appropriate climatological distribution.

"

In this context, measures of skill (Le., skill scores) generally are
defined. in terms of the·fractional, or percentage, improvement in the accuracy
of the forecasts of interest over the accuracy of forecasts based solely on
climatology.
If the measure of accuracy is denoted by S, then a generic skill
score (SS) can be defined as

where Sf and Se are the accuracy of the forecasts of interest and of the
climatological forecasts, respectively, according to the measure S (assumed to
have a negative orientation).
Any of the measures of accuracy defined in the
previous section- -namely, MAE, MSE, or RMSE-.-could be employed in this expressi.on
(i.e., substituted for S). Note that SS is positive when Sf < Se (i.e., when the
forecasts of interest are more accurate than climatological forecasts) and SS is
negative when Sf > Se (i.e., when the forecasts of interest are less accura~e
than climatological forecasts).
Moreover, SS = 1 (or 100%) for completely
accurate forecasts (Sf = 0), and SS = 0 for forecasts that are as accurate as
climatological forecasts (Sf = Se)'

(

In some situations, it is. conven'ient- -and not unreasonable- -to use sample
climatology rather than long-term climatology as a standard of reference.
In
this case, if the measure of accuracy Se is the MSE, then Se = s/.
Moreover,
making use 9f the decomposition of the MSE described in the previous section, a
s<lmple skill score
'(SSS) based on the MSE can be expressed as
.
.

or

(
(Murphy, 1988). The terms on the right side of this expression can be, described
briefly as follows: (1) the first term is a measure of the degree of association
between f and .x and contributes positively. to the skill. score; (2) the second
term if! a measure of conditiona,l bias, (it 'vanishes only when the regression l-ine-for"forecast,,s' regressed on observations- -possesses unit slope), and contributes
negatively to the skill score;' and, (3) the third term is a measure of' unconditionalbias (it vanishes only when the forecasts are unconditionally unbiased)
and also cont~ibutes negatively to the skill score. This decomposition reveals
that the sample skill score is less than the square of.ttJ.e correlation between
forecasts 'and observations (i. e., less than the fraction of, the variance
explained by regressing the forecasts on the observations), unless the forecasts
are conditionally unbiased (forecasts that are conditionally unbiased for all
forecasts are also unconditionally unbiased).
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3.

Performance Measures for Discrete Variables

In this section, we are concerned with the performance of forecasts for
discrete variables.
Such variables may be inherently discrete or they may be
continuous variables that are treated as discrete for practical or operational
reasons. Discrete variables are defined in terms of a finite set of values, or
a set of mece (see Chapter IV, Section A) classes or categories of values. For
the purposes of these notes, we assume that f and x both may take on K distinct
values (i. e., f = f j and x = x j ; j = 1, 2, ... , K).
The values (or categories) of
suoh variables mayor may not possess a natural ordering, which can have an
important impact on the appropriateness of various performance measures. In some
cases, it is also useful to distinguish between situations involving two
categories (e.g., precipitation/no precipitation) and situations involving
mul tiple , or more than two, categories (e. g., several mece categories of
temperature).
Most measures of performance for discrete variables can be defined in terms
of the elements of the augmented contingency table (or performance matrix). For
example, overall (or conditional) bias is usually measured in this context by the
bias ratio (BR), which, can be defined as the ratio of the relative frequency of
. the forecasts, p(f), to the relative frequency of the observations, p(x). That
is, BR = P (f) /p (x). This ratio can be computed for each category or value of the
variable; thus BR. = p(f.)/p(x.) (j=1;2, ... ,K).
BRj=l indicates that the
forecasts for the J j th catiegor/ are unbiased and BR. >«) 1 is indicative of
overforecasting (underforecasting) for that'catego:r/
The fraction of the forecasts that are correct (i.e., the set of forecastobservation pairs for which the respective values, or categories, correspond completely), FC, is perhaps the simplest measure of accuracy in this context. The
FC is defined as

Thus, the FG is the sum of the entries on the main diagonal of the performance
matrix.
For example, in the two-category situation, FC = p(f"x,) + p(f 2 ,x2).
This measure equals one when all of the forecasts are correct and zero when none
of the forecasts are correct, and it possesses a positive orientation.
The FC
is a reasonable measure of accuracy in situations in which the various values or
categories are approximately equally likely to occur. However, it can be quite
misleading in situations in which the climatological probabilities are unequal
and/or one va~ue or category occurs relatively infrequently (e.g., rare-event
situations) .
In cases in which the variable is ordinal, it is possible to distinguish
errors of different magnitudes.
For example, in situations involving
three. values or categories ".'one-category errors can be distinguished from 'twocategoryerrprs. In. such cases, it may be appropriate to determine the fraction
of forecasts correct within one category, the· fraction of forecasts correct
within two categories, etc.

D~tween

Many measures of skill (or relative accuracy) have been formulated for
forecasts of discrete variables (e.g"
see Murphy and Daan, 1985). Only a few
of these measures will be discussed here. Perhaps the most familiar and widely
used skill s90re of this type is the Heidke skill score (HSS), which can'be
defined as
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where Fe:,. is the fraction correct for the forecasts of interest and Fer is the
fraction correct for chance (or random) forecasts.
In this- context, Fer =
bjP(fj)p(x j ); that is, the fraction correct for random forecasts of category j
is the product of the marginal totals for this category [i.e., p(f j) and p(x j )).
HSS = 1 fox perfect forecasts (f. = x· for all j), and HSS > «) 0 if the
forecasts of interest are more (l~ss) aJccurate than random forecasts.
In the
two-event situation, this measure becomes

, !

It is important to note that the standard of reference for HSS is random
forecasts, rather than climatological forecasts. Thus, HSS measures skill on a
scale in which the zero point corresponds to relatively naive forecasts. tt also
should be mentioned that, as defined, HSS depends on the relative frequencies
with which the various possible forecasts are used [i. e., it depends on the
p(fi)J·
Another skill score frequently used in this context is Kuipers I performance
index (KPI) (see Murphy and Daan, 1985).
- When long-term climatological
probabilities are replaced by sample climatological probabilities, KPI can be
defined as follows:

(

where FC e is the expected fraction correct for forecasts based solely on sample
climatological probabilities.
As in the case of HSS, KPI = 1 for perfect
forecasts and KPI > «) 0 for forecas·ts more (less) accurate than random
forecasts.
In the two-event situation, this measure becomes

Comparison of KPT and HSS reveals that they possess the same numerators but
different denominators. This difference is important, however, since it ensures
that KPI does not depend on the relative frequency of use of the various possible
forecasts.
For more detailed treatments of these and other skill scores for categorical forecasts, see Daan (1984), Murphy and Daan (1985), and Woodcock (1976). Further
discussion of measures introduced here and some other measures, in context of
rate-eventforecasting-, can be found'in Chapter XIII, Section B.
C.

P.rediction of - Maximum/Minimum Temperature and Time-specific
and Dew Point

1.

Predictand Definition

Temperature

The'maxiIhl:lI1l/in-inimum -temperature, time-specific temperature, and timespecific dew point each c-an be ,as stated earlier, predicted quite readily by
application of multiple linear regression.-.
For temperatul;6 qr c1.ew point yalid
at specifict-imes ,there is little ambi"guity about the predictand; it is simply
the observed temperature or dew point, usually available in whole -degrees
XI-8-
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Fahrenheit or Celsius. However, choosing the right predictand for the maximum/
minimum temperature is not as straightforward, since these values are observed
for specified periods of time (e.g., 6 hours, 12 hours, or 24 hours ending at a
specific UTC time). The definition used for the predictand should be guided by
user needs.
If daily (24 hour) maximum and minimum observations are available
and this defini.tion ~eets user needs, then thcGC variablG3 can be U56d. On the
other hand, if forecasters need maximum/minimum temperature guidance for daytime
or nighttime periods, the predictand should match these periods. If observations
of the maximum or minimum temperatures for these periods are not available, then
they should be estimated, to the extent possible, from other temperature data.
For example, an algorithm could be used to estimate the maximum or minimum
temperature from hourly or 3 hourly observations of temperature.
2.

Predictor Selection

The predictors used to develop MOS temperature and dew point forecast
equations
generally include numerical model forecasts,
surface weather
observations, and various climatic variables.
The model forecast predictors
should be interpolated to the station of interest before being offered to the
regression procedure.
The model predictors usually include forecasts of
temperature, dew point (or relative humidity), wind speed, and wind components
at various levels in the low and midtroposphere; thicknesses for several constant
pressure layers; temperature advection in the lower troposphere; precipitable
water; mean relative -humidity between the surface and approximately 500 mb;
relative vorticity in the midtroposphere; and stability indices. The valid times
of these predictors offered to the regression program are usually near or during
the valid time or period of the predictand.
It is many times advantageous to smooth the model fields before interpolation to station locations. This removes the very fine scale detail of the model
output which may actually be only noise. Even if this detail is meteorologically
meaningful, it may not be accurately forecast, especially at the longer
proj ections.
The specific smoothing function (filter) is not particularly
important.
- Heavy smoothing is appropriate for longer prbj ections; light
smoothing for shorter projections.
If it will be available operationally, the station's most recent surface
observation is included to account for local conditions.
Normally, these
observed variahles are offered as predictors only for equations with proj ections
ofa day or less. Because the observations may not always be available when the
forecast equations are evaluated in operations, - it is advisable to derive a
second set of equations without observations as predictors. This second set can
then be used in cases when the observation is not available.
The sine and cosine of the day of the year and of twice the day of the year
are often used as predictors to help account for intraseasonal'variations in the
pr~4ictand-predictor relationships.
If available, the climatic normal temperature or dew point can also be included as climatic predictors.
Virtually all ,predictors for temperature or dew point equations are used as
continuous variables. -.However, cluring the winter, the use of snow cover as a
binary predictor helps to account for the temperature-reducing effect of snow
Gover. Thus, for instance, the presence of a snow cover of specified depth might
act to lower the temperature -forecast by 3 to 4°F.
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The predictors used to develop perfect prog or modified perfect prog (see
Chapter X, Section B.5) equations tend to be similar to those for MOS equations.
Of course, the predictors must be available for both the development and
application of the equations. Because of the lack of observations, some of the
predictors used for MOS equations, such as vertical velocity, cannot be used.
Care must· be taken in selecting the observations to be used as predictors for
perfect prog temperature. equations to ensure that the relationships derived from
the observed data will apply to model forecast data. For instance, if we correlate the observed temperature (the predictand) with an appropriate predictor
(like the analyzed 1000 mb temperature), we will get a correlation that is very
close to LOin areas where the mean surface pressure is no more than a few tens
of millibars from 1000 mb; other predictors will contribute little or nothing to
the final equation. This equation will be of little value in a predictive sense,
because it will essentially use the direct model output as a forecast of the
surface temperature. That is, the equation will not interpret the model well,
bu.t only parrot the 1000 mb predictor. To avoid this type of problem, perfect
prog predictors are often lagged spatially (taken from observations at stations
surrounding the site of interest), temporally (predictors are observed 6 to
12 hours before the event of interest), or vertically (predictors like thickness
are used instead of the 1000 mb temperature).
Although these kinds of
adjustments may compromise the accuracy of the developmental perfect prog
results, the results on independent data will be improved.
3.

.:

(

Selecting a Developmental Approach

The length of the available dependent sample is a very important consideration in selecting the approach to be used in developing the forecast
equations.
Without a sufficiently long sample, stable equations cannot be
developed. In our context, a stable equation produces forecasts from independent
data with about the same level of accuracy as that obtained from the' dependent
data. The length of sample needed to produce this stability is almost impossible
to determine objectively, and therefore must be subjectively determined. In an
area or climatic regime where there is little interseasonal or year-to-year
variation in-the temperature, one season of data may be adequate. In areas where
the interseasonal variation is large, or extreme changes occur from one year to
the next, more than one season is needed and additional seasons are always
desirable. Balanced against this need for a large sample is the realization that
the MOS technique requires a sample throughout which the statistical character is tics of the underlying model are relatively constant.
Moreover, when a MOS
development is complete ,the model to which the equations are applied should have
characteristics similar to those of the model providing the developmental sample.
In contrast, the'perfect prog approach, by virtue of its reliance on observed or
analyzed variables for equation development, usually has an adequate sample of'
data available.
The availability of data will also limit the amount of seasonal stratification that can be used for equation-development. For temperature forecasting,
the determination of the proper seasonal stratification is quite important
because the relationships between- the predictand and the predictors often vary
during the year. Thus, in non-tropical areas, the same 850 mb temperature will
be associated with different .mInimum temperatures in December than in July
because: of the length o"f day and night and because of differences in the thermal
structure of .the atmosphere near the earth's sur-face. In gene:t;'al, we assume that
a 6 month or less seasonal stratification of the developmental data is an
absolute necessity for extratropical areas; in other words, equations must be

(

developed for both warm and cool seasons in order to obtain useful results.
Usually} 2 years or more of data are needed for the development of 6 month
temperature or dew point equations. If only two years of data are available, the
developmental cases should be spread somewhat evenly over the 2 year period.
Between 200 and 250 cases should be adequate for equation development if the data
are available from every other day or from two out of every three days, provided
that the years are not both abnormally warm or both abnormally cold. Equations
derived from a sample comprised of 3 or 4 years of data, however, generally
produce more accurate forecasts on independent data than equations developed from
only 2 years. Once a developmental sample consists of 5 or 6 years, little, if
any, improvement should be expected by adding data to the developmental sample
without shortening the developmental seasons. For that reason, when 5 or 6 years
of data become available, the data can be stratified into 3 month seasons
(spring, summer, etc.); this stratification usually produces more accurate guidance. As before, a sample of 200 to 250 cases, now spread somewhat evenly over
4 or 5 years, is a minimum for developing the equations. When many years of data
are available (for example, for a perfect prog development), 2 month seasons may
be appropriate.
A good strategy in developing temperature or dew point guidance for a new
numerical model is to use the perfect prog or modified perfect prog approach
first. When the physics and numerics of the dynamical model have stabilized, the
MOS approach can be applied.
If a stable model exists and a sufficient sample
of data is available, the MOS approach produces the more accurate temperature and
dew point guidance because MOS accounts for some of the systematic biases in the
model and because the MOS forecasts tend toward the sample climatic mean with
increasing projection.
Figure XI-2 shows mean absolute errors for maximum and
minimum temperature forecasts generated from the same numerical model by the
perfect prog and MOS approaches. In this comparison, 3 month MOS equations and
2 month perfect prog equations were used.
This comparison is of operational
forecasts made at the U.S. National Meteorological Center.
The perfect prog
equations were developed with 18 years of data stratified into 2 month periods.
Two MOSsystems were in operation, one in 1978 and 1979, and another starting in
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Figure· :XI- 2.
Mean absolute errors for perfect prog and MOS forecasts for
maximum temperature Ca) and minimum temperature (b) as a function of season
(spring:
March-May; summer:
June-August; fall:
September-November; and
winter:
December-February).
Errors were averaged for four projections and
approximately 120 stations in the United States.
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1980.
For the £Qrmer, the dependent sample sizes ranged from 5 or 6 years for
the 24 hour £orecasts to 2 years for the 60 hour forecasts, and the stratification was by 6.month seasons. For the system in operation between 1980 and 1985,
8 years of data were used for developing the 24 hour equations and 4 years for
the 60 hour equations, and the stratification was by 3 month equations.
Note
that the MOS forecasts were nearly always more accurate than the perfect. prog.
For forecast projections of 3 days or more, the MOSapproach is the best
approach to use if stable model data are available, since it incorporates the
uncertainty of the numerical model predictions.
In contrast, the perfect prog
approach gives the forecasts that would be expected if the numerical model were
correct. We'll discuss the problems associated with the development of mediumrange forecast equations in more detail in a later chapter.
4.

Equation Development

.Up to this point, we've discussed many of the generalities involved in
developing maximum/minimum temperature, time-specific temperature, and timespecific dew point forecast equations. The decision on whether to use the MOS
or perfect prog approach depends primarily on the availability of an adequate
developmental sample and on whether the numerical model is expected to change
significantly in the future.
With enough data, MOS is generally the more
accurate approach.
With either developmental approach, however, we noW must
consider the specific developmental methods that can be used to derive the
temperature and dew point equations. These include predictor selection criteria,
equation types, and simultaneous derivation options.
In this section, we will
discuss these methods as they apply to the derivation of ·temperature and dew
point equations and will also discuss the interpretation of our developmental
r~sults.
Details of the temperature and dew point fore'casting systems
implemented in the United States can be found in Carter et al. (1979), Jacks
et al. (1990), and Hammons et al. (1976).
a.

Predictor selection criteria

In the United States, we generally require that each predictor enter:tng a
temperature or dew point equation contributes at least 0.5 percent to the total
r~duction of variance.
We normally limit the number of predictors that can be
selected to 10.ifequations are being derived separately for each predictand.
For some stations, the number of predictors actually se~ected for an equation is
considerably smaller. However, if equations are being derived simultaneously for
several predictands, we recommend that the equations be. limited to a maximum of
12 predictors.
b.

(

Important predictors

.
For very short-range projections (0-12 hours), the temperature and: dew point
observed at or near the initial model time are frequently selected predictors in'
the MOS equations. because of the need to account for persistence and local,
conditions.
For projections of 1 to 2 days,
the low-level thickness
(1000..: 850 mb, or 850- 700 mb in the higher elevation areas), low-level temperature
and moisture, and 1000~ 500 mb mean relative humidity are the most important
thermodynamicpredictor,s ... At the longer range proj ections, as the nurnerfcal
model forecasts become less accurate, the climatic terms become increasingly
important.
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c.

Single station equations

Single station equations are generally used to derive temperature and dew
point forecast equations.
Over the years, we've found that the single-station
approach produces the more accurate guidance for these weather elements, since
temperature and dew point are strongly influenced by local environmental factors.
Local topography, station elevation, soil type, the presence of nearby water
bodies, urban-suburban differences, and other environmental factors strongly
affect the local heating, cooling, and moisture content of the air, thereby
affecting the temperature and dew point.
d.

Simultaneous derivation

The problem of meteorological consistency among the maximum/minimum temperature, time-specific temperature, and time-specific dew point forecasts must also
be considered.
For example, none of the time-specific temperature forecasts
valid during the day should exceed the maximum temperature predicted for the same
daytime period. Also, the dew point forecast valid at a specific time should not
exceed the temperature forecast for that time. As discussed previously, nothing
in the regression procedure guarantees that the various statistical forecasts
will be meteorologically consistent.
We can, however, reduce the chances of
inconsistent forecasts by deriving the equations simultaneously (see Chapter X,
Section D, for a discussion of simultaneous derivation). Figure XI-3 shows the
number of times when the temperature was forecast to be lower than the dew point
for both equations developed separately and simultaneously in a test on about
8000 independent cases for each forecast projection.
As a consequence of the
maximum or minimum temperature and all the time-specific temperature and dew
point predictands valid during a daytime or nighttime period being developed
simultaneously, the same predictors were selected for all the equations for each
of those periods.
(That is, simultaneous development covered 12 hour periods.)
Fig. XI-3 clearly shows that there were substantially fewer inconsistencies for
the equations derived with the simultaneous approach. Although not shown, it's
worth noting that we have not seen any general decrease in the accuracy of the
forecasts when a simultaneous derivation is used.
Note that, by deriving the time
specific temperatures and dew points
for
each projection within the
maximum/minimum temperature periods
simultaneously, we derive two equations to predict the time - specific
temperature and dew point valid at
. the proj ection common to two adj acent maximum/minimum periods (for
examp le, for 24 hours - - the end of
the 12-24 hour period and the beginning of the 24-36 hour period).
In
cases such as this, both forecasts
can be made operationally and the
average of the two forecasts used as
the final forecast.
This approach
also enhances the smoothness of the
forecast temperature/dew point trac. es at the point where predictors can
change appreciably.
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Figure ,XI - 3.
Number of forecast inconsistencies detected in' a test on independent data for;· 95 stations in the
United States for March-May 1979.
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e.

Interpreting equation coefficients

!

•

Because of the nature of the multiple regression procedure, it is somewhat
difficult to interpret the coefficients in the temperature or dew point
regression equations. Due to the intercorrelations among predictors, it is not
unusual to find that the signs of the predictors are contrary to what one might
expect. Thus, an increase in the forecast model temperature at 850 mb may appear
to be associated with a decrease in the time-specific temperature. Under these
circumstances, another predictor in the same equation (for instance, thickness
or temperature at a different level or projection) is increasing the timespecific temperature at the same time.
In other words, the linear combination
of the two predictors gives the proper forecast response. The magnitude of the
predictor coefficient is usually a good indicator of equation stability. Thus,
a change in a predictor variable should correspond to no more than a reasonable
change in the forecast variable. For instance, a change of 1°C in the forecast
850 mb temperature should, at most, cause a change in the predictand variable of
1 to 2 of.
Changes larger than this may indicate that some predictors in the
forecast equation are nearly collinear (see Chapter V, Section B).
This may
result in forecasts that are somewhat unrelated to meteorological conditions.
The problem can often be detected by looking at the forecast coefficients.
Table XI-l shows an instance of a forecast equation with near-collinear
predictors.
Note the excessively large coefficients for the temperature
predictors in part (a). When the equation was redeveloped, the coefficients were
much more reasonable in magnitude.
The chances for multicollinearity can be
reduced by avoiding predictors that are very highly correlated to one another,
by using larger developmental samples, and by increasing the reduction of
variance required for a predictor to enter an equation.
The use of different
smoothings of the same basic predictor at the same forecast projection should be
avoided because these smoothed predictors will be highly correlated.

i
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(

Table XI -1.
MOS forecast equation for the maximum temperature at Lander,
Wyoming:
(a) before, and (b) after multicollinearity among predictors was
eliminated. In equation (a) , the only difference between variables of the same
meteorological quantity (for example, the 1000 mb temperature) is in the
smoothing applied to the predictor field.

(a) BEFORE
Predictor
Boundary layer temp.
Cosine 2*day of year
Boundary·layer temp.
700 mb u wind
1000-500 mb thickness
1000 mb temperature
1000 mb temperature
500 mb height
850 mb temperature
700 mb temperature
Constant

(b) . AFTER
Coefficient

13.04
-7.10
-13.42
0.45
0.06

3.02
-13.51
-0.02
21.59

-9.93
-380.2

Predictor
Boundary layer temp.
Cosine 2*day of year
~oundary layer wind speed
700 mb vertical velocity
1000-850 mb thickness
700 mb u wind
Boundary layer wind speed
850 mb temp. advection
700 mb v wind
850 mb v wind
Cono?tant
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Coefficient

(

1. 22
-8.49
-3.97
2943.
0.06
0.21

3.92
-0.32
-0.70

1.13
-395.6

...

5.

System Evaluation

The software used to develop regression equations will provide certain
measures of the quality of the forecasts that would obtain on the developmental
data set.
At the very minimum, the reduction o·f variance and the mean and
variance of the predictand will be provided. From these, the MSE and RMSE can
be determined. However, usually these measures, by themselves, are insufficient
to make the decision of whether or not to implement the system.
If at all
possible, forecasts should be made from the equations for an independent (or
test) sample to judge whether or not the equations are stable.
(This is
especially important in the early phases of interpretation projects. It may be,
that as procedures become established and the characteristics of data samples
become known, not all newly developed equations need be tested on independent
data.)
This judgment should be based on various measures, including some of
those discussed in Section B. Many times there is a "competitor"--an existing
operational system, or an alternate new one.
If so, forecasts for all
competitors should be made on exactly the same test sample (matched samples) and
compared with appropriate scores. Besides summary measures, it is worthwhile to
look at the distributions of forecasts and matching observations, perhaps in
contingency table form or as a quantile diagram.
6.

Post-Processing Considerations

Because the simultaneous' derivation technique enhances, but does not
guarantee, forecast consistency, the forecasts should be checked for consistency
before being issued operationally. The temperature and dew point forecasts for
the same projection should be examined to ensure that the dew point does not
exceed the temperature.
If the forecasts are inconsistent, the average of the
two forecasts can become the temperature and dew point guidance for that projection; that is, a 100 percent relative humidity is predicted. The maximum/minimum
temperature forecasts can also be compared to the time-specific temperatures
valid during the appropriate period. In any case where the maximum (minimum) is
less (gre~ter) than the highest (lowest) time-specific temperature for the period
of comparison, the maximum (minimum) value can be set equal to the highest
(lowest) time-specific temperature.
Our experience indicates that in these
instances, the time-specific temperature forecasts provide a better estimate of
the maximum or minimum, particularly as the inconsistencies become large.
7.

Operational Characteristics

Both the MOS and perfect prog approaches can predict record breaking
. temperature or dew point values. While MOS tends toward the mean, particularly
with increasing projection, unusual weather co'nditions 1 to 2 days in advance
can be predicted with good accuracy.
Perfec·t prog equations can, of course,
predict record temperatures, regardless of the forecast projection.
As mentioned previously, the MOS approach tends to forecast toward the
climatic mean with increasing' projection because of the decreasing accuracy of
information available from the numerical model.
In most instances, this is a
desirable characteristic.
However, in situations when the meteorological
conditions are both persistent and very abnormal; this tendency in the MOS
guidance results. in forecast temperatures that are too cool during hot spells and
too warm during cold spells.
Similarly, in situations where the underlying
sur·face characteristics are very abnormal (for instance, drought in a normally
wet area or a deep snow cover in an' area where snow is rare), the MOS guidance

will tend to predict more normal temperatures. This characteristic will hold for
perfect prog equations as well, if the developmental sample lacked an adequate
number of these unusual conditions.
Note that it is important for forecasters to be aware of the valid period
for the maximum and minimum temperature guidance.
If equations were developed
to predict the nighttime minimum, then the equations should not be expected to
forecast minimum temperatures that occur outside of the nighttime period. In the
United States, as many as 25 percent of the wintertime daily minimum temperatures
occur outside the midnight to sunrise period.
D.

Prediction of Surface Wind Direction and Speed

I.

Predictand Definition

j

.I

I

Even though we usually deal with surface wind as a continuous predictand,
unlike temperature and dew point discussed in Section G, the basic variable (a
vec tor) cannot be dealt with without some prior process ing.
The reasons for
processing the predictand are to make it easier to handle statistically and to
match its statistical characteristics with the user requirements for the
forecast.

I

(

Wind is observed as a vector variable consisting of speed and direction.
This presents special problems for its statistical treatment, as mentioned above.
Normally, the wind direction is predicted by using equations for the westerly
component (U) and the southerly component (V), in which case the direction is
determined from the components.
A separate equation is used for speed (8)
prediction.
The reason for not predicting direction directly is that it is a
cyclic variable and therefore difficult to handle statistically with linear
techniques.
The separate equation for speed is needed because speed estimates
from U and V would be biased low (underforecast).
It is not absolutely necessary to convert the wind direction and speed to
the three predictands. U, V, and S. At least for mid~ latitude stations where the
geostrophic wind is important, one might consider predicting the departure from
geostrophic direction and speed. For example, thepredictands could be expressed
as the angular difference from geostrophic in degrees, and the ratio between the
surface wind speed and the geostrophic speed.
This has its limitations,
particularly when the geostrophic speed is low (the pressure gradient is weak),
but one might choose not to predict the surface wind in such situations. That
is, equations would be developed to forecast speed ratio and turning angle from
geostrophic only for cases with geostrophic winds over a certain threshold. The
range of the variable being' predicted would be from -180° to +180°.
This is
still acyclic variable, but most values would likely be in the range _90° to
+90°, and the cyclic nature of the variable would not be a problem.
This
approach is appealing because the processes that affect the wind are easier to
relate· to the dfrection and speed than to the components U, V, and S.
When
forecasting the wind in mid-latitudes, forecasters may begin with a measure. of
the low level geostrophic wind. This approach has not been" used much and should
be thoroughly tested before use.
If this procedure were to be used, the
predictors offered for' selection should not, in general, be the same as those
offered for predicting U, V, and S· directly. For instance, the U component from
a numerical model may be a good predictor fOr the U (and V} component of the
surface wind, but may be very poor for predicting a deviation of the surface wind
direction from some other wind vector.

(
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Averaging or smoothing the wind observations before equation development is
done mainly to reduce the small scale variance in the dataset. Wind is a "noisy"
predictand in the sense that it varies considerably over space and time.
Figure XI-4 is an example of a series of hourly observations of surface wind
direction and speed at Regina, Saskatchewan. Even though each observation is a
1 minute average wind, there is still considerable variation in both direction
and speed from hour to hour. Such short term variations (small scale variance)
cannot be explained by the synoptic scale predictors that are usually available.
Furthermore, predictions of such small scale, short term variations may not be
required by the users of the forecasts. Averaging the observations over a period
of time offers a way of smoothing these out and thus matching the scale of the
observations to the scale of the predictor data that are available.
Sometimes
observations are available that have already been smoothed over longer periods
of time, for example, a 10 minute average wind.
If these are used, it may not
be necessary to do any further smoothing.
Alternatively, hourly observations
could be subjected to averaging centered on each valid time for which a forecast
is desired. For example, if forecasts are wanted for 1800 UTC, the observations
for 1800 UTC could be averaged with those for 1700 and 1900 UTC to give a centered average from three observations.

Hourly Windspeed
One minute average

Hourly Wind direction
One minute average .
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Figure XI-4.
A sample sequence of hourly surface wind direction (left) and
speed (right) observations for Regina, Saskatchewan,' April' 8, 1991.
All
observations are one minute averages.
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Another way in which wind observations may be processed is to choose the
maximum observed wind during a valid period. For example" if users of the forecast are particularly interes.ted in strong winds, a forecast of the maximum wind
may be of more use to them.
"Maximum wind" may be defined as the strongest reported wind in a sequence of observations covering the valid period.
The
reported gust might be used,. but gusts are very transient occurrences, and gust
data are likely to be even more noisy than regular wind observations.
2.

Predictor Selection

In mid latitudes, the most important driving force for surface winds is the
pressure gradient which under certain assumptions produces the geostrophic wind.
One would thus expect that geostrophic wind components would make good predictors
for surfac'e winds, and indeed they are o'ften selected first when offered.
However, the surface wind is usually far from geostrophic, and the biggest
challenge of predictor selection for wind is to (linearly) represent the non-geostrophic effects through other available predictors.
Other effects include:
curvature' (the gradient wind), acceleration (the isallobaric wind), and friction
(boundary layer turning).
The geostrophic wind and curvature effects can be estimated from low level
upper air data or from mean sea level pressure. data.
The isallobaric wind
requires a knowledge of the local rate of pressure change.
Effects due to
friction are harder to handle directly because the theoretical representation of
the friction effects on the, wind is complex and depends on parameters that must
be estimated.
A complete discussion of the physics of surface wind is beyond the scope of
,these notes, but the above comments suggest where to look for some predictors to
forecast surface winds. While it is possible to select predictors based solely
,on a knowledge of wind dynamics, it,is often hard to find linear forms of the
relationships. It is therefore more common to select "proxy" predictors--those
,that no,t only relate to the dynamics- of wind, but also describe the effects· of
those processes.
For instance, measures of low level stability may be used as
predictors. When used in combination with a low level wind predictor" stability
predictors express the. fact' that low level, free atmosphere winds are more
:strongly. related to surface winds when stability is low (unstable) than when it
is high. The related physical process is the vertical exchange of momentum which
:depends on the stability. Another kind of proxy predictor relates synoptic meteorology to the climatology of wind variations.
For example, if the strongest
winds tend to occur in the presence' of low pressure areas, vorticity or vorticity
advection may be used to describe the presence or absence of a low and thus they
may correlate well,with wind speed. Yet another type of predictor for wind is
removed one step further from the dynamics of wind: a time-of-day predictor is
related to the $trength of the insolation, which is related to the low level
stability, which is related to the strength of the surface wind compared to free
atmosphere winds.
The relat'ionship is certainly indirect, but predictors such
a~ this can describe some of the variation in wind speed and direction.
There
is no end to the creativity that can be exhibited in selectioH and design of
proxy predictors. However. one always must be sure that they bear some physical
relationship to the predictand.
So far, the discussion of predictors has concentrated on relationships of
surface wind to upper air elements that are likely to be readily available in
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observed or analyzed form for use in a perfect prog formulation. If model output
predictors are available, one may be further ahead to use MOS if the model
accounts for the dynamics of low level winds.
The model may in fact do an
accurate j ob of forecasting winds in the boundary layer,' in which case the
corresponding model output predictors can be used, for example, forecasts of low
level wind components.
If the model lacks resolution in the boundary layer or
its boundary layer parameterization is unsophisticated, it may be preferable to
use free atmosphere predictors in combination with proxy predictors as described
above, but derived from model output.
It should also be remembered that the
characteristics of a model's free atmosphere variables are usually less likely
than boundary layer variables to change as the model is further developed. This
is another reason for pre-ferring free atmosphere predictors over the boundary
layer ones.
Surface wind is subject to many local influences which also help account for
its variability in space and time.
Local effects include those due to local
topography such as channelling and gravity winds; small scale thermally driven
circulations such as land and sea breezes and winds associated with thunderstorms; and winds that combine both thermal and orographic effects such as
mountain and valley winds. Large scale predictors such as those described above
usually do not have the resolution to identify these local effects directly,
whether the predictors come from models or from observations. These local wind
circulations can be represented effectively in statistical forecast techniques
only to the extent that they are always identified with specific values of the
predictors.
For example, channelling can sometimes be treated in statistical
equations because it controls the climatblogical wind direction for a station,
and its effects are always present. Land and sea breezes are harder to treat,
because they interact with the larger scale circulation in complicated ways;
there is no unique signature on the surface wind that can always be identified
with a sea breeze. Furthermore, sea breeze circulations are highly transient in
space and time and may be missed altogether between forecast valid times.
Winds over land areas and winds over marine areas are sufficiently different
that they may warrant different treatment statistically.
Land winds have a
stronger diurnal cycle because of more rapid heating and cooling of land surfaces
leading to greater diurnal changes in low level stability. -Land winds are also
subject to local topographical effects. All this means that the relationship of
the mid-latitude surface wind in marine areas- to the geostrophic wind is simpler
and less variable in space.
For this reason, compositing of data over an area
for development of generalized equations is more easily justified for marine
winds than for land winds.
Compositing of data over several land stations c'an
lead to loss of ability to discern local effects, and therefore it is not
recommended unless the available development sample is very small.
The. discussion of predictor selection for winds would not- be complete
without consideration of wind prediction in tropical areas. The most important
difference from mid-latitude wind prediction is that the geostrophic wind
decreases in importance towards the equator, and thus it would not usually be
worthwhile to predict tropical surface winds as departures from the geostrophic
wind. In the tropics, average wind speeds tend to be lower than in mid-latitudes
(there is no belt of strong, free atmosphere-westerlies to drive them) and they
tend to be dominated more by local, thermally driven circulations. Where these
circulations form part of the local climatology, it should not be difficult to
find predictors to uescribe them. It is the transient wind-producing features,
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such as easterly waves and tropical storms,
reliable predictors.
3.

for which it is harder

to

,find

Example of Perfect Prog Surface Wind Forecasts

..

As an illustration of the above points, the following is a brief
description of the Canadian operational perfect progwind forecasting system.
The discussion is limited to the thinking that went into predictor selection and
the design of the forecast equations.
The predictand is surface wind direction and speed expressed as the three
components D, V, and S. Single station equations were developed for 210 land
stations. They are perfect prog equations; the development dataset consists of
8 years of upper air analyses. For development, the data were stratified into
three seasons of about 4 months each- -winter, summer, and a composite spring and
fall season.
One problem we faced in this application of the perfect prog method is that
forecasts valid every 6 hours were needed by the user even though the development
dataset had a temporal resolution (upper air) of only 12 hours. This problem was
solved as follows:
the data were not stratified by time of day; instead,
observations for the two times each day were composited. Then, special time-ofday-dependent predictors were created to express the diurnal variations. With
a time-dependent component to the equations, forecasts can be generated for any
time of day from one set of equations by using model output values of the
predictors valid at the desired time. Sample sizes were typically 1500 events
per equation.

(

The predictor selection followed the suggestions discussed above. The full
set consisted of the types listed below. Physical reasoning behind the selection
is given in parentheses.
- geostrophic wind components (the same three, D, V, and S) at several low
levels
- sine and cosine of geostrophic wind direction (help explain bimodal
distributions of wind direction as occur, for example, in deep valleys)
- relative vorticity at low levels (high winds occur near low pressure areas
in mid-latitudes)
- geopotential heights at low levels (same reason)
- low level thickness and thickness advection (thickness advection is related
to the isallobaric wind)
- low level· temperature advection (strong persistent surface winds occur
ahead of warm fronts)
- low level wind shear and thermal wind (works in combination with free
atmosphere winds)
- low level temperatures (not strongly related and not often chosen)
lapse rates and stability indices (vertical transport of momentum)
- low level temperature gradients (strong winds ahead of warm fronts and
.. behind cold fronts)
- low level relative humidity (presence of low pressure areas)
- horizontal shears and vorticity components (acceleration)
- surface isobar radius (curvature effect)
sine and cosine of the daY,of the year (seasonal variation in speed)

(

...
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In addition, previous statistical studies relating upper air baroclinicity,
stability, and average geostrophic wind speed variations to surface winds were
used to provide predictors (Hoxit, 1973). Use of previous statistical studies
is valuable as a way of effectively extending the dependent dataset, as long as
it can be assumed that the nature of the relationship is stationary in space and
time.
The relationships were modified somewhat to fit the data that were
available for development. Finally, the aforementioned time-dependent predictors
were added. These consisted of sinusoidal functions (which the diurnal average
wind speed curve resembles) used alone but also modulated by day of year
(strength of diurnal variation varies with the season) and by cloudiness (reduced
insolation on cloudy days reduces the amplitude of the diurnal variation on
average).
These last predictors were among the most popular in the screening
step.
The statistical technique used in development was screening regression with
a backward look (or stepwise selection a~ described in Chapter V, Section B).
To help in the assessment of the equations and the development dataset, a
one-page statistical summary was designed for each equation.
Figures XI-5 to
XI-7 are examples of these dependent sample diagnostics for three of the
regression equations. The top third of each figure shows predictand statistics
for the dependent sample, while the rest of each figure shows information about
the equation--a residuals scatter plot at the bottom and statistics about the
predictors listed in the order of selection. At the top, the predictand mean,
standard deviation, and sample size are given, followed by two graphical displays
of the distribution. The left hand graphic shows the deciles of the distribution
and provides a quick visual guide to its smoothness. The median is also shown
here.
The right hand graphic is a predictand frequency distribution.
The
jaggedness of the distribution of speed (Fig. XI-7) is a roundoff effect; the
winds are reported in knots but used in km/h for development. Distributions of
U and V are reasonably close to normal, but the distribution of speed is skewed
and bounded at 0. Even so, except for the spike at 0, the distribution of S is
bell-shaped and can be adequately treated as a continuous predictand. The values
near
are much less worrisome than the relatively few, but very important values
above, say, 35 km/h.

°

Next, the- predictor name, range, mean, coefficient, and associated
additional reduction of variance are given, listed in order of selection and in
order of decreasing additional reduction of variance.
The total reduction of
variance for -the equation is immediately below, along with the intercept value
for this equation. It is typical that a large portion of variance is explained
by the first nne to three predictors.
For our application, it is also typical
that more of the variance is explained with fewer predictors for U than for V
or S.
The physical relationship is easy to see for the first two or three
predictors, then it becomes harder because predictors are selected based not only
on their individual relationship with the predictand, but also for their ability
to explain variance that hasn't already been explained by the other predictors.
In both the U and V equations, the first two predictors are essentially
geostrophic wind components. For example, the first predictor chosen (surface
dp/dx) says that high U (strong west winds) goes along with strong geostrophic
north winds (coefficient negative).
This expresses the fact that for this
station, the strongest winter winds are northwesterly or southeasterly. Thus the
first two predictors often describe the climatologicatly preferred wind
direction.
As one more example, consider the second predictor for the speed
XI-2l
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Same·as Fig. XI-5, but for wind speed (S).
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equation, 1000-500 mb thickness advection (Fig. XI-7).
It has a negative
coefficient which means that high speeds are associated with cold air advection.
This expresses the wind climatology of the passage of strong cold fronts in
winter.
The residua1s scatter plot is a plot of the differences between the
estimated and actual value of the predictand for the dependent sample as a
function of the forecast values of the predictand. It is desired that there be
no visible structure to the residua1s; they should look randomly scattered about
the zero line.
If there is any pattern to the residua1s, it may mean that an
important predictor has been left out.
In the three examples presented here,
there is no apparent pattern.
The striations in Fig. XI-7 are once again a
roundoff effect which concentrates the points along lines corresponding to
integer values of the predictand.
D.
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XII.
A.

INTERPRETATION AND VERIFICATION FOR
PROBABILISTIC FORECASTS

Introduction

In the previous chapter, we discussed the interpretation and verification
of quasi-continuous weather variables such as temperature, dew point, and wind.
For the specific variables discussed, the frequency distributions of the observed
data suggest that they can be treated as continuous, nonprobabilistic predictands. However, other quasi-continuous weather variables, due to their nonnormal
distributions, are better treated as sets of binary predictands. These include
precipitation amount, cloud amount, ceiling height, and visibility. Still other
meteorological phenomena, such as the type of precipitation, are inherently
discrete.
In this chapter, we will discuss the statistical interpretation_
methods used for weather variables that are treated as (sets of) binary predictands.
As discussed in Chapter V, forecast equations developed for binary
predictands (events) yield estimates of the probabilities that the particular
events will occur.
The definition of the predictand categories--and the set of binary
predictands--should be based on user needs and on the amount of available data.
If a sufficient sample of data is not available for a particular category (i.e.,
a very large precipitation amount category), then we will be unable to derive a
stable equation for that category. For each predictand category, a value of one
is assigned if· the observed value falls within that category and a zero if it
does not.
In this chapter, we will first discuss various measures used to evaluate
probabilistic forecasts. Then, we will describe the specific techniques used to
derive equations to predict the occurrence, amount, and type of precipitation;
cloud amount; ceiling height; and visibility.
Examples of the methods used to
develop forecast equations for estimating probabilities and some sample verification results will be shown,
We will also briefly discuss methods used to
transform the probability forecasts into categorical forecasts; verification
measures that can be used to evaluate these categorical forecasts are discussed
in Chapters XI and XIII.
B.

Verification Methods for Probabilistic Forecasts

As in the case of nonprobabilistic forecasts, three classes of verification
methods for probabilistic forecasts can ,be identified:
(1) the basic distributions; (2) summary measures of these distributions; and (3) performance measures
and their decompositions-. The principal difference between this situation and
the situation considered' in Chapter XI, Section B, relates to the fact that, in
the case of probabilistic forecasts, the number of distinct forecasts generally
exceeds the number of distinct observations.
The discussion of verification
methods in this section is restricted to probabilistic forecasts for variables
that either are inherently discrete or are treated as discrete. Such variables
can be defined in terms-of sets of mece categories (or ranges of values).
In
some cases, it will be useful to distinguish between forecasts for nominal and
ordinal variables (see Chapter IV, Section A) and between situations involving
two and more than two. categories. For a- more detailed treatment of some of the
verification methods introduced here, see Murphy and Daan (1985).
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In this context, let the vectors f j and X j denote the ith forecast and ith
observation, respectively, in the verification data sample.
The forecast f j
consists of K probabilities f
(fjj~O,
=1; j=1,2, ... ,K) and the
0
O
observation xi consists of K binary numbers, one of which is one and K - 1 of
which are zero (xi' = 1 if the j th category occurs and Xi J= 0 otherwise).
This
notation can be si4p lified in the two-category (K= 2) situation. In this case,
f j2 = 1 - f i1 and x i2 = 1 - x i1 ' and the vector forecast and observation, f i and xi' can
be replaced by a scalar forecast and observation, f i (= f n ) and Xi (=x i1 ),
respectively.

2.:/

1.

I

Basic Distributions and Summary Measures

As in the case of nonprobabilistic forecasts, the joint, conditional, and
marginal distributions contain all of the (nontime-dependent) information
relevant to the absolute verification of probabilfstic forecasts.
These
distributions also can be displayed in the form of contingency tables.
It is
important to recognize, however, that the dimensionality of these tables- -and the
verification problem itself--is greater in this context. Specifically, unlike
the case of categorical forecasts in which the number of distinct forecasts
equals the number of categories, the number of distinct probabilistic forecasts
(T, say) generally exceeds the number of categories (K). Moreover, the number
of distinct probabilistic forecasts can increase dramatically as the number of
categories increases.
For example, in a two -category situation involving
probabilistic forecasts with T=ll distinct probability values lft=O(O.l)l;
t = 1, 2, ... ,Ill, 11 distinct forecasts can be identified. However, in a threecategory situation involving this same set of permissible probability values, the
number of distinct forecasts is 66.
Thus, the dimensionality of contingency
tables, for probabilistic forecasts can become quite large.
Graphical displays of the basic distributions can provide particularly
valuable insights into forecasting performance in this context.
Two types of
displays will be described .and illustrated here for the case of two-category
forecasts. Fig .. XII." 1, the first display, consists of an attributes diagram (Hsu
and Murphy, 1986) ~md a predictive distribution diagram, each of which depicts
the performance characteristics of a set of objective forecasts and a set of
subjective forecasts. In the lower portion of this display (attributes diagram) ,
forecast ~obability (f t ) is plotted agains.t conditional observed relative
frequency x t ) [the latter are the means of the conditional distributions p(xlf)]
for the T distinct probability values ft.
The correspondence between the
empirical curves (solid for ·the obj ective forecasts and dashed for the subjective
forecasts) for the verification data samples and the 45° line (long dashes),
representing xt=f t for all t, provides insight into the reliability of the
forecasts. The precipitation probability forecasts depicted in Fig. XII-l (for
Portland, Oregon, cool seasons 1980-1987, 12-24 hour lead time) appear to be
quite reliable, although a slight tendency exists for conditional observed
relative frequencies to exceed forecast probabilities (underforecasting).
lrisights into other characteristics o'f forecasting performance are provided
by the other lines in this diagram . . The departure of the empirical curves from
the horizontal line (solid), for which 'it == X, is an indication of the resolution
of the forecasts·. Moreover, the dashed line (short dashes) mid-way between the
reference lines t = f t (long dashes.) and x t = x (horizontal) is the line of zero
subsarnple skill.
Subsarnple' skill is positive (negative) for points that fall
above (below) this line and are to the right (left) of the vertical line (solid),
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Figure XII-l. Attributes diagram (lower portion) and predictive distribution diagram (upper portion) for sample of
precipitation probability forecasts.
See text for additional details.
which represents f t = X.
It appears that the resolution of these forecasts
(objective and subjective) is quite substantial and that subsample skill is
generally positive.
The diagram in the upper portion of this figure depicts the predictive
distribution p(f). This distribution, together with the characterization of the
conditional distributions of observations given forecasts, provided by the
attributes diagram,
constitutes a "complete" description of forecasting
performance in this context.
Specifically, these distributions are the
components of the calibration- refinement factorization of the joint distribution
p(f,x) and thus are sufficient to reconstruct this basic distribution.
In the
case of these data, we can see that the subjective forecasts are characterized
by more frequent use of high and low probabilities--and less frequent use of
probabilities near the climatological value--than the objective forecasts.
The second display, depicted in Fig. XII-2 (same data as in Fig. XII-l),
consists of a discrimination diagram. In this diagram, we plot the conditional
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distributions of the forecasts given the observations, p(flx).
For a twocategory variable such as precipitation occurrence, we would hope that only low
probabilities were used on occasions when precipitation did not occur and only
high probabilities were used on occasions when precipitation did occur, leading
to two conditional distributions--namely, p(flx=O) andp(flx=l), respectively-that do not overlap.
In reality, we cannot expect such a high degree of
discrimination, but the amount of overlap (and other characteristics) of these
conditional distributions represents another important indicator of forecasting
performance.
When the marginal distribution of the observations, p (x), is
considered in conjunction with these two conditional distributions, we once again
have a "complete" characterization of forecasting performance.
This characterization is related to the likelihood-base rate factorization of the joint
distribution p(f,x).
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Figure XII-2. Discrimination diagram for a sample of precipitation probability forecasts.
See text for additional details.

In the case of the verification data samples considered here, it appears
that a moderate level of discrimination has been obtained for both types of
forecasts (see Fig.XII-2), although considerable overlap between the respective
conditional distributions still exists.
It is clear that the subj ective
forec,asts make more frequent use of high and low probabilities on occasions with
and without precipitation, respectively, than the obj ective forecasts. However,
the forecasters also assigned low (high) probabilities tro occasions with
(without) precipitation more frequently than the objective forecasting method.
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2.

Performance Measures and Decompositions

a.

Nominal variables

In the case of probabilistic forecasts for nominal variables, the basic
measure of accuracy is the probability, or Brier, score (PS) (Brier, 1950). For
the verification data sample (fi,X i ); i=1,2, ... ,N},
PS

=

(

l/N) L.:.1 ( f.1 - X·1 )( f.1 - X.)
, ,
1

where a prime denotes a transpose.
We can write PS in terms of the K scalar
components of the vectors f i = (f i1 , f i2 , ... , f iK ) and xi = (x i1 ' x i2 ' ... ,x iK ) as
follows:

In effect, PSis the mean square error of probabilistic forecasts, as noted in
Chapter IV, Section H.
Note that 0:5 PS:5 2, with PS = 0 for perfect forecasts
(i.e., categorical forecasts that are always correct) and PS=2 for categorical
forecasts that are always incorrect.
Thus, the PS has a negative orientation
(i.e., smaller scores are better).
In the two-category (K=2) situation,we can write

(fj=fj1=1-fj2' x j =x i1 =1-x i2 ).
In this situation, it is sometimes convenient
to compute PS* = (1/2)PS rather than PS itself. PS* is referred to as the half
probability (or half Brier) score. Note that 0:5PS*:5l.
A measure of skill can be defined in terms of the PS for the forecasts of
interest relative to the PS for forecasts based solely on climatological
probabilities.
If this skill score is denoted by SSps' then

where PS c is the probability score for climatological forecasts. Note that SSps> «) 0
for forecasts that are more (less) accurate than climatolt>gical forecasts.
Moreover, SSps = 1 for perfect forecasts (PS = 0) .
If the vector C~(c1' c z "" ,c K) denotes the relevant set of climatological
probabilities, then it can be shown that

When the sample climatological probabilities are chosen as the standard of
reference (Le., cj=x j for all j), it follows that PSc=s/ and that
SSps = 1 - (PS/s/) .
It should be noted that this "sample skill score" is necessarily less than or
equal to an analogous skill score based on long- term (or any other set of)
climatological probabilities.
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Several decompositions of the PS can be formulated, and these decompositions
provide measures of other basic characteristics of forecasting performance. For
example, when a finite number of T distinct forecasts f t can be identified (t=l, 2, ..•. , T),
it can be shown that

••

I

I
!

..- I

PS = s/ + REL - RES

I
-I
I

(Murphy, 1973), where

and

in which Nt denotes the number of forecasts in the sub~ample for which f = ft, x t
is the average observation in this subsample, and X is the overall average
observation. From the definitions of the basic characteristics of forecasting
performance (see Chapter VIII), it is evident that REL represents a measure of
reliability and RES represents a measure of resolution.
The first term (sx 2 ) in this decomposition is simply the variance of the
observations in the verification data sample.
This measure contributes
positively to the PS, and it cannot be influenced by the forecasts (it can be
thought of as the uncertainty inherent in the forecasting situations).
The
second term (REL) relates to the distance between the various distinct forecasts
and the corresponding average observations--in the two-category situation, it
represents the average weighted squared distance between the empirical curve
c~aracterizing the reliability of the forecasts (f t versus Xt) and the 45° line
(x t = f t ), where the weights are the relative frequencies associated with the
respective subsamples (see Fig.XII-l). This measure contributes positively to
the PS (it can be thou~ht of,as the penalty for failing to achieve complete
correspondence between x t and f t ). rhe third term (RES) relates to the distance
between the average observations corresponding to the various distinct forecasts
and the overall average observation--in the two-category situation, it is the
average weighted squared distance between the empirical reliability curve and the
horizontal line (x t = x), where the weights are once again the respective
subsample relative frequencies (see Fig. XII-I).
This measure contributes
negatively to the PS (it can be thought of as the_rewj!rd for being able to
separate the observations into subsamples for which xtrx.
This decomposition of the PS is based on the conditional distribution of the
observations given the forecasts and thus relates to the calibration-refinement
factorization of the joint distribution. When the sample skill -score defined
previously is considered in the context of this decomposition,'it can be shown
that
SSpS = (RES - REL)/s/.
Note that SSps is positive (negative) when RES is greater (less) than REL.
An analogous decomposition of the PS can be defined that is related to the
likelihood-base rate factorization of the joint distribution., In this case, the
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. verification data sample is divided into subsamples on the basis of the distinct
observations (or categories). Then
PS

sf 2 + DIS1 - DIS2,

where
DIS1

(l/N)L:.N.(f.
- x.)
(f.J - x.)'
J J
J
J
J

and

(see Murphy and Wink1er, 1987), in which N· is the number of observations in the
subsample for which X=X j (a vector with t he jth component equal to one and the
other K - 1 com~onents equal to zero), f j is the average forecas t in this
subsamp1e, and f is the overall average forecast. From the definitions of the
basic characteristic of forecasting performance (Chapter VIII), it is evident
that the second and third terms in this decomposition are related to the
discrimination provided by the forecasts.
The first term ( sf 2) in this decomposition is simply the variance of the
forecasts, and it contributes positively to the PS. The second term relates_to
the distarlCe. between the average forecast associated with each observation (f j )
and that observation (Xl)' It contributes positively to the PS and_represents
the penalty for failing to achieve complete correspondence between f j and X j '
The third term relates.1=o the distance between the average f9recast associated
With, each observation (fj ) and the overall average forecast (f). It contributes
negatively to the PS and represents the reward for formulating forecasts whose
means differ from observation to observation (and thus differ individually from
the overall mean).
b .. Ordinal variables
In the case of probabilistic forecasts for ordinal variables, the basic
measure of accuracy is the ranked probability score (RPS) (Epstein, 1969; Murphy,
1971) . For the verific~.tion data sample, the RPS can be defined as' fO'llows:

where Fij =~kfik and Xij =~kXjk (k= 1, 2, ... , j). Since Fij and Xij are defined as the
sums of the components of the forecast vector (f j ) and observation vector (X j ),
they are sometimes referred to as components of thec'Umulative forecast and
cumulative observation, respectively.
As defined here " the RPS ranges ·from zero for the best possible forecasts
to K-l fot" the worst possible forecasts (i.e., O:::;RPS:::;K-l), and it possesses
a negative orientation.
Note that the worst po~sible score depends upon the
number of categories. In the two-category (K= 2) situation, it can be shown that
RPS =PS*.
The form of the RPS is similar to the form of the PS, except that the former
(latter) is defined in terms of cumulative (non-cumulative) forecasts and
observations. Unlike the PS, however, the RPS is sensitive to distance (in the
XII-7

sense that it gives credit for partially correct forecasts).' In the threecategory situation, for example, RPS = 1 for a c'ategoric'al forecast that is in
error by one category and RPS=2 for a categorical forecast that is in error by
two categories. On the other hand, PS=2 for both of these forecasts.
A skill score based on the RPS can be defined in a manner analogous to
for the PS. Specifically,

.a

tha~

SSRPS = 1 - (RPS/RPS c ) ,
where RPS c is the RPS for climatological forecasts. As in the case of the skill
score based on the PS (i.e., SSpS) , SSRPS> «) 0 for forecasts that are more (less)
accurate than climatological forecasts, and SSRPS = 1 for perfect forecasts (RPS = 0) .
It is also possible to formulate decompositions of the RPS that are
analogous to the decompositions of the PS described in this section. The terms
in these decompositions can provide insight into various basic characteristics
of forecasting performance for probabilistic forecasts of ordinal variables.
C.

Prediction of the Probability of Precipitation

Of the various weather elements, temperature and precipitation are probably
the most important for public and agricultural weather forecasts.
In the
previous chapter, we discussed the statistical interpretation methods that are
generally used when deriving temperature equations.
In this section, we will
discuss the derivation of precipitation forecast equations. Precipitation can
be treated as either a continuous or binary predictand.
When treated as a
continuous variable, the predictand values would consist of all observable
amounts of precipitation (including no precipitation). For most locations, the
distribution of the precipitation would be highly skewed, since the vast majority
of observations would be either none or small amounts. Hence, equations derived
to predict precipitation in a continuous form would be tuned to these smaller
amounts and probably would not fit the data for the larger amounts very well.
Consequently, precipitation equations are usually derived for one or more binary
predictands.
The range ,of precipitation amounts is generally divided into
categories, and a binary predictand is used for' each category. The number of
categories and the limits used to distinguish each of the categories are usually
based on the sample size and the distribution of observed precipitation amounts.
Of course, there must be a sufficient sample of data available for each category
in order to develop a stable equation.
Fot;' precipitation, the most obvious categorical limit would simply
distinguish cases with measurable precipitation from cases with no measurable
precipitation. If measurable precipitation is observed, the binary'predictand,
value is set to 1; if no measurable precipitation is observed, the predictand
value is set to 0., Equations developed from these binary predictand data would
produce forecasts of the probability of, measurable precipitation, generally
referred to as just the probability of precipitation (PoP).
Note that' the
occurrence of non-measurable precipitation, a trace, is usually considered to be
insignificant and is included as a non-event. In this section, we will discuss
the development of PoP equations.
Later in this chapter, we will discuss
equations to fQrecastthe probabilities of other 'amounts of precipitation.

XII-8

(

(

1.

Predictand Definition

Observations of precipitation are available from many different sources of
weather data. Depending on the source, the observations are of the accumulated
amounts for different time periods generally ranging from 1 hour to about 1 day.
For the development of PoP equations, the precipitation data are transformed into
a binary form based on whether measurable precipitation occurred during a
particular period. If we want to develop equations to predict the PoP over a
12 hour period, we will need the observations of the accumulated precipitation
over the 12 hour period to develop the equations. Once developed, the equations
will produce forecasts which are only valid for the entire 12 hour period; the
forecasts are not valid for any smaller period within the 12 hour period. For
example, if the forecast 12 hour PoP is 70 percent for a particular day, it would
be incorrect to say that the PoP is 70 percent for the morning and 70 percent for
the afternoon. If we want to forecast the morning and afternoon PoP, then we
need to derive separate equations for the morning and afternoon periods.
We
should also note that since the observations of precipitation used in the
development of the equations are for points (station locations), the PoP
forecasts produced by the equations are point forecasts. In other words, the PoP
forecasts give the probability of rain at a given point for the specified period.

2.

Predictor Selection

The data to be used as predictors for our equations are, of course,
dependent on which approach (perfect prog or MOS) we plan to use.
In this
section, we -will not limit the discussion to either developmental approach,
although some of the variables we discuss will not be available-if the perfect
prog approach is used. As mentioned before, we must ensure that the predictors
that we use in the development of perfect prog equations will be available when
the equation is applied operationally.
Generally, the most important predictors for the -development of PoP
equations are the 1000-500 mb mean relative humidity and, for MOS equations, the
model forecast precipitation amount. In the summertime, atmospheric stability
indices are also very important.
In addition, other variables which are
generally associated with the occurrence of precipitation should be included in
the list of potential predictors.
These variables include the vertical wind
component, relative vorticity and vorticity advection, low level surface wind or
moisture convergence (or divergence--it makes no difference), upper level wind
divergence, wind components (especially in areas of major orographic features),
thermal advection, and precipitable water. Station specific predictors such as
station elevation or climatic relative frequency of precipitation should be
available as predictors for regionalized equations.
For very short range
forecasts, the observed weather and cloudiness at the time the forecast is to be
made should also be included as potential predictors, provided that these
observations will be available operationally when the equations are applied.
In Chapter V, we discussed the possibility of using the logit model when
the predictand is binary. Although this method produces good results, it also
requires a considerable amount of computation. Therefore, screening logistic
regression is not very practical for use in the development of large numbers of
PoP equations and is not widely used.
However, for the purposes of this
discussion, let's assume that the logit curve approximates the least-squares
curve that best fits our binary PoP predictand data. (In actuality, the best_-.fit
curve is dependent on the distribution of the predictor data with respect to
XII-9

occurrence and non-occurrence of the event.)
We will now demonstrate how
predictor transformations can be used to approximate this curve so that the use
of those new predictors in the linear regression model will tend to make use of
the full informatl.on content of the original (untransformed) variables.
Fig. XII-3 shows various relationships that could be derived to predict the
occurrence of precipitation based on the mean relative humidity. Note that some
of the lines plotted on this diagram are not actually the least squares fit for
the data, but do demonstrate predictor transformation methods that can be applied
to continuous data. In Fig. XII-3a, we've plotted the least squares logit curve
that relates the observed occurrences of precipitation to the forecast relative
humidity. For this example, we'll assume that this curve represents the "best
fit" of the data and we will try to approximate the curve by using a combination
of continuous and binary forms of the mean relative humidity predictor.
Figure XII-3b gives the least squares regression line for the same data. Given
that the logit curve represents a perfect fit (in the sense that it goes through
the predictand relative frequency for each value of the predictor), the
regression line generally overforecasts the probabilities when the forecasts are
between 0 and 50 percent and underforecasts the probabilities when the forecasts
are between 50 and 100 percent. Note that this method forecasts values less than
o percent and greater than 100 percent; these are, of course, underforecasts and
overforecasts, respectively. Although the final forecasts from the equation can
be confined to the range of 0 to 100 percent, the effects of anyone continuous
predictor can not be confined. We'll talk more about this concern later.

1

(

Figure XII-3c shows how a binary form of the predictor could be used to fit
the data. Note that an equation derived with only one binary predictor is likely
to underforecast the PoP for predictor values far below the binary limit and
overforecast the PoP far above the binary limit.
In this example, the PoP
forecast would be the mean of all the predictand data for those cases where the
mean relative humidity was less than the binary limit and the mean of all the
predictand data for those cases where the mean relative humidity was above the
binary limit. That is, the forecast equation will produce one of two possible
values on each occasion, the mean of the predictand computed on the developmental
sample when the binary predictor was 0 or the mean of the predictand computed on
the developmental sample when the binary predictor was 1.
So far, we've talked about using predictors in either a binary form or a
continuous form. However, both forms of the predictor could be used in the same
equation. In Fig. XII-3d, the combined effects of the continuous and a binary
form of the mean relative humidity predictor are shown. Clearly, this combined
effect more closely resembles the logit curve than either the continuous or
binary forms of the predictor alone.
If sufficient data are available, more than one binary predictor could be
used in the equation.
Fig. XII-3e shows how two binary forms of the mean
relative humidity, in addition to the continuous form, might fit the data. Two
binaries can be used to divide the forecast mean relative humidity into three
classes: one where the PoP is relatively low, one where the PoP is near the
climatological mean relative frequency, and one where the PoP is relatively high.
Within each class, the continuous form of the mean relative humidity provides a
gradual increase in the PoP as the mean relative humidity increases. Unlike the
logit curve and unlike the relationships that contain only one binary predictor,
relationships with two binary predictors are able to forecast near the climatic
mean for a much larger range of predictor values. Of course, the binary limits
XII-IO
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Figure XII-3. Sample predictand-predictor relationships between
the occurrence of precipitation and the mean relative humidity
in continuous and/or binary form.
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would have to be selected so that they distinguished cases when rain is unlikely,
cases when the outcome is relatively uncertain, and cases when rain is likely.
If, however, the binary limits are set too low or too high, the binary predictor
may enter the equation to account for the probabilities that are estimated to be
below 0 or above 100 percent from the continuous predictor alone (as in
Fig. XII-3b).
Figure XII-3f shows the relationship that could occur if the
binary limits are set too high or too low.
In this figure, note that, as the
relative humidity increases past a binary limit, the PoP decreases.
The
coefficient of the binary predictor is opposite what would be expected. Although
this combination of continuous and binary forms of the predictor may fit our
developmental data fairly well by limiting the range of the forecasts, it is
undesirable from a meteorological standpoint to allow the PoP to decrease as the
relative humidity increases.
How, then, can we ensure that our derived
relationship looks like Fig. XII-3e rather than Fig. XII-3f? There is probably
no certain procedure that we can use to attain this goal. However, we can and
should always check to see that the sign (+ or -) of the coefficients of each
binary predictor agrees with what should be expected from meteorological
reasoning.
(This "meteorological reasoning" can always be used for' single
predictor equations and for an equation that contains only transforms of a single
variable. However, with many terms in an equation, it is not always possible to
know from meteorological reasoning what the sign should be. However, if the sign
is not what's expected, one should question the use of that predictor.)
To
lessen the chances of getting a relationship like that shown in Fig. XII-3f, we
could avoid offering predictors with binary limits at the upper and lower
extremes of the continuous predictor.
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The regression coefficient of a binary predictor should also be examined to
see that it is not undesirably large.
For example, the binary coefficient in
Fig. XII-3d is about 0.6.
In words, this means that the PoP will change by
60 percent depending on whether the mean relative humidity at a station,is just
below or just above the binary limit.
Offering two binary forms of the
predictor, as in Fig. XII-3e, should help to reduce this problem.
Note that
neither of the two binary predictors in Fig. XII-3e may be able to provide a
sufficient reduction of variance to enter the equation if the binary predictor
shown in Fig. XII-3d is already in the equation.
Consequently, it; may be
necessary to eliminate the binary predictor shoWn 'in Fig. XII-3d from the list
of potential predictors to get the two binaries shown in Fig. XII-3e selected for
the equation.
We mentioned earlier in this section that the model forecast precipitation
is an important predictor for MOS PoP forecast equations. Like observations of
precipitation, this predictor 'has a highly skewed distribution with most of the
predictor values being either zero or small amounts. Because of this distribution, the relationship between the forecast precipitat.ion amount and the PoP will
be based mainly on these small amounts and probably would not fit the larger
amounts adequately. When larger amounts are forecast by the numerical model, the
equation could produce rather odd forecasts.
Consequently, the model forecast
precipitation amount should not be used as a continuous predictor. Instead, the
model forecast precipitation should be offered only in binary form.
Note,
however, that we do' not want to offer,the regression any binary predictors of
large amounts for PoP equations. If offered, these large amount binaries could
be selected to lower the PoP estimate toward 100 percent (as in Fig XII-3f) and
could produce undesirable effects operationally.
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3.

Selecting a Developmental Approach

For PoP forecasting, the MOS approach is superior to the perfect prog
approach since the MOS approach produces reliable probability forecasts.
This
is especially important for the longer range proj ections.
Depending on the
predictors used for development, both perfect prog forecasts or modified perfect
prog forecasts could be fairly reliable for proj ections of 1 to 2 days. However,
after about 2 days, the uncertainty in the model forecasts usually increases to
the extent that perfect prog forecasts are rather unreliable.
If reliable
probabilities are needed and the perfect prog approach is used, then some
technique will need to be applied to the forecasts to make them reliable. We'll
discuss the methods used to post-process perfect prog PoP forecasts in
Chapter XIV.
For PoP, the data for stations with similar predictand-predictor relationships are usually composited and regionalized equations are developed from the
composited sample. Equations developed from composited data generally perform
better on independent data than equations derived from a single station's data.
In addition, with regionalized equations, we can produce PoP forecasts for
locations which do not have observed precipitation data, provided that the new
stations are within the region used to develop the equation.
In Chapter X, we
discussed the techniques used to determine which stations should be composited.
For PoP, the predictand-predictor relationships between the observed occurrence
of precipitation and the model forecasts of either the 1000-500 mb mean relative
humidity or the model forecast precipitation amount are commonly used as the
basis for compositing stations.
For regionalized equations, station specific
predictors, such as station elevation and climatic mean relative frequencies of
precipitation, are commonly used as predictors. Note that the use of regionalized equations also enhances the spatial consistency of the forecasts for all
stations within a region.
Equations for overlapping periods (for example, the two, 6 hour periods
within a 12 hour period) are usually developed simultaneously. This enhances the
chance that the forecasts for the 6 hour periods will be consistent with the
forecast for the 12 hour period.
4.

Interpretation of Developmental Results

In Chapter V, we discussed, in general, how to interpret developmental
results.
As discussed in that chapter, the developmental results should not
primarily be used to infer the quality of the forecasts, but rather to look for
ways that we can modify our developmental techniques to improve the operational
forecast results.
In the section above, we discussed the need to check the
regression coefficients for the binary predictors in PoP equations to see that
the coefficients are consistent with our meteorological reasoning and to make
sure that the values of the coefficients are not undesirably large. We've also
mentioned the need to make sure that the forecasts are reliable. We generally
assume that the developmental estimates are reliable; that is, the estimates are
unbiased for the overall range of the predictor. However, there is no guarantee
that the forecasts will be reliable (unbiased) for a subset of that range.
Consider the reliability diagram shown in Fig. XII-4a.
In this diagram,
we've divided the PoP estimates from our regression equation into categories
(0-10, 10-20, ... , 90-100). For each category, we determined the mean estimated
value of the PoP and the observed relative frequency of precipitation.
If the
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mean of the regression estimates for a category matches the observed relative
frequency of precipitation for that category, then the forecasts for the category
are reliable.
In this diagram, all the plotted points fall on or near the
diagonal line (the line of perfect reliability) indicating that the regression
estimates of the PoP are reliable (unbiased).
If, however, the diagram looked
similar to Fig. XII-4b, the PoP forecasts for certain portions of the PoP range
are unreliable (biased). Similarly, the reliability diagram shown in Fig XII-4c
indicates that the PoP forecasts are unreliable in portions of the range. The
equation that produced the forecasts shown in Fig. XII-4b might be improved by
including additional binary predictors (note that the error pattern is similar
to what would be expected from Fig. XII-3b) and that the equation that produced
the forecasts shown in Fig. XII-4c might be improved by including the continuous
form of a binary predictor or by offering different limits for the binary
predictors.
We might also want to check to see whether the estimates for each station
composited into a region are unbiased. To do so, we could compare the observed
relative frequency for each station with the station's mean estimated forecast
probability.
If the mean precipitation probability estimate for any station
differs substantially from its observed relative frequency of precipitation, then
we may wish to exclude that station from the composited region and test to see
if it could be included with a different region.
Diagrams like those in
Fig. XII-4 could be prepared, but due to the limited number of cases in this
sample, the individual points might appear erratic.
5.

Operational Considerations

As with all probability forecasts, users of the PoP forecasts must
understand the nature of precipitation and the meaning of the PoP forecast. The
users must realiz.e that precipitation (especially convective precipitation) often
occurs in a spotty pattern.
Consequently, it is often impossible to make a
categorical prediction of whether it will rain or not.
The use of the PoP's
allows the forecaster to quantify his estimate of the likelihood of precipitation
for a particular location. Only forecasts of a 100 percent or 0 percent can be
wrong, since these forecasts say with certainty that the event will or will not
occur.
Forecasts between 0 and 100 percent mean that the event mayor may not
XII-14
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occur and therefore can never be wrong. A 20 percent PoP implies that in 2 out
of 10 similar situations precipitation will occur. Similarly, an 80 percent PoP
implies that 2 out of 10 times precipitation will not occur.
Only after a
sufficient sample of verification data becomes available is it possible to
determine whether a forecaster or forecast system is overforecasting or
underforecasting.
This point should be made clear to the users of the PoP
forecasts so that they interpret the probability forecasts correctly.
Documentation of the PoP prediction system is also important so that
forecasters can interpret and modify the statistical forecasts in a rational
manner. Forecasters using the objective PoP predictions should be aware of the
strengths and weaknesses in the guidance.
For example, since objective PoP
forecasts are usually closely related to the model predictions of relative
humidity and/or precipitation, the model predictions of these variables should
be evaluated to determine whether or not the objective PoP forecasts need to be
modified.
If the model's forecast of relative humidity for a particular day
seems to be too high, then the forecast PoP's will likely be too high; if the
relative humidity is too low, the PoP's will likely be too low.
Of course, if
these model errors occur systematically, the MOS approach, if used, would account
for this bias. For a perfect prog system, forecasters should also know that the
PoPs will not be reliable for the longer range projections. If post-processing
methods are applied to the objective predictions, forecasters should be aware of
these as well.
6.

Verification of the PoP Forecasts

The accuracy of PoP forecasts is usually measured by the mean square error
(defined in Section B.2.a as PS*). For convenience, we will call this score the
Brier Score, although it is really half of the score defined by Brier.
It can
range from 0 to 1, with a value of 0 corresponding to totally correct forecasts
and a value of 1 corresponding to totally incorrect forecasts.
In practice,
neither score is likely, since a 0 or 1 could only be obtained if all forecasts
were either 0 or 100 percent.
Furthermore, if a 50 percent PoP were always
forecast, the Brier Score would be 0.25. Experience has shown that Brier scores
for PoP usually range between 0 and 0.25.
Brier scores are generally better
(lower) at stations where the relative frequency of precipitation is near O--or
near 1, although this is a rare situation--and worse (higher) for stations where
the relative frequency is near 0.5. For this reason, it is often difficult to
compare Brier Scores for different stations or regions of the country, or for
different times of the year.
Because the Brier score has a strong dependence on the climatic frequency
of precipitation (see Glahn and Jorgensen, 1970), it is hard to interpret it
without comparing it to other information. For this reason, the skill score SSps
defined in Section B. 2. a is often computed. SSps is only weakly dependent on the
climatic relative frequency (Glahn and Jorgensen, 1970), but even so, one must
be careful in comparing skill (as measured by this score) of stations with
significantly different climatic regimes.
Fig. XII-5 shows skill scores for
objective PoP forecasts for the 12-24, 24-36, and 36-48 hour periods.
These
scores were based on the verification of PoP forecasts for 93 D.S. stations for
the October 1990 - March 1991 period.
In addition to the Brier score and the SSps' the reliability of the PoP
forecasts should be verified. As mentioned earlier, the reliability is usually
calculated for various forecast intervals. Fig. XII-6 gives a sample reliability
XII-15

·diag.ram for MOS PoP' forecasts for
stations in the United States for the
October Ha9
March 1990 period.
The forecasts were rounded to the
nearest allowed forecast value (gen'erally. 10% increments). The numbers
on the diagram indicate the number of
cases for each forecast value. . In
general,. these objective PoP forecasts are fairly reliable, although
there is a. tendency to underforecast
PoP in the range of 30 to 70 percent,
and to overforecast near 100%. This
overforecasting tendency near 100% is
probably the result of overshooting
caused by the use of continuous predictors and is common with regression-based forecasts.
Note that
perfect or near perfect reliability
does not indicate that the PoP forecasts are skillful.
If we simply
forecast the climatic relative frequency of precipitation, our forecasts would be reliable, but have no
real skill.
Consequently, both the
SSps and the reliability should be
considered
when
evaluating
the
fo,recasts.
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Post-Processing

As mentioned before, if 6 and 12
hour probability forecasts are needed, the equations for these probabilities should be derived simultaneously for overlapping periods. Even so,
it will still be necessary to check
these forecasts to make sure that
neither of the two probabilities for
the 6 hour periods exceeds the probability for the corresponding 12 hour
period. If either one does, it probably will be desirable to modify the
forecasts to make them meteorologically consistent.
D. Prediction of Precipitation Amount
1.

60,..----,-------r------,----,

2 - 1727
0-4660

10 20 30 40 50 60 70 80 90100
FORECAST PROBABILITY

Figure XII-6. Diagram showing reliability of U. S. obj ective PoP forecasts
March 1990 for
for October 1989
93 stations.

Predictand Definition

The sources for precipitation amount data are, of course, the same as those
discussed in the preceding section on PoP. In general, high quality precipitation amount data with 6 hour time resolution are available from synoptic
observations. Although the precipitation accumulations are reported for 6 hour
periods, the individual 6 hour amounts may be, and often are, combined to give
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12 or 24 hour accumulations, depending on the forecast requirements. Typically,
precipitation is considered measurable if 0.2 mm (0.01 inch) or more accumulates
during the designated period. Less-than-measurable precipitation may be reported
as a "trace."
The observed precipitation amount over a fixed period of time is a
continuous variable bounded at O. It often has a reverse J-shaped or exponential
distribution, with highest frequencies of occurrence associated with low amounts,
and relatively low frequencies of occurrence associated with high amounts. This
creates a problem for the statistical treatment of this predictand because it is
the high amounts which are often of most importance due to dangers of flooding.
There is no reason precipitation amount couldn't be forecast as a
continuous variable and this has been tried in some experiments.
It is
difficult, however, to find predictors that are linearly related to quantitative
precipitation, and it is therefore necessary to make liberal and creative use of
predictor transformations. Also, most forecast users do not need a forecast of
a specific amount of precipitation, but only a general range such as "25 to
50 mm." Furthermore, they may be interested only when significant (relatively
large) amounts are expected. For these reasons, quantitative precipitation is
commonly treated as a categorical variable.
When possible, the selection of
predictand categories and the limits associated with those categories should be
based on the needs of the users. For example if the risk of flooding in an area
increases quickly with accumulation of more than 20 mm of precipitation in
12 hours, the predictand could be transformed into two categories:
"more than
20 mm in 12 hours" and "less than or equal to 20 mm in 12 hours."
The predictand distribution in the dependent dataset should also be
considered when determining category limits in order to ensure adequate cases in
each category. The number of occurrences of more than 20 mm in 12 hours might
not be large enough to produce a stable forecast equation for that category.
Depending on the climatology of precipitation, sample size considerations might
dictate different categorizations for different stations or different station
groups.
This also applies to user requirements:
precipitation amounts that
cause risk of floods in one area might be higher or lower than flood-causing
amounts in another area.
2.

Predictor Selection

From a meteorological point of view, there are two main classes of processes
that cause precipitation:
large scale ascent associated with mid-latitude
synoptic storms and/or large mountain ranges, and convective processes. In both
cases, upward vertical motion must be present, and sufficient moisture must be
available to produce the precipitation. These two types of processes are rarely
completely separable. For example, large scale processes help create conditions
favourable to the formation of convective storms in one area but suppress them
in another area.
Precipitation associated with synoptic storms may be highly
variable in space and time because of embedded convective cells.
The production of precipitation can be considered to be a mid-atmospheric
process, for the most part. Unlike temperature and wind, precipitation occurring
at the ground is not as strongly influenced by local processes operating in the
boundary layer.
The one important boundary effect on precipitation is the
presence of mountains or hills which, for example, can influence the location of
convective storms and thereby affect local precipitation climatology.
Since
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precipitation is mainly a mid-level atmospheric phenomenon, it is often quite
consistent over an area and can be analysed on a synoptic map. Where convection
is important though, large precipitation amounts may occur locally, and the
spatial consistency is much lower. The station observations that usually supply
the dependent data may be adequate for describing the precipitation associated
with synoptic storms, but thunderstorms can develop and die without ever passing
over a station"
Predictors which are considered because they are thought to
correlate well with convective precipitation amount may, in fact, not work as
well as expected since there are many cases where convection occurs but no
precipitation is observed at the station of interest.
Remotely sensed
observations such as radar data, satellite data, and lightning strike data, all
of which can give nearly continuous coverage of thunderstorms, can be used to
help alleviate this representativeness problem (see Chapters VII and XIII).
Not surprisingly> predictor sets for precipitation amount will usually
emphasize moisture, processes which favour large scale vertical velocity, and
structures and processes that describe convection potential. Moisture predictors
come in several forms- -relative humidity, dew point depression, mixing ratio, dew
point, specific humidity, and vapour pressure.
Of these, the first two are
perhaps most directly related to precipitation occurrence, since they describe
moisture content in terms of closeness to saturation. On the other hand, mixing
ratio and specific humidity are measures of the actual moisture content of the
air, and might be better related to the potential precipitation amount. A storm
cannot produce high rainfall amounts if it does not have access to an air mass
with high mixing ratio.
Since precipitation development usually requires
saturation through a deep layer, it may be preferable to average the moisture
predictors in the vertical rather than to use them as expressed at a single
level.
Vertical velocity is not measured and, consequently, cannot be used
directly as a predictor in perfect prog equations.
It can be used in MOS
equations. However, model predictions of vertical velocity are not necessarily
reliable, and therefore this predictor is often not selected for MOS equations.
Vertical velocity is also a model variable whose statistical characteristics are
easily affected by model changes. For all these reasons, vertical velocity is
often inferred by proxy, and when it is used, should be smoothed. Examples of
proxy predictors for vertical motion are the diagnostic omega equation (which can
be used in total or in terms of two of its components, vorticity advection and
thermal advection), upper level divergence, difluence, and low level relative
vorticity. Divergence bears a direct dynamic relationship to vertical velocity
through the continuity equation, while the height and vorticity predictors
express the fact that upward vertical motion tends to occur in the vicinity of
lows.
The potential for convection is usually expressed by stability indices.
Indices which use the temperatures and dew points from standard pressure levels
are the easiest to compute, but the choice should depend on which stability
measures work best at the location for which the equation is being developed.
Other predictors that describe stability are vertical temperature differences and
thickness differences between low level layers and upper level layers. Because
convection is sometimes initiated by strong insolation (particularly on summer
days), it may have a strong diurnal cycle.
Its dependence on insolation also
means it usually has a seasonal cycle as well. These variati,ons can be handled
by stratification of the data by time of day and by season and/or by using
special seasonal and time of day predictors.
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When selecting predictors, it is important to determine which precipitation
processes are influential in the forecast area.
For example, away from
mountains, predictor sets could be limited to stability indicators, moisture
predictors, and predictors that indicate vertical motion.
If convective
processes are dominant, predictor sets can emphasize diagnosis of processes that
encourage convection. Where orographic features affect precipitation, predictors
such as free atmosphere wind components that indicate upslope or downs lope flow
may work well.
If the numerical model forecasts quantitative precipitation directly, this,
of course, would likely be an important predictor.
However, models have
weaknesses in their handling of topography and convective processes since these
processes usually occur on scales below the resolution of the model. Nevertheless, the model's quantitative precipitation forecast should be tried as a
predictor.
In the tropics, precipitation is dominated by convective processes;
therefore, predictors would be chosen to describe these processes.
Also, the
effects of diurnal and annual cycles with respect to precipitation may be
stronger even than in temperate regions.
For many stations, the nature of the
planetary scale circulation changes considerably with the season, which may
intensify the seasonal cycle in precipitation.
For example, many tropical
locations experience "wet" and "dry" seasons, with practically all their
precipitation being received during one part of the year.~
3.

Example - MDA Precipitation Amount Forecasts for .Southern Norway

A power company in the Sira watershed area of southern Norway requires
medium range precipitation amount forecasts over the watershed for hydroelectric
power resource planning. Precipitation amount observations (24 hour totals) were
collected at four sites in the watershed area. A sample of 181 cases over one
winter season was available to be used in development of a statistical forecast
system.
Figure XII-7 shows the watershed area in dashed lines.
The area is
characterized by steeply sloping topography which suggests the precipitation
there might have an important orographic component. Since the four stations were
located close together in terms of the resolution of the available predictor
data, observations for them were averaged to produce a single precipitation
amount that was considered representative over the watershed.
The user requirements suggested that the predictand be categorized in three
categories: <1.0 mm, LOto 20.0 mm, and >20.0 mm in one day.
This categorization produced dependent sample sizes of 90, 75, and 16 events. respectively-fairly small, but adequate for illustrative purposes. In the deve18pment, care
was taken not to overfit the data, and independent test results showed that
overfitting had been avoided.
An application of MOS-MDA was used to develop the equations. All predictors
came from the output. of the ECMWF model except persistence which was offered as
a control. The predictor set that was offered to the MDA screening program was
determined iteratively. Basic predic·tors that were selected ·for use directly and
for creation of processed predictors includedgeopotential heights, temperatures,
wind components, vertical velocity, cloud cover, large scale rain, and convective
rain. In this case, precipitation was not only directly forecast by the model,
it was divided into large scale and convective components. The predictor set was
tested by itself and in various processed forms with the MDA screening program.
XII-19
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After each test, the predictors that were shunned were drqpped and other processed forms added. At the conclusion of these tests, the retained computed predictors were as shown in the following list.
The physical or climatological
relationship is identified in parentheses after each one.
- 1000mb and 500 mb relative vorticities (presence of a cyclone/vertical motion)
[1000 mb and 500 mb relative vorticities] > 0 (This is a piecewise
continuous predictor which expresses the fact that relative vorticity
correlates with precipitation amount when it is positive and is independent
when it is negative)
- Stability, expressed as (1000 mb temperature - 500 mb temperature)
U component of the 850 mb wind (orographic effect)
- 850 mb wind speed (orographic effect::)
850 mb wind speed multiplied by model cloud cover (orographic effect)
850 mb wind speed multiplied by stability (orographic, instability
enhanced)
model total precipitation
- [V component of 850 mb wind] > 0 (attempt to represent relationship to
orographic component only when it is positive (upslope), otherwise,
independent)
Square and cube of positive V component of 850 mb wind
- north-south temperature gradient at 850 mb (presence of warm front)
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Many
test
equations
were developed with subsets
of these predictors.
One
example was a 96 hour forecast, for which predictors
valid at 84, 96, and 108
hours were offered. In order to match the valid period of the predictors with
the 24 hour valid period of
the predictand, each was
averaged over three successive 12 hour periods.
Table XII-1 shows the
results of the MDA predictor
selection for the 96 hour
forecast. It is interesting
that the model's quantitative precipitation forecast
was chosen first.
This was
common in the experiments
and demonstrates the value
of the direct model output.
A glance at the group means
for the predictors selected
shows the expected relationships in most cases.
For
example, the 1000 mb height
goes down with increasing
precipitation,
indicating

(

Figure XII-7. Topography of southern Norway with
the SIRA watershed outlined in dashed lines.
The large dots are the four nearest model
gridpoints.
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Table XII-1.
Results of predictor selection for 72 to 96 hour
precipitation amount forecasts for SIRA watershed area of Norway.
"Time" is the valid time of the model output predictor, referenced
to 84 hours, the center of the predictand valid period.
Predictor

1.
2.
3.
4.
5.
6.

Time

Total Pcpn
0
1000 mb hgt
0
850 mb U2
+24
850 T, N-S grad +12
[V > 0]2
0
[V > 0]2
+12

Mahalanobis
Value
65.58
82.00
96 .60
105.56
111.33
127.26

<1. 0 mm 1-20 mm >20 mm
-------Group Means----1. 79
93.53
56.30
-1. 33
42.19
41. 31

4.27
54.11
68.85
-1. 57
49.02
57.24

10.61
-37.18
180.30
-0.86
93.08
39.80

increasing strength of low pressure areas.
The mean of the third predictor
increases with increasing precipitation, showing the large scale upslope effect.
The fourth predictor probably was selected to indicate the presence of a warm
front, but it doesn/t separate the categories as well as the others. The fact
that its lowest absolute value is for category three might suggest that a strong
convective or upslope wind component is necessary for high precipitation amounts.
The last two predictors relate to the upslope, which is greatest for south winds.
The Mahalanobis statistic in the table is cumulative,
all the predictors in the equation for each step in the
value is relatively high for a sample of 181 events,
discrimination.
The predictor means for the groups
discrimination for the first three predictors.

showing the value for
selection. The final
showing good overall
also indicates good

This example is intended to show the strategy that goes into preparing the
predictand and predictors for development of statistical forecast equations for
precipitation amount.
Other applications -may involve differ-ent statistical
procedures (REEP and logistic regression might also be used for this problem, or
the precipitation amount could be forecast directly by regression), but it is
always important to think carefully about the format of the predictand and the
physical processes that must be described by the predictors.
E.

Prediction of Precipitation Type

Precipitation type refers to the nature or phase of' the precipitation.
Outside the tropics, precipitation comes in four significant classes:
liquid
(rain, rainshowers, drizzle), snow (snow, snowshowers, snowgrains ,snow pellets),
freezing precipitation (supercooled rain -that freezes instantly upon impact with
a cold surface), and ice pellets (rain that has. frozen before reaching the
ground).
The demand for precipitation type forecasts'arises principally from the
difftculties posed by snow; freezing rain, and ice pellets, compared to those of
r-aiJ:l events.
The occurrence of a snowstorm, particularly a heavy one, has a
paralyzing effect on transportation, not only because of the hazards of reduced
visibility duriIlg the storm, but also because of the accumulation of the snow on
roads. With early warning of such events, specific' preparations can be made to
minimize the hazar~s. Often, the boundary between rain and snow in a specific
XII-2l
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storm is quite sharp. One station may get-only rain while another within 50 km
may have 30 cm of snow dumped on it. In comparison, freezing rain is one of the
most hazardous of weather events. When it occurs, everything is coated with a
layer of ice.
The danger of this to road transportation is obvious, but a
freezing rain storm accompanied by strong winds can inflict considerable damage
on trees, power lines, and other structures due to the additional weight of the
ice.
1.

,

,

Predictand Definition

As a predictand, precipitation type is inherently categorical, and it is
nonnumerical (nominal variable as opposed
ordinal variable, as discussed in
Section B.2).
There is no need to categorize it further; one needs only to
decide which forms of precipitation to include in each category. It is natural
to treat precipitation type as a two category-predictand, liquid types vs. frozen
types, and this is certainly warranted wherever ice pellets and freezing
precipitation aren't a problem.
Where freezing rain and ice pellets are
important, a third and/or fourth category may be included. In general, there is
nota sufficient number of cases of ice pellets available to derive equations for
this class alone, and, since the formation of ice pellets is more closely related
to the formation of freezing rain than to the other classes of frozen precipitation, ice pellet and freezing precipitation events are commonly included
together. In some developments, drizzle is not included in precipitation type
forecasts because it may not produce measurable amounts of precipitation. Also,
the physics of its development are quite different from the other precipitation
elements.

te
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Precipitation type is defined only when precipitation is reported. This
makes. it a conditional predictand- -conditional on the occurrence of precipitation. Dependent samples will include only cases when precipitation occurred.
Precipitation type may be defined to be at a specific time, over a given period
of time, or averaged over an area. If the predictand is for a period of time or
an area,- there must be a strategy for choosing thepredictand category when
different precipitation types occur during the valid period or over the area.
For instance, if rain changes to snow during a 6 hour valid period, one may
decide to define the event as "snow" for the whole period, since snow is more
significant than rain to the user of the forecast.
Or, one might be more
objective and choose the category which occurred for the greater portion of the
valid period.
2.

Predictor Selection

In order for snow to form, the temperature at the level of formation must
be below 0° Celsius. Since the temperature normally decreases with height, snow
can occur when the surface temperature is well above freezing, as much as 4 or
5° Celsius. Temperature and related predictors such as thicknesses are the most
important predictors to determine whether rain or snow will occur.
Other
predictors that are important for delineating rain-snow boundaries are lapse
rates and other. stability predictors. These can work in combination with low
level temperature predictors to relate temperatures at the level of precipitation
formation to the level- where the temperature predictors are expressed. Dew point
temperature is also related because evapotation from falling precipitation cools
the air. If the low-level dew point is below freezing, falling snow may not melt
as quickly due to evaporative cooling of the surrounding air even if the reported
temperature is above freezing.
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If freezing rain and ice pellets are included as separate types or as a
combined type, the problem of representing the physics through the predictors
increases considerably..
Freezing precipitation and ice pellets require the
presence of a temperature inversion. There must be an above-freezing layer aloft
for the rain to form, with a below~freezing layer below to cool the rain below
the freezing point. For freezing precipitation, the surface temperature must be
at or below freezing.
If the below freezing layer near the surface is not too
deep or not too cold, freezing rain occurs.
Otherwise, the rain may freeze
before it reaches the ground and ice pellets are reported.
Identification of
such details of the thermal structure is difficult from observation or analysis
data, and it may also be very difficult for a model to resolve the vertical
structure to the necessary level of detail. As an example, Fig. XII-8 shows the
mean 24 hour forecast vertical temperature structure for cases of rain,
freezing precipitation,ice pellets,
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perature soundings for occurrences of
In general, .forecast techniques
rain, freezing rain (ZR) , ice pellets
for freezing precipitation and ice
(IP), and snow.
Data were composited
pellets use mainly layer thicknesses,
for about 300 stations for 3 cool
particularly
700-850 mb
and 850seasons.
1000 mb thicknesses. The greater the
former and the lesser the latter, the
greater the probability of freezing precipitation or ice pellets.
Of course,
even these thicknesses are for reasonably deep layers, and the inversion may not
be at 850 mb.
If available, temperatures at various levels (as in Fig. XII-8)
can be used to derive predictors indicating the presence or absence of the
thermal structure favorable for freezing precipitation or ice pellets develop-,
ment.
If the. available datasets'.cannot provide sufficient resolution, proxy
predictors can be used. Since the strongest freezing rain events correspond to
the presence of strong-and sharp warm fronts (freezing rain does not usually
occur with a cold front), predictors that indicate the intensity of a storm may
help. For example, high low-level or mid-level vorticity, the presence of strong
winds, strong horizontal thickness gradients " or the presence of a strong veering
wind all might relate to the presence of a strong, well-developed warm frontal
structure.
Since the physical processes relating to separating rain and snow are
somewhat different' from those differentiating either of them from freezing
precipitation, ·the precipitation. type problem ,could be solved in two steps. The
first step would be to determine probabilities .for rain and for snow, and the
second step would be to determine the probability of freezing precipitation,
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using the special predictors intended for the purpose. This is perhaps a more
cumbersome alternative than using three categories in one system.
3.

Example - MOS-MDAPrecipitation Type Forecasts

Three-category precipitation type forecasts have been developed and are
running operationally for about 140 Canadian stations. Hourly weather reports
were used to obtain the predictand value.s, but they were defined over 6 hour
periods in an hierarchical fashion:

.I
I

(1)

The liquid category was assigned for the six hour period when rain
and/or rainshowers were the only precipitation events observed during
the period.

(2)

The frozen category was assigned when snow, snowshowers, snow grains,
snow pellets or any combination thereof was observed during the
period, with or without liquid precipitation.

(3)

The freezing category was assigned when any freezing rain, ice
pellets, ice pellet showers or combination was observed during the
valid period, with or without any frozen or liquid types.

I

I

(

Since precipitation type is a forecasting problem only in winter, data for
only winter seasons were used. For a few northern stations where snow can occur
any time during the year, "summer" equations were also developed. The valid time
of the forecast was designated as the beginning of the 6 hour valid period. That
is, a 6 hour forecast issued from 0000 UT~ is valid for the period 0600 UTC to
1100 UTC inclusive.
Forecast equations were developed for each 6 hour valid
period out to 48 hours, and a 60 hour forecast equation set was also developed.
The predictors came from the Canadian operational model, hence a MOS
approach was used.
Two winters of data were available.
The predictor set
actually offered was larger than absolutely necessary for the precipitation type
problem because it was also used for other predictands.
The predictors that
relate to the precipitation typing problem are listed below according to the type
of relationship.
Some of the predictors were offered with a 6 hour forward
offse·t in time, while others were offered as 6 hour trends.
(s trength o·f dynamics)
- vorticity at several levels
divergence at 1000 mb
west and south wind components at several low levels
vertical velocity at several levels
geopotential height at:700 mb
wind speed at low levels
vertical moistureadvection
streamfunction at 850 mb
horizontal wind shear components at 850 mb
horizontal gradients of thickness and dew point depression
-. thickness advection
(temperature-related. predictors)
temperature at low levels .
- thicknesses 1000-500, 1000-700, and 850~500 mb
- lapse rates 1000-700, 1000-500, 850-500 mb
XII-24
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- product of lapse rate and shear
- surface sensible heat minus solar heat flux at surface
- stability indices
(vertical structure necessary for freezing precipitation)
- layer thicknesses 1000-850 and 850-700 mb
- thickness difference (700~850)-(850-1000)
boundary layer thickness
- binaries of 1000-500 mb thicknesses
Note that some of the predictors listed above are highly specific to the
model and would be sensitive to a model change. For example, the boundary layer
thickness and heat flux predictors are particular to the physical parameterization in the model, which is more often changed than the model's dynamics.
However, it is worthwhile to give the model a chance to depict the details of the
thermal structure needed for predicting precipitation type. This is also a way
to evaluate the utility of the model's output variables.
With only two winters of data available for the development, it was
necessary to composite datasets over four to six stations within an area. The
station groupings were chosen subjectively on the basis of similarity of the
climatology. of precipitation type, especially the climatology of freezing rain
occurrence. Without the compositing, the sample size in the freezing precipitation .categorywould have been too small to generate stable equations, since
freezing rain is a relatively rare event.
This application presents a challenge to the MDA model because of the
distributions of the events in the three categories. Figure XII-9 is a plot of
one of the datasets as a function of the first two predictors chosen by the MDA
screening procedure. In terms of the first predictor, 1000- 700 mb thickness, the
snow and rain events seem to be well separated, with some inevitable overlap.
However, it can also be seen that, in terms of this predictor, the freezing rain
events all fall in the overlap area.
Furthermore, there are relatively few
freezing precipitation events. Since each event enters the MDA and the screening
procedure with equal weight, the predictor selection will favour the more common
categories due to their higher relative frequency in the dependent sample. Thus,
the special predictors for freezing rain may never be chosen, and the
discriminant analysis. will tend to ignore that category. This strategy might be
all right if the freezing category weren't more important than the others to
forecast accurately.
Because of this problem, . it is necessary to adapt the
procedure to do ·a better j ob of discriminating hetween freezing rain and the
other categories.
This' was accomplished by Tandom elimination of events from the common
categories so that, for the screening step only, the sample 'Si~es in all of the
categories were about equal. The effect of the category equalization can also
be seen in Fig. XII - 9.
The second predictor, north-south 850 mb dew point
depression gradient, does a reasonable job by itself of separating the freezing
rain events from the other two categories. This predictor, incidentally, bears
a climatological rel'ationship to the predictand in the sense that strong
wintertime warm fronts tend to he.. Rssociated with strong thermal and moisture
gradients in the north-south direction for this particular area.
Since there are three .categories, there are' two discriminant functions.
These are also shown on.Fig. XII-9, projected onto the plane of the first two
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MDA - PRECIPITATION TYPE
AS FUNCTION OF FIRST TWO PREDICTORS
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Figure XII-9.
Precipitation type as a function of the first two predictors.
The large dots represent the category means. The lines are the discriminant
functions projected onto the plane of the predictors.
predictors. There were six predictors used, and it would be necessary to examine
them all to fully understand the two discriminant functions. The first function
is nearly independent of the first predictor and shows a clear separation of the
freezing rain events from the other two categories.
In terms of the second
function, and in terms of the first two predictors, the three category means are
about equally spread.
Ov~r all
equations and all proj ections, the most frequently chosen
predictors were vorticity at 1000 mb, divergence at 1000 mb, upward surface
vapour flux, boundary layer thickness, west component of the 1000 mb wind,
surface sensible heat minus solar flux at surface, square of the west component
of the 1000 mb Wind, fractional low cloud, gradient predictors, and advection of
temperature and thickness. The predictors seem to emphasize the dynamics fir"st,
perhaps because these are the more consistent predictors, followed by the thermal
structure.

Figs. XII-IOa-c show in graphical form the results of the'MDA for one of the
groups of stations. Over the whole dependent saIilple of 330 rain events, 428 snow
events, and 40 freezing precip:ltationevents, the frequency distribution of
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probabilities is plotted from the MDA.
Probability distributions
are
shown
separately for the three categories. In
such a graph, a perfect discrimination
would be represented by a spike at 100%
for the category that occurred and two
spikes at 0% for the non-verifying categories.
For example, the graph for
liquid
precipitation
(Fig. XII-lOa)
should show a spike at 100% for the liquid category forecasts and spikes at 0%
for the other two categories.
The
graphs for liquid and frozen precipitation approach this ideal, but the freezing precipitation cases were not discriminated as well. For the cases where
freezing rain was observed, Fig. XII-10c
suggests the MDA tended to forecast high
probabili ties of snow more often than
high probabilities of freezing rain.
This is illustrative of the problems
associated with prediction of freezing
rain.
It must be remembered, though,
that freezing rain is a rare event statistically, and even a moderately high
probability (50% or so) can be seen as
"going out on a limb" for this element
when the climatological frequency is
only 5% at most (refer to Chapter XIX
where the two-category cost-loss ratio
situation ~s discussed).
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Figure XII-lOa. Frequency distribution of the forecast probabilities
when liquid precipitation was observed.

This example shows the application
of MDA in a MOS context to a nonnumerical, categorical predictand.
Other
techniques such as REEP and logistic
regression can be used for this predictand.
Application of REEP to multiple
categories requires separate treatment
of each category, reexpressed as a binary predictand. The same predictors may
be forced into equations for all the
categories to ensure consistency in the
probability forecasts. When the physics
is variable over the three categories, a
REEP application might better be treated
as two, two-category problems with different predictor sets.
Experiments
along this line might be worthwhile.
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F.

Prediction of Cloud Amount, Ceiling Height, and Visibility

Cloud amount, ceiling height (when present), and visibility are all examples
of quasi-continuous numerical (ordinal) variables.
Observations of these
variables are generally available from surface aviation and synoptic reports.
However, these variables pose unique challenges because of their nonnormal frequency distributions. In addition, the cloud amount can be defined to include
both thin and opaque clouds or can include just opaque clouds. The availability
of the appropriate observations in the developmental data sample is of obvious
importance. Reports of cloud amount may be in numerical form (as in tenths of
opaque cloud amount) or may be in categorical form (as in clear, scattered,
broken, or overcast). The frequency distribution of cloud conditions usually
tends to be U-shaped. When the clear, scattered, broken, and overcast categories
are defined as less than 0.1,0.2 to 0.5, 0.6 to 0.9, and 1.0 cloud amount,
respectively, the occurrence of clear or overcast conditions still could be more
frequent than the occurrence of scattered or broken. This type of distribution
is not ideally suited to be treated as a continuous predictand by a least-squares
linear regression technique.
Unlike cloud amount, ceiling height and visibility are defined unambiguously, but the lower classes of ceiling height and visibility are rather rare
events.
Moreover, these rare events may be due to mesoscale or micro scale
factors occurring in the atmospheric boundary layer. Thus, a high resolution
dynamical model with good boundary layer physics may be necessary to accurately
predict the lower extremes of ceiling height and visibility.
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Because of the problems associated with treating these variables as continuous predictands, we usually divide the range of each variable into distinct
categories and derive equations to predict a probability for each of the categories.
Then, after the probability forecasts are made, they are usually
converted to categorical forecasts.
Thus, for clouds, ceiling height, and
visibility we usually first develop statistical interpretation equations based
on binary predictands, use the equations to produce probability forecasts, and
then transform the probability forecasts to categorical forecasts. In this section, we discuss some methods used to develop stable forecast equations to
predict clouds, ceiling height, and visibility.
1.

Predictand Definition

The frequency distributions of the observed data for cloud amount, ceiling
height, and visibility need to be considered when defining the predictand. Let's
suppose that observations of opaque cloud amount, in tenths of the sky covered,
are available. As mentioned previously, we might consider treating opaque cloud
amount as a continuous predictand.
For stations where the cloud amount
frequencies are normally distributed, this might work very well. However, for
most locations, cloud amount observations have a bimodal or skewed distribution.
Fig. XII-ll shows the relative frequency distribution of observed opaque cloud
amount for nine stations in the northwestern United States during the October to
March period for the years of 1986~87 through 1989-90. Note the preponderance
of overcast conditions (la tenths) and the relative maximum of clear conditions
(0 tenths). The result is a J-shaped distribution with a mean of 6.7 tenths.
The standard linear regression approach accounts for the uncertainty of the
predictions by tending the forecasts toward the developmentaL sample mean. In
this case, this tendency is undesirable since observations near the mean are
relatively rare events. Other non-normal distributions of the predictand data
XII-28

(

are possible, depending on the climatology of the station.
However,
50 , . - - - - - - - - - - - - - - - - - - - - ,
suppose, for the data in Fig. XII-ll,
g
that we combine the reports of 0.1 to
b 40
0.5 cloud amount and of 0.6 to 0.9
zw
cloud amount. The resulting relative
::>
30
~
frequency distribution is shown in
rE
Fig. XII-12. Note that the distribution is somewhat better balanced,
although it is far from normal. If,
however, we define the predictand as
four binary variables (i.e.,
the
o
o 1 2 3 4 5 6 7 8 9 10
occurrences of 0.0, 0.1 to 0.5, 0.6
TENTHS OF OPAQUE CLOUD AMOUNT
to 0.9, or 1.0 cloud amount), the
four equations that we derive will
specify the cloud amount in terms of
the probabilities of the four cloud
Figure XII-ll.
Relative frequency of
categories. The probabilities of the
opaque cloud amount (in tenths) for
four categories will, of course, add
nine stations in the northwestern
up to 100%.
Thus, we've taken an
United States.
observation which is, to some degree,
continuous and treated it as four
binary variables. By developing equations to predict the probabilities of the
various categories, we attempt to account in some fashion for the nature of the
observed data.
Other problems occur with observations of ceiling height and visibility.
For instance, the reporting requirements for these variables usually allow only
certain values to be reported. Thus, the observations assume a discrete set of
values. There is also a certain amount of human error and subjectivity involved
in estimating ceiling height or visibility.
Under identical conditions,
different observers would likely make different estimates of the ceiling height,
particularly when middle or high clouds are involved.
Moreover, the human
estimates of ceiling height might not
match those determined by a ceilometer or other objective measuring
50 , . - - - - - - - - - - - - - - - - - - - ,
device. For visibility, values at a
station are limited by the availabilE 40
ity of landmarks at certain distances
G
z
w
and may be limited to a certain
30
::J
range. Moreover, estimating visibil~
ff 20
ity at night is difficult.
Finally,
the distributions of observed ceiling
height and visibility tend to be
10
highly
skewed;
the
operationally
o
important low ceiling height and low
o
1-5
6-9
10
visibility conditions tend to be rare
TENTHS OF OPAQUE CLOUD AMOUNT
events, particularly during certain
times of the _ day or year.
All of
these factors argue for dividing the
range of the ceiling height and visiFigure XII-12.
Same as Fig. XII-ll exbility observations into categories
cept for the relative frequency of
and deriving equations to predict the
clear, scattered, broken, and overprobability of each category. In the
cast.
United States, we have chosen to
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predict the probability of ceiling height and visibility conditions for the
categories shown in Table XII-2. When treating the ceiling height and visibility
predictands in this manner, a given predictand category is set equal to 1 if· the
observed ceiling height or visibility falls into the range of the specified
category and is set equal to 0, otherwise.
Equations are developed for each
category, and the forecasts produced by these equations give the probability of
the observation occurring in that category. Note that the probabilities of all
categories will sum to 100%.

-.

I
I

I

Table XII-2. Sample categories for the ceiling and visibility
predictands.
Category

1
2
3
4
5
6
7

Ceiling Height
(feet)

Visibility
(miles)

< 200
200 - 400
500 - 900
1000 - 3000
3100 - 6500
6600 - 12,000
> 12,000

< 1/2
1/2 - 7/8
1 - 2 3/4
3 - 5
> 5

For the ceiling height categories shown in Table XII-2, note that ceiling
heights of less than 1000 feet are divided into three categories. While these
low ceiling heights are very significant for aviation, they occur rarely and are,
therefore, difficult to predict.
This is particularly true if the numerical
model being used has a very coarse vertical resolution in the lower layers of the
atmosphere. The ceiling height predictand can be simplified if fewer categories
are used.
Thus, for example, some users might find the categories of
< 1000 feet, 1000 - 3000 feet, and> 3000 feet acceptable.
In fact, in the
United States aviation community, these conditions are described as instrument
flight range (IFR) , marginal visual flight range (MVFR) , and visual flight range
(VFR) , respectively.
The visibility categories might be simplified into
categories of < 3 miles, 3 - 5 miles, and > 5 miles.
For many users, these
categories should be adequate and may be more .predictable from the available
numerical model output.
It's possible (in fact, likely) that some users might want forecasts of the
ceiling height in terms of a specific height value. By treating the predictand
as a continuous variable, the developer could derive statistical interpretation
equations to predict specific height values.
Before deriving the equations,
however, the developer would probably want to define the predictand to be the
ceiling height, conditional upon a ceiling being observed (otherwise, what do you
do with "unlimited?"). Of course, some operational procedure would be necessary
to decide whether or not to forecast a ceiling.
Unfortunately, however, the
results from this type of development are usually unacceptable because the rare,
but important, occurrences of the lower ceiling heights would seldom, if ever,
be predicted. Rather than predicting the ceiling height directly, the ceiling
height predictand can be transformed to, for example, the natural log of the
ceiling height. This procedure gives more weight to low cei~ing heights in the
development of the equations.
The forecast equations so derived produce
forecasts of the natural log of the ceiling height; these foreca~ts would then
XII-30
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need to be transformed back to the original predictand. This method was tested
by Bocchieri and Glahn (1972) and is being implemented in the Local AWIPS MOS
Program (Unger et al., 1989).
2.

Predictor Selection

As mentioned previously, predictor selection for a perfect prog development
must be done carefully. Certainly, the developer must use variables that are not
only available from the numerical model (and are available in the developmental
sample), but are also predicted accurately by the numerical model. Thus, for
instance, while the vertical velocity might be important for cloud and ceiling
formation, this predictor will not be available in the observed developmental
database.
Moreover, the numerical models generally do not predict vertical
motion well.
Instead of the vertical velocity, predictors for a perfect prog
system might include geostrophic forcing functions of vertical motion, like
temperature advection in the lower troposphere, vorticity advection in the midtroposphere, etc. Terrain-induced vertical motion should also be considered as
a possible predictor in areas where topographic features affect cloudiness. In
general, geostrophic variables like wind, vorticity, and temperature and
vorticity advection at various levels are also useful as potential predictors.
Many of these model forecast variables can be used as both binary and continuous
predictors. Thermal predictors like temperature and thickness should be included
in a perfect prog development.
Finally, some indication of moisture is
absolutely essential for predicting clouds, ceiling, and visibility. Generally,
a mean relative humidity in the low to mid-troposphere (for instance, between
1000 and 500 mb) provides good information, particularly for predicting clouds
and visibility. The atmospheric precipitable water is another predictor that is
relatively conservative and, hence, potentially useful in a perfect prog system.
Dew point depression and relative humidity in certain lower tropospheric layers
are also possible predictors.
However, the developer must realize that the
correlations between the observed predictors and the predictand in a perfect prog
scheme might be much higher, particularly for ceiling, than the correlations
between the numerical model forecasts and the predictand. The low-level moisture
variables are essential from a meteorological perspective, but are very risky
from a perfect prog developmental viewpoint. The last predictor that might be
considered is an indication of precipitation amount.
This variable is very
difficult to incorporate into a perfect prog system and should not be used. In
a modified perfect prog approach where short-range model forecasts are used as
potential predictors, the precipitation amount can be included as a predictor,
but is still risky. If used, precipitation amount should be offered as a binary
predictor.
The perfect prog predictors must also be treated carefully because of the
time relationship between predictor and predictand. Because the observed lowlevel humidity is closely correlated to coincident ceiling height or visibility,
the predictorjpredictand relationship must be weakened somewhat. In short, the
numerical model will not produce forecasts of the low-level humidity field that
consistently resemble the real atmosphere.
Thus, the developer must lag the
predictor in time (that is, use observations that precede the event of interest)
or in space (by extensively smoothing the field). The other alternative is to
use a mean relative humidity over a deeper layer of the atmosphere that will not
be so closely related to what occurs in the boundary layer.
Choosing predictors for a MOS scheme is not nearly as troublesome as for
perfect prog. Generally, any variable that the numerical model forecasts and
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that is available in the. archive database can be inclUded ·as long as the
predictor is meteorologically reasonable. Thus, numerical model forecasts of
relative humidity, dew point depression, temperature, temperature advection,
thickness, precipitation amount, precipitable water, moisture convergence,
stability, relative vorticity, vorticity advection, vertical velocity, wind
components, and wind speed can all be used in a MOS development.
Either
geostrophic winds or actual model winds can be included. The relative humidity
forecasts can be fora given level or averaged for a layer of the troposphere,
and can be used as both continuous and binary predictors.
The precipitation
amount forecasts should always be used as binary predictors. Generally, for the
cloud forecast equations, the most important predictor is the model forecast mean
relative humidity from the surface to 500 mb. Other important model predictors
include forecasts of relative humidity from specific levels, vertical velocity,
low level moisture convergence, and wind. For ceiling height and visibility,
forecasts. of moisture in the lower layers or the boundary layer of the model are
usually the most important variables. Generally, the model predictors offered
to the regression procedure are valid around the time of occurrence of the cloud
amount, ceiling height, or visibility predictand. For MOS, variables like the
sine and cosine of the day of the year are included as potential predictors to
simulate the seasonal variation of the predictand. These variables are selected
more frequently as the forecast proj ection increases and the model provides less
information.
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For a regionalized equation development, certain climatic or stationspecific predictors are often included to attempt to distinguish between stations
within regions.
Thus, variables such as the climatic relative frequency of
specific ceiling or visibility conditions and the station elevation, latitude,
and longitude can all provide useful information.
Finally, there is good reason to blend MOS or perfect prog predictors with
those generally used in a classical approach. Early in the development of MOS
ceiling and visibility equations in the United States, developers found that
persistence was so important in predicting these weather elements that numerical
model forecast fields added little useful information for projections up to a few
hours (Bocchieri and Glahn, 1972; Bocchieri et al., 1974). Thus, in a MOS or
perfect prog system, observations should be offered as predictors for forecast
projections of 12 hours or less. Beyond 12 hours, the effects of persistence
decrease substantially. Generally, the observations used as predictors are the
same as those that would be used in a classical development (see Chapter XVII).
If possible, the most recent observations that will be available when the
equations are applied operationally should be used in the development. Thus, :tor
projections of 12 hours or less, if the 0000 UTC run of the numerical model is
available around 0300 UTG and if 0200 UTG observations are available, then
variables from the 0200 UTG observation should be used as potential predictors
in the development. Observed predictors in perfect prog equations must be lagged
in time relative to the predictand.
Obviously, the correlation is very high
between an observation of ceiling used as a predictor and an observation of
ceiling used as a predictand, if the time difference is small. It is difficult
to see how perfect prog in its usual definition is appropriate for ceiling height
prediction for projections of less than 24 hours.
1.,

Selecting a Developmental Approach

The approach used to develop cloud amount, ceiling height; and visibility
forecast' equations depends on the proj ections for which forecasts are needed and
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on the availability of developmental data. Use of observations for projections
of only a few hours is almost imperative to be competitive with persistence. On
the other hand, use of observations in a perfect prog framework poses problems,
as noted above.
A rule of thumb might be:
for proj ections of less than
24 hours, use MOS; for greater than 24 hours use either MOS or perfect prog and
omit observations as predictors.
As with other predictands, if many years of observed data are available for
development, single station equations can be generated.
In fact, one of the
first systems for predicting ceiling height in the United States (Bocchieri and
Glahn, 1972) was based on the classical statistical approach and single station
multiple linear regression equations.
The predictors were, of course,
observations reported prior to the verifying time of interest. For a time, this
system employed the "field" method in which predictors were taken from a network
of stations surrounding the site for which the equation was developed. Later,
the equations were modified to use observations only from the station of interest
as predictors.
Although the field method seemed to produce slightly better
results when used in a classical or perfect prog derivation, the technique
increases the difficulty in developing the equations and implementing them in an
operational environment. Verifications often show some improvement with the use
of the field approach, but not enough to justify the amount of extra effort
required to develop the equations.
Consequently, the field method.· is rarely
used.
Intuitively, single station equations for ceiling. and visibility should
provide more useful guidance than regionalized equations. For both ceiling and
visibility, it seems that local conditions such as proximity to water, terrain
aspect, station elevation, and sources of atmospheric pollutants can impact the
observations, particularly. for the lower values found in the rarer categories.
Usually, however, the. developmental data sample is too small to support the
development of single station equations . . Pooling data for all the stations in
a relatively homogeneous area and deriving an equation valid for "all the stations
in that area becomes necessary.
The problem with small data samples and rare events normally does not impact
development of cloud equations as severely as ceiling height and visibility
unless the cloud amount predictand has been defined in. terms of very narrow
categories , for example, every tenth from clear (0 tenths) to overcas t (10
tenths). Thus, normally, there are adequate observations of. clear, scattered,
broken, and overcast cloud conditions to develop stable single station equations.
Of course, in arid regions, the developer might still have to be concerned. In
the first MOS cloud system used for the United States (Carter and Glahn, 1976),
single station equations were developed and implemented operationally. Even with
clouds, however, single station equations were eventually replaced by regionalized equations. Developers found that the single station cloud equations did not
seem to provide consistently more skillful guidance than the regionalized
equations. Moreover, when regionalized equations are developed simultaneously
for cloud amount and ceiling height, the meteorological consistency of the
guidance is enhanced, that is, unlimited ceiling heights tend to be predicted
with clear or scattered cloud conditions. Finally, the regionalized equation
approach for clouds (and other elements) allows forecasts to be produced for new
stations (that were not available at the time of the equation development). This
addition of stations to the regions assumes, of course, that the relationship
between the predictand and predictors in the equation holds for the new station.
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In other words, ,the new station must be very similar in terms of topography and
climatology to the other stations included in the original development.
The choice of MOS or perfect prog as the developmental approach depends upon
the availability of a stable model sample for development and the availability
of the same model on which the operational equations can be implemented.· If two
years or more of model data are available, MOS is normally the method of 'choice
because of the ability of MOS to correct for some of the systematic biases in the
model and to produce reliable probability forecasts, the tendency of MOS to
forecast toward the climatic mean with increasing proj ection, and the availability of more predictors with a.MOS approach. If there is not a sufficient sample
of model data available or if the dynamical model is undergoing a series of
significant modifications, then the perfect prog approach must be used.
Gare must be exercised in developing the perfect prog r~lationships. For
instance', relative humidity through the depth of the troposphere is often the
most important predictor in estimating whether the opaque cloud amount is clear,
scattered, broken, or overcast. The correlation is not perfect, however, so the
. perfect prog relationship does not explain all of the variance in the predictand.
The numerical models also tend to produce reasonably accurate forecasts of the
mean relative humidity so that the perfect prog cloud guidance should be useful.
Analogously, yisibility during the day is, usually related to the relative
humidity through the low and mid troposphere. However, at night, the visibility
tends to be highly correlated to the relative humidity in the atmospheric
boundary 'layer. The perfect prog relationships that can be developed from this
type of situation are highly tuned to low level humidities--va~iables that the
numerical models may not predict very accurately. As a consequence, perfect prog
visibility guidance may not be very reliable. Finally, predicting the ceiling
height in a perfect prog' sense is particularly troublesome. Obviously, the lower
and most important ceiling heights are very highly correlated to the relative
humidities observed in the lower atmospheric. layers.
Thus, if a sample of
observed atmospheric' variables is available with good. resolution in the low
troposphere, then perfect prog-equations to specifyccategories of ceiling height
can be developed and will explain a large percentage of the predictandvariance.
However, when used in a predictive sense, these equations may produce very
unreliable probabilities.The problem will be further exacerbated if the
numerical model is unahle to forecast accurately;t:he relative humidity in· the low
. troposphere. With ,these problems, the developer of perfect prog equations must
use predictors that are not precisely tune.d to the predictand or must in some
other way weaken the perfect prog.relationships.
As an example, both the; modified perfectprog and MOS approaches have been
used to develop equations to predict cloud- amount for stations in the United
States. Initially, before an adequate sample of data was available from a new
model" the modified perfect prog approach was used to 'der~ve the equations.
Instead of using upper air observations as predictors in the derivation of the
equations, upper air variables from a lo~g-term archiveofanaly~ed model f~elds
were used.
Thus, if an equation was being developed to specify the observed
cloud amount at 0000 UTC, initial fields from the coincident OOOOUTC run of the
historical model analysis were used as the upper-air predictor variables . . For
equations valid at 0600 UTC; upper-air variables from the 6 hour forecasts of the
0000 UTC model run were used, since neither upper-air observations nor model
analyses were available at 0600. In a similar fashion, specification equations
were developed for the 1200 and 1800 UTC hours.
These. e'quations- were then
converted to forecast equations by replacing the initial upper-air fields with
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Fig. XII-13 shows the skill
of these perfect prog forecasts compared to a MOS system that was later
developed. In this example, categorical forecasts were obtained from the
probabilities for four categories of
cloud amount.
Note that the MOS
system generally produces more skill- .
ful guidance, but that the perfect
prog
forecasts
are
operationally
useful.
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Once the appropriate developmental approach is selected, several
decisions remain to be made.
For
instance, the developmental data must
Figure XII-13. Heidke skill scores for
be stratified into seasons. GeneralMOS and perfect prog cloud amount
ly, in the United States, 6-month
forecasts as a function of forecast
warm and cool seasons are used; the
projection.
seasons are defined as April - September and October - March, respectively. Of course, the seasonal stratifications should be selected to match the
seasonal changes in weather regimes.
Consistency among the forecasts is also a concern to the developer.
One
method of avoiding some of the potentially inconsistent guidance is to develop
the forecast equations simultaneously.
Thus, for instance, simultaneously
developing the equations to predict the various categories of ceiling height for
a specific projection guarantees consistent probabilisticforecasts. Each equa-tion for the various categories ~ses the same predictors, though with different
coefficients, and if the categories are mutually exclusive and exhaustive, the
probabilities for all categories.sum to 100%. Note that this approach does not
rule out the possibility that a linear regression equation might produce
forecasts that exceed 100% or are negative.
However, this approach will
.guarantee that if a probability of a category exceeds 100%, then the probability
of some other category or categories will be negative. Similarly ,equations for
the visibility categories can be derived simultaneously as can the equations for
the cloud amount categories. As mentioned earlier, a developer might even choose
to derive all the ceiling height and cloud amount probability equations simultaneously so as to enhance consistency among the ceiling and cloud forecasts.
Normally, in the United States, 10 to 12 terms are used for development of
the cloud amount equations and the regression procedure is generally halted when
the reduction of yariance explained by a potential predictor does no·t exceed
0.25%. For ceiling and visibility equations, more terms (often 20) are included
in the forecast equations because of the difficulty of predicting ceiling and
visibility conditions.
If regionalized equations are to be developed, the appropriate regions to
be used for sample compositing must be determined. There is usually a trade-off
between the desire to have small homogeneous regions and the need to have enough
cases of the rare events so as to develop stable equations. The problem of rare
events is of special concern in the development of the ceiling and visibility
equations.
Usually, the stability of the forecast' equations can best be
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evaluated in- tests' on 'independertt - data. . It these c.. independent· evaluat'ions
'indicate that the equations are unstable and that the forec'asts are unreliable
and lack skill, then the developer must enlarge the. developmental regions to
encompass more stations and, hence, mor~ cases. The initial selection of regions
:might be determined by the sample climatic relative frequency of the events of
-interest, by the relative frequency of the ,event of int~rest conditional Upon a
.certain highly correlated predictor J by, investigatingthepred:i,Gto,rs and
cbeff1.cients selected in simple single station equations ,_ by cluster analysis,
or by some subj ective decision based upon knowledge of the l'lynoptJe climatology
ap.d topography of an area.
The goal is .togrpup stations together" into
relatively homogeneous regions where the re~fltionships between pr,edict;:and and
:pl;:ediGtqrs ar~ yery similar._
4.

Choosing a:Categor1cal Forecast

Regardless of the approach used to develop the.,forecast equ,ations, selecting
a categorical forecast from the probabilities is.-a ohallengingproblem. Ideally,
some sort of utiiity function'should be applied to the forecast probability
distribution . . 'rhis function would depend, on the needs of thefore.castusers
which" might vary depending on'the. user or· might be. unknown.
Ratherthan
transforming the forecasts with the use of a,function,the probability forecasts
are often transformed to a "best" catego:ryforecast based on.optimizing a
particular verification score.. The. ver.ification. score tobeoptimized depends
on characteristics that seem to' be desirab.1e in the forecasts_
Category
selection is covered in Chapter XIV.
5.

(

Sample Verification

F'igure XI,I-14 is - an example of
the skill score of lios visibility
L'.-J:,l.tOS
0-0 PERSISTENCE
forecasts made from 1200 UTe model
0.50
w
dat~ 9-nd' comp~rE~d to forecasts based
:§
CJ
0.40
on'persistence taken from the subse'::J
qt,ient 1500 UTe observation. ". Note
0.30
2
ihatthe MOS forecast is., actually
w
is 0.20
b~tter than persisten~e for:: the 6
hi
I
liour projection. and that the~kill of
0.10
persistence falls off markedly after
thC'!,t time. Though not, tb,e Case here,
, ,6 . 12
1B
24
30
36
42
48
persistence ceiling forecasts are
FORECAST PROJECTION (hr)
often more skilif~l than HOS'for the
6 hour projection.
With'" increas~d
vertical re.solution in the numerical
mociels . and increased sophistic~tion Figure XII -14. 'Heidke skill scores for
of. the boundary layer physics, numer-Has and--persistence visibility foreical models 'uowprovi<le-bett~r fore.casts as a function of forecast pro~ast information, than' that u~ed in
jection ..
the ea:i:ly MOS developments.
Note
that the HOS forecasts shown in
Fig. XII-14 had skill, compared to chance (the basis£o:r:, the Heidke skill score-see chapter XI, Section B) or pers,istence out to 48 hours.
(J)

(J)
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XIII.

INTERPRETATION AND VERIFICATION FOR
FORECASTS OF RARE EVENTS

A. Introduction
Rare weather events pose special problems and demand special procedures both
in interpretation and verification.
Events such as thunderstorms and severe
local storms and the phenomena associated with them (i.e., heavy precipitation,
lightning, hail, damaging winds, and tornadoes) can cause great losses in terms
of both property and life.
Because of the potentially disastrous effects of
these phenomena, the need to forecast them in countries where they occur is of
vi tal importance. However, because the events are rare, sample sizes are usually
quite limited. Even in the locations where these events occur most frequently,
special procedures may be necessary to establish a sufficient sample of
predictand data.
Despite the limited data for development, statistical
techniques, such as multiple regression, have been used successfully to predict
the likelihood of these phenomena. An important step in developing a system to
predict rare and severe events is to devise a set of potential predictors that
can distinguish between atmospheric conditions where rare events are possible and
atmospheric conditions where these events are unlikely. The predictors must be
designed to identify the synoptic- and subsynoptic-scale conditions that precede
and accompany outbreaks of the convective storms and their associated significant
weather phenomena.
It is important to define the verification measures by which the results of
the statistical forecasts of rare events will be judged; these measures are
discussed in Section B. Most of the interpretative material presented in Section
C focuses on thunderstorms and severe weather, but similar techniques can be
applied to other significant rare events such as heavy precipitation, low ceiling
heights, snowstorms, etc.
B.

Verification Methods for Rare Event Forecasts

In this discussion of verification methods for rare-event forecasts, it is
assumed that the situations of concern involve only two events. That is, either
these situations are inherently dichotomous (e.g., tornado/no tornado situations)
or they are polychotomous situations that have been dichotomized for the purpose
of focusing on forecasting performance for a particular rare event. It is also
assumed that the forecasts are expressed in a nonprobabilistic format.
Probabilistic forecasts of rare events can be evaluated using the verification
methods discussed in Chapter XII, Section B, and/or by'methods based on signal
detection theory (see Mason, 1982).
The basic joint, conditional, and marginal distributions play a key role in
the verification of rare-event forecasts. The notation used here to describe the
components of these distributions is introduced in Table XIII-l (it is assumed
that the index "1" refers to the rare event and the index "2" refers to the
common event). The joint distributionp(f,x) consists of four components denoted
by p(l,l), p(1,2), p(2,1), and p(2,2). Each marginal distribution contains two
components, denoted by Pf(l) = p(l,l) + p(1,2) and Pf(2) = p(1,2) + p(2,2) in the
case of p(f) and by px(l) = p(l,l) + p(2,1) and px(2) = p(1,2) + p(2,2) in the
case of p(x). The conditional distributions p(xlf) = p(f,x)/p(f) (Table XIII-lb)
consist of two components for each distribution; namely, Pf(lll) and Pf(2Il) when
f=l and Pf(112) and Pf(212) when f=2. Likewise, the conditional distributions
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Table XIII-l. General description of joint, conditional, and marginal distributions in two-event
situations.
(a) Joint distribution p(f,x)
tributions p(f) and p(x)

and

marginal

dis-

1

Observation (x)
x=l

Forecast (f)

x=2

p(f)

f=l

p(l,l)

p(1,2)

Pf(l)

f=2

p(2,1)

p(2,2)

Pf(2)

p(x)

px(l)

px(2)

(b) Conditional distributions p(xlf)
Observation (x)
x=l

Forecast (f)

(

x=2

f=l

Pf(11 1 )

Pf(21 1 )

f=2

Pf(11 2 )

Pf(21 2 )

(c) Conditional distributions p(flx)
Observation (x)
x=l

Forecast (f)

x=2

f=l

px(ll l )

px(112)

f=2

px(2,1)

px(21 2 )

p(flx) = p(f;x)/p(x) (Table XIII-1c) consist of px(111) and px(211) when x=l and
Px (112) and Px (212) when x = 2 .
The fundamental problem encountered in the verification of forecasts of rare
events can be described briefly as follows. By definition, px(l) «px(2); that
is, the rare event occurs much less frequently than the common event. Moreover,
it is relatively easy to forecast the occurrence of the common event correctly
on a substantial majority of the occasions on which it occurs.
(However, it
should be noted that occasions do arise when it is difficult to make a correct
forecast of this event.) As a result, the joint distribution (or performance
matrix) p(f,x) is frequently dominated by the p(2,2) component. Specifically,
this component is much larger than the other three components in the 2x2 matrix
(see Table VIII-l). As a result, traditional performance measures such as the
fraction correct (FC) and many skill scores are dominated by this component and
yield inflated scores ("inflated" in the sense that they primarily reflect

(

forecasting performance with respect to the cornrnon- -and relatively easy to
forecast- -event). On the other hand, forecasting performance with respect to the
rare event, which generally is of greater interest and importance, is not
adequately assessed.
It is also important to be aware of the dimensionali ty (D) of this
(absolute) verification problem and its implications for the practice of forecast
verification in this context. To describe the joint distribution of forecasts
and observations, p(f,x), it is necessary to specify three components of this
distribution (the four joint probabilities must sum to one).
Thus, D= 3 in
general.
If, in addition, it is assumed that the (sample) climatological
probability px(l) is known, then D=2. Under this assumption, it is necessary
to specify two components of p(f, x) to reconstruct this distribution.
In
particular, no single verification measure can fully describe forecasting
performance (i.e., forecast quality) in this context.
1.

Basic Distributions and Summary Measures

In evaluating forecasts of rare events based on a verification data sample,
all of the basic distributions and their respective components should be
examined. As noted previously, the conditional distributions p(xlf) and p(flx)
play an especially important role in the evaluation process because they describe
the relationship between the forecasts and observations. In the context of the
2x2 situations of interest here, the components of the conditional distributions
serve a dual role as characteristics of the basic distributions and as (eventspecific) performance measures. We describe these components in this section and
reserve Section B.2 for the discussion of some overall measures of performance
(including differences in these conditional probabilities).
As indicated above, conditionality here can be defined in terms of the
observations or the forecasts, and two conditional distributions can be
identified in each case.
Since each distribution consists of only two
conditional probabilities and these probabilities must sum to one, it is
sufficient to consider only one of these probabilities.
It is convenient to
focus on the following components of these distributions:
(1) p/lll) and
px(112) in the case of p(flx) and (2) Pf(lll) and Pf(112) in the case of p(xlf).
Consider first the components of the conditional distributions of the
forecasts given the observations, p(flx). The component pxC1ll) = p(l,l)/px(l)
represents the probability that the rare event is forecast given that it is
subsequently observed. This characteristic of the forecasts is often referred
to as the probability of detection (POD) (or, in an earlier era, as the
prefigurance). As a conditional probability, POD ranges from zero to one, with
the latter being the optimal value (positive orientation). Note that high values
of POD can be achieved simply by forecasting the rare event on many occasions.
The component px(112) = p(1,2)/px(2) represents the probability that the
rare event is forecast given that it is subsequently not observed.
This
characteristic of the forecasts is referred to as the probability of false
detection (POFD).
POFD also ranges from zero to one, but zero is the optimal
value (negative orientation). Low values of POFD can be achieved by forecasting
the rare event on relatively few occasions.
Now consider the compone.nts of the conditional distributions of the
observations given the forecasts, p(xlf). The component Pf(lll) = p(l,l)/Pf(l)
XIII-3

is the probability that a rare event is observed given that it is forecast. This
characteristic of the forecasts can be referred to as the success ratio (SR) (or,
in an earlier era, post agreement), where O::::;SR::::;l (positive orientation).
The
complement of SR is known as the false alarm ratio (FAR). Thus, FAR = Pf(211)
1 - SR, where 0 ::::;FAR::::;l (negative orientation).
The component Pf(112) = p(2, 1)/Pf(2) is the probability that a rare event
is observed given that it is not forecast. This characteristic of the forecasts
can be referred to as the failure ratio (FR), where O::::;FR::::;l (negative orientation) .
These four conditional probabilities (i. e., POD, POFD, SR, and FR) measure
different characteristics of forecasting performance. POD and POFD characterize
the conditional distributions p(flx==l) and p(flx=2) and thus are associated
with the likelihood-base rate factorization of the joint distribution p(f ,x).
SR and FR, on the other hand, characterize the conditional distributions p(xlf=l)
and p(xlf=2) and thus are associated with the calibration-refinement factorization of p(f,x).
Summary measures of the basic distributions are also of interest.
The
interpretation of these measures can be facilitated by assuming that X= 1 denotes
rare-event occurrence and X= 0 denotes rare-event nonoccurrence (with a similar
change in notation for the forecasts).
In the case of the marginal distributions, for example, it follows that
== px(l) and f = Pf(l). Thus, the overall
(or unconditional) bias of the forecasts can be assessed by comparing Pf(!) and
px(l). Reliability (or conditional bias) can be determined by comparing xlf=l
= Pf(lll) and xlf=O == Pf(lIO) with one and zero, respectively.

(

x

2.

Performance Measures

The verification of forecasts in the 2x2 situation has attracted considerable attention, and many performance measures have been defined for this
situation (e.g., see Daan, 1984; Murphy and Daan, 1985; Woodcock, 1976).
The threat score (TS) (also referred to as the critical success index, eSI)
is perhaps the performance measure that is most frequently used to evaluate
forecasts of rare events. This measure is defined as
TS = p(l,l)/[p(l,l)

+ p(1,2) + p(2,l)].

Thus, TS is the relative frequency of occasions on which the forecasts of the
rare event are correct divided by the relative frequency of occasions on which
the rare event is either forecast or observed (a forecast or an occurrence of the
rare event is considered to represent a "threat"). Note that O::::;TS::::;l with TS=l
for perfect forecasts [p(1,2) = p(2,.1) = 01. Thus, TS has a positive orientation.
It is important to recognize that the TS does not consider those occasions
on which correct forecasts o.f the common event are made [i. e., p(2, 2) 1. Thus,
the TS is not inflated by a large number of correct- -and relatively easy-forecasts of the common event.
On the other hand, the fact that the p(2,2)
component of the joint distribution is ignored implies that the forecasting
system (or forecaster) is given no credit for correctly forecasting the common
event on those occasions when making such forecasts is not ~n easy task.

XII'I-4

(

In view of the fact the conditional probabilities described in Section B.l
provide important insights into forecasting performance in this context, it is
natural to consider the formulation of performance measures in terms of
differences between (or ratios of) these probabilities. First, we consider the
probabilities associated with the conditional distributions p(flx).
These
conditional probabilities can be thought of as likelihoods; thus, a likelihood
difference (LD) can be defined as
LD = px(lll) - px(112),
where px(lll) = p(l,l)/px(l) and px(112) = p(1,2)/px(2).
with LD = 1 for perfect forecasts (positive orientation).

Note that -l::;LD::;l,

Alternatively, we can consider the probabilities associated with the
these conditional
conditional distributions p(xlf).
In some contexts,
Thus, a risk difference (RD) can be
probabilities are referred to as risks.
defined as
RD = Pf(lll) - Pf(112),
where Pf(111) = p(l,l)/Pf(l) and Pf(112) = p(2,1)/Pf(2).
Note that -l::;LD::;l,
with LD = 1 for perfect forecasts (positive orientation).
Comparison of LD and RD reveals that the former tends to reward overforecasting of the rare event whereas the latter tends to reward underforecasting of
the rare event.
It can also be shown that LD=KPI (the sample version of
Kuiper's performance index; see Chapter XI, Section B). Moreover, the product
of the square roots of LD and RD is the (product moment) correlation coefficient
between the forecasts and observations.
The Heidke skill score (HSS) (see Chapter XI, Section B) also can be used
as an overall measure of forecasting performance in this context. Because HSS
treats. the forecasts and observations in a balanced way, it is less subject to
the overforecasting/underforecasting deficiencies noted in connection with LD and
RD.
Moreover, unlike TS (the threat score), it gives credit for correct
forecasts of the common event. However, as in the case for RD (but not LD), HSS
suffers from the fact that it depends on the relative frequencies of the
forecasts and, as a result, may encourage inappropriate forecasting strategies
(see Daan, 1984; Murphy and Daan, 1985).
C.

Methods of Interpretation for Rare Events

1.

Predictand Data

The generation of predictand datasets for rare events often involves the
application of specialized programs or procedures to acquire, process, edit, and
handle the predictand data in a meteorologically consistent manner.
The
predictand data for severe local sto.rms, for example, consists of individual
reports of tornadoes, large hail, and damaging winds. These data are subject to
a wide variety of errors including redundant, mislocated, or false reports.
Other inherent biases, such as the population bias that causes reports to be
clustered near population centers, need to be recognized and taken into account
when developing or verifying forecast products based on predictand samples of
this kind.
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Until recently, the predictand datasets for thunderstorms used in the United
States consisted of archived hourly surface observations or manually-digitized
radar reflectivity data that were routinely tabulated for a fixed array of grid
blocks encompassing each radar site.
Surface observations and radar data,
however, are often poor indicators of convection in many areas due to inadequate
geographical coverage, especially in remote or mountainous regions. While giving
satisfactory results in past MOS developments, the use of radar data as a
thunderstorm predictand can introduce some ambiguity into the development process
since it requires an intermediate statistical evaluation to establish appropriate
reflectivity threshold values for thunderstorm identification. More recently,
lightning location data have been employed in the development of short range
thunderstorm probability forecasts. Lightning location data are obtained from
automated networks of direction finder stations that use triangulation and
waveform signature analyses to identify and map the locations of most cloud-toground strikes. The presence of lightning, by definition, indicates an active
thunderstorm in progress. When available, the lightning data provide an ideal
dataset for developing an operational thunderstorm forecast system due to its
high temporal and spatial resolution (Reap, 1986).
2.

Predictor Data

The basic challenge in formulating a set of predictors for a rare event is (
to account for the great diversity in meteorological conditions that can
accompany the phenomena of concern for different seasons and geographical
locations. The MOS predictor samples for rare events are usually comprised of
forecast data generated by operational numerical models, observed data, or a
combination of observed and forecast data. Depending on the weather phenomena
to be forecast, any number of specialized predictors can be generated and tested
during the development of statistical forecast equations.
There are several
important factors that must be considered when developing equations for these
rare events. First, because the events are rare, the relationship between the
event and most predictors will not be linear. Second, two or more predictors
acting interactively are often much more important than both predictors acting
independently. For example, the likelihood of heavy rainfall and flash floods
increases with the combination of an unstable atmosphere and high precipitable
water. However, high precipitable water in a stable atmosphere or an unstable
atmosphere with low precipitable water will not greatly increase the likelihood
of heavy rain and flash flooding.
Several important innovations in predictor development have occurred Over
the last two decades to account for these problems. - Among these are linearized (
predictors, interactive (joint) predictors, and displacement techniques. The
development and application of each of these innovations are-described in the
following sections.
a.

Linearized predictors

The actual relationships between single predictor variables and rare events
often exhibit considerable nonlinearity. One method for dealing with a nonlinear
predictor variable is to convert it into a set of binary variables; each of which
subsequently becomes a potential predictor. Each new binary variable is based
on a selected breakpoint, or threshold value, of the original variable. Such
binary predictors can incorporate at least some of the n9nlinear properties into
regression equations if the breakpoints are chosen correctly. 'However, the
selection requires a knowledge of the actual relationship between predictor and
XIII-6

predictand, information that is usually not available. Another disadvantage in
this approach is that regression estimates (forecasts) produced by equations with
binary predictors often exhibit discontinuities in the range of forecast values.
The problem of nonlinear predictors can be approached by first determining
from the developmental sample the nonlinear relationship between each predictor
variable and the predictand relative frequency.
This relationship is then
transformed to create a new continuous predictor variable whose relationship with
the predictand is inherently linear. To develop the nonlinear relationship, the
range of the original predictor values is initially divided into equally spaced
intervals, usually 10 or more. The developmental sample is then used to compute
the relative frequency of occurrence of the predictand for each predictor
interval (the conditional relative frequency).
Upon further examination, the
limits of the intervals may need to be adjusted to fully resolve the predictandpredictor relationship, i. e., the range decreased where the frequencies are
changing most rapidly and increased where there is little change. In addition,
the limits may need to be modified so that each interval has an adequate number
of cases to give a reasonably accurate estimate of the conditional relative
frequency. If the intervals are changed, the frequencies for each new category
will need to be computed, after which further adjustments are discretionary. A
nonlinear function can then be used to relate the computed relative frequencies
to the mean values of the predictors for the categories. Finally, a new set of
(linearized) predictor values can be obtained by substituting the original
predictor values into the function.
In practice, rather than deriving the
nonlinear relationship, the observed relative frequency for each predictor
category is often saved in a "lookup" table.
This table can then be accessed
later when the equation is applied to obtain the conditional relative frequency
of the predictand, given a predictor value.
Linearized predictors were used in MOS-type developments during the
derivation of operational 12-36 hour probability equations for predicting
thunderstorms· and severe local storms, as described in detail by Reap and
Foster (1979).
Charba (1979) also applied this technique to a large number of
predictors used in severe local storms forecasting. An example of a linearized
predictor for thunderstorms is shown in Fig. XIII-I. In this figure, the
relationship between the KF predictor (we'll say more about this particular
predictor later) and the thunderstorm frequency is obviously nonlinear.
To
obtain a linearized predictor, the KF data are first divided into categories
based on the value of KF.
For each category, the mean value of KF and the
observed relative frequency is determined. A function (in this case, a thirdorder polynomial function) is then used to fit the thunderstorm frequencies and
the mean values of the KF predictors. The resultant function is then applied to
each value of the KFpredictor to obtain a new (linearized) value for KF.
The effort required to obtain new linearized variables for all basic and
applied predictors can be substantial.
The effort is, however, more than
compensated for by the benefit provided by the nonlinear relationships built into
the regression equations.
Derivation of the nonlinear predictor-predictand
relationships usually has the important benefit of providing significant insights
into the physical-dynamical processes that are associated with the rare event to
be predicted.
Increased knowledge. of these processes· c.an result in ·the
formulation of even better derived variables to predict the rare"'·event.
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Figure XIII-l.
Relationship between thunderstorm frequency and the KF
predictor.
The third-order polynomial equation which is used to
linearize these data is also given.

b.

Interactive predictors

One of the limitations of linear screening regression is that it relates the
rare event predictand (thunderstorm, heavy precipitation, etc.) to a set of
predictors in a simple additive manner.
Rare events, however, occur under a
broad assortment of atmospheric conditions. For example, synoptic classification
of flash flood events indicates that these events occur with synoptic circulations that range from very weak to quite strong. Only high moisture content is
common to all types of flash flood settings. Thunderstorms and associated severe
local storms also occur over a wide range of atmospheric conditions. These facts
suggest that very specific combinations of meteorological conditions are
associated with thunderstorms, heavy rain events, and rare events in generai.
Therefore, a regression procedure that simpiy adds a number of individual
predictors (even linearized ones as discussed in the previous section) may not
adequately account for the particular, diverse, and probably nonlinear
combinations of conditions that can lead to the occurrence of the event.
A practical approach that can at least partially account for the predictive
information resulting from combinations of meteorological conditions involves the
use of interactive, or joint, predictor variables. This type of predictor has
been employed for precipitation type forecasting (Bocchieri, 1979), thunderstorm
and severe local storms forecasting (Charba, 1979), and heavy precipitation
forecasting (Charba, 1983).
The first step in the development of a joint
predictor involves the selection of two individual variables that are used to
form the joint function. Selection criteria should include the requirement that
XIII-8

(

each variable of a candidate pair describes a physical process, mechanism, or
condition that is known to be directly or indirectly related to the occurrence
of the predictand event. The selected variables should be expected to interact
with or compliment one another in predicting the rare event.
For example,to
develop a joint predictor for thunderstorms, we can combine an appropriate
stability index with a low-level vertical velocity field on the premise that
wherever convective instability coincides with large-scale lifting there would
be an increased likelihood of thunderstorm activity.
In this context, the two
variables are said to interact when the relationship that one variable has with
the predictand depends on the specific value of the other variable.
This
approach usually involves the application of sound meteorological reasoning as
to the physical processes involved, since the degree of interaction is not known
prior to actual development of the joint functions. Also, only a limited number
of predictor combinations can be tested since it is not feasible to develop joint
functions for all possible pairs.
The next step in developing this type of interactive predictor for operational use involves the use of graphical regression to determine the relationships between selected predictor pairs and the rare event predictand, an example
of which is shown in Fig. XIII-2. To construct Fig. XIII-2, the entire range of
values for each predictor was subdivided into discrete intervals and the
predictand relative frequency determined for the rectangular regions or cells
formed by the intersections of lines bounding each interval.
The resulting
frequencies relative to the two predictors were contoured to give the patterns
shown in Fig. XIII-2.
Adjustments in the selection of the intervals may be
necessary to ensure that each cell
has a sufficient number of cases for
the computation of an accurate esti8.-----,,----.---.-----,
I
mate of the conditional climatic
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:~

Interactive predictors can also be formed by combining a synoptic variable
with a term that incorporates the predictand climatology. Such a joint predictor
XIII-9

takes into account the seasonal or diurnal variations of the rare event, yet is
responsive to the daily synoptic situation. Variations in predictand climatology
are often related to subsynoptic-scale processes that are not adequately resolved
by the large-scale model predictors. Examples of these processes in thunderstorm
formation are land and sea breeze circulations, and the orographic effects of
mountain ranges. For the thunderstorm problem, Reap and Foster (1979) formed a
joint predictor (KF) by simply multiplying the large-scale K stability index
(George, 1960) by the daily mean thunderstorm relative frequency, estimated from
radar data.
This combination forces the climatology, as represented by the
thunderstorm frequencies, to be more responsive to the daily synoptic situation.
Experience has shown that the relative frequency term, by itself as a separate
predictor in the forecast equation, gives unreasonably high probability values
on occasions where the synoptic situation is not favorable for thunderstorm
formation. This was the basis for combining the frequencies with the K index in
such a way as to modulate the climatic contribution.
Although interactive
predictors formed in this manner are not necessarily linear with respect to the
predictand, they can be linearized, as was shown in Fig. XIII-I.
Caution must be exercised, however, when including climatic terms in joint
predictors for predicting rare events. The climatology incorporated in the joint
predictor must be relatively stable in the sense that it exhibits similar spatial
and temporal patterns from year to year.
The large-scale thunderstorm
climatology previously described meets this criterion; it looks very similar from
one year to the next.
The climatology for severe local storms, on the other
hand, reveals significant fluctuations from year to year with respect to the
center of activity for severe weather, making it a poor candidate for inclusion
in a joint predictor. In effect, there is no guarantee that the available severe
local storms climatology would be representative of the actual pattern of severe
storm activity for any given future year.
It is possible to smooth the
climatology such that the gross features are similar from year to year. However,
such a highly smoothed climatology would be of limited usefulness in increasing
the day to day forecast skill in MOS predictive equations.
c.

I

(

Displacement techniques

In previous MOS developments, many of the basic and derived predictor
variables were based on observed data, e.g., surface reports, radar data, etc,
To account for the movement of weather systems over the interval between data
observation time and forecast valid time, a simple techn.ique can be used to
simulate the mean (or climatic) displacement. In this technique, described by
Chai-ba (1977), the correlation coefficient between the predictand in a grid block
and a predictor in each of several surrounding grid blocks is computed. Data
over rather large regions are pooled to increase the sample size and to arrive
.at a field of correlation coefficients that applies to all predictand blocks
within the region. From the. field of correlation coefficients ,. the position of
the candidate predictor is chosen as the grid block with the highest correlation.
For many predictors, the grid block with the highest correlation is displaced
some distance upstr~am (or eve~ downstream) from the predictandgrid block.
The displacement procedure dges not account for the unique movement of the
predictor fields. for individual meteorological episodes, but simulates the mean
climatic displacement.
It also accounts for possible spatial relationships
between the predictor or predictand that can exist when these variables are
coincident in time. For example, thiS technique will account for the fact that
thecenter of. the heavy pre.cipitation area· is usually associated with a low
XIII~10
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pressure center that is located some distance away.
For predictor fields
forecast by numerical models, the displacement technique can also account for any
movement bias that is present in the model.
d.

Updating techniques

The computation of predictors at the analysis grid points often involves the
blending of observed and forecast variables. Objective analysis procedures are
normally used to interpolate the observed surface variables to an analysis grid
before the blending takes place. The underlying intent behind the inclusion of
observed surface data is to update the large-scale numerical model forecasts with
the latest observed surface data. In the process, the observed surface fields,
which include subsynoptic-scale features, add additional horizontal resolution
to the final synoptic-scale forecasts.
For example, an atmospheric stability
index can be formed from observed values at the surface and model forecast values
in the boundary layer or at 850 mb.
Since the observed surface values are
available several hours after the model cycle times, they tend to introduce
later, high-resolution data into the final probability forecasts.
e.

Predictor lists

Table XIII-2 gives a partial list of some of the basic and derived model
predictors and climatic predictors that have been applied in previous development
efforts for predicting rare events.
This list is by no means complete; for
example, the literature contains many specialized indices such as convective
available potential energy (CAPE), bulk Richardson number, and many others that
can be included in a desired predictor set.
Table XIII-2. Numerical model forecast and climatic variables offered
as potential thunderstorm predictors.
Temperature
Potential temperature
Dew point
Relative humidity
Wind Shear
Horizontal wind components
Vertical wind components
Wind speed
Surface pressure
Geopotential height
Total totals stability index
K stability index
Temperature lapse rate
Thunderstorm relative frequency
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Temperature advection
Thickness
Dew point advection
Moisture convergence
Wind divergence
Relative vorticity
Vorticity advection
Temperature advection
Freezing level height
Wet bulb temperature
Showalter index
Convective instability
SWEAT index
Solar altitude

3.

Categorical Forecasts

Categorical (yes/no) forecasts of rare events can be produced by the
application of an appropriate probability threshold to MOS probability forecasts
for these events.
Selection of a threshold value is usually based upon
verification scores that are computed
for a wide range of threshold values.
An example of the expected quality of
categorical forecasts for thunderMarch 11-September 29, 1986
storms is given in Fig. XIII-3, which
18-24 UTC Forecasts
shows several verification scores
Northeast U.S.
plotted as a function of the thunderstorm probability threshold. In this
~ 0.6
example, the threshold values cover
o
the entire range of expected forecast
o(fJ
probabilities,
from 0 to nearly
0.4
60 percent. For other applications,
the range of probabilities may be
quite different, depending upon the
rarity and predictability of the
event to be forecast.
The scores
0.0 '-----'----~---'------'
computed for each threshold value are
0.1
0.2
0 . .3
0.4
0.5
the critical success index (CSI),
THUNDERSTORM PROBABILITY THRESHOLD ---'.>
false alarm ratio (FAR), and probability of detection (POD).
Figure XIII~3.
The CSI, FAR, and POD
It is desirable to have a high
for
categorical
forecasts of thunderPOD and CSI and a low FAR. By defistorm
occurrence
based on various
nition, the POD and FAR both decrease
threshold
values.
The
bias is plotted
(or remain the same) as the threshold
on
the
POD
curve
for
alternate
interprobability is increased.
On the
vals.
other hand, the CSI will usually
exhibit a maximum, albeit a rather
broad one, at a threshold that gives a bias of slightly greater than unity;
Fig. XIII-3 is typical in that regard. A threshold value Can be selected that
provides the desired balance between the POD, FAR, CSI, and bias. It should be
noted that the magnitude of the probability forecast, which could be very low for
some rare events, is not Ilearly as important as its ability to delineate the
potential areas of rare event activity with reasonable accuracy. Selection of
an appropriate threshold· value by local forecasters is ultimately based on
experience gained by using the probability guidance over an extended period of
time.
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XIV.
A.

POST-PROCESSING STATISTICAL FORECASTS

Introduction

When a statistical forecast technique is run, whether it be regression,
MDA, or some other model or whether the approach is perfect prog, classical, or
MOS, its output is forecasts of weather elements in either continuous or
probabilistic form.
Before the statistical weather element forecasts are
incorporated into operational weather forecast products that are sent to users,
they may need to be processed in one or more ways. Post-processing refers to any
systematic method of altering the output of the statistical weather forecast
technique before that output is sent to users. The term is not meant to include
processing of the output that is done by weather forecasters when they interpret
the products, but only the various types of processing that are carried out
before the product gets into the hands of a forecaster.
There are at least four main reasons for post-processing statistical
forecasts, and the material of this chapter is organized according to these
reasons.
They are as follows:
Best Category Selection -- Forecast guidance products that are in the form
of probability forecasts are sometimes accompanied by a suggested "best"
forecast category obtained from the probabilities.
This is a common
practice that essentially involves transforming probability forecasts into
categorical forecasts.
Correcting for Limitations in the Statistical Method - - This includes
techniques such as inflation and deflation (defined in Section C.2) which
alter the distribution of the forecasts of the weather element. Techniques
designed to calibrate probability forecasts and to ensure meteorological
consistency among different elements forecast from separately developed
equations also fit into this category.
Tuning the Forecasts to a Specific Model - - Adjustments to MOS forecasts may
be warranted, for example, . when minor changes are made to a numerical model
that affect the model predictors, changes that are not significant enough
to require a redevelopment of equations. Another example is the tuning of
perfect prog equations to a specific model. This category also includes any
type of error feedback procedure. Tuning to a model and correcting for the
limitations of the statistical method are often done together in one step
and will be discussed together in Section C.
Consensus Forecasting -- On the assumption that different forecasts of the
same element contribute at least some new information about, its prediction,
the combination of forecasts from different sources can result in a
prediction that is better than the forecasts from any of the single sources.
Each of these types of post-processing is
examples are given where possible.
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this chapter, and
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B.

Best Category Selection

1.

Why Choose a Category at All?

It might at first thought seem odd or unreasonable to go to all the trouble
of obtaining the best possible estimate of probabilities of occurrence of the
categories of a predictand using sophisticated statistical tools, only to turn
them into categorical forecasts right afterwards. Well, there are a few reasons
for doing this, all of them practical:

2.

(1)

For many elements, the final forecast product--the one the forecaster
is asked to produce--is categorical. Categorization of the probability
forecast(s) takes the interpretation process one step closer to the
final product.

(2)

When statistical forecasts are made for many stations, many predictands, and many proj ection times, a very large number of separate
probabilities might be generated at one time. Forecasters may not have
the time to evaluate them.
Providing suggested "best" categories is
one way of reducing the workload.

(3)

The probability forecasts produced by statistical techniques are
related to the climatology of the categories as represented in the
dependent sample.
Since these are generally unknown to the users of
the forecasts, objective guidance may be necessary to help "calibrate"
the users to the interpretation of the probabilities relative to
climatology.
For example, the decision a forecaster makes when
presented with a probability of 70% may be different when the
climatological relative frequency of the event is 5% than when it is
50%.

,
"
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What Is Meant by "Best"?

The process of best category selection involves making a decision about
which category will occur, given the probability forecast.
Decision theory is
a whole branch of statistics unto itself and a full discussion is beyond the
scope of these notes. Aspects relating to category selection are discussed in
this chapter, as well as in Chapters XII and XIII, and further information
relating to the utility of forecasts is given in Chapter XIX.
Consider Fig. VI-l again. This figure shows the distribution of no rain and
rain cases as a function of the values of a single predictor, 700 mb vertical
velocity.
It woul,.d be possible to replot this figure in a different way.
Suppose instead. of showing the frequency of occurrence of the individual
categories, we were to plot the percentage of the total events for each value of
th.e predictor that fell into the two categories. For example, in a sufficiently
large sample, the vertical velocity value -1 microbar per second might be
a.ssociatedwith 10 events, of which 2 involved precipitation and 8 didn't, Over
all values of the predictor, the frequency curves·, one for .eachcategory,· .might
look like Fig. XIV-1. Note that for all values of the predictor,' the sum of the
two frequencies must be 1.0 since the two categories are mutually exclusive and
exhaustive (one of them must occur).
The area of overlap on Fig. VI-1 is the
(hatched) area where one is unsure which category may occu~ given a specific
value of the predictor. This corresponds to the area on Fig. XIV-1 where neither
probability is 0 or 100%.
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Figure XIV-I. A sketch of the relative frequency distribution
of rain and no rain events as a function of a single predictor, vertical velocity.

Now, suppose we are given a specific value of the predictor, or a specific
value of the probability of category 2 (rain). On what basis can we decide which
category to forecast? ,Clearly, if the predictor value is outside the overlap
area there is no problem, since the associated (estimated) probability is 100%
for one of the categories.
~owever, when it is within the overlap area, the
decision is less clear.

A decision strategy is a clearly articulated rule for category selection
expressed in terms of the probabilities or in terms of the values of one or more
predictors.
Examples of decision strategies are:
"Forecast rain if the
probability of rain is greater than 30%," or, "Forecast rain if the vertical
velocity is positive." Each of these is formulated with a decision (forecast
rain, for example) and a condition (if the probability is > 30%, for example).
The condition involves a threshold, which in our example can be expressed
equivalently in terms of the probabilities or in terms of the predictor value.
In statistical forecast applications, probabilities of the categories have been
determined from several predictors by the forecast technique, and the dEcision
strategy is based on these probabilities.
In the one-predictor example, a
decision strategy is readily based on the single predictor',,· but this is not the
case with multiple predictors.
The choice of a decision strategy depends on the situation. Wherever there
is doubt (wherever there is overlap in the probability distributions of the
categories), there is the possibility of error, no matter what strategy is
chosen.
If the, rule is to forecast rain whenever the vertical velocity is
positive, and conversely,. to forecast no' rain when the vertical velocity is
negative,. there will be': times when the forecast will be wtong.
There a:r:e two
types of error. These are illustrated in Fig. XIV-2 which is a copy of Fig. VI-l
with some.sample thresholds indicated.-,
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and the sizes of the hatched areas indicate the relative
magnitudes of the error probabilities. See text for further
discussion.
Suppose a threshold of 0 vertical velocity is chosen for forecasting rain;
for all positive values, rain is forecast, and for all negative values no rain
is forecast. The shaded area of the category I distribution to the right of the
threshold represents the probability of one type of error.
This shaded area
comprises all non-precipitation cases that are associated with positive vertical
velocity. For these, given the rule "forecast rain for all positive vertical
velocities," we would be forecasting rain when no rain occurred. Conversely, the
hatched area of the category 2 distribution to the left of the threshold
represents the other type of error: rain cases that are associated with negative
vertical velocity.
If rain is considered the "threatening" event, the former
type of error could be called a false alarm and the latter type a missed event.
These concepts are discussed further in Chapter XIII, Section C. 3, on the
verification of rare events. One can easily visualize from the diagram that, as
the threshold value is moved to the left (as shown on the right side of
Fig. XIV-2), rain will be forecast relatively more often, and the probability of
a missed event decreases. However, the area of the no-rain distribution to the
right of the threshold increases, and the probability of a false alarm increases.
One might adopt such a strategy if it were very important not to miss the rain
events. Conversely, if the cost of a false alarm was very high, and the number
o·f false alarms had to be minimized, the appropriate strategy might be to raise
the threshold above O. . This, of course, in<;reases the number of missed events,
while.lowering the number of false alarms.
When the user of the probability forecast can be specifically identified,
and the·costs' associated with false alarms and missed events' can be estimated at
least roughly, this information can be used to set thresholds and decision
strategies.
More often, in meteorologicaL applications, the user is 'another
forecaster or a group of weather-sensitive industries, all of which have
different operating characteristics. In such cases, which are most common for
XIV-'4
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national weather services, the thresholds are usually determined so as to
maximize one or more characteristics of performance of the forecast rather than
to minimize the costs of managing a specific weather-sensitive industry. Miller
and Best (1979) present a good general discussion of decision strategies that
operate to maximize the performance of the forecasts in terms of one or more
verification measures. The following paragraphs are a summary of their ideas.
A general rule for determining the threshold probability p* for the two
category situation can be written in the form,
p*

=

FR(O. 5 - C) + C

where C is the climatological frequency of the event, R is the correlation
between the forecasts and the observations and F is a factor that is chosen to
produce the desired effect on the performance.
Four specific cases are listed
by Miller and Best (1979):
Maximum probability model -- This is the simplest decision rule and is given
by p*=0.5.
In the general equation, this is obtained by setting F=R=l.
For the two category case, the threshold probability is 0.5.
Stated as a
general decision rule for any number of categories, this is, "Choose the
category with the highest probability."
The maximum probability model
maximizes the percentage correct over all forecasts, but does so by
favouring the common categories and tending to ignore the rare ones.
Climatology (Gringorten) model
For two categories, this is p* = C,
obtained by setting F= 0 in the above equation.
The equivalent general
decision rule is "Choose the category with the highest positive difference
between the forecast probability and the climatological frequency." This
strategy has the characteristic of overforecasting the rare or less common
events, but at the expense of higher false alarms.
Unit bias method -- This is designed to set threshold probabilities so that
each category is forecast with approximately the same frequency with which
it is observed. In terms of the above equation, it is obtained by setting
F=l. Thus p*=R(0.5 - C) +C. The performance of this method is between the
extremes represented by the maximum probability and the climatological
models.
It is designed to neither overforecast nor underforecast the
extreme or rare event.
Maximum threat model - - This is obtained by setting F to some value between
o and 1. The appropriate value depends on the particular dataset. The
intention is to allow some"'overforecasting of rarer events to, serve as a
warning feature in forecasts, but to refrain from the extreme overforecasting of the climatology model. "The value of F is set to maximize the
threat score in each application, and may be determined empirically.
C.

Correcting for Undesireable Characteristics of the Statistical Method and
Tuning the Forecast

1.

Introduction

In previous chapters, the characteristics of the different statistical
models and the f9'1:"mulation methods such as MOS and perfect prog have been
discussed. All of them have~both desireable and undesireable characteristics,
XIV-5

which vary with the application and with the predictand.
Post-processing
techniques may be used to alter the forecasts to try to correct for these
undesireable characteristics.
To do this, one usually, but not always, uses an independent sample.
An
independent sample is needed to quantify the characteristics of the forecasts
that are to be corrected. For example, if it is desired to make the forecasts
unbiased, then an independent sample will be used to estimate the magnitude of
the bias.
If probability forecasts are to be made more reliable, then an
independent sample will be used to compute a reliability table to suggest the
magnitude and nature of the correction needed.

f

An important effect of the use of an independent sample is that the
correction will tune the forecasts to that sample. It is, therefore, important
that the independent sample be large enough and also be representative of the
population characteristics for which the forecasts are to be tuned. For example,
if a model has been changed slightly, the independent tuning sample should be
taken from the new version of the model, and should be large enough to represent
its characteristics accurately.
Correcting for the inadequacies of the statistical method and tuning to a
specific model are two goals of post-processing that cannot be separated
completely.
In fact, they are often carried out in one step.
For example,
suppose a set of perfect prog equations has been developed for precipitation
forecasting. An independent sample of observations could be used to correct the
distribution of forecasts or to correct for bias when the equations are applied.
That would be a pure correction to the statistical method since the same kind of
data is used in the independent sample as was used for development. However, if
model output is used to generate predictor values in the independent sample, it
is possible to both correct for the statistical limitations and to tune to the
model.
2.

Inflation, Deflation, and Bias Correction

a.

Inflation

Inflation is a way of altering the distribution of forecasts in such a way
as to increase the frequency of forecasts of the extremes of the distribution.
That is, inflation has the effect of pushing the forecast values of the
predictand away from the mean of the distribution.
It is often applied to the
output of regression techniques because regression methods tend to forecast
conservatively (toward the mean), resulting in a forecast distribution which is
narrower than the distribution of predictand observations. Inflation is used to
try to make the distribution of forecasts match the distribution of the
observations of a weather. element.
It is particularly important when it is
necessary to ensure that the extremes of a distribution are forecast.
For
example, strong wind events are relatively more important than moderate wind
events;
The tendency of regression equations to predict toward the mean can be
related directly to the multiple correlation coefficient (or the'reduction of
variance) for the equation--the lower the correlation coefficient (the lower the
reduction of variance) ,the more conservative the forecasts-.. (In' Chapter V it
was .shown that the variance of the forecaststs the variance of the observations
multiplied by the reduction of variance.) One implication of this is that MOS
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forecasts, which become more conservative as proj ection time increases, are often
good candidates for inflation.
For example, in a strong wind situation, the
shorter range MOS forecasts may in fact forecast strong winds because reductions
of variance are high for the short range, but as projection time increases, the
forecast wind speed may trend toward the climatological speed.
Such a trend
toward normal may be solely because of the decreasing "strength" of the
regression equation and may not reflect a real trend in the winds. This is one
reason one might use inflation. An inflation factor which becomes stronger as
the equation becomes weaker might suffice to avoid such anomalous trends in
forecasts.
The simplest way of inflating forecasts is to use a formula, defined-by
Russo et al. (1964), based solely on the dependent sample parameters, for
example:
F new

where Fold is the original forecast from the equation, Fnew is the inflated
forecast, y is the dependent sample mean of the predictand, and R is the
multiple correlation coefficient for the equation. One can see that this formula
results in new forecasts that are further away from the dependent sample mean
than the old forecasts in both directions, and that the magnitude of the change
is greater ifR is smaller.
That is, the lower the multiple correlation, the
greater is the effect of the inflation. Consider wind speed as an example; the
strong wind forecasts are increased and the light wind forecasts are decreased.
Inflation always increases the frequency of forecasts of the more extreme
values in the distribution, but that comes at a cost: the average error
increases, especially when measured by a quadratic scoring rule such as the mean
square error.
This means that inflated forecasts -do not score as well as
uninflated forecasts.
In fact, the MSE of the inflated forecasts will be less
than the MSE of using the overall sample mean as a forecast only whenR > 0.5,
and the MSE of the inflated forecasts approaches -twice the predictand variance
as R approaches O. (Discussion of this procedure and the implications are given
by Glahn and Allen, 1966, and Epstein, 1967.) However, when inflation is used,
it is assumed that the extra attention to forecasting the rare (extreme) events
is worth the loss in overall accuracy.
b.

Deflation

Deflation is just the opposite of inflation--it represents an attempt to
decrease the spread in the distribution of forecasts, to"move the forecasts of
extremes closer to the mean. Deflation is desireable to correct for· one of the
chQ.racteristics of perfect prog equations; namely, the tendency to predict
extremes unreliably when the accuracy· of the predictors has dropped to the point
where it is unadvisable to try to predict the extremes of the distribution.
Perfect prog equations are developed.by using observations only, and, therefore,
the correlation between predictors and predictand may be strong. Since the model
errors are not accounted for in any way, extreme values of the predictors will
lead to forecasts of extreme events, whether the predictor values area'ccurate
or not.
It is thus sometimes advisable to restrict the range of the forecasts
when model accuracy doesn't justify "going out on a limb." Deflated forecasts
may be particularly des'ireable in an automated system to-- prevent too many false
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alarms of extreme events.
Deflation also tends to improve performance of the
forecasts as measured by scoring rules such as the RMSE.
Deflation can be used in this way to mimic the conservative tendency of MOS
forecasts.
However, to do so requires some independent estimate of the model
accuracy at different proj ections.
Such estimates might be provided by
correlating the forecast and the observations of the predictand for an
independent sample, then using a formula such as the above inflation formula,
except multiplying (rather than dividing) by the correlation coefficient for each
projection time. The important distinction is that a sample of model output is
required to implement such a deflation procedure.
It isn I t possible to get
something for nothing; model output must be used somewhere to mimic the characteristics of MOS.
Also, deflation which uses model output has the effect of
making the forecasts model-dependent, just as MOS equations are. The deflation
procedure would have to be redone after each significant model change.
c.

f

Bias correction

Bias correction simply means correcting for the mean error in the forecasts.
In the development sample, the forecasts are unbiased by definition--the mean
error is O. Forecasts generated on any independent sample will tend to be biased
to some extent.
In one sense, a bias correction is the simplest type of
adjustment: one only has to determine the mean error and subtract it from future
forecasts (see Chapter XI, Section B for a definition of mean error). However,
bias corrections are only useful if the sample used to determine the bias is
representative of the population of forecasts produced (or to be produced) by the
technique.
This means that the sample used to determine the bias correction
should not be small.
That means one has to wait long enough to collect a
sufficient sample before determining the bias.

(

One common type of bias correction is used to provide some station
uniqueness in cases where the development has been generalized over several
stations. Forecasts from the development sample are unbiased with reference to
the mean predictand value over all stations, but corrections can be applied to
take into account the differences between the overall mean and the mean of the
predictand for each individual station. Such a bias correction can be determined
directly from the dependent data, or estimates can be obtained from independent
data.
Inflation, deflation, and bias correction can all be handled together by
means of regression.
From an independent sample of forecasts and observations
of the predictand, a bivariate linear regression can be carried out with the
observations as the dependent variable and the forecasts as the independent
variable. Thus an equation of the form: -

where F new is the new, corrected forecast, Fold is the original forecast value
from the verification dataset, and a O and a, are the intercept and slope of theregression line, respectively.
If we denote the verification sample mean
observation Qv and the vexification sample mean forecast Fv ' we can write a
similar regression equation for the mean values since the regression line always
passes through the means:
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Then subtract from the previous equation and rearrange to get:

This is a general linear correction equation. In graphical terms, it represents
the best straight line fitted to a forecast-observed scatter plot.
The bias
correction component is given by the intercept a O and the inflation or deflation
effect is given by the magnitude of the slope a i . If a i is > 1.0, the effect is
to inflate the forecasts.
If a i is < 1.0, deflation results. A similarity to
the simple inflation equation above can be noted: if a i is > 1.0, the distance
of the corrected forecast value Fnew from the verification sample mean is
increased compared to the distance of the old forecast value from the verification sample mean. Conversely, if a i < 1.0, the corrected forecast value will lie
closer to the verification sample mean than the old forecast value. This is the
deflation effect referred to above.
3.

Example - Tuning Perfect Prog Surface Wind Forecasts

Chapter XI describes the perfect prog wind forecasts that were developed
for Canadian stations.
Immediately following the development, these forecasts
were run on a 2 year test sample with predictor values from the Canadian spectral
model.
Figures XIV-3 and XIV-4 are forecast-observed scatter plots for wind
speed forecasts for two stations, one season each, resulting from the independent
(verification) sample.
In both cases, the forecasts have some accuracy; there
is a tendency for the cloud of points to be oriented toward the diagonal. Since
the predic tor values come from a
numerical model, the errors are
from two sources:
the errors in50,,-------------------,...----.
herent in the numerical model fore**
casts, and the errors due to imper*
fections in the statistical method.
40
*
:2
Post-processing methods can be used
#
E
*
to correct, at least partly, for
C
both error sources and thereby tune
~ 30
the forecasts to the operational
Q)
Cl.
model.
Cl)

-

*

"0

The process in this case was
mainly a manual one.
While it
would have
been simple to use
regression to "do the correction
objectively,
it was found that
regression sometimes gave too large
a correction. Instead, the correction was estimated visually from
scatter plots, although the correction suggested by regression was
occasionally used.
For Fig. XIV-3, the correction
slope is very close to 1.0 a~d the
result is simply to shift the forecast values over by a constant
amount, represented by the intercept of the diagonal line extended
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*
10

10

20

30

40

50

Forecast Speed (km/h)
Figure XIV-3.
Forecast-observed scatter
plot for wind speed forecasts for Fredericton, New Brunswick, . winter season.
The plotted line is the subjectively estimated correction equation for these
data.
Its equation is 3.99 + 0.99F,
where F is the forecast wind speed.
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to the x-axis. This constitutes a
bias correction only; the magnitude
of the correction is not dependent
on the value of the predictand.
Figure XIV-4 shows both a bias
correction and an inflation.
Inflation makes sense in this example, because the observations range
almost to 50 knots while the forecasts can manage only 35 knots. At
the low end of the range, the original forecasts are all too high;
zero wind speed was never forecast.
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A moment of thought is needed
to visualize inflation and deflation on a scatter plot.
Inflation
50
60
10
is represented by a line with a
steeper s lope than the diagonal,
while deflation is represented by a
slope that is smaller than the
Figure XIV-4. Same as Fig. XIV-3, except
diagonal.
The orientation of the
for Whitehorse, Yukon Territory.
The
cloud of points on Figs. XIV-3 and
plotted line is -3.31 + 1.18F.
XIV-4 is steeper than the correction line, which suggests that the
correction is more conservative than what a regression fit to the data would
produce.
Use of a strong inflation correction is inadvisable in this case
because the equations are perfect prog and already have the ability to forecast
extremes with model output data.
Nevertheless, Whitehorse, which is a
particularly difficult station for which to forecast wind (low reduction of
variance in the original equation), has its perfect prog forecasts subjected to
modest inflation.

(

Although ,it is a lot of work to do the tuning subjectively, especially if
there are many stations and many forecast projection times, it has great value
because it forces examination of the performance of each equation separately and
it permits the correction to be controlled and varied in space and time.
4.

Calibration of Probability Forecasts

The use of regression to correct for bias and/or to inflate or deflate the
forecasts is sometimes cailed recalibration on the theorytha,t the original
regression development represents .the calibration of the predictand to the
predictors, or, if it is aMOS application, the calibration of the predictand
weather element'to the model output. Correction of probability forecasts to make
them more reliable is usually referred to as calibration. ,Reliability of a
probability forecast means that, for a large enough' sample, the relative
frequency of occurrence of the event will equal the probability value.
Unreliable probability forecasts are those where the frequency Q.f occurrence of
the event is higher or lower than what is suggested by the forecast, representing
a conditional bias.
'
The reliability of probability forecasts is usuaUy estimated by reliability
diagrams, introduced in Chapter XII. On a relia~ility diagram, an overall bias
in the probabilities is indicated by a shifting of the reliability curve away
XIV-IO
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from the diagonal, in the same way that an overall bias is indicated on a scatter
plot.
Bias in probability forecasts may be corrected the same way, by simply
adding or subtracting the appropriate factor from all the probability forecasts.
The magnitude of the correction must be estimated from an independent verification dataset. For probability forecasts, there is one additional problem in bias
correction, though: it generally takes quite a large sample to produce a stable
reliabili ty table. Therefore, it will take a large independent sample to provide
a stable estimate of a bias correction.
More commonly, the magnitude of the error in probability estimates varies
over the range of probabilities.
Unreliability in perfect prog probability
forecasts, which use imperfect-model <OlltpUt, shows up as a tendency to forecast
extreme probabilities near 0 and 100% too often with the result that the actual
frequencies of occurrence are greater than 0 and less than 100%, respectively.
On a reliability table, that gives a curve with a smaller slope than the
diagonal.
Figure XIV-S is an idealized diagram of a forecast system that is
reliable only near the climatological frequency of the event (30%),
100 r - - - - - - - - - - - - - - - - - - - ; > I
and is increasingly unreliable toward the probability extremes of 0
90
and 100%.
This type of curve is
typical of perfect prog equations
80
used with inaccurate numerical model
data.
70
~--------------------------

If a verification sample produces a reliability diagram with a
straight line, a linear regression
applied to the points on the diagram, such as described abov~ for a
scatter plot, might suffice to calibrate the forecasts, correcting both
for bias and probability-dependent
components of the unreliability.
However, sometimes the reliability
curves that are obtained in applications to meteorological data are in
fact curves, not straight lines.When this is the case, it might be
more appropriate to fit a curve to
the reliability table to accomplish
the calibration.
The advantage of
fitting a curve or a straight line
to the diagram rather than correcting each probability individually is
that noise in the estimates of the
points
on
the
diagram
can be
smoothed out.
5.
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Figure XIV-So
Idealized reliability
diagram for a forecast system that
forecasts extreme probabilities too
often to be .reliable.

Example - Calibration of Perfect Prog _Probability Forecasts

Perfect prog equations were developed for_forecasting probability of
precipitation for 22 Canadian stations.
The predictand was precipitation
occurrence/nonoccurrence in 6 hour perLods, defined by the occurrence of
precipitation in at least one of six sequential hourly reports. The statistical
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technique was discriminant analysis.
Because MDA and the perfect prog
formulation are both known to produce sharp, but not necessarily reliable,
probability forecasts, the forecasts were evaluated on one year of model output
data. Reliability tables were produced for the verification sample. Since this
sample was not large enough to produce stable reliability tables for single
stations, the stations were grouped for preparation of the diagrams.

, i

Once the diagrams were produced, experiments were conducted to calibrate
the forecasts. A third order polynomial was fit to each reliability curve, for
each station group and each projection. To prevent the calibration curve from
being too strong, points were added at 0% and 100% to force the fitted curve back
toward 0 and 100. This is a way of weakening the calibration adjustment, and
achieves a similar effect to limiting the inflation or deflation on a scatter
plot.

*

Two examples of the procedure are shown, for Quebec-Ontario stations
(Fig. XIV-6) and for Prairie stations in the western part of Canada (Fig. XIV-7).
In both cases, reliability curves are given for the first and last forecast
projection, corresponding to 6 to 12 hours and 42 to 48 hours, respectively. For
the eastern stations, the forecasts do not become noticeably less reliable with
increased proj ection time. However, the first proj ection shows an underforecast-
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is 6 to 12 hours and period 7 is 42 to 48 hours.
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Same as Fig. XIV-6, except for western Canada stations.

ing of the probabilities (forecast probability lower than 'observed frequency),
while the curve ·for the last period shows .the more typical tendency toward
overforecasting high probabilities and underforecasting low probabilities that
would be expected £~om the perfect prog forecast method. The western stations
show a more pronounced overforecasting tendency for the high probabilities that
increases with increasing projection time .
. The correction is applied simply by computing the forecast probability,
then substituting it'into the correction equation (the equation of the curve).
Graphically, that means entering the graph with the old forecast probability as
abscissa, moving vertically to the fitted curve,··then reading off the adjust'ed
forecast probability on the ordinate.
6.

Real-Time ·Error Feedback Methods

In an operational forecasting"context, it is-tempting to try to' correct for
errors in the weather element £orecastsas quickly as possible, and there have
been many experiments with. so - called real- time error feedback procedures of
various types. Error corrections that have-been described in this chapter so far
rely on the accumulation of a representative dataset to estimate the appropriate
correction> that is - to be applied.
Implementation of the results' of these
procedures is alw.ays delayed while enough data are collected to estimate the
errors.
Real-time error- feedback procedures, on the other hand, use only the recent
history of the forecasts and observations to estimate the errors. The sample on
XIV-13

which the errors are estimated is thus rather small, and perhaps not representative of the total population, but this method has the advantage of describing the
recent history of the performance of the forecasts.
If forecast errors are
correlated in time, this advantage may be important.
There are many ways of designing an error feedback method. The simplest way
is probably to compute the bias in the forecasts over the last several days and
subtract it from the current forecast. In addition, one can weight the forecasts
used to estimate the error according to how recent they are. One might also wish
to use less than the full error on the theory that the weather regime might
change suddenly.
Of course, to be fully responsive, the dataset on which the
correction is based moves with time; one will always use the last X days to
estimate the current correction. As a next level of sophistication, if it is
known or suspected that the errors correlate with the predictand value (or its
departure from normal), this relationship can be quantified via regression.
Another error feedback method that has drawn considerable interest recently
is the Kalman Filter.
This is described fully in Chapter XX, so will not be
covered here.
Essentially, the Kalman Filter models the errors based on
prechosen parameters (such as the departure of the predictand from normal), then
learns the error characteristics of the forecast in terms of the chosen model and
recent realizations of the forecast.
This approach has been applied to
processing of direct model output weather element forecasts, and should also be
useful in post-processing of statistical weather forecasts.

f
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Real-time error feedback procedures sacrifice representativeness o,f datasets
in order to obtain an early correction to the forecast. Their advantage is in
the fact that the weather element forecast system can begin to respond early to
systematic changes such as model changes. However, the corrections that are made
can be misleading until enough data from the changed system are available to
provide reliable estimates of the errors. Real-time error feedback systems can
be quite useful as long as they are carefully designed to respond somewhat
cautiously to changes in the forecast errors.

7.

Making Statistical Forecasts Consistent in Space and Time

Statistical weather element forecast equations are developed either
separately for each station or for groups of stations. If the MOS formulation
method is used, there will also be a separate equation for each projection time.
If perfect prog development is used, -there may bea separate equation for each
observation time, normally 0000 UTG and 1200 U'rG, but there may also be equations
developed for intermediate times by using interpolated data.
When separate
equations are developed completely separately, by using different datasets and
by carrying out the screening procedure each time, there is no guarantee that
equations- for nearby stations will use- the same predictors ,. nor is there a
guarantee that all the equations for different validt.imes for one station will
contain the satne predictors.
Ideally, One would like to be able to rely on the model tha't is used: to
generate predictor values at run time to guarantee spatial and temporal
consistency, even when the predictors are different.
After all, the model's
forecasts are internally consistent, are they not? Well, that is true to some
extent, but it cannot be relied on always. Especially when p1;'edictors that may
tend to be noisy, such as boundary layer variables, are included in the
equations ,_ the resulting forecasts can be q,ui te variable or noisy in space
XIV-l4
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because of differences in the predictor variables.
Temporal oscillations in
predictions also sometimes show up because of the differences in predictors at
different valid times.
One can alleviate the consistency problem at development time by ensuring
that all the equations for one station and one element contain the same
predictors. That is, one can do simultaneous screening for all projections. In
theory, one can also do some form of simultaneous screening to ensure spatial
consistency, but that is even more restrictive than simultaneous screening for
temporal consistency because different physical processes affect the weather
element at different places, even in a small country.
A second way of enhancing spatial and temporal consistency at development
time is to smooth the predictor values in space and/or time before they are used
in. development. While this is sometimes done, it has the disadvantage that model
resolution is lost, and the forecasts become smoother, which means that extremes
will be forecast less often. Also, if the predictor values are smoothed before
development, they must be smoothed the same way when used in application of the
equation.
Chapter X, Sections C and D discuss in somewhat more detail
consistency issues in developing statistical systems.
It is also possible to deal with spatial and temporal inconsistencies by
post-processing the forecasts.
That way, the predictor selection can be
unimpeded and the model's full resolution can be allowed to determine the
relationships. Perhaps the easiest post-processing method to ensure consistency
is to smooth the forecasts in time and/or space. While it can be argued that the
effects of this would be the same as the effects of smoothing the predictors, at
least the type and strength of smoothing can be chosen to eliminate specific
problems that show up in the forecast output. To identify specific consistency
problems, it is usually necessary to run the forecasts and plot the forecasts on
maps or as a time series.
In fact, inconsistencies will not often show up in
verification scores; this argues for the value of case-by-case evaluation of
statistical products.
Another type of consistency check that is often necessary is to ensure that
forecasts of different elements are meteorologically consistent. For example,
one would not like to have a high PoP forecast correspond with a forecast of
clear or scattered cloud.
One would not like to be forecasting a high
probability of snow when the maximum temperature forecast from another equation
is +10 0 Celsius.
Discrepancies of this type can arise because equations·· for
different elements are developed separately.
Inconsistencies between forecasts of different weather elements are usually
treated by .heuristic rules, with each individual situation being treated
differently. For example, if a forecast system produces both 6 hour and 12 hour
PoPs, one consistency check that might be performed is to ensure that the 12 hour
PoP value is not ~ess than the greater of the two corresponding 6 hour values.
If an inconsistency is found, either the 12 hour value can be raised or the
6 hour value lowered; depending on which choice gives better results.
As another example, if a technique forecasts a high probability of low
visibility, rules can be developed to ensure that the method also forecasts high
probability of either fog, precipitation, or some other obstruction· to
visibility. Rules would have to be developed to decide which element is reducing
the visibility.
Alternatively, perhaps the weather element should be given
XIV-1S

priority, and the visibility should not he allowed to be low unless an
obstruction to vision is forecast with sufficiently high probability.
The
possibilities for establishing rules for consistency among elements are great,
and considerable testing may be required to deal with this problem.

..

Post-processing by development .and use of specific rules to control category
selectfonor to JIlakeprobability forecasts consistent is sometimes called. a rule~
based system, a term that has been borrowed from the artificial intelligence
community. The important distinction is that these rules are. not determined from
a systematic analysis of a large sample of data, but rather are based largely on
subjective physical reasoning.
D.

Consensus Forecasting - Combination of Forecasts from Different Sources

1.

Methods

It is often the case that two or more forecasts of the same element may· be
available for the same valid time and same station.
Sometimes, there will be
both a statistical forecast and a direct model output forecast of an element
available.
Or, there might be more than one statistical forecast product
available, for example, a perfect prog and a MOS product. Since these forecast
products come from different sources"they are likely to contain some different
information about the predictand. It is therefore tempting to try to combine the
forecasts in some way to extract as much predictive information as possibl.e from
the available data.

(

One way of combining forecasts that must not be overlooked--although it is
not strictly a post-processing method--is to use the output of one method as a
predictor in the 'equation development for the other . . An example of this is the
use of direct model output forecasts of an element in development of MOS
equations for the same element.
Of course ,.·this requires that an adequate
datasetof prior forecasts from the model be available for development, and it
is subject to all the limitations of MOS with regards to model changes'.
When forecasts of a· weather element are simultaneously available from
different sources, one can think of several ways of combining them:
Average them. This will in general have a smoothing effect on the forecast,
causing a tendency to predict more toward the mean.
Develop rules by which one or the' other .forecast -is 'selectBd in each
different situation.
This is a flexible approach which can be used to
control the. statistical· .characteristics of the consensus forecast.
The
. rules should be intelligently defined, including taking into account· known
strengths and weaknesses of the component techniques.
Determine a linear combination'of the component forecasts. The weightings
can be obj ectively orsubj ectively determined based on verification results,
or by using rules based on physical reasoning.
Carry out a regression with the component forecasts as predictors.
This
requires that a reasonable sample of the component forecasts and the
corresponding observations of the weather element - be, available.
One
advantage of this approach is that tuning and combination of techniques can
, be dortein one step.
The approach is similar to the inflation/deflation
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procedure discussed in Section C.2, except that there are now two or more
predictors. Such blending systems are discussed more fully below.
2.

Example

~

A Union of Perfect Prog and MOS Forecasts

Experiments in combining perfect prog and MOS forecasts have been carried
out in Canada (Verret and Yacowar, 1989). The goal is twofold:
to extract as
much predictive information as possible from different forecasts and to correct
for some of the deficiencies of the. statistical methods.
Although several
elements were treated in the combination experiments, it is the procedure for PoP
that is briefly described here. First of all, it is necessary to be convinced
that the perfect prog and MOS forecasts contribute different information to the
final PoP forecast.
This was verified by developing conditional reliability
diagrams. These are conventional reliability diagrams where several curves are
plotted. Each curve is a reliability plot for the perfect prog forecasts for a
specific MOS forecast probability (i.e., conditional on the MOS forecast
probability). If the perfect prog forecasts do not contribute information to the
MOS forecasts, the restllting plots should be horizontal, meaning that the
observed frequency is constant no matter what the perfect prog probability is.
However, as Fig. XIV-8 shows, the actual precipitation frequency depends on the
perfect prog probability even for a specificMOS value. Thus, the perfect prog
forecasts contribute information that is not present in the MOS forecasts, and
combining them should be worthwhile. A conditional reliability diagram was also
plotted for the MOS forecasts conditioned on the perfect prog fore% PRECIPITATION
100~----------------~
casts (the other way around).
It
showed similar results, as might be
expected.
60

The procedure for combining
the MOS and perfect prog forecasts
was designed to account for· the
relative strengths of both systems.
At the extreme ranges near 0 and
100%, the selection rule is simply
.to choose the most extreme probability (the second method listed
above) if at least one of the forecast probabilities is near the
extreme.
The purpose is to increase the sharpness of the resulting forecast.
In the middle rang~
es, the procedure is to select the
lower of the two if they are sufficiently
close
together,
"sufficiently" being determined by an
empirically determined threshold
value·, and if not, to use a weighted combination of the two forecast
probabilities. The whole procedure
is essentially a rule-based system,
although
the
weights
for
the
weighted combination are determined
to minimize the RMSE of the combined probability.
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Figure XIV-8.·
Conditional reliability
curves for REEP PoP forecasts .
Each
curve gives the reliability of the perfect prog forecasts for a specific value
of the MOS . forecast probability.
All
forecasts- are for the 36 to 48 hour projection.
(Taken
from Verret
and
Yacowar, 1989)
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This is an example of a hybrid method for combining forecasts. It has been
shown to give higher skill as measured by the Brier Skill Score than either of
the component forecasts. There is, however, a practical disadvantage: to make
forecasts using this system, one must first run both the perfect prog and the MOS
systems. Furthermore, if the driving model were to change, the best one could
do would be to turn off the combination procedure and use the perfect prog
forecasts alone, because the lost accuracy of the MOS forecasts would likely
lower the accuracy that would be obtainable from the combined system.
Finally, a few words about forecast blending systems are in order. As long
as they are designed to take advantage of the strengths of each component foreCast procedure, blending systems offer considerable promise.
One type of
blending system·that has received quite a lot of attention is the attempt to
blend very short range forecasts of weather elements which are not dependent on
national scale models with forecasts of those same weather elements which are.
Because of the time taken to make model output forecasts available to drive
statistical forecast techniques, it is appealing to try to use other quickresponse techniques to update the statistical forecasts that come from models.
The most highly developed example of this type of forecast combination is the
Local AFOS MOS Program (LAMP) in the U.S. (Glahn and Unger, 1986). This system
combines classical statistical techniques using recent observations with the
output of simple models to update MOS forecasts driven from the national, large
scale model.

:

(

Blending systems involve statistical processing in two stages . . The ·first
stage is the development of the MOS or perfect prog equations on a large dataset
for use with the national model.
.In parallel,' another large dataset of ob'servatio-ns is used to develop the classical forecast equations.
Then, both
systems are· run on the same independent dataset, and the forecasts are collected.
The second stage of development involves using these forecasts as input, matched
:in proj ection time according to operational schedules, to generate new equations.
The new equations can be designed also to tune for a specific. model, and can
incorporate any iocally available techniques. One advantage ef such a design is
that it separates the large dataset; stable·equation development from the' more
perishable model dependent development step, providing pe~fect progdevelopment
is used in the first step.' The ideas of this· paragraph are shown s·chematically
in Fig. XIV-9. Blending systems offer a way' of making effective use of most of
development cost in the long run.
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A schematic diagram showing how objective
forecast blending might be done in an environment where
weather forecast responsibilities are split between a
national centre and local forecast offices.
Russo, J. A., Jr. ,1. Enger, - and E. L. Sorenson, 1964:
to the short-period prediction of surface winds.
126-131.

A statistical approach
J. Appl.Meteor ., 3,

Verret, R., and N. Yacowar, 1989:
Improvement of numerical weather element
forecasts by combining forecasts from different procedures.
Preprints
Eleventh Conference on Probability and Statistics in Atmospheric Sciences,
Monterey, Amer. Meteor. Soc., 58-63.

XIV-19

xv.

PRACTICAL CONSIDERATIONS IN THE DEVELOPMENT AND
IMPLEMENTATION OF A STATISTICAL INTERPRETATION SYSTEM

A.

Introduction

The overall objective in building a statistical interpretation system is to
provide objective forecasts of important weather elements. We've already talked
about some of the techniques that can be used to develop prediction equations and
some of the verification measures used to evaluate the accuracy and skill of the
forecasts produced by these equations. However, so far, we have said very little
about the practical aspects of developing and implementing a statistical
interpretation system. The following sections address these issues.
B.

PredictandData

In many of, the previous discussions concerning, methods for statistical
development, we've mentioned the need for predictand data. Obviously, without
these data, we would be unable to develop any equations at all. Therefore, it
is necessary to make sure that the predictand data needed for development will
be available. First, we must decide on the specific weather elements that we
want to forecast--bothnow and in the future. A decision must also be made on
the locations where forecasts are, needed and the time interval for which
forecasts are to be produced (every 3 hours, every 6 hours, etc.).
Before
deciding what weather elements to forecast, we must be sure these data are being
observed. Obviously, if a forecast is needed for a location near the top of a
mountain, a sufficient sample of observed data must be available from the top of
the mountain. If we are to forecast the temperature for every 3 hours, then the
temperature must be observed at intervals of, at least every 3 hours. We also
must make sure that the data are being saved in a usable format.. It may also be
necessary to establish an archive of the data that are needed. If so, the data
'-will need to be quality, controlled to make sure that" there' are:relatively few
errors. Finally, we will want to-make sure the data are saved in a format that
allows for easy processing. The establishment of the, appropriate predictand data
archive is the, first and perhaps most important step in building a good
statistical interpretation system.
C.

Predictor Data

If the predictand data archive is the most important' step in building a
statistical interpretation system, establishment of a good predictor archive is
a close second.
Clearly, both the predictand and predictor datasets are
absolutely necessary before equation, development can begin. Depending on the
developmental approach to be used (classical, perfect prog, MOS) , the predictor
data archive will vary.
For the classical approach, silice only observations are used, the predictors
will, of course, consist of only observed data.
In this case,. both, the
predictand data and the predictor data may come from the same dataset; If upper
air observations 'are to be used as predictors, then these may need to be.merged
with the surface observations into one dataset. We must be sure, however, that
all the predictors used in an equation will be available in "real time"- -that is,
the predictors (observations) will have to be available in the computer that is
going to make the statistical forecasts at the time the statistical forecast is
to be made. We'll talk a little more about this requirement later. As discussed
before, the classical approach does not use any dynamical model forecasts and,
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therefore, does not require an archive of dynamical model predictions. However,
since it does not use dynamical model forecasts, the classical method works well
for only very short range forecasts.
For the perfect prog approach, the predictors used to develop the equations
are observed data.
When the equations are applied to make a forecast, the
predictor data come from a numerical prediction model. Obviously, it is of vital
importance that the predictors used in the equation development are also
predicted by the numerical model to which the equation is to be applied. As
mentioned earlier, the perfect prog system assumes that the dynamical model
forecasts are perfect. Because of this assumption, we want to avoid predict9rs
in the development which are highly .related to our predictand but not predicted
well by the numerical model. In general, surface data falls into this category.
The forecasts for the lowest (boundary) layer of a numerical mo4e~ ar~often not
very representative of the actual weather observed at the earth's surface.
Consequently, it is not desirable to use observed surface data (without a time
lag or location difference) as predictors in perfect prog systems. Therefore,
since the main predictors used in the development of perfect prog equations will
come 'from upper air observations, an arc:hive of upper air observations is
necessary. The developer should ensure that a good historic archive of these
data is available. Note that' an archive of numerical model forecasts is not
absolutely necessary for the development and implementation of a perfect prog
forecast system. The system could be "tested" on r,eal-time data. However, to
test the system thoroughly prior to implementation, an archive of numerical model
output is advisable.

:

(

Since the MOSpredictors come from dynamical model output, an archive of
model data is absolutely,necessary for the development of MOS equations. All
model',val:"iables to be used as predic'tors in the equations need to be saved. Note
that it is'more desirable to save the ,model forecast variables as grid point
fields and later to interpolate to the station lOcations (forecast points). This
will allow the developer to, derive other variables_ from the basic model fields
and to maintain flexihi;Lity 'as, to the loc,ationof the'. forecast points.
For
example ,vortici ty advection could be derived ,from the wind field, or the amount
of space and temporal smoothing might be varie~ depending- On the ,forecast
projection and the type of predictor. Not only must the model predictions be
available for archiving, but they must also be available on-a real-time basis
when the system is implemented.
D.

Data Sample Sizes

(

As in all methods of statistical' estimation" the larger the data sample, the
better the predictions based 'on t;:hat data sample ,are likely to be. The question
arises as to how large a sample is sufficient to get good ,results. The' answex
to that question is dependent on several factors. The first consideration is the
weather element to be predicted., If our predictand is ~ continuous variable with
a full'range of values' and a 'near-normal distribution, we've found that fewer
observations are needed than if the predictand is a binary variable and
especially if it occurs orily rarely. Thene~ded sample size also depends on the
type of equation planned. If wep.lan to combine' the data for numerous stations
and derive regionalized equations, we will need a shorter sample of dat~ than if
we were to derive single station equations.' Often, for binary predictands, the
need for a larger data sample can be compensated for by developing regionalized
equations. Similarly, if we want to derive separate equations for ,four, 3-month
seasons,more years of data are needed ,than if we were to derive equations for
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two, 6 -month seasons.
From a statistical viewpoint, our data sample must be
representative of our population. In other words, the data sample should include
the full range of weather events that are possible for any given time of the
year. This is, of course, not completely possible since record weather events
always occur. However, we do want to have cases in our sample that are similar
to most of the weather events that we might expect in the future. For example,
let's assume that we were deriving cool season temperature equations and we have
two cool seasons of developmental data.
If the first season of data was
abnormally cold and the second season was abnormally warm and if there were many
"normal" days in the sample, we should expect this 2-year sample to give
reasonable temperature forecasts for most weather patterns. However, if the 2year sample consisted of two abnormally warm years, we would not expect equations
derived from this sample to perform well for an abnormally cool weather pattern,
or perhaps even a normal weather pattern. For the United States, we have found
that 2 or 3 years of data will generally produce useful forecasts.
A larger
sample of developmental data is needed for rare events.
E.

Tuning for the Dynamical Model

Both the perfect prog and MOS approaches use dynamical model output as input
to the statistical forecast equations. In the case of perfect prog equations,
we must make sure that the variables used as predictors in the equations will be
available from the dynamical model. We also need to consider the predictability
of certain variables before including them in the list of potential predictors.
However, since model data are not used to develop the equations, the equations
do not account for any specific characteristics of a numerical model, and are,
therefore, not considered to be tuned to a specific model. As long as the needed
forecast variables are available, the perfect prog equations can be used with any
numerical model. As a numerical model improves, the forecasts from perfect prog
equations should improve. As mentioned before, though, the perfect prog approach
does not account for the characteristic biases.of the model nor does the perfect
prog approach account for the diminishing accuracy of the model as the forecast
projection increases.
Because the predictors used in the development of MOS equations are model
forecasts, the MOS approach accounts for the biases in the dynamical model and
also the accuracy of the model with increasing forecast projection.
MOS
equations are tuned to the specific model from which the equations were derived.
In addition, theMOS approach accounts for interrelationships between various
model forecast variables. Consequently, MOS equations should not be expected to
perform as well on a different model, even if the model has a similar or slightly
higher level of accuracy. Even changes to the original dynamical model could
lead to a deterioration in the accuracy of the MOS forecasts. The MOS approach
does provide the most accurate guidance under ideal circumstances--that is, in
cases where sufficient developmental data were available for the development and
when few, if any, changes were made to the current operational model. Because
the MOS approach accounts for the model's characteristics·and the diminishing
accuracy of the numerical models with increasing projection, equations aeveloped
with the MOS approach produce more accurate forecasts than equations developed
with the other approaches.
F.

Software Development

So far, we haven't said much about the software needed to develop and
implement a statistical interpretation system. There is a considerable amount
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of work involved in designing and implementing the software needed to archive
data, develop equations, and produce forecasts on an operational basis. To the
extent possible, the developmental system and the operational forecast system
should share the same software. This lessens the work required to develop the
systems, lessens the time required to maintain both systems, and lessens the
chances for inconsistencies in the way the data are handled or the predictors are
computed.
For example, both the archive software and the operational forecast
programs must be able to .readandmanipulate the dynamical model forecast files
(provided, of course, the source of data is the same for both purposes). Both
the developmental program and the forecast program must be able to compute other
forecast variables from the basic model output and to interpolate the data from
the model grid points to specific locations.

1. -

"

The approach used to develop the equations will, to a large extent,
determine the various software components of the archive, development, and
forecast system needed. The more modular the software, the easier it will be to
utilize one piece of software in more than one of these systems.
Given the
complexity of archive, development, and forecast systems, the amount of time
needed to develop the software is considerable and probably will be
underestimated.
Currently, there are many commercial software packages available to do
statistic.al analyses. on small, as well as large, computers.
Although these
packages are very flexible in what they can do, it is unlikely that a statistical
interpretation system can be built from commercial software.
In particular,'
these packages may not be able to process .thelarge quantities of numerical model
output, and.qu~telikely the input and output formats will not be appropriate to
the task at hand. In fact, many of the commercial packages are not even able to
apply derived relationships to independent data. Although these packages may be
useful for determining some o·f the statistical qualities of the data, the overall
statisticc;r1 development and forecast system' software will likely need to be
designed and developed "in house."
G.

Station Constant Data Files

,In Chapt.erVI, we discussed some of the predictors, that can be used to'
include stat.ionspecific information Tn the regionalized forecast· equations.
These predictors .include v.ariables such as . station' elevation, latitude,
long·itude " and the climatic mean values or climatic mean relative freque·ncies.
We will. need to keep this information in a data file on the computer where it can
be accessedby either the development or forecast programs. The design of this
file and its supporting software must allow for efficient access by both the
development and forecast programs and allow for the file to be easily updated.
The updating software should. be able to add or change the station constants and
add or delete stations.
H.

(

Dev~lopmental

Program

In many of the previous chapters, we have discussed various aspects of the
developmental system.
In general, the approach used in the 'development of the
equations will determine the requirements for the equation development software.
For all approaches, the developmental program will need to n~ad and process the
predictand and predictor data,read any:other needed data (for example, station
c.onstantS). derive the statistical 'forecast equations', and'~rite the equations
to a file for later use by the forecast program. The development'al program must
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also be capable of handling the various options available in the developmental
process.
In addition, the program should output to the developer pertinent
information concerning the quality of the equations that are derived.
I.

Equation Files

In most situations, it will be necessary to have separate files containing
the forecast equations. These files would then be read by the forecast program.
For a somewhat limited system, all the equations could be read from an equation
file and stored in the memory assigned to the forecast program.
In order 'to
process the equations, a simple method for equation identification would probably
be necessary. For larger forecast systems, where numerous equations are used,
more sophisticated equation files are needed.
In this case, only a limited
number of equations would be read and processed by the forecast program at any
one time. In addition, a more sophisticated form of equation identification must
be used. The forecast program would need to know which equations to process and
where the equations are located in the equation file.
Control information
indicating which equations to process could be read from a separate file. The
forecast program would then need to locate and read the equations as efficiently
as possible. For efficiency, files containing a directory or table of contents
,are best. This type of file also makes it easier to add, delete, or change the
equations.
J.

Forecast Program

The forecast program is the heart of the operational statistical interpretation system. As with the equation files, the larger the system is, the more
sophisticated the program must ,be.
This forecast program must read control
files, equation files, and dynamical model forecast files efficiently.
The
program also must write the -forecasts it generates to a database where the
forecasts can be read by dissemination software. For each input file, we want
to read only the data that are needed, and we want to read those data as few
times as possible. In addition, we want to limit any duplication of processing.
For example, we don't want our program to read the model forecast 1000mb and
500mb heights, calculate the 1000- 500 mb thickness, and interpolate to a station
every time this predictor is encountered in an equation.
Rather, once the
1000-500 mb thickness has been calculated, we would want to-'store this field in
internal or external memory. When an equation is encountered that needs this
predictor, the program need only interpolate-to the required'station. Needless
to say, the design of the forecast program is .c-ritical if the forecast system is,
to efficiently produce a large number of forecasts.
K.

Forecast Database

Once we have developed forecast equations and have a forecast system that
is able to evaluate the equations .on an operational basis, what do we do with the
forecasts? Obviously, we will not want to print each of the forecasts as it is'
computed, but rather we will want to store the- forecasts for another program that
can put the forecast data in a user friendly' message or graphic product. The
design of this database will depend on the quantity of variables to be forecast.
If only. a few variables are to be forecast, and only for a few stations and
proj ec tions, then the des ign of the forecas t database is not important. However,
if forecasts are being made for numerous weather variables, stations, and
projections, then the design of the forecast database becomes very important.
Both the programs that create and write the forecasts into the files and the
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programs which later' access the forecasts to create messages or to compute
verification statistics must be able to access the files in an efficient manner.
L.

Post-Processing

Depending on the types of equations that are to be developed, we may also
wish to check our forecasts for meteorological consistency or use our-forecasts
to produce forecasts of other weather variables. For example, suppose that we
developed equations to predict the temperature and equations to predict the dew
point. Although we may have derived these equations simultaneously, there is
still the, chance that our forecast of temperature will be lower than our forecast
of dew point.
If it is, we might want to apply some algorithm to adjust the
forecasts accordingly. To do this, we would want to have a program capable of
reading the two forecasts from the forecast database,; making the adjustments when
necessary, and writing the forecasts back to the database. We might also want
to produce a forecast of the relative humidity which we could simply .compute from
the temperature and dew point forecasts.' Again, this could be done in a separate
program that would run after the forecast program has completed. : We might also
use this type of program to convert conditional probabilities to unconditional
probabili ties or to convert raw forecasts to deviations from climatological
values.
In the. case of perfect prog forecasts, we might wish to deflate the
forecasts toward the expected climatological value as the proj ection of the
forecast increases. In all these cases, after the forecast program is finished,
the forecasts could be modified by another program which we will call a post·
processing program. As with the other programs, the program software should be
as modular as possible.
M.

1 •
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Forecast Dissemination
..

Once the post~processi,ng of our forecast data is complete, the forecasts are
ready to be disseminated to the users. Presumably) the users of the statistical
forecasts would he meteorologists who would use this information, along with
dynamical model output, _satellite data, and observed data to make an "official"
forecast. Our main goal in this effort should be to'put the guidance in a form
that can be easily used by the forecaster. Of course, we must also be concerned
by the. limitations of the dissemination system.
In the' United States,
forecasters at National Centers prefer"graphical products giving an overall view
of the weather expected on a national scale while forecasters at local'offices
prefer that the forecast data be provided. in station oriented forecast matrices.

(
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XVI.
A.

PRACTICAL CONSIDERATIONS IN THE DEVELOPMENT AND
IMPLEMENTATION OF A FORECAST VERIFICATION SYSTEM

Introduction

Many aspects of verification have been addressed in previous chapters of
this document.
Basic concepts were introduced in Chapter IV, and a general
framework was presented in Chapter VIII.
Each of Chapters X through XV have
dealt with specific issues regarding verification. This chapter does not dwell
on the same factors as discussed previously- -such as purposes of verification and
specific measures of quality--but rather deals with the design and implementation
of a forecast verification system.
The specific needs for a verification system will vary widely from country
to country, depending on its size and the organization of its forecast service.
A particular weather service might consist solely of a central facility, in which
case a centralized verification system is the only option, although the "system"
could be a single integrated system or could be a collection of largely unrelated
components. Or, a weather service might be concentrated in local offices with,
perhaps, strong regional offices.
In this c'ase, a local system may meet the
service's needs.
A large country may have many local offices and also have
strong regional and/or central elements.
There is surely agreement· that a weather service that issues .forecasts
should verify/evaluate at least a sample of those forecasts.' Usually, some
comparative measures are needed in order to address skill as well as accuracy.
A "standard" that could be used for very short range forecasts is persistence--a
formidable challenger in some settings.
Or, objective guidance as has been
addressed in these notes can furnish a standard against which to measure the
"official" fo.recasts.
Also ,', there may be a need to compare the collective
results of one station with another or one forecaster with another- -both
comparisons being difficult and fraught with danger.
The needs of a central or regional office of a weather service for' a
verification system may be different in detail from the needs of a local office.
Although it's difficult to see how a strong central or regional office would not
be interested in all aspects of the local program, local offices may have no use
for all the information needed by central or regional offices .
Also, the
specific forecasts to be verified might differ from office to office, depending
on the local climate and the importance of a particular business or economy. For
instance, specialized forecasts for fruit growers may be of extreme importance
in one locality but be non-existent in another. However, quite likely, there
will be one or more weather elements that are. forecast throughout a country that
are of enough importance to verify. When this is the case, ·the basic data needed
for the ver~fication will likely be the same for all levels of the organization.
In such a situation,it seems desirable to have as coordinated a collection,
collation, quality control ,and processing system as resources permit. Once data
are collected, collated, and quality controlled at the local level for purposes
of the local component of the system, it is desirable for those same data to be
provided to higher organizational levels if they are needed there, rather than
to go through.the same processes at each level. This coordination also helps to
assure that personnel at different levels are interested in,and involved with,
the total evaluation system, and not just a small piece of it.
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The discussion in this chapter covers the possibility that the verification
system of a weather service will include both local and more centralized
components.
If such is not .thecase, the reader can easily distinguish the
portions to disregard in designing a system.
There is much to be gained by a
systematic approach to verification, including an understanding of the process,
achieving acceptance at different echelons, and the conservation of resources-especially development and maintenance of software.
A forecast verification system can be designed to evaluate and compare various components of the operational system.
Verification results can reveal
important information about the overall skill, as well as specific weaknesses,
of the forecast system.
The ability to build a verification system i~, of
course, linked to the availability of both forecast and observed data.
An
operational system must be designed to collect and save the necessary data,
verify the forecasts, and distribute the results in a timely manner.
The availability of various resources will influence the manner in which
data are collected and processed. In addition, one of the most important aspects
of a verification system is that it should not adversely impact the wor~load at
the local level, especially over an extended period of time.
Verification
systems can range from primarily human oriented tasks to highly automated
computer processes. While the goal is to design an eff~cient verification system
that provides timely results, the system need not be highly automated.
Generally, however, ,automated. processing allows more data to be processed in a
timely manner than do manual procedures.
In addition, automated processing is
desirable so that routine verification procedures require a minimum of human
intervention,. allowing t4e forecaster to spend more time on other tasks.
Nevertheless, it iscpreferable to devise a simple yerificationsystem that uses
available resources to yield immediate benefits, rather than to devise a very
complex' system whose benefits may never be realized.
In· other words
the
available resources should be used to build a solid verification system which can
then be enhanced as additional resources become available.
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Careful planning is an important pal:'t of.a successful verificat.ion system.
Just as important, but perhaps. not, as obv.ious, is the need for people to accept
the -verification system. Weather forecasters and observers must understand the
need for a verification system, the importance of the collection of high quality
data, and the value of verification statistics for improving the entire forecast
system. The verificcation system must not only be ." fair 11 but must be perceived
as fair by the people who make the forecasts. All aspects of the verification
system should be carefully examined to. ensure that the system. itself is
reas,onabie: is the added work imposed on personnel at all levels justified and
do the verification statistics yield accurate and meaningful information? At the
same time, forecasters must feel that verification statistics accurately
represent the specific information sought by managers. If a verification system
is to be successful, the needs of forecasters must be considered along with the
requirements of management and the availability of resources.
The following discussion contains important points to consider when designing a verification system. While the discussion is not all-encompassing, it
highlights some issues that deserve attention. The issues .raised here have been
categorized into brqad topics, but ·it's important to keep in mind that all
aspects of the verification system are closely conpected--tha~ solutions to some,
problems might impact the workings of other aspects of the program. As stated
earlier ,the needs for a verification system will differ from country to country.
XVl-2

(

I

II

I

I
.; I

It may be a difficult task to design a good verification system that will
successfully balance the needs of each organizational level, from forecaster to
top management.
B.

Selection of Suitable Forecasts and Observations

If one is considering designing a verification system, then the need and
purpose must have already been identified. It is important that the purpose{s)
be explicitly stated, including how the output of the system will be used. As
part of that process, the types of forecasts to verify will be identified.
A
wide variety of weather forecast programs may exist in order to meet the needs
of a similarly wide variety of users.
Each forecast'program--suchas public,
aviation, agriculture, marine, severe weather, and fire weather--will provide
detailed forecasts for specific weather elements. Temperature, precipitation,
hours of sunshine, and related weather elements are important to the agricultural
community, whereas the aviation industry needs accurate forecasts of ceiling
height, visibility, and wind.
If forecasts for a specific weather element are
provided in more than one forecast program, it may be necessary to verify
forecasts of that element from just one of the programs.
Ideally, resources
would be available to design and implement a verification system encompassing .all
forecast programs, but, in reality, priorities must usually' be set so that
important programs receive more attention than those deemed less important.
Several factors determine whether data are appropriate for inclusion in a
verification system. First, of course, is the availability of both forecasts and
verifying observations of a particular weather element.
. Such an obvious
requirement can easily be oversimplified. It's certainly worth knowing how well
forecasters predict the occurrence of severe weather (i.e., tornadoes or severe
thunderstorms) .
However, . there are often limitations on the availability of
verifying observations, especially over sparsely populated areas.
Even if
observations are available for a particular weather element, the forecasts
themselves may not be in a form suitable for inclusion in a verification system.
For instance, a forecast may be available in text form, but can't easily be
retrieved and converted into numerical form for use in verification.
When both forecasts and observations are available, they should correspond
in space and time.
Subtle differences in the characteristics of forecasts and
observations can bias the verification -results.
For example, a m~n~mum
temperature forecast issued in an agricultural forecast product might be valid
for a particular geographical region rather thana specific point.
If several
observations are available from diffe:.;-ent sites within the region, a single
observation ·or some weighted average of the observations Can be used for
verification, depending on the weather element and event that one is trying to
forecast.
For instance, to evaluate a forecaster's ability to predict cropdamaging low temperatures, the lowest observed minimum temperature in the region
might be used for verification. In this case, an observation near the level of
the crop may be more important than observations at standard levels.
From the verification standpoint, it's easiest to verify forecasts valid at
fixed instances in time. Clearly, using observations made at the exact forecast
valid time is appropriate. In practice, however, forecasts often are valid for
periods of time. For some weather elements, forecasts are valid for periods of
fixed duration that begin at the same time each day, e.g., for 12 hour periods
that begin at 0000 or 1200 UTC. For other elements, forecast valid periods vary
in terms of both starting time and duration. For example, an aviation prediction
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may specify a certain weather condition for the first 8 hours of the period,
followed by a different condition during the next 4 hours. These forecasts may
be difficult to fully verify, because observations may be available only for
fixed times, which may not fall within the valid period of the forecast. Also,
verifying observations taken at a specific time during the forecast valid period
provide only an instantaneous measurement of current weather conditions, which
may not represent the prevailing weather conditions during the forecast valid
period.
There may not be a very satisfactory solution to this problem in a
particular instance. Special observations could be taken, but this is usually
not practical.
Whatever the solution arrived' at, one must be careful' to
interpret the results in light of the intended purpose of the forecast, the
characteristics of the verifying observation. and how well they correspond to
each o t h e r . "
"
C.

Data Collection and Preparation

Before the actual evaluation p.rocess call begin, data must be cotlected from
various sources, forecasts must be matched with their verifying observations, and
all values must be checked for errors. If all data processing and verification
are performed locally, forecasts and observations are collected and saved at the
local site and the data need not be sent anywhere else. If, on the other hand,
a central office is responsible for the data processing, data must he sent from
the local offices and collected at the central site. In any case, it's necessary
to design .an orderly data collection system.

(

The data collection proces$ depends to a large extent on the availability
of resources and the communications capabilities.
To collect forecasts and
observations, the process may be as simple as recording ·the data values on a
verification form and sending- the forms to the data processing site.
If
appropriate communications capabilities exist, data can be entered by the
forecaster or oqserver and transmitted to.the d;ata processing site electronically. In that case, the data collection system must be designed to identify and
save the wanted data when it is received at the central site. In a very highly
automated data cOllection system, the local softwarecanautomat:ically retrieve
forecasts and observations from products stored at the local site and transmit
these data to the appropriate destinations.
Automated data collection has both advantages and disadvantages.
It can
lessen the verific.ation~relat"edworkload of local forecasters -by automatically
extracting the necessary information from . existing products and,
thus "
eliminating the need to reenter data in a different format.' One of the :pitfalls
of such systems, however, is that -there is a strong possibility that. the
processes won't be monitored as closely as is realJy necessary fqr quality data
to -be colle-cted.
There exists the danger that the _ forecas-ter will not be
attentive to error messages and that errors will go undetected for longer periods
of time than if the forecaster were directly involv.ed in· each step of the
process.
'Forecast and observed data should be collected on a regular basis, with
reasonable deadlines imposed .. Frequency of data collection will again depend -on
resources and communications capabilities. For a "system that uses verification
forms, Lt's reasonable to expect that data would be collected about once or twice
a month.
In a highly automated system, observations could he entered into the
computer and transmitted sOon after observation time. By imposing time limits
on the arrjval of verification data at the processing site, subsequent steps in
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the data processing won't be unnecessarily delayed.
In addition, where data
collection is limited by such factors as data storage capacity, data files must
be reused periodically. Time limits ensure that all data for a particular time
period are stored and processed together.
Whenever possible, forecasts should be extracted from existing products to
ensure that the forecasts verified are those actually disseminated to users.
Matching the forecasts with the verifying observations will require some amount
of data manipulation, unless the data collection process is manual. Whether to
perform the collation locally or centrally will depend partly on where
verification statistics will be generated. As mentioned earlier, when both local
and central components exist, it's preferable to locally collate the data.
Transmitting 'collated data to the central site eliminates having to duplicate the
entire matching process at the central level.
If resources do not allow data
processing and verification to be done at the local level, collation and quality
control can be performed centrally.
All data should be checked for errors prior to calculation of verification
statistics. Quality control is easiest and most effective when performed at the
data source--at the local level.
Forecasters and observers are most familiar
with the daily weather at their specific sites and are better able to identify
erroneous data. A relatively simple quality control process might consist of a
forecaster regularly checking the data and manually correcting bad values. More
complex, though not necessarily better, quality control can be accomplished
through the use of automated error checking. Usually, automated quality control
consists of a series of gross error checks, such as determining whether a data
value falls within an allowable range.
For example, maxjmin temperature
observations and forecasts may not be allowed to exceed certain upper and lower
limits, which could vary by season and location.
Special properties of some
weather elements allow even more stringent error checks.
For instance, a min
temperature observation for a particular period may not exceed the max
temperature observation for the same period.
Questionable values should be
flagged and, perhaps, automatically set to "missing."
Quality control processes, whether manual or automated, will not be perfect.
Automated error checking can catch obviously bad values, but small errors can
easily go undetected.
If the quality control measures are too strict, an
automated procedure may eliminate highly unseasonable or rare values that are
correct.
Since these data may come from some of the most critical forecast
situations, care should be taken to not eliminate these data from the verification sample.
Forecasters and observers have the best knowledge of the local
weather and are usually better able to identify the more subtle errors than'
persons located far from the location. Thus, in.order to minimize the occurrence
of erroneous values in the data sample, it's highly desirable that personnel at
the local level carefully check and correct the data.
In order to do this
easily, the data must be readily accessible and in a form that can be easily
edited. By requiring forecasters to check the data, the occurrence of erroneous
values is minimized. At the same time, having forecasters check their own work
demonstrates trust in each individual and allows greater local control over the
process. Local quality control can add to forecaster acceptance of verification
by instilling confidence in the accuracy of the results.
At the central level, performing additional quality control is advisable for
two reasons. First, deficiencies in local data collection or collation processes
can sometimes be identified. Quality control ensures that data were collected,
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collated, encoded, and decoded properly throughout the process. Second, central
quality control finds erroneous data values that were missed at the local level,
ensuring that such values are removed from the data sample, prior to veri:fication.
Information from the central quality control system should be passed back to the
local sites, since it's likely that the local data sample contains' the same
erroneous values. In addition, personnel at stations that consistently report
data which are flagged as erroneous at the central location may be completely
unaware that there is a problem.
D.

~

(

Due to data collection and processing limitations, a central verification
system might provide results for 3 or 6 month periods, while results for recent
weekly or monthly periods might be generated at the local level. Often, local
offices require much more detailed information about sp(?cial weather events or
for s.pecific time periods or geographical areas .
Increasingly detailed
information can be ,obtained by calculating special scores or- by stratifying the
data by area" time, or forecast event. Forecast verification is, most effective
when results reach the intended users, as quickly as possible.
When verification statistics are generated at local offices, it's best to
use some minimum set of verification score,S at all local, sites.
In fact,
standard data processing and verification software could be provided to field
offices equipped to run such software.
Standardization not only ensures that
verification scores are calculated correctly, it also allows scores to be easily
compared for one or more 10Gal office.s. When verification is performed at both
the local and central levels, verification scores need not be exactly the same
in both systems. ,Special scores can be used according to the needs of, different
users. However, it's helpful,to have a basic, set of scores cortunon to both the
local and central verification systemstp simplify the interpretation of
verification results generated.at each level.
For a central verification system, combining' data from a number of local
sites allows calculation of overall'-regional or national verification scores.
Care-should be used when combipingdatafor overall scores. It's possible that
site-specific problems can unfairly bias the verification results. ' This can
occur when, for instance, a, forecas't is issued for a specific site; but the
verifying observation is collected at a different site.
For example , a
forecaster might predict the max temperature at five separate, sites (cities) in
a certain area, while only four of the verifying observations are taken at the
appropriate sites. The fifth observation might,for some reason, be taken at a
XVI-6

iI
i

Computation of Verification Statistics

Verification results provide information ranging from the overall accuracy
of routine daily forecasts to the quality of forecast performance during rare or
significant events. In order to be successful, a verification system must me(?t
the needs of its users. The needs of a local verification system, where stress
is placed on the improvement of forecast performance, differ from the needs of
a central system, where a main goal may be to monitor the long-term improvement
of a forecast system. Forecast verification systems designed for and administered by personnel at the central level might not meet all the needs of local
users (forecasters and managers) in terms of scores, verification of special or
rare events, and frequency of verification.
Since the type and amount of
information required at the local or, regional levels often differ from that
required at the central level, performing certain verification tasks at each
level can resolve some of the conflicts.

<
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Al though the
location that's nearby, but not exactly at, the forecast site.
forecasts and observations are comparable, the inclusion of the fifth set of
values in the verification sample might bias the overall results.
Anyone score can't provide a complete picture about the skill and accuracy
of a particular set of forecasts. On the other hand, computing many, many scores
can result in a cumbersome verification system and the results may be too
voluminous for individuals to deal with, especially those having little time to
devote to, and perhaps relatively little interest in, verification. A practical
compromise is to compute a few meaningful scores that address the specific
purposes of the verification system.
Special verification scores can provide important information about the
performance of a forecast system during specific events. Appropriate scores can
be found that satisfy the requirements of being fair and reasonable. Complementary scores, like probability of detection and false alarm ratio, are particularly useful for evaluating certain forecast systems. For complementary scores,
both should be considered, since either score alone could be misleading. A high
probability of detection of a specific event is good.
However, when the
corresponding false alarm ratio is also high, the results indicate that there is
an overforecasting problem (see Chapter XIII, Section C.3).
Together, these
scores tell a lot about the ability of a forecast system to adequately handle
significant events.
Stratification of data can be used to isolate specific events or time
periods of interest. Data may be stratified by climatic season, month, or hour,
as well as by region, station, or forecaster.
Stratification can be used in
routine daily verification and is especially useful for evaluating forecasts
during important events.
E.

Example of an Operatidnal Verification System

The above sections discuss consideratinns in the design and implementation
of a verification system, whether it be largely manual or highly automated.
Whether the system is relatively simple or very complex, it should' be designed
to meet the specific needs of a weather service's forecasters and managers. If
a large, relatively complex system is appropriate, this example shows one form
that the system can take.
1.

Structure

Fig. XVI-I embodies ,the essential features of the verification system that
has been in use in the United States for about,lD years. It shows the flow of
data from local National Weather Service (NWS) offices -to a central site along
with the various processes that occur. Built into this system is the ability to
process data at both the local and central levels so that the 'results cover the
scope and time scales required by all levels.
At the local leve.l, forecast and observed data are collected, checked for
errors, and saved in a database. Soon thereafter, all forecast and observed data
are sent to a central site for processing. There, data are collected from all
local sites, checked for errors, and saved in a database. Verification scores
are generated both locally and centrally. The central headquarters maintains two
long-term databases--one contains forecast and observed data and the other
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Figure' XVI-I. Sample design of a verification system showing the .flo\17 of dataand the roles of the central and local verification systems.
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contains verification scores. These databases are used to establish trends in
forecast skill and accuracy and to provide information for research purposes.
Not shown in Fig. XVI-l is the distribution of verification results.
Routine local summaries are used primarily by the forecasters and, to varying
degrees, by the local and regional managers.
Locally generated results are
useful for identifying specific strengths and weaknesses in a forecaster's skills
and the need for forecaster training. Routine central summaries, on the other
hand, are used primarily by the central and regional managers. NWS top managers
use information about a forecast program's past and current level of skill to
plan future improvements. Centrally generated statistics are also published in
seasonal summary reports for distribution to other groups within the NWS, as well
as to universities and other outside users.
Trends in the accuracy of
temperature forecasts and skill in probability of precipitation· forecasts
averaged over about 100 stations are provided annually in the VillO report
"Numerical Weather Prediction Progress Report."
A variety of special studies are produced by both ·local and central
personnel. Local studies might, for instance, highlight verification scores for
unusually difficult weather forecasts. Centrally produced studies; on the other
·hand, usually highlight long-term trends in forecasts for particular weather
elements.
Studies that might be of interest to others are circulated or
published in appropriate documents.
2.

Administration

A rather comprehensive verification system has· been in existence in the
United States for over 20 years. . Currently, and for the past la years, a
committee consisting of central and regional represehtatives designs and
coordinates nearly all aspects of the program. In addition to addressing all of
the issues discussed earlier, a number of other aspects of the verification
program are considered, such as·which stations should participate and the display·
and distribution of verification information.·
The committee oversees implementation of the program-at the central level.
Here, responsibilities include ensuring that all data collection, processing, and
distribution of results are completed ina timely manner. ·Regional representatives have the added responsibilities of overseeing the verification at the
reg,ional level and, to a certain extent; at the local leveL
When certain
problems arise, such as failure of local stations to send data to the central
site, the regional office acts as an intermediary.in order to solve the problem.
Finally, the local Weather Service Forecast Office managers direct the
verification program at their own offices.
A local manager can augment the
program by requiring verification for specific weathereverrts or by running a
verification "contest" among forecasters at the station.
_The verification committee guides the program by studying.the problems,
making and evaluating recommendations,and approving changes in current
verification practices.
Local and regional input in the form of identifying
problems and recommending solutions is essential.
The committee attempts to
ensure that verification statistics are used properly and plans future program·
changes.
For the first task, -if time and resources permit, the committee can
review verification programs in use at the local level and identify and correct
particularly troublesome areas.
Efforts are made to train regional and local
managers in proper use of the verification system.
As for future planning, a
XVI-9

number of influ'ences, like major changes in forecast programs, can necessitate
a change in the verification program.
Technological advances might offer the
possibility of maj or program improvements. The verification system should ,keep
pace with changes and advances whenever possible.
3.

:

Ope.rational Experience

Through the daily operation of the NWS verification system, some isSues or
,problems have arisen that are worth mentioning here.
First, it's nearly
impossible to prevent sOme loss of data.
Data loss can be due to failure to
record forecasts or observations, problems during'transmission from the local to
the central site, or problems with data storage devices.
Safeguards, such as
frequently backing ,up data files (keeping duplicate copies), can help prevent
large losses of, data.
Second, it's important that local forecasters and managers understand that
there is a certain amount of work the forecasters must do for any verification
program to ,be successful., In the early stages of the verification program,
problems will occur and extra work will need to be done in order to correct the
problems.
Thus, the workload at the local level might increas'e with the
implementation of a verification system, then 'gradually decrease as, problems are'
corr'ected and the,' system is improved. Automated systems can reduce the amount
of routine verification duties, but will not:completely 'eliminate veriffcati'on
tasks.
Some tasks, like checking the data for errors, are best done manually
with assistance from automated procedures.

(

Finally ,the sucCess of a verification;systemultimately depends on the
local forecasters' willingne-ss to 'participate in the program. It's important for
personnel at the central and regional levels to be receptive to local complaints
or problems about the verification system.
Whenever possible, local managers
should be given the opportunity 'to participate, in planning, designing, and
implementing' diffe!;ent aspects of the verification program.
Cooperation of'
local, regional, and central personnel is· the cornerstone of a successful
verification system.
Acknowledgment'· Ms. Valery J. Dagostaro of· the U. S. National Weather Service's
Technfques'Development Laboratory contributed 'to this chapter.
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XVII.
A.

VERY SHORT RANGE STATISTICAL FORECAST TECHNIQUES

Introduction

Most of the material in these notes focuses on the statistical interpretation of the output from numerical weather prediction (NWP) models. However,
the course would not be complete without due consideration of statistical
forecast methods that do not use the output of NWP models. Such methods usually
follow the classical formulation described in Chapter X, where both predictors
and predictand are obtained from observed data.
By "very short range," we mean the 0 to 12 hour forecast period. Because
of the data gathering, analysis and computation requirements of NWP modelling,
forecasts from models are not usually available to the users until a few hours
after initial data time.
This limits the utility of model output and model
interpretation products during the first few hours of the forecast period.
Partly for this reason, and partly motivated by a desire for fast-response,
locally controlled guidance, statistical methods have been applied to generate
very short range forecast products.
For brevity, the techniques described in
this chapter will be referred to as "VSRF" for "very short range forecast"
techniques.
Because VSRF techniques do not require NWP model output, they are in many
respects easier to use in operations.
For example, they are not tied to the
operational schedule of a national NWP center; they can be controlled and run at
a smaller weather office on a much smaller computer, often on a microcomputer.
Statistical VSRF techniques can also be developed on a microcomputer if one can
be essentially dedicated to the task.
The ability to run VSRF techniques locally not only means that those
techniques can be run whenever a forecast is desired, it also means, generally,
that more recent data can be used for input.
If hourly weather reports are
routinely available, a technique can be built and run using the latest hourly
report without fear that the necessary data cannot be made available in time to
produce a forecast.
Local control also provides greater flexibility to design
the forecast product to suit the requirements of a specific weather forecast
office.
After a discussion of persistence as a forecast technique, this chapter
outlines the factors that must be taken into account in designing a very short
range statistical forecast technique. Two ' examples are described, the Canadian
"SHORT" system and the D.S. "GEM" system.

B.

Persistence

The first VSRF technique to consider is "persistence." We do this because
persistence as a forecast technique is simple to define and apply, and, for short
forecast projections, it is often a very accurate technique against which the
performance of other techniques can be measured.
A persistence forecast is a
constant forecast which states that the latest weather conditions will continue
without change. Many of the surface weather elements are in fact persistent for
long periods of time. Fqr instance, it may remain overcast for many hours, even
days at a time in some locations. Or, it may remain absolutely clear for many
days in a row, especially in a dry climate.
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To make a persistence forecast, one need only know the current weather,
specifically the elements that are being forecast.
Examples of persistence
forecasts are the use of yesterday's maximum temperature to forecast today's
maximum temperature, and the use of the latest hourly weather to forecast for the
next hour.

..
;

Of course, real skill in weather forecasting is shown when a forecaster can
determine in advance the timing and nature of changes in the weather. It is by
doing this consistently and successfully that persistence forecasts can be
improved upon. The longer the forecast projection, the less persistent is the
weather in general, and the poorer the performance of a persistence forecast.
The period over which a persistence forecast is accurate depends on the element.
For example "yesterday's maximum temperature" may persist for several days until
the air mass changes.
Surface wind is one of the least persistent elements; a
persistence forecast of wind may not be accurate for more than one or two hours.
Occurrences of weather elements such as precipitation and fog can often be
accurately forecast by persistence, depending on the climate. The more frequent
the occurrence of rain, the shorter is the average time period between
occurrences and the more frequent are the changes from "no rain" to "rain" and
vice-versa. For stations where it rains often, therefore, persistence will not
work well as a forecast technique.
Figure XVII-l shows verification statistics for persistence forecasts of
occurrence of rain for areas of southern Ontario adjacent to Lake Ontario.
A
persistence forecast for rain might be made by noting whether it is raining at
the initial time, then simply forecasting the rain to continue if it is, or
forecasting no rain if it is not raining initially. The persistence forecasts
represented in Fig. XVII-l are a little
more sophisticated than this--the forecast is a probability forecast of rain,
0.3 r-~---------------,
conditioned on the initial observation.
-+- Cond. Persistence
For example, the 6 hour persistence fore0.26
cast of rain might be 40 percent if it
B
were raining at the initial time and 10
R
I
percent if it weren't. The estimates of
0.2
.
E
R
the conditional probabilities are obS
tained from a sample of precipitation
K
I 0.15
.
observations from the stations in quesL
tion. The verification score used is the
L
Brier skill score with respect to climas
C
tology.
o
Figure XVII-l shows the usual trend
with projection; persistence does not do
as well for longer forecast projections
as for shorte,r projections.
Nevertheless, the conditional persistence. forecasts show some skillover.climatological
(probability) forecasts even at 12 hours.
C.

Classical Very Short Range Forecast
Methods

Since VSRF techniques do not use
predictive information from models, the
XVII-2
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predictive information must be sought from the observational data that are used.
This is normally done by insisting on some sort of time 1ag between predictors
and the predictand.
In fact, this is the "classical" formulation described in
Chapter X.
For example, if a 6 hour forecast of temperature is wanted, a
statistical relationship would be built between observed predictor values and
predictand data valid 6 hours after the predictor data.
The
forecast
a 6 hour
describe

time lag between predictors and predictand automatically determines the
proj ection.. When the statistical equations are applied to current data,
forecast results. Thus different equations are needed to statistically
the expected changes in the predictand for different points in time.

There are several decisions that have to be made
classical VSRF technique. These are discussed below.
1.

in the design of a

Nature and Format of the Predictand and Predictors

The predictand may be defined in the same way as for model-dependent statistical methods, but generally, there will be a greater tendency toward singlestation statistics for local, use ,and a tendency to do less time averaging. That
is, predictands tend to be defined in terms of occurrences of specific events at
a specific time, such as "winds NW in the range 10 to 15 knots at 0000 UTC."
Treating several predi.ctands together in one system is advantageous, because the
same surface weather elements .. can be used to predict each other.
Thus the
interrelationships among the elements of the surface observation can be captured.
Some of the same considerations apply to the choice of predictand and predictor
format for very short range techniques as for model dependent techniques (see
Chapter VII). User requirements for the forecasts, and availability of adequate
samples of the predictors needed to develop the technique are particularly
important. With classical methods, the latter. is not a problem because archives
of routine observations are used in development.
Problems occur only if a
station closes, or the statistics of its data change radically (e.g;, when it
becomes an automatic station).
2.

Binary or Conti.nuous Predictors and Predictands?

In general, predictors .. and predictands in a classical, very short range
forecast technique may be either continuous or binary.
If all predictors and
predictands are binarY,there are two advantages:
(l).Forecasts can be made by adding coefficients rather than.by multiplying coefficients by predictor values, then adding. . This is because
all predictor va1ues are either 1 or 0, and can be . can important
consideration .if' the technique is to be run on a computer with very
limi ted power.
(2)

Some types·~.;.of -non-linear relationships can be incorporated into the
equations.

The disadvantage of binary pre'dictors and predictands is that the number of
categories quickly becomes" very large if-several elements are forecast at once,
and the forecaster may be presented with an overwhelming array of forecast data
even for one station.
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3.

Method of Forecast Projection

There are two alternatives that have been tried, the direct projection (dp)
method and the equivalent Markov (em) method.
a.

The dp method

In the dp method, the forecast projection is determined by the lag between
predictors and predictand when the equations are developed.
As the lag
increases, the statistical relationship weakens, and the forecasts tend to be
more" conservative," predicting nearer the development sample climatology. This
is a desirable feature, for it models the decreasing impact of the initial data
on the forecast. The advantages are that the data determine the nature and rate
of decrease in the effect of the initial data, and that equations are needed only
for the projection times and weather elements of interest. The disadvantage is
that the full development process must be carried out for every required
projection, and all coefficients must be stored.
With high power and high
capacity microcomputers now available, this is less of a problem than it was even
10 years ago. The dp technique is in fact purely "classical."
b.

The em method

The em method is so called because it is a regression approximation to a
Markov chain. The Markov chain relies on a "transition probability matrix" that
gives the probability of transition from any state of a system (the atmosphere,
say) to any other state.
In our application, the state of the atmosphere is
represented by the elements of a surface observation, and transition probabilities can, in principle, be defined for two adjacent observations 1 hour apart.
However, even in a simple representation of five elements which can take five
different values each, there are 5 5=3125 initial and 3125 final states, which
would mean a transition matrix of 3125 by 3125, most of which would consist of
zeros, and which could not be estimated with any degree of confidence with
samples that are currently available. An important characteristic of a Markov
chain is that transition probabilities for N hours are given by the Nth power of
the transition matrix for the 1 hour transition.
The em method involves approximating the transition matrix by a set of REEP
equations. The elements of the hourly observation are categorized as they might
be for any REEP application, and regression equations developed for a 1 hour time
lag, say, by using the same elements as observed 1 hour earlier to form the
predictor set.
If the predictor set and predictand set consist of the same
categories for the same elements, then a five element-five category representa- tion yields a matrix of 625 coefficients. In practice, more than 25 categories
are needed to represent the hourly weather , and typical coefficient matrices may
contain 20,000 to 80,000 elements .
. The ern method retains the Markov characteristic in.that the coefficients for
the N hour forecast are given by the Nth power of the coefficient matrix for the
1 hour forecast. Furthermore, the gradual return to climatological probabilities
as the forecast projection increases is also retained, . but is essentially
modelled from the 1 hour transitions. The transition coefficients need not be
defined for 1 hour; any proj ection can be used.
Then, the Nth power gives a
forecast for N times the projection defined in the original development.
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The ern procedure has the additional flexibility that it is possible to model
the Nth forecast proj ection with an exponential series representation of the
powers of the coefficient matrix. This not only allows for forecasts to be made
for non-integral multiples of the initial projection, but also permits weights
to be used to control the rate of transition to climatology.
The discrete form of the em method is given by:

Xt

=

XoA

t

where Xt is the column vector of forecasts of weather elements at time t, Xo is
the initial observation vector, and A is the matrix of coefficients. The series
form is given by:

where t can take on any positive value and I is the identity matrix.
Weights
can be added to the latter equation by inserting, for example, O. 8t for t to
speed up the rate of change to climatological probabilities in the forecast.
4.

Stratifying and Gompositing

Both the em and dp methods rely for their success partly on their ability
to describe statistically the interrelationships between the elements of the
surface observation.
For example there might be a unique and specific
relationship among the wind direction, the cloudiness, and the pressure tendency
which indicates that a front will pass within a few hours.
If so, the VSRF
equations may be capable of -forecasting the frontal passage by indicating the
appropriate changes in the predictands (sharp wind shifts, showers, temperature
changes, etc.). Because of the reliance on interrelationships among the elements
of the observation, there is usually no attempt to screen for predictors, which
means that many predictors may be carried in each equation. This in turn means
that the sample must be large enough to support a large number of predictors
without overfitting the data.
Thus, samples for VSRF techniques need to be larger than for statistical
techniques where a small number of predictors is selected.
50,000 events is
probably an approximate minimum reasonable size, although there are no clear
limits.
Because of the larger sample sizes required, one must be careful with
stratification. Seasonal stratification is advisable when possible because the
climatology that the forecasts tend toward is the dependent s.ample climatology,
and it is preferable to use representative seasonal climatology than to use
annual climatology.
As with other methods, data may be composited from two or more stations, but
local effects are relatively more important for VSRF, andcompositing should be
done only if'necessary to- ensure an adequate sample.
Also, stations that are
grouped should be 'carefully chosen based on similarity of local effects.
For
example, a coastal station might be paired with another coastal station. When
data from several stations are composited, the individual climatology can be
retained by expressing predictors and predictands as departures from the station
mean values.
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Additional Predictors

For VSRF techniques, the basic predictors are binary forms of the elements
of the surface observation.
Additional predictors can be incorporated by
combining (multiplying) the basic binary predictors.
This is another way of
capturing interrelationships in the data.
For example, falling pressure has
quite a different meaning for the forecast when the pressure is already low than
when it is high. Thus a predictor formed by multiplying pressure and pressure
tendency together might be useful. The possibilities are endless, but the number
of predictors increases very rapidly when binary predictors are multiplied. If
pressure is represented by 8 binary variables and pressure tendency by 3 (rising,
falling and steady), then the product leads to 8*3=24 new binary predictors,
even for this simple representation. Experimentation is required to discover
which predictor combinations work well in a given application.
6.

Trend Predictors

Simplest versions of VSRF techniques require predictor data from only one
observation. If trend predictors are included (such as pressure tendency), two
or more observations might be needed to make a forecast. Trend predictors are
a good idea; again the possibilities are endless, and experimentation is required
to find the best ones.
However, one must bear in mind the requirements for
operationally producing the forecasts and the increasing likelihood of failure
of the system due to missing data when more data are required for input.

7.
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Accounting for Diurnal and Seasonal Trends

For both the dp and em methods, a specific set of equations can be developed
at each- "start time" (input data hour) and for each of several "seasons."
However, if for lack of sufficient data or for ease of implementation,
generalized equations can be developed that can be used for any start time or
season. If this is done, then time-of~day and season-of-year (binary) predictors
should be included.
While this ploy may not fully account for diurnal and
seasonal effects, the increase in sample size may more than offset the benefits
of stratification by start time and season.
8.

Post-Processing the Forecasts

VSRF techniques, if they treat several predictands together, always produce
an overwhelming array of forecasts.
They may be all or mostly probability
forecasts which are hard for an operational meteorologist to use in raw form,
because forecasters may not be calibrated to the climatological frequencies of
the categories being forecast. For example, a 10% probability of thunderstorms
might be several times the climatic probability of thunderstorms and, therefore,
be highly significant. On the other hand, a 10% probability of overcast cloud
might be below the climatic probability. To help calibrate the probabilities
with respect to theclimato.logyof the development sample, threshold probabilities can be selected for each element to dete-rmine which is the "best" category
to forecast. There are several strategies for choosing the "best" cat.egory, and
it is the selection of these strategies that determines exactly how the
development- sample is used to determine the thresho.lds. Best category selection
is discussed more fully in Chapters XIII and XIV.
Once the thresholds are
determined, they are stored along with the coefficients for \lse in forecasting .

.
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D.

Two Examples: "SHORT" and "GEM"

A classical REEP, very short range forecasting technique called "SHORT" has
been tested in Canada for several years, specifically for the forecasting of
aviation weather. It has been described in some detail in a WMO report (Wilson,
1989), and therefore it is described only briefly here.
The method uses REEP (see Chapter V); is a "direct projection" forecast for
2, 4, 6, and 8 hours; and uses about 280 binary predictors as input, including
interactive and trend predictors.
SHORT was developed for single stations, or
at most, paired stations, and uses seasonally stratified data (4 seasons).
The development dataset for most stations consists of about 30 years of
hourly aviation weather observations. This is large enough to permit both single
station development and stratification into seasons. Forecasts are made only for
the elements of prime interest to aviation: ceiling (6 categories), visibility
(6 categories), wind speed (6 categories), wind direction (8 categories), cloud
amount (4 categories), and the occurrence of 15 different weather elements and
obstructions to vision (rain, haze, thunderstorms etc). All the elements of the
weather observation are used as predictors, along with several interactive
predictors and. 1 hour trends. Thus, two, hourly observations are needed to make
the forecasts.
SHORT actually refers to the microcomputer program that makes the
forecasts--a user-friendly program that prompts for the input data, does the
computations, and provides three "screens" of output data. The forecasts can be
made in a few seconds, once the input data have been entered.
For maximum
convenience, it would be worthwhile to link the input to the data circuits so
that the input data could be entered automatically; eventually we hope this will
be done.
Figures XVII-2 and XVII-3 comprise an examp'le of the input screen and the
output pages from the latest version of the Canadian program. The two figures
demonstrate the ability of the system to forecast changes in the weather in the
short term. The initial conditions show falling pressure, a low ceiling, and a
southeast wind.
The "hest"· category forecasts (Fig. XVII-2) maintain the low
ceiling, increase the wind; decrease the visibility, and indicate the onset of
rain and fog, although no.precipitation was occurring at the initial time. These
forecasts essentially express the climatology of expected short term changes in
the weather given the initial conditions. That is, for that station, southeasterly winds, low ceiling, and falling pressure are together indicative of
worsening weather conditions in.December, and the forecasts indicate the mean
trend in such a situation.
Figure XVII-3 shows the probability forecasts from
which the "best" categories were selected. A special feature of the system is
that situations where the probabilities indicate indecisiveness between two
categories lead ·to both being selected as "best" and given an "A v B" format
where A and B are the two categories and the v stands for "variable" to mimic the
"variable" condition in aviation forecasts.
SHORT is most useful in. operations as a nObmalcy check on forecasts. It can
give a good indication whether a particular weather sequence is plausible at a
particular station, given the initialconditioii.s.
It is also possible to
experiment by changing the initial data and assessing the effect on the forecast.
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SURFACE OBSERVATION INPUT

Please enter observed values

-------------- ..

Date
Lyrs heights--------..
Lyrs type & opacity-"
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..
Visibility -------Weather
Pressure
Temperature
Dew Point
Wind
T-1 Pressure
T-1 Temperature
..
T-1 Dew Point -----

----------- ..
----------.
---------..
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------------------- ....
---

..

12 15 08
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8
8
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5
3
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1000.4
5
2
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I
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CATEGORICAL FORECASTS
Initial Time is 12/15/08Z

(

YQQ

ceiling

Visibility

Weather

Wind

Cloud

10Z

8

7+

R

1310

10

12Z

8

7+

V

5

F R

1315

10

14Z

8

7+

V

5

F R

1315

10

16Z

8

5

V

3

F R

1315

10

Figure XVII-2.
Input screen (top) and "best" category forecast output
(bottom) from SHORT.
Forecasts are for 2, 4, 6, and 8 hours after
0800 UTG, December 15, for Gomox, B.G.
2. GEM

(

"GEM" stands for "Generalized Exponential Markov" or "Generalized Equivalent
Markov,", depending on whether it is the series form or the discrete form of the'
equivalent Markov fnethod that is used. Both have been tested and the series form
was found to give slightly better results.
GEM is described fully in Miller
(1981). Various tests of GEM have been carried out in the United States, also
directed toward aviation forecasts.
GEM is similar to SHORT in its format and
design (actually, the design of SHORT followed GEM) except that GEM is equivalent
Markov and that it is generalized. This means that data from many stations are
composited into one very large dataset for development purposes.
This was
necessary because the available development. dataset is only' of the order of
10 years for each station, considered to be too small to support sing~e station
equations.
Like SHORT, GEM produces "best" category forecasts of the weather
elements of interest to aviation. It also forecasts other weather elements, and
incorporates interactive predictors.
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ESTIMATED CONDITIONAL CLIMATOLOGY PROBABILITIES
Initial Time is 12/15/08Z
0-4
9
12
12
12

5-9
68
57
49
41

10-29
16
22
26
27

30-59
3
4
7
12

60-99
3
5
3
3

100+
0
0
2
4

>0.5
0
1
2
2

0.5-.75
3
4
4
4

1-2.5
4
6
5
6

3-4
7
10
11
13

5-6
8
12
13
12

7+
78
67
65
64

CEILING
10Z
12Z
14Z
16Z
VISIBILITY
10Z
12Z
14Z
16Z
WEATHER
10Z
12Z
14Z
16Z

H
0
0
0
0

F

20
29
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32

DIRECTION
10Z
12Z
14Z
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CALM
3
8
12
12

SPEED
10Z
12Z
14Z
16Z

<10
30
39
41
45

TOT CLOUD
10Z
12Z
14Z
16Z

BS
0
0
0
0

L
1
0
0
0

R
31
42
43
42

03-06
0
0
0
0

07-11
5
5
2
1

10
32
20
18
16
0
3
4
0
0

12-15
58
50
44
40
15
25
21
20
18

1-2
0
0
2
3

RW
8
6
7·
10
16-20
18
14
12
13

20
10
13
10
10
3-5
0
0
1
2

S
2
3
5
4

SW
1
1
1
1
21-24
5
4
4
5

ZL
0

0
0
0

25-29
8
12
16
17

.25
2
6
7
8

ZR
0
0
0
0

T
0
0
0
0

30-33
3
7
9
10

34-02
0
0
0
0

30
1
1
2
2
6-9
0
0
7
21

Units of the elements:

ceiling~. hundreds Of feet
visibility - miles
wind direction - tens of degrees true
wind speed - knots
total cloud - tenths

Definition of elements:

fog = F, haze = Hf'blowing snow = BS,
drizzle = L, rain = R, rain shower = RW,
snow = S, snow shower = SW,
freezing drizzle = ZL,
freezing rain = ZR, thunder
T

33+
0
0
1
1
10
97
96
90
74

Figure XVII - 3.
Probability forecast output from SHORT that was used to
determine the categorical forecasts in Fig. XVI~-2.
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GEM equations were developed on a microcomputer, and they can be evaluated
operationally on a microcomputer that is linked to data distribution circuits.
It is therefore not necessary to enter the required observation data by hand.
In addition to producing sequences of hourly forecasts, GEM has also been tested
on forecast intervals as short as la minutes.

.,.

;

E.

The Future -- Blending VSRF Forecasts with Model-Dependent Forecasts

The VSRF techniques described in this section are clearly deficient in
their use of available meteorological data. They rely only on the latest one or
two surface weather observation(s) for the station in question. They do not use:
~data from surrounding stations,
-upper air observations, or
-any numerical model output.

Some experiments have been carried out, mostly in the United States, to try
to blend the forecasts with forecasts from other sources (e.g. , Perroneand
Miller, 1984). When compared with MOS forecasts, it was found that the advantage
of using the latest observation gave the GEM forecasts an edge in accuracy over
MOS forecasts for 5 to 8 hours, depending on the initialization time. However,
a simple blending of the two improved on both.

(

A blending system could be designed to emphasize the VSRF forecasts during
the first few hours, then allow the model-based forecasts to take over gradually
after the first 12 hours or so. Any blending system that is developed should
take into account the schedule of the particular NWP model to be used to ensure
that the latest predictive information is used at any time the forecasts are
made.
Blending is a form of post-processing which could be combined with other
types of post-processing (see Chapter XIV). For example , VSRF forecast equations
andMOS or perfect prog equations could be developed separately by using large
datasets, then blending equations could be developed on a new dataset to attempt
to correct for biases of a specific numerical model.
Then these corrected
forecasts could be blended with the VSRF forecasts along with any other forecast
methods that are locally available. All that is required is that forecasts for
all the forecast systems (VSRF, MOS, and local techniques) be made on the same
dataset for use in development of the blending equations.
This data-set will
typically be smaller than the development dataset for the original VSRF or MOS
equations, and therefore easier to manage and update.
The design of blending procedures is very much tied to weather forec.ast
operations, of a specific weather service.
The goal is to minimize the
development effort over a long'period of time while maximizing the quality and
flexibility of the statistical forecasts.
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XVIII.
A.

INTERPRETATION FOR MEDIUM RANGE FORECASTS

Introduction

Many operational numerical models produce forecasts for several days into
the future, typically six or more. The European Center for Medium Range Weather
Forecasts (ECMWF) model, for example, is run operationally out to 10 days.
Whatever the resolution of the model, the accuracy of the forecasts decreases
steadily through the forecast period.
Furthermore, it is the accuracy of the
smallest scale, most transient features that decreases the quickest. Large scale
or planetary scale patterns, such as the position and amplitude of the planetary
scale waves at 500 mb, may be forecast with su£ficient accuracy to be useful to
6 days or more.
Fortunately, user requirements for forecast information also tend towards
less detail as proj ection time increases.
For example, there may be a
requirement for temperature every 3 hours for the first 2 days of the forecast,
while for the third and subsequent days, a maximum and minimum temperature may
suffice. Six hour precipitation probabilities may be needed in the short range,
but 24 hour probabilities maybe all that is needed after the first 2 days.
Although the level of detail may change, there is nevertheless a need for
forecasts of weather elements in the medium range (by medium range, we mean
forecast projections of from 3 to 10 days), and therefore, there is a use for
statistical interpretation techniques. Many of the same techniques discussed in
previous chapters can be used equally well in the medium range as in the short
range, but there will generally be differences in the details of the predictor
and predictand preparation.
Because the accuracy of model output is lower,
perfect prog forecasts will be subj ect to larger errors than in the short range,
and may need to be post-processed before they are acceptable. The perfect prog
method uses analysis or observation data for development, and the relationships
will contain all the local detail that was present in the original dataset. When
applied to medium range model output, the forecasts will try to capture that
detail, whether or not it is accurately forecast by the model.
The result is
less reliable forecasts.
Post-processing in the form of restricting the range
of the forecast values of the predictand can help restore some of the reliability. For MOS, the decreasing accuracy of the model output means that statistical
relationships will be weaker and the forecasts will be more conservative , tending
toward the predictand mean.
MOS may be the preferred formulation option,
therefore, because the decreasing accuracy of the model is automatically
accounted for, and the procedure can be relied on to extract whatever signal
remains in the model output.
There is one statistical technique that has been proven to be particularly
useful for medium range forecasts.
This is the analogue technique, so called
because it is based on attempts to find historical weather patterns that are
analogous to the current pattern to be used in forecasting. Analogues have been
used operationally in Canada and the Netherlands in forecasting at all ranges,
but they are particularly successful compared to other techniques in medium range
forecast applications.
This chapter concentrates on issues relating to the
design and development of an analogue forecasting system.
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B.

The Analogue Method

Analogue methods are based on the assumption that weather patterns repeat
themselves, at least approximately.
Forecasters who have long experience
forecasting for a particular location may tend to use analogues naturally,
drawing on their memory for guidance. . "Oh, I remember a situation like this.
As I recall, that time we received lo.ts of rain."
By recalling previous
situations that are like the current one, the forecaster is using an analogue.
He may not remember the date or even the season exactly, but he needs to recall
only what happened to the weather to draw useful forecast guidance.
Obj ective analogue methods work the same way. The current weather situation
is matched statistically to previous weather maps, and those that are closest in
terms of the chosen statistic are selected to help determine the forecast
weather. Analogue methods are normally formulated in a perfect prog sense. That
is, the historical cases are matched with forecasts of the ~ame fields as output
from the model. For example, an analogue forecast for 96 hours involves matching
the cases of the historical dataset (analyses) with the 96 hour forecast of the
same field, say the 500 mb height. Analogue methods could be formulated in aMOS
sense in theory by matching the 96 hour forecast 500 mb height with previous
96 hour forecasts from the same model. However, this is not practical because
the analogue method requires a very large dataset to work effectively, and such
long stable datasets of model forecasts are not available anywhere.
Once the
analogues are chosen, forecasts of weather elements are obtained by using the
weather elements associated with the analogue cases.
For example, if 20
analogues are chosen, the probability of precipitation could be defined as the
percentage of those cases where rain was reported at the station of interest.
Forecasts of several weather elements may be obtained easily from the same set
of analogues. However, because the analogues are defined by matching the weather
pattern over a large area, they are generally not suitable for forecasting
weather elements that are transient (e. g., thunderstorms) or that are highly
dependent on local effects (e. g., winds).

:
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In designing an analogue method, several issues must be considered: which
statistic(s) to use to match the current weather map to historical ones, how
close must the analogue be to be useful, how many analogues to choose, and how
to use them to estimate the weather.
1.

Selecting Analogue Cases

The goal of selecting analogues is to find historical weather patterns that
match the current pattern closely enough that the weather that occurred then will
be similar to what will occur now. To do this, the current weather map and the
historical weather maps are matched in terms of one or more statistics. Gridded
fields are normally used for the purpose, and the statistic is calculated over
a preselected area of the grid.
The most common statistic used is the simple
correlation coefficient. The procedure would be to use. all the gridpoints of the
chosen area as sample points for computation of the statistic.
For example if
the chosen area comprised a 10 by 10 grid, a correlation coefficient would be
computed over the 100 points, paired with the corresponding 100 points of each
historical analysis.
Other statistics that might be considered are the r,oot mean squared
difference and scores that are used to verify height forecasts such as the SI
gradient score (Teweles and Wobus, 1954). A possible advantage of using the.Sl
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score is that its value depends on the similarity of the gradients between the
two maps. Since the upper air height gradient is closely related to the steering
current for surface weather systems, there might be a more direct connection of
the weather with the Sl score than with a simple correlation coefficient.
Along with which statistic to use, one also has to decide on the domain over
which to define the analogues. If a large domain is used, for instance, the size
of a continent, the chosen analogues may not relate well to the local weather at
a specific location.
On the other hand, if the domain is very small, the
selection may not be reliable in the sense that the selected analogue will not
adequately describe the synoptic scale factors that produce the weather at the
location of interest. This is a little like the overfitting problem: the match
may be very good, but misleading ina predictive sense, because the sample on
which it is based is too small to represent the processes accurately.
In addition to deciding on the statistic(s) to use to define the analogues,
one must decide which fields to use to define analogues.
The selection will
depend on which fields are thought to best represent the atmospheric structure,
and must also depend on the sample of historical cases that is available. Height
fields at 500 mb are popular because they represent the steering flow and there
is usually a long period sample available, but 1000'mb heights or 1000-500 mb
thickness fields are also used. Any field can be used as long as it is forecast
well by the model.
It would seem worthwhile to consider finding analogues by using composites
of different statistics and/or different fields. This is often done to try to
measure the similarity between the forecast map and the historical cases more
accurately. Examples of combined measures of similarity are sums of correlations
of 1000 mb and 500 mb heights and combinations of different statistics of one or
more fields. G~nerally, the greater the number of different fields used in the
comparison, the less likely it is that a really close match will be found, and
the correlation with the best analogue will be lower" In statistical terms, this
is because looking at greater levels of detail means that one is using more of
the degrees of freedom in the atmosphere to find a match, and a close match
becomes less likely. This is the dilemma of analogue methods. To obtain good
weather forecasts, the historical case and the current case should match to as
great a level of detail as possible. However, the greater the detail required
by the method, the larger the dataset needed to find a good match. Because the
atmosphere tends not to repeat itself exactly, datasets for effective analogue
methods must be very large. The best that can possibly be done with upper air
analyses is to use the last 40 years or so; before that, there wasn't enough
upper air data available to produce a good analysis. Furthermore, the 40 year
dataset is available only for a few fields such as 500 mb heights. Adding data
at other levels or using other parameters to search for a better fit only reduces
the available dataset while decreasing the chances of a good match.
These
effects both suggest there is limited value in searching for a lot of detail in
the match. This is confirmed by experiments.
2.

How Many Analogues to Choose?

There are no clear rules governing the number of analogues to use in
estimating the weather.
Analogues are usually ranked in decreasing order of
match as indicated by the matching statistic(s). If one goes too far down the
list, the fit is poor, and those cases will not provide a very accurate estimate
of the associated weather. On the other hand, using too few cases is likely to
XVIII-3

result in a' less stable estimate of the associated weather since different
analogues may capture different important characteristics of the current
situation. Experiments done in Canada (Verret, 1988) indicate that, for medium
range forecasts, best results are obtained if a fairly restrictive set of
analogues is used, because of the lower quality of the model forecasts in the
medium range.

v

II

It is possible also to use more than one statistic to select analogues, then
to combine the analogue sets in some way. For example, one might choose the 10
best analogues based on correlations, then another 10 based on SI scores; and
then choose the best 10 overall after doing a weighted or unweighted combination
of the two sets.
It may also be useful to reject analogues that don't reach some mlnlmum
threshold level of acceptability. The thresholds are usually somewhat arbitrary
and often must be selected by trial and error, but it is important to have an
objective way of controlling the selection of analogues in different situations
to prevent undesirable results. For example, an extreme or unseasonal weather
situation might present a challenge to the search for analogues, and the "best"
match might be relatively poor. In operations, safeguards must be incorporated
to prevent unrealistic results in such situations.

(

Stratification by season is a good idea when searching for analogues ,mainly
because it reduces the computation effort. One would hope that the selection
would favour cases from the season represented by the current forecast anyhow.
With analogue methods, though, it is not necessary to use fixed seasons; the
search can be limited to the current month +/- one month, for example.
3.

Using the Analogues to Forecast the Weather

The weather elements that are most successfully forecast by analogue
methods are those that are controlled primarily by the synoptic situation. These
are non-convective precipitation (PoP), cloudiness, and maximum and minimum
temperature. If the application is medium range, the forecasts will not have to
be expressed to a very great level of detail.
PoP for 24 hour periods and
average cloudiness over 24 hours maybe SUfficient. There is no reason that the
forecasts couldn' tbe expressed in more detail up to the limit of 'the ~istorical
dataset (usually 12 hours), but the accuracy may not be high.
The weather forecast can be'made in several ways from the chosen analogue
dates. The simplest waY', as indicated above, for PoP forecasts is to take the
percentage of the analogue dates where precipitation occurred during the valid
period of the forecast.
The simple ratio could be weighted according to the
goodness of fit of the analogues, so that cases which are closer to the forecast
map carry higher weight in the forecas t. For, cloudiness, 'the forecas t could be
expressed as the average cloudiness over all available reports during the valid
period. If the cloudiness was observed to change during' the valid period for 'a
majority of the analogue dates, this information could be incorporated into the
forecast.
For temperature, the observed maximum and minimum would be chosen.
They could be averaged over the analogue dates and, if desired, weighted
according to the fit.
Forecasts may' be made ort a single station basis by using t,he observation set
separately for each station within the domain of the analogue cases, or the
forecasts may be 'defined, on an areal basis by using the' observation data from
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several stations. Averaging of this type reduces the sharpness of the forecasts
but helps eliminate the effects of differences in details between the analogue
cases and the forecast map. Since it is the weather pattern over an area that
is used to define the analogues, the analogue method automatically maintains
spatial consistency of the forecasts over that area; there is no need to postprocess the forecasts or smooth the input to guarantee this.
4.

Operational Considerations

Analogue methods are expensive to run.
The entire historical dataset
consisting of gridded analysis data for perhaps several fields must be saved and
accessed every time a forecast is required. The comparison statistic(s) must be
computed on samples of the order of 100 points for every case to search for the
best analogues. If 40 years of analyses are involved, that amounts to about 3600
computations per selection statistic, per forecast projection, assuming the one
looks only in the current season (3 months), once per day. The observations for
all the analogue cases must also be stored and be ready to be called up for the
cases selected. If a large number of stations is involved, this dataset can be
quite large. Offsetting this data storage burden is the fact that forecasts can
be made for several elements at once, given the chosen analogue dates.
The
analogue search can be streamlined further by looking for analogue sequences,
assuming that, if the first projection matches, then subsequent days should also
match the subsequent projections of the forecast. However, this puts very large
demands on the analogue dataset, and experiments with this in Canada have shown
a 15 year analogue database to be inadequate for analogue sequences (Verret,
1988).
Faster computers should permit future increases in the length of the
analogue dataset that can be processed.
5.

Map Typing - A Streamlined Analogue Procedure

The analogue method is appealing to meteorologists because of its
simplicity of concept and because it incorporates synoptic meteorology. It is
therefore not surprising that efforts are made to mitigate its main disadvantage,
the computing and storage requirements. One way to do this is to carry out an
analysis on the historical dataset to define "map types," then store only those
and match the current forecast with the set of map types to define the analogue.
The advantages of map typing, therefore, are twofold:
it reduces the storage
requirements considerably, and it reduces the computation effort required. In
so doing, however, it inevitably sacrifices some quality in the forecast.
Map types are usually defined by some analysis of association among the
cases of the historical dataset. One or more upper air elements (such as 500 mb
heights) are selected, and one or more statistics are selected to characterize
the map as in the full analogue method.
Then, an analysis such as a cluster
analysis can be carried out to determine groups of cases that are similar in
terms of the chosen statistics, but are also distinguishable as groups.
After distinct groups of cases are identified, a map type is created for
each group. This may be done by averaging the upper air elements of interest
over the cases of the group, and may also invoive elements that were not used in
the cluster analysis. The aim is to describe the synoptic characteristics of the
map type as completely as possible.
Once the map types are defined, the associated surface weather elements can
also be statistically analyzed within each group of cases to determine not only
XVIII-5

the typical or average weather that is associated with each group, but also
probabilities of different kinds of weather. In application, these analyses will
form the basis for the forecast weather.
The
the map
there is
forecast
the full

I
~ I

forecast procedure now involves comparing the forecast map with each of
types by using the procedure outlined for the analogue method. When
doubt about which type fits best, more than one type can be used and the
weather elements can be weighted according to the goodness of fit as for
analogue method.

As stated above, the chief advantage of map typing is the saving in
computation effort and data storage. The disadvantages are the difficulty of
designing the process and a loss of information. Map types are hard to delimit
in general because weather situations tend to be continuously variable.
The
atmosphere doesn't naturally divide itself into distinct weather types.
For
example, if one type of weather at a specific location is characterized by a
southwesterly 500 mb flow, where should one draw the line between this type and
another one that is characterized by northwesterly circulation? Should it be
west? west-northwest? The dividing line to clearly distinguish the types may be
hard to find.
It is really quite optimistic to try to characterize all the
weather that can occur at a specific location by a limited number (say, 35 to 50)
of types. To refer again to the degrees of freedom analogy, it is surely very
restrictive to try to reduce the degrees of freedom in the atmosphere to 35 to
50.

I

(

One final advantage of both map typing and analogues that shouldn't be
overlooked is their tutorial value.
Especially for map. types, the analysis
itself can be very enlightening about the climatology of a station's weather and
it is undoubtedly this link to synoptic climatology that gives it considerable
appeal among meteorologists. Whatever the limitations as a forecast technique,
analogues and map .typing are useful for training new meteorologists in the
climatology of their area.
I

C.

Example - Analogue-Based Medium Range Forecasts for Canada

Analogue-based forecasts of PoP and sky cover are made operationally for
160 stations in Canada for forecast projections of 3, 4, 5, and 6 days.
The
historical dataset consists of 27 years of 500 mb and 1000 mb heights, analyzed
on a 22 by 20 grid that covers North America and adjacent waters (Fig. XVIII-l).
For selection of the analogues, 10 regional grids are used, centered on the 10
large dots on the figure. The figure shows the regional grid for the Prairies
centered at point 5.
The analogue search is done for all 10, 65-point regional grids by matching
the 27· years of historical cases (one per day) with the 60,84,108, and 132 hour
prog fields trom the Canadian Global Spectral model, representing days 3, 4, 5,
and 6 of the forecast respectively. Data are stratified into four fixed seasons,
spring: March to May; summer: May to September; fall: September to November;
and winter: November to March.
Both 1000mb and 500 mb fields are used in the search, and two statistics
are computed, the simple correlation and the Sl score.
The four indices of
comparison are combined into a single similarity index as follows:
S -= [(1-R,)2 + (1-Rs )2 + (Sl,/100)2 + (Sl s/100)2]'/2
XVIII-6
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Figure XVIII -1. Grid domain used for searching for analogue cases for
Canadian medium range forecasts. Centers of the 10 regional grids are
at the 10 numbered locations; the boxed area is one such grid.

where S is the similarity index, R1 is the 1000 mb correlation, Rs is the 500 mb
correlation, S11 is the SI score between the 1000 mb fields, and S15 is the SI
score between the 500 mb fields. The chosen analogue dates are those 20 days
with the lowest (best) similarity scores. The range of the similarity score is
o to 4. Separate sets of 20 analogue dates are retained for each of the 10
grids.
For each of the 160 stations, the analogue set for the most representative
regional grid is used to prepare the weather forecast. The 24 hour PoP forecast
is given by taking a simple percentage of the analogue days when precipitation
greater than a trace was reported. Six-hourly reported precipitation amounts are
used in the analysis.
Some post-processing is done on these forecasts to
increase the sharpness.

XVIII-7

The sky cover forecasts are also valid for 24 hour periods.
They are
obtained from daily percent of possible sunshine data for stations where that is
available, and where it is not, reported opacity data is used. The opacities for
1200, 1800, and 0000 UTCare averaged to give the daily sky cover.
Inboth
cases, the forecast sky cover is given by the average observed sky cover over the
20 analogue days.
The medium range analogue-based forecasts are supplemented with postprocessed (for reliability) perfect prog maximum/minimum daily temperature
forecasts and precipitation type forecasts based on the maximum/minimum
temperatures and the direct model output 1000-500 mb forecast thicknesses.
Forecasts for the four elements for the 160 stations are used to prepare
automated worded forecasts for days 3 ,. 4, and 5.
The forecasts for day 6· are
used as backup in case the model or the element forecast system doesn't run the
next day. The worded forecasts are checked and modified if necessary by regional
forecasters before they are issued.
D.
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XIX.
A.

ECONOHIC EVALUATION OF WEATHER FORECASTS

Basic Considerations

Interest in forecast verification is motivated in part by the belief that
a relationship exists between the scientific quality of forecasts and their
economic value. In particular, it is often implicitly assumed that measures of
quality can be used as surrogates for measures of value, in the sense that
forecasts of higher quality are also of greater value.
Moreover, from the
perspective of users of forecasts, the ultimate measure of success in weather
forecasting is the economic value of the forecasts (the phrase "economic value"
is meant to include both economic and social benefits), not their scientific
quality.
Thus, the assessment of the economic value of forecasts--and the
relationship between forecast quality and forecast value--are (or should be)
topics of considerable importance within the operational meteorological
community.
The purpose of this chapter is to describe some basic concepts ,methods, and
results related to the economic value of weather forecasts. Section B contains
a simple example illustrating the assessment of forecast value. An overview of
some basic aspects of the relationship between forecast quality and forecast
value is provided in Section C. To supplement this brief and selective treatment
of economic evaluation, references are included to a variety of recent studies
on the topic (see Section D).
This discussion of forecast value and quality/value relationships is based
on' a decision-analytic perspective. Decision analysis (e. g. , Winkler and Murphy,
1985) provides a rational framework for structuring, modeling, and analyzing
decision-making problems and assessing the value of information. Within this
framework, the value of forecasts depends on four factors:
(1) the actions
available to the decision maker (or user); (2) the cost-loss structure of the
user's decision-making problem; (3) the quality of the meteorological information
on which user's decisions are based in the absence of forecasts; and (4) the
quality of the forecasts.
In order to assess the economic value of weather
forecasts, using the methodology of decision analysis, it is necessary to specify
the decision maker's actions (and other characteristics of the decision-making
problem) and to describe the cost-loss structure and relevant meteorological
information in quantitative terms.
Although all of the above-mentioned factors are important determinants of
forecast value, interest on the part of the meteorological, community naturally
focuses on factors (3) and (4).
Consideration of the implications of these
factors for the measurement of forecast value leads to the recognition of the
fact that value is necessarily a relative concept in this context. Specifically,
the value of forecasts must be measured relative to the situation in which the
user's decisions are made in the absence of this information. It is frequently
convenient to assume that, when forecasts are not available, users base their
decisions on climatological information.
In some situations, decision makers faced with weather-sensitive problems
may find that forecasts consistent with the current state-of-the-art of
forecasting are of no value. Such results can arise because (for example) of
restrictions on the actions available to the user or the current quality of the
forecasts. Such situations may be weather sensitive, but they are not weatherinformation sensitive (at least under present conditions).
The distinction
XIX-l

between weather sensitivity and weather-information sensitivity is fundamental
in this context. Failure to recognize this distinction can lead to overestimation of the (potential) value of weather forecasts.
B.

Measurement of Economic Value:

An Example

As a simple framework within which to illustrate the economic evaluation of
forecasts, we consider the cost-loss ratio situation (Katz and Murphy, 1987;
Murphy, 1977; Thompson, 1962). This situation involves a decision maker who is
faced with making a single protect/do not protect decision related to some
weather-information-sensitiveactivity in the face of uncertainty regarding the
occurrence/nonoccurrence of adverse weather.
The basic elements of this
decision-making problem are described in Table XIX-I.
If the decision maker
takes protective action (a=l), then a cost of protection C is incurred (the
activity is assumed to be completely protected against adverse weather).
If
protective action is not taken (a = 0) and adverse weather occurs (x = 1), then the
decision maker suffers a loss L; otherwise (a = 0, x= 0) no expense (cost or loss)
is incurred. To avoid trivial situations, we assume that O<C<L.
Table XIX-I. Cost-loss ratio situation, with c1imato10gica1 probabilities of the events.

(

Events
Adverse
Weather
x=l

No Adverse
Weather
x=O

Protect

a=l

C

C

Do Not Protect

a=O

L

o

Actions
Climatologica1 Probabilities

1-11"

It is assumed that the decision maker chooses the action that minimizes expected expense. (In the language of decision analysis, this assumption implies
that the decision maker's utility function is linear in expense.)
Expected
expense is the probability-weighted average of the relevant expenses, where the
probabilities specify the likelihood of occurrence of the respective events.
Consider the case in which only climato10gica1 information is available to the
decision maker, and let Ec denote the expe'cted expense associated with the use
of this information.
If 1I"=p(x=1) denotes the climatologica1 probability of
adverse weather, then Ec = 1I"C + (1-1I")C = C when a=l and Ec = 1I"L + (1-11")0 = 1I"L
when a = 0 . Further note that a = 1 when 11" ~ C/L and a = 0 when 11" ~ C/L (hence the
name cost-loss ratio situation).
Now suppose that imperfect forecasts are made available to the decision
maker (at no cost).
Further, suppose that the quality of these forecasts is
characterized by two conditional probabilities, P1= p(x=llf=l) and Po = p(x=1If=0).
These probabilities indicate the likelihood of occurrence of adverse weather (x= 1)
given forecasts of adverse weather (f = 1) and no adverse weather (f = 0) ,
respectively. Without loss of generality; it can be assumed that 0~PO~1I"~P1:51.

(

The predictive (or marginal) probability of a forecast of adverse weather, p = p(f = 1) ,
is related to these conditional probabilities and the climatological probability
by p = (11" - PO)/(P1 - po). This information (1. e., P1 and po) could be derived from
a 2x2 contingency table [i.e., p(f,x)] describing previous forecasting
performance or it could represent a special case of probabilistic forecasts in
which only two probability values are used.
In the case of imperfect forecasts, the determination of the optimal action
and the associated expected expense proceeds in a manner analogous to that for
climatological information. If we let Ef denote this expected expense, then it
is relatively easy to show that Ef=E c (and Vf=O; see below) when PO~P1~C/L or
C/L~PO~P1 (the optimal actions under imperfect forecasts and climatological
information are identical). The only interesting situation arises when Po < C/L<P1'
Under this condition, protective action (a=l) is taken when adverse weather is
forecas.t (f = 1) and no protective action (a = 0) is taken when no adverse weather
is forecast (f=O). Thus, Ef = pC + (l-p)p oL.
As noted in Section A, the expected value of the imperfect forecasts, Vf
say, is the difference between the expected expense associated with climatological information and the expected expense associated with the imperfect
forecasts (under the assumption of a linear utility function). Thus, Vf = Ec - E f ,
or
(1- p)(CPo - L)
(11" - po)L - p(C - poL)

if 1I"~C/L~P1'

To simplify matters still further in this example, we assume that p=1I"; that
is, we assume that adverse weather is forecast with the same relative frequency
as that with which it is observed (unbiased nonprobabilistic forecasts). Under
this assumption, Po = (1,.. P1)1I"/(1- .11"), and the conditional probability P1 (1I"~P1 ~ 1)
completely determines the characteristics of the forecasts (assuming 11" is known) .
Under this assumption,

o

where P1* = 1- (C/L)[(1-1I")/1I"] i f 1I"~C/L and P1* = C/L if 1I"~C/L. Note that Vf~O.
Specifically, forecast value is zero when P1~P1* and forecast value is nonzero-and increases linearly as P1 increases.., -for P1 >P1*'
In considering the relationship between forecast quality and forecast value,
it is convenient to perform linear transformations on both P1 and Vf'
In
particular, let q = (P1-1I")/(1-1I") and v = Vf/L. Note that O~q~l, where q=O
when the quality of the forecasts is equal to that of climatological information
(P1=1I") and q=l when the quality of the forecasts is equal to that of perfect
information (P1=1).
The transformed forecast value v represents the expected
value of the forecasts per unit loss.
Figure XIX-1 displays the relationship between v and q. Note that forecasts
are of no economic value up to a quality threshold (because the optimal actions
for the forecasts are identical to the optimal actions for climatological
information).
Above this threshold, the economic value of the forecasts
increases linearly until the upper limit of perfect information (q = 1) is
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reached.
The quality threshold depends on the relative distance between the
cost-loss ratio C/L and the climatological probability of adverse weather 71", with
no threshold only in the case in which 71" = C/L. The slope of the linear increase
in economic value above the quality threshold is 71"(1-71"), the variance of the
events (i. e., sx2), which is a maximum when 71" = 0.5.
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Figure XIX-1. Quality/value relationship in the cost-loss ratio situation
when (a) 71" ~ C/L and (b) 71" ~ C/L.
This example illustrates the way in which forecast value can.be assessed in a
relatively simple prototypical decision-making problem. Assessments of forecast
value in both prototypical and real-wor~d situations, involving single-stage and
multiple-stage decision-making problems, can be found in papers by Brown et al.
(1986), Katz et al. (1982), Katz et al. (1987), Katz and Murphy (1990), Murphy
et al. (1985), and Wilks and Murphy (1986).
G.

Quality/Value Relationships

(

Studies of the value of weather forecasts in prototypical and real-world
decision-making problems have revealed several important characteristics of
quality/value relationships. First, the relationship between forecast quality
and forecast value is inherently nonlinear.(The assessment of forecast value
involves the minimization of expense- -or the maximization of profit- -whereas the
assessment of forecast quality involves no such optimization'procedure.) Even
in the simple example presented in Section B, forecast value is ,zero below the
quality threshold and increases (linearly) above this threshold. Second, many
situations evidently involve a quality threshold below which forecasts are of no
value.
In such situations, the quality of the forecasts must exceed this
threshold in order to realize positive benefits.
Third, in at least some
situations, forecast value rises at an increasing rate as ,forecast quality
increases above the quality threshold (when it exists). This latter result is
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somewhat discouraging, since it suggests that, in such situations, the largest
increases in value will come when the forecasts approach perfection.
As indicated iri Section B (and the previous paragraph), relationships
between forecast quality and forecast value can be investigated in the context
of particular decision-making problems.
However, what can be said about
quality/value relationships in general? In particular, under what conditions can
one forecasting system be judged unambiguously to produce forecasts of higher
quality and greater value than another forecasting system? These conditions are
embodied in the so-called sufficiency relation (see Ehrendorfer and Murphy,
1988), which indicates that system A is sufficient for system B if B's forecasts
can be derived from A's forecasts by a stochastic transformation.
Since the
existence of such a transformation implies that B's forecasts contain greater
uncertainty than A's forecasts, it is evident that the latter are of higher
quality than the former.
The importance of the sufficiency relation in
comparative evaluation resides in the fact that if it can be shown that A's
forecasts are sufficient for B's forecasts, then all users (regardless of their
cost-loss structure) will prefer A's forecasts to B's forecasts. It should be
noted, however, that it is not always possible to show that system A is
sufficient for system B (or vice versa). In such cases, the relative quality and
value of the forecasting systems cannot be determined (from the sufficiency
relation).
The applicability of the sufficiency relation to comparative evaluation of
weather forecasts has been explored in several recent studies (e.g., Ehrendorfer
and Murphy, 1988; Murphy and Ye, 1990). These studies reveal that ~his relation
can be applied to both prototypical and real-world forecasting systems and that
it can produce useful results. In view of the fact that the sufficiency relation
provides a means of determining the relative value of forecasting systems without
conducting user-specific value-of-information studies, it obviously warrants
further development as well as application in a variety of contexts.
Another question that might be asked about the relationship between forecast
quality and forecast value is whether or not it is always monotonic. That is,
is forecast value always an increasing function of forecast quality? The answer
is "yes," at least when forecast quality is measured in its full dimensionality
(see Chapter IV, Section F). The danger inherent in arbitrarily reducing the
dimensionality of a verification problem was illustrated by Murphy and
Ehrendorfer (1987) in their study of accuracy/value relationships in the context
of the cost-loss ratio situation. Forecast quality is inherently two-dimensional
in this context (under the assumption that the climatological probability is
specified) .
However, forecasting performance in such situations is often
measured by means of a one-dimensional measure of accuracy such as the Brier
score. The authors' study revealed that the accuracy/value relationship in this
context is characterized by envelopes, which admit the possibility that increases
in forecast accuracy can lead to decreases in forecast value.
These results
underscore the need to perform forecast verification in its full dimensionality,
especially in those situations in which forecast quality is explicitly or
implicitly assumed to represent a surrogate for forecast value.
D.
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STATISTICAL INTERPRETATION IN THE NETHERLANDS

Seijo Kruizinga
Royal Netherlands Meteorological Institute (KNHI)
PO BOX 201, 3130 AE De Bilt
The Netherlands

1.

INTRODUCTION

Statistical
interpretation of numerical
weather prediction (NWP) output is a very useful
tool to support the forecasters on duty with
end-user customized forecasts. In general this
support has positive impact on the skill of the
final forecast as well as on the productiVity of
the forecaster. At KNMI objective statistical
interpretation of NWP started at about 1975 when
the subjective selection of analogues used to
make the forecast for day 2 and 3 was replaced by
an objective procedure. The weather associated
with the analogues was used to make the forecast.
Parallel to this analogue approach a Perfect Prog
(Klein and Lewis, 1970) procedure was developed
and subsequently introduced. The NWP output was
obtained from NMC-USA. In 1980 the NMC forecasts
were ('eplaced by the forecasts from the European'
Centre on Medium Range Weather Forecasting
(ECMWF) and the forecast range was extended to
day S.
Shortly thereafter research on the
applIcation of the Model Output StatistIcs (Glahn
and Lowry, 1972) approach was started leading to
the introduction of a HOS based statistical
scheme
in
December
1983.
The
temperature
equations of this scheme were replaced in 1987
and some other products were added in course of
time.
2.

- the 500 hPa forecast map in gridpoint format
is extracted
- th e
gridpoint values of this map are
subtracted from the gridpoint values of all
analyses from the same part of the
year in
the years 1949 upto 1985 inclusive
- for each difference map a weighted mean is
computed and subtracted from each gridpoint
value
- using the same weights a weighted mean square
value iiil computed for each map and the dates
associated with lowest 30 mean square values
are denoted
- the weather of these 30 dates is summarized in
statistical termS: number of days with rain,
mean maximum temperature and so on
In this way the analogues technique is
capable of producing point forecasts as well as
probability forecastiil. Moreover. it has been
shown (Kruizinga and Murphy. 1983, Lemcke, 1986)
that credibility intervals can be extracted as
well.
Currently the output of the analogues scheme
is not used directly but only as an input for the
operationel HOS schemes.
2.2. Multiple linear regression
This is probably the most widely used
technique in statistical interpretation. It is
described In several textbooks on statistics and
supported by all
the available statistical
packages. The main problem in applying this
techique is the selection of predictors. At KNMI
this is usually done by applying a slepwise
forward regression scheme.
The resul ts are
studied carefully and the final selection is
mostly done manually.

STATISTICAL TECHNIQUES

For statistical interpretation a wide range
of techniques is availabie. At KNMI only three
techniques are used,
namely
the analogues
technique,
multiple
linear
regression
and
logistic regression.
We will discuss these
techniques briefly.
2.1. Analogues technique
The analogues technique is a very versatile
technique suitable for making point forecasts as
well as probability forecasts. It is based on the
follOWing approach: the current forecast map is
compared with analyzed maps from the past in the
same period of the year and the weather
associated with the most similar maps is used in
the forecast ing process. At KNMI this procedure
is performed objectively in the follOWing way:

2.3. Logistic Regression
This
type of regression is used for
probabll ity forecasts.
It \~as introduced
in
meteorology by Brelsford and Jones (1967) for a
two-state variable. A generalization for N-state
variables is given by Anderson (1972). For a
two-state variablt:,
e. g.
rainlno rain.
the
logistic regression is formulated as follows:
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3.2. Early medium range for Europe

100

-.

In this product forecasts for 184 sites in
western
Europe
are
given.
The
potential
predictors were:

P(rain)
with

-

This last expression is equal to the expression
used in multiple linear regression, but because
it is used in the exponent part the linear
regression techniques cannot be applied. The
coefficients can only be found by iteration. The
selection of predictors is very time-consuming in
this case, therefore predictors are selected by
using a stepwise mul tiple linear regression and
visual inspection.

height of 500, 850 and 1000 hPa levels
geostrophic wind at the same levels
geostrophic vorticity at these levels
thickness 1000/850 hPa
thickness 1000/500 hPa
sine and cosine of the day of the year
latest observed max. and min. temperature

and the predictands are:
maximuM. temperature
minimum temperature
probability of precipitation (06-18 GMT)
probability of precipitation (18-18 GMT)
The main objective of this product is to support
Dutch holiday makers and transport firms with a
general outlook of the weather in Europe.
Therefore only a limited set of predictands based
on free atmosphere predictors is given. For more
specialized forecasts the user is referred to the
local forecasters in the country concerned. For
verification results reference is made to Lemcke
(1987).

3.

AVAILABLE PRODUCTS
Currently three products containing several
predictands are available.
3.1. Early medium range for the Netherlands
This product contains forecasts for the
Netherlands covering the forecast period ranging
from day 1 up to day 5 inclusive. It is based on
the output of the ECMWF numerical model. Due to
the fact that the ECMWF applies a very long
cutoff time for the observations, the output is
disseminated rather late. We have to use the +48
hour ECMWF forecast as input for the day 1
forecast, see Fig. 1. Despite this drawback the
results of this forecast are very satisfying. In
Fig. 2 the yearly verification results for
minimum and maximum temperature are depicted. In
this figure the mean absolute error is given.
The predictands included in this product
are:

(

.....EI·C)

maximum and minimum temperature at de Bilt
- probability of precipitation at de Bilt
- duration of sunshine at de Bilt
highest wind speed at a coastal station
- areal probability of thunderstorms
- probability of frozen precipitation
Verification results for all of these predictands
are given in Lemcke and Kruizinga (1988) and
Lemcke (198S).
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Fig 1. Time scheme of model run, dissemination
time and forecast issuance.
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Fig. 2: Yearly verification results for minimum
and maximum temperature obtained with MOS
equations applied to ECMWF output.

.1

3.3. Extended range for the Netherlands

6.

Apart from the standard fields at full
resolution ECMWF is also disseminating a limited
set of filtered fields truncated at TI0. The
forecast range of these filtered fields runs out
to day 10 and one of the available parameters is
the 500 hPa geopotential height. The analogues
technique is used to produce a forecast for the
average weather in the period day 5 to day 9
inclusive. The predictandsare mean maximum
temperature,
mean minimum temperature,
mean
sunshine duration and the number of days with
precipitation.
The
respective
skiils
over
clilllatology in the period March 86 up to March
1990 are 12~. 16~, 1~ and 5~. These skills are·
based on the mean absolute error.
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4.

FUTURE

At this moment our research is concentrated
on two SUbjects: the development of a short term
guidance and the development of statistical
update techniques in order to adapt coefficients
of HOS forecast equations regularly.
4.1. Short term guidance
A local version of a limited area model
(LAM) was introduced recently at KNHI. The output
of this LAM will be used in a statistical
guidance for a forecast range up to 30 hours.
This gUidance will contain predictand values at 6
hour intervals for 5 stations in the Netherlands.
Perfect Prog equations . are developed using
archived products from ECHWF. Later on the PP
equations will be adapted to the LAM output using
the update techniques described in the next
paragraph.
4.2. Update techniques
Due to regular updates of the numerical
model
the coefficients in the statistical
forecast equations have to be Updated regularly.
This reqUires large datasets of predictor values
fro~ the new model version and a new statistical
analysis of the regression.
An alternative
approach to this problem has been proposed by
Ross (1987). In this approach the covariance
matrices governing the regression problem are
archived and after a season or month a weighted
average of the seasonal or monthly matrix with
the archived matrix is performed. From this
matrix the coefficients are derived. OUr research
focuses on the application of Kalman filtering
(Young. 1984). We plan to postprocess the most
recent season predictor and predictand data using
a Kalman filter and the old coefficients as
starting values. The resulting coefficients are
used in the same season next year. For the
logistic regression a similar procedure , not
based on Kalman filtering, is developed.
5.

SUMMARY

Statistical guidance is a useful tool to
support
the
forecaster
on duty.
In
the
Netherlands the application is focused on the
early medium range with some extension to the
medium range. Recently the development of a
guidance for the short range has been started.
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1.

Introduction

2.

The data

2.1 Predictands

The first KNMI weather forecasts
were verified in 1906; the method
applied was primitive and rather
complex.

The weather
elements
for
which
forecasts are verified, are selected
from the contents of daily pUblic
forecasts:

Routine
verification
of
weather
forecasts started in 1954. Until
1971 the only verification scheme
was based on the Performance Index
for categorical forecasts.
In 1971 an extension was introduced,
allowing
for
distance-sensitive
verification and containing also
probability
forecasts
(only
for
precipitation). Basic measures used
are Mean Absolute Error and Brier
probability
score.
Also
a
Performance Index can be derived.
This scheme is still operational in
1991.
SeparatelY, temporary projects for
the
verification
of
groups
of
special
forecasts
have
been
developed.. In the last 10 years,
specifically
various
short
term
forecasts were verified:
forecasts for agriculture (3-24
hours ahead),
storm warnings for the North Sea
(6-12 hours ahead),
precipitation
amounts
for
hydrology (0-8 hours ahead) and
trend forecasts for aviation (02 hours ahead.

In this paper only the routine
verification
is
dealt
with.
In
section 2, the data material is
defined. Section 3 contains a. short
description
of
the
processing
routines, including the verification
measures used. Finally, in section 4
a summary is given of results.

SS

is the percentage of sunshine at
de Bilt over the whole day (0024 MET), relative to the maximum
possible amount.

TN

is the minimum temperature at de
Bilt over the period 19-07 MET.

TX

is the maximum temperature at de
Bilt over the period 07-19 MET.

FN

is the maximum wind at Ymuiden
(a coastal station) over the
period 19-06 MET.

FO

is the maximum wind at Ymuiden
over the period 07-19 MET.

PO

is
the
probability
of
dry
weather (less than 0.3 mm of
precipitation) at de silt over
the 12-hour period 07-19 MET.

PE

is
the
probability
of
dry
weather (less than 0.3 mm of
precipitation) at de Silt over
the 24-hour period 19-19 MET.

LO

is the number of stations from
10
selected
stations
with
precipitation (at least 0.3 mm)
over the 12-hour period 07-19

MET.
LE
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is the number of stations from
10
selected
stations
with
precipitation (at least 0.3 mm)
over the 24-hour period 19-19
MET.

2.2 Predictions
For verification purposes, forecasts
are
made
containing
exclusively
fiqures.
time

predictand

o

forecast

of forecasts they issue. They are
not issued directly to any user of
weather forecasts in the form they
are prepared.

The forecasts for more than 1 day in
advance (DAY 5 up to DAY 2) are
prepared
by
the
medium
range
forecaster. The other forecasts are
prepared by the chief forecaster
alone, except for the main ~-day
forecast (DAY 1/11). This forecast
is
made
after
a
meeting
with
discussion of the forecasters in the
central forecasting office. Before
the
discussion
each
forecaster
prepares an individual forecast;
after the discussion one collective
forecast is made for which the chief
forecaster
is
responsible.
The
individual forecasts are verified as
well as the collective forecast.

DAY 5
12

DAY 4

.,

A survey of the predictions that are
verified are presented in figure 1
on a time scale, together with the
predictands.

;
!

(

DAY 3
3.

3.1 Procedures

00

All forecasts for one particular day
are recorded on a single form (see
annex 1). Afterwards the observed
values are added.

DAY 2
12

The forms of one month are collected
and the contents are processed in a
DOS-file on a floppy disk. Software
is developed for validation of the
data.

00

DAY
~2-11---

~/06

DAY 1/11

For the verification processing also
software is available on a PC . For
arbitrary periods of time, results
can be prepared in tables or in
scoring fiqu~es. Examples of the
output are given in the annexes to
this paper.

DAY 1/17
00-11--- DAY 1/23
PE

DAY 1/06

ss

TX
FO
PO

LE
12

3.2 Tables
00

Fiqure :L

processing routines

Time scale of forecasts
and predictands

These forecasts are also used as an
internal
central
guideline
for
various forecasters,
in order to
achieve coordination in the contents
XX-6

This type of presentation allows for
an examination of the nature of
forecast errors. In this respect
tables are more instructive than
single scoring figures. In annex 2
an example of results is given. Such
surveys can be made for any forecast
type or individual forecaster, for
any period of time and for specific
months or seasons.

(

Most
results
are
presented
in
contingency tables, specifically SS,
FN, FX, LD and LE. For this purposes
the scale of the predictand is first
sUbdivided in classes.
For temperatures
(TN
and TX)
a
frequency
table
of
differences
between forecast value and observed
value is compiled. A subdivision is
made for days preceded by a warm,
normal or cold day.
The
probabi~ity
forecasts
for
precipitation
are
verified
by
presenting the observed frequencies
for each discrete probability value.
A subdivision is made in days after
a day with precipitation, and days
after a dry day.
3.3 Scores

Probability Score
Another output of the verification
program is recorded in annex 3. For
the probability forecasts (PO and
PE) Brier Probability scores are
assessed;
actually the so-called
"half-Brier-Score"
(hBS)
is
presented, multiplied by a factor
100:

hBS = (p_O)2
with:
p = forecast probability
o = observed
value
(l=dry,
O=precip)
By comparing with the results of the
climatological forecasts the skill
can be assessed.
Mean Absolute Error
Other predictands are verified by
means of the Mean Absolute Error:
MAE = : (f-o) l
with:
f = forecast value
0 = observed value
Again, the skill can be determined
by comparison with the result of the
climatological
or
persistence
forecasts.
Performance Index
From the tables, also a Performance
Index (PI) can be calculated. This
index is used in practice after the
following definition:
PI

=

t-c

=

t.-c.
~

~
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with:
t.= 1 if the forecast is right
~ (the
observed
value
is
within
the
forecast
interval)
t :a the mean value of t i , the
"hit rate"
C.= the a priori
(climatologicall probability of a hit,
generally call.ed the "stake"
c :a the mean value of c i
~

In order to calculate a PI, the
forecasts have to be converted into
a
yes/no-forecast;
that
is,
a
particular forecast figure must be
translated into a forecast interval.
This interval. has to be chosen in
such
a
way
that
an
optimum
expectation of the resulting scoring
value is obtained. This is achieved
by composing an interval of all
values,
for
which
the
actual
probability
is
higher than the
reference
(climatological)
probability.
For this purpose., the results of a
long series of forecasts
(19721981)
were
examined.
For
each
possible value, the frequencies of
observed values were examined with
respect to the above criterium,
cUlminating in the definition of a
corresponding forecast interval.
3.4 Use of results·

Verification figures are used for
different purposes, e.g.:
information for users;
feed-back to forecasters;
feed-back to designers of models
and statistical methods;
quality control.
For users, tables appear to give the
most adequate information; also the
MAE-score can be helpful.
For feed-back to forecasters and
modelers, both tables and the PI are
used.
For overall quality control the. PI
is applied almost exclusively.

4.

Results

Examples of presentation in tables
and distance sensitive scores are
recorded in annexes 2 and 3.

In figure 2, graphs are presented of
PI values averaged over predictands
SS-TN-TX-FN-FD-PE-LE,
from
1972
until 1989. The graphs refer to the
forecasts of DAY 1 1100, DAY 3 and
DAY 5.
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Figure 2:

Annual Performance Index
1972-1989, averaged over
7 predictands

In this graph, a sharp progression
in forecast quality in the years
around 1980 is quite clear.
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Annex 1

Forecast Verification Form

code
Climatology

50

Observed yesterday

51

Day 5 0900z

52

Day 4 0900z

53

Day 3 0900z

54

Day 2 0900z

55

Day 1 0600z

47

SS

TN

TX

Forecaster 1
Forecaster 2
Forecaster 3
Forecaster 4
Day 1 1100Z

50

Day 1 1700z

57

Day 1 2300z

58

Day 0 0600z

59

Observation

60
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FN

FD

PO

PE

LD

LE

--------------------

Annex 1.
Verification of weather forecasts 3 days in advance
period:
Jan 1985 unti~ Dee 1989
selection:
Al~ seasans
Cqntinqency tables far sunshine, maximum windspeed and areal precipitation; observed
classes ar recarded horizontally, forecast classes vertically. The figures refer to
procentual relative frequencies of the observed classes for each forecast class.
SunsJU.ne in percent of the maximum possible duration
o 1-14 15-29 30-44 45-59 60-74 75-100 total
o
58%
17\
9\
9\
5\
0%
3%
78
48%
18\
9\
11\
7\
5%
2\
290
1-14
15-29
27%
21%
19%
1\
1%
7\
6%
471
30-44
13%
21%
17%
14%
14%
13%
9%
648
45-59
16%
18%
12\
1\
13\
13%
18\
157
60-74
4%
6%
8\
1\
20\
IS\
34\
157
75-100
0%
4\
4\
0\
9\
13\
70\
23

(

-------------------------------------------------------10\
23\
19\
10\
14%
11\
12\
1824

total

Maximum wind !Jrnuiden 18-06

34
5
6
7
8+

30\
13\
4\
3%
0%
0%

Maximum wind IJmuiden 06-18

8+ total
5
6
7
4
10\ 0\ 0\ 0\ 0\
1
49\ 24\ 11\ 3\ 1% 699
30\ 30% 25% 9% 3% 70S
12% 19% 31% 23% 12% 316
3% 6% 25% 32% 34\
88
0% 7% 13% 20% 60%
15

34

5
6

7
8+

5
3- 4
0% 0\ 0\
12% 44\ 28%
3\ 28% 35%
1% 9% 22%
1\ 0% 7%
0% 0% 6%

7
8+ total
6
0\ 0\ 0\
0
12% 3% 1\ 593
22\ 9% 2% 783
31\ 24\ 13% 350
19\ 38% 35\
81
17
12% 24% 59%

------------------------~------------------------------------------------

total

7% 33% 24% 20%

1%

5% 1824

total

6% 28% 29% 20% 11%

6% 1824

Number of precip stations 06-18
0 1-2 3-5 6-7 8-10 total
0
77% 11\ 7% 2% 3% 319
1~2
50% 20% 13% 6\ 11% 712
3-5
24% 15% 18% 13% 30% 584
6-7
15% 11\ 15% 14% 46% 168
8-10 12\ 2% 1\ 12% 63%
41

Number of precip stations 18-18
0 1-2 3-5 6-7 8-10 total
75% 10% 7% 2% 5\ 201
0
56% 14% 13% 6% 11% 426
1-2
25% 17% 16% 1% 33% 654
3-5
10\ 8% 13% 12% 57% 357
6-7
7% 1% 9% 9% 75%
186
8-10

total 42% 15% 13%

total 33\ 12% 13%

9% 20% 1824
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8% 34% 1824

(

Probability of a dry weather 06-18 and 18-18; recorded are:
the forecast probability (pC)
the frequency of issiue of pc (np)
~he relative frequency of dry weather after a forecast pc (pd)
the quantities np and pd are recorded for the following conditions:
the verification day was preceded by a dry day (Id)
the verification day was preceded by a day with precipitation (In)
all forecasts (It)
06-la
pc
np/n pd/n np/d pd/d np/t pd/t
0%
0\
0\
0
0\
10%
3
0\
2 50\
5 20\
20%
23 30%
14 36\
37 32\
30\
33 48\
19 53\
52 50%
40\
63 40\
52 50\ 115 44\
50\
95 37\ 104 51\ 199 44%
60%
ao 52\ 93 56\ 173 54\
70%
70 61% 144 70\ 214 67\
aO%
103 53\ 262 77\ 365 71\
90%
87 85\ 553 90\ 640 89\
100\
2 10\
22 95\
24 96\

°

°

18-18 uur

pc
0\

10\
20\
30\
40\
50\
60\
70\
80\
90\
100\

np/n pd/n np/d pd/d np/t pd/t
o
0\
0
0\
0
0\
52 12\
10 50\
62 18\
88 14\
36 33\ 124 19\
121 23\
59 34\ 180 27\
107 36\
72 44\ 179 39\
105 43\ 107 53\ 212 48\
90 47\ 119 62\ 209 56\
95 47\ 147 78\ 242 66%
62 61\ 159 76% 221 72\
60 72\ 320 92\ 380 89\
2 10%
13 10\
15 10%

------------~-------------------------------------------

tot

559

53\ 1265

77\ 1824

70\

tot

782

------------------71\ 1824 57\

38\ 1042

absolute and relative frequencies
(in percent) of
departures of forecast value from observed value
Relative frequencies are also recorded for the following conditions; the verification day was preceded by a day with corresponding temperature:
at least 2 degrees below normal (0)
normal plus or minus 1 degree (n)
at least 2 degrees above normal (b)
~emperatuurverwachtinqen:

Minimum temperature
afw
0
n
b - total
0\
0\
-9
1\
5
0\
0\
6
1\
-a
0\
-7
1\
1\
14
2\
-6
1\
1\
23
2\
2\
-5
1\
32
-4
6\
4\
2\
72
3\ 107
-3
1\
6'
8\ 175
12\
-2
1\
13\ 13\ 13\ 235
-1
16\ 18\ 13\ 279
1
1\ 15\ 15\ 245
9\ 12\ 16\ 234
2
a\ 7\ 11\ 167
3
4\
8\ 110
4
5\
3\
3\
4\
5
59
6
1\
1\
J\
35
7
0\
1\
1\
11
8
10
1\
1\
0'
9
0\
0\
1\
5

°

total 523

540

761

1824

0\
0\
1\
1\

2\
4\

6\
- 1\

13\
15\
13\
13\
9\
6\
3\
2\
1\
1\

0\

Maximum temperature
afw
0
n
b total
0\
0\
0\
3
-9
0\
0\
0\
3
-8
2\
0\
0\
20
-7
2\
2\
-6
28
1\
3\
2\
2\
42
-5
- -4
6\
3\
77
4\
9\
4\ 120
6\
-3
13\ 12\
8\ 195
-2
9\ 261
18\ 16\
-1
18\ 11\ 14\ 299
13\ 16\ 18\ 282
1
S\
2
1\ 16\ 202
6\
5\ 13\ 14S
3
4\
6\
4
1\
62
3\
3\
44
5
1\
0\
2\
2\
6
23
'7
0\
0\
0%
6
0\
0\
S
3
0'
0\
9
0,
6
1\

°

total -690

XX-ll

498

636

1824

0\
0\
1\

2\
2\
4\
7\
11\
14\
16\
15\
11\

S\
3\
2\
1\

0\
0\
0\

Annex
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Verification of weather forecasts
period:
Jan 1975 until Dec 1984
selection: Winter
In this summary, for sinqle-value-forecasts the Mean Absolute Error is recorded, for
probability forecasts the half-Brier-Score (*100). In both cases the ideal score is
zero. A result equal to or hiqher than climatology indicates no skill at all.
~he

ss:
TN
FN
PO
Le

predictands are:
the percentaqe of sunshine at de Bilt between 00 and 24 MET
and TX:
minimumtemperature, maximumtemperatuur at de Bilt in deqrees C
and FD:
the maximum windspeed at IJmuiden between 19 and 06, 07 and 18
respectively
and PE:
the probability of precipitation at de Bilt between 06 and 18, 18 and
18 respectively
and LE:
the number of stations (from 10 selected stations) with precipitation
between 06 and 18, 18 and 18 respectively

In the column "Forecast" , the type of forecast or the name of the individual
forecaster (forecasts for Day 1 at 1100)

(

Forecast
aantal
A Adriaanse
182
B de Boer
136
C Custers
109
D van Dijk
183
E Eqters
268
F Flipse
20
G de Geus
96
H Hissink
38
climatology
903
persistence 1 day 903
5 day forecast
301
4 day forecast
591
3 day forecast
722
2 day forecast
715
day 1 (0600)
211
daq 1 (1100)
900
daq 1 (1700)
902
daq 1 (2300)
902
daq 0 (0600)
902

(

SS
17.7
19.4
18.3
18.1
18.9
18.8
18.4
16.3
23.8
21.9
24.4
23.8
23.0
21.3
20.9
18.1
18.1
17.9
16.1

TN
1.8
1.9
1.1
1.8
1.5
1.4
1.7
1.6
3.1
2.4
2.9
2.8
2.5
2.2
1.8
1.1
1.5
1.3
0.0

TX

FN

FO

PO

PE

Le

LE

1.8
1.1
1.9
2.0
1.1
1.5
1.8
1.6
3.3
2.0
2.5
2.5
2.2
2.0
1.6
1.7
1.6
1.5
1:4

5.2
4.6
5.2
5.5
4.5
1.3
4.9
4.6
6.6
6.5
6.8
6.4
6.0
5.7
4.3
4.5
4.2
0.0
0.0

4.9
5.0
4.4
5.8
5.2
1.2
5.6
5.4
6.5
6.5
7.0
6.6
6.1
5.8
5.6
5.1
5.0
4.8
4.2

17.8
11.6
15.8
16.5
18.9
22.6
19.6
17.0
23.5
34.2
21.0
23.7
22.9
21.4
16 .. 6
16.9
16.8
16.8
14.9

16.0
11.0
13.2
16.1
15.7
25.6
15.9
12.8
24.5
30.7
22.5
22.4
20.4
18.7
14.2
14.7
14.2
0.0
0.0

2.1
2.5
1.9
2.4
2.1
2.8
2.7
1.1
3.5
2.9
3.0
3.0
2.9
2.6
2.2
2.2
2.2
2.1
1.8

2.1
2.3
1.9
2.3
1.9
3.8
2.6
1.3
3.9
2.7
3.5
3.3
3.0
2.7
2.1
2.0
2.0
0.0
0.0
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NWP PRODUCTS, THEIR INTERPRETATION AND VERIFICATION OF LOCAL WEATHER FORECASTS
IN FINNISH METEOROLOGICAL INSTITUTE

pertti Nurmi and Juha Kilpinen
Weather Service Research
Weather Department
Finnish Meteorological" Institute
Box 503, 00101 Helsinki, Finland
1.

INTRODUCTION

Many significant changes in numerical
weather prediction and the interpretation of NWP
have either occured in recent past or are underway
at the Weather Service of the Finnish Meteorological
Institute (FMI) . The access to the new governmental
supercomputer enabled running of the new limited
area model (HIRLAM) in the beginning of 1990. At
the same time, running of the previous limited area
model (SLAM) in FMI I S own mainframe computer was
ceased. FMI is a member of the ECMWF (European
Centre for Medium Range Weather Forecasts) and
therefore uses the Centre's numerical products,
received in grid form, very extensively as direct
model output, as input for FMI's own statistical
interpretation schemes, and as boundaries for the
HIRLAM analysis/forecasting system. Additional
numerical weather charts are received from three
forecasting centers, namely the United Kingdom
Meteorological Office (UKMO), the German Weather
Service (i. e. Deutscher Wetterdienst, DND) and the
National Meteorological Center, Washington (NMC) .
Chapter 2 will furnish wi th some information on the
use of the different models.
A statistical objective verification scheme
covering all numerical forecasts was running
operationally until the end of 1989. However, with
the discontinuance of running the old SLAM model,
whose analyses served as reference fields in the
verification, the scheme could not be applied as
such any more.
Since the early 1980's a statistical
interpretation scheme based on the well-known
perfect prog approach has been applied at FMI. This
statistical adaptation is performed on ECMWF data.
Recently, development work has been done with a new
MOS-related approach. This subject will be covered
in Chapter 3. No operational verification procedures
have been applied on statistically adapted guidance
forecasts so far. Only some occasional verification
tests have given indications of their quality.
However, the actual local forecasts made by duty
forecasters are being verified using an operational
quasi real-time (monthly) verification scheme.
Verification activities are summarized in Chapter 4.
A marked cornerstone in the development
work concerning NWP as well as statistical
interpretation and forecast verification is
associated with the ongoing replacement of FMI's
communication and mainframe computer systems,
planned to be finalized by summer 1991. Also, the
new computer environment will enable full use of

the capacities of the meteorological graphics
workstations which have already by now become
important tools in the hands of forecasters. The
ultimate goal is to have all potential meteorological
guidance information within the works tat ion
framework, including:
(i) (synop and temp) observations
(ii) satellite and radar images
(iii) numerical forecasts
(iv) interpreted products
(v) verification statistics
At present, the three first phases are more or less
accomplished.
This paper describes some ideas, principles
and methods concerning interpretation of NWP
products and forecast verification. The applications
which are under development will be gradually
implemented into operations as the renewal of the
computer configuration at FMI is completed.
2.

NWP MODELS USED IN FMI

As already mentioned in the introduction,
NWP products from five forecasting centers are
being utilised by the Finnish weather service. The
charts from UKMO, NMC and DNO are received through
the GTS. Meteorological charts based on UKMO's
global and especially the regional model are quite
popular among forecasters, whereas DNO and NMC
charts serve mainly as comparison against the
three main models (i.e. HIRLAM, ECMWF, UKMO).
Clearly the chiefly used numerical forecas;:s beyond 48 hour forecast ranges are those from
ECMWF. Different forecasted parameters up to +240
hours form a total of over 1200 fields, in five
different grid configurations, disseminated daily
from ECMWF to FMI. From these fields dozens of
different meteorological charts are produced for
the forecasters' benefit. ECMWF data are also used
extensively as input in the statistical
interpretation schemes.
Information on the
applications of ECMWF products in FMI can be found
in various ECMWF Member State application reports,
e.g. ECMWF (1990).
Until quite recently, the ECMWF model,
although defined" principally for medium range
forecasting, was considered superior to others
even in the shortest forecast ranges (see,
Paragraph 4.1) . During 1990, however, the emphasis
has gradually turned to the favor of HIRLAM (The
acronym stands for HIgh Resoultion Limited Area
Modelling) for forecasts in the one-to-two day
range. As mentioned, running of this model was
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started operationally in the beginning of 1990
after implementation of the model in the new
supercomputer. During the preceding years, HIRLAM
had been developed as a joint multi national
research project among the Nordic countries
(Denmark, Finland, Iceland, Norway, Sweden) and
the Netherlands. There is the important operational
connection between ECMWF and HIRLAM as ECMWF data
are beinq used as lateral boundaries in the BIRLAM
analysis/forecast system.
A detailed description of individual
numerical models is beyond the scope of this paper
and hence reference is made to WMO (1990) and
regarding the BIRLAM model also to Machenhauer
(1988) .
3.

STATISTICAL INTERPRETATION

Statistical interpretation methods and
schemes are undergoing major changes due to new
ideas and the renewal of the computer configuration
in FMI. The old perfect prog scheme, based on ECMWF
data, is still running operationally. It produces
guidance forecast for three Finnish stations up to
84 hours of forecast time. The following forecast
parameters are included:
minimum/maximum temperature
probability of precipitation
probability of snowfall (in winter)
wind chill factor (in winter)
probability of thunder (in summer)
evaporation (in summer)
probability of frost

fields as such (field or absolute correlation) and
for the gradients combining the correlations of
the components (gradient correlation) . Taking the
mean value of the field and gradient correlations,
a score called "field and wind correlation" was
defined. The absolute correlation is expected to
evaluate the large scale features of fields and the
gradient correlation the accuracy of finer
structures and details of the forecasts. The
combination score, on the other hand, is considered
useful mainly in the assessment of short range
forecasts, where high accuracy is required. In the
medium range, the field correlation was assumed to
be suitable in the case of a small verification
area like ours.
Figure 1 shows summary results for one-totwo day forecasts in 1989. The combined field and
wind correlation is used, shOWing the superiority
of ECMWF in spite the 12 hour compensation to other
centres as the ECMWF operational routine is based
ori 12UTC, rather than OOUTC data. For longer
forecast ranges, the situation is not as obvious.
At surface level (Figure 2, upper part), NMC
appeared to beat other centres, whereas in the
middle troposphere (Figure 2, lower part), there
were no significant differences in quality during
1989. However, lowest correlation values were
addressed to DWD throughout time and space.

A new' MOS interpretation scheme with
recursive approach is available for temperature
and wind up to 240 hours of forecast time for 30
stations in Finland. In this system, ECMWF 2-metre
temperature and 10-metre wind forecasts are
corrected with a method equivalent to a two
parameter Kalman filter. Details of the Kalman
filter are presented in e.g. Gelb (1989), and an
idea of the method in Appendix 1.
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4.

VERIFICATION ACTIVITIES IN FMI

4.1

Verification of NWP charts

Ojective verification of surface pressure
and 500 hPa height forecasts was running
operationally until the end of 1989. FM! (old
limited area model, SLAM), ECMWF, UKMO,. DWD and NMC
charts were included in this comparison scheme.
The verification was performed against SLAM
analyses in an area centered .over Fi-nland and
covering 35 gridpoints on a 2.5° x 2 ..5° grid . The
verification system produced mostly conventional
statistical scores, including mean error (bias),
rms error, standard deviation of error and
correlation. Correlations were computed for the

----0-

An equivalent system for modifying HIRLAM

temperature forecasts has been developed recently.
This scheme produces minimum/maximum and
instantaneous temperature forecasts up to 48 hours
for 40 Finnish stations and for c. 50 stations in
Europe. The system applies at the moment only
HIRLAM 2-metre temperature but tests have been
made with several parameters. An interpretation
system applying the Kalman filter with several
parameters will be implemented later this year. A
system for producing propability of precipitation
forecasts is under development. Some verification
results are presented in paragraph 4.2.
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Figure 1. Field and wind correlations for short
range forecasts of surface pressure averaged over
the year 1989 (NOTE: l2uTC +24, +36, +48 hours for
ECMWF, and OOUTC +12, +24, +36 hours for other
centers
Upon shifting to the supercomputer
environment, the new HIRLAM analysis/forecast
system replaced SLAM and operational verification
of NW!? fields was finished. Verification of
numerical forecasts is undergoing a thorough
renewal. HIRLAM output is at present verified
separate from other numerical forecasts but the
purpose is to combine all comparable products into
a single verification package which is later to be
implemented in the graphics workstation framework.
As part of the HIRLAM data assimilation procedure,
first guess fields and analyses are operationally
monitored against observations. This system is
expanded to verifying forecasts up to 48 hours
using standard statistical scores. The verification
area' covers Scandinavia with 384 gridpoints on a
1° x 1° grid. Figure 3 shows an example of the
behaviour of the HIRLAM model. In.winter, during
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t

for MOS temperature forecasts. The users have
information on latest estimates of mean absolute
and systematic error for different lead times and
estimation periods at every station. Also, the
skill scores over persistency are estimated.
The filter MOS scheme for HIRLAM data has
a similar on-line verification system. Forecasted
temperature values are archived in a manner
comparable to those by duty forecasters. Figure 5
shows the mean absolute error and bias distribution
of DMO temperature (T2m) for January 1991 together
With corresponding results for the filter-corrected
MOS. According to the figure, most of the decrease
of error comes from the reduction of bias. In
Figure 6, there is a comparison between the mean
absolute error of MOS guidance and the end products
by duty forecasters for January 1991. Forecasters
seem to beat guidance in forecasting minimum
temperature, but for maximum temperature guidance
is slightly better.

4.-----------------...:...--,
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2

MAE(MOS)

4.3

Verification of end products

A quasi-operational verification scheme
covering forecasts made by duty forecasters
(referred to as end products) has been running at
FMI for about five years. The term "quasi" simply
means that certain monthly statistics are computed
and produced for forecasters' disposal. Although
these monthly scores have been produced for
forecasters only since mid-80's, there are test
data available in comparable format for verification
purposes since 1979, and for a few parameters since
1968-. Hence in all charts, about ten years of
reference results are given. In this scheme,
forecasts are made for four Finnish stations at the
FMI central office. Forecast parameters include
minimum & maximum temperature, precipitation
amount & probability and cloud amount, lead times
being +12, +24 and +48 hours. In addition, fiveday average temperature and cumulative precipitation
forecasts are made, but for different stations.
Wind speed and direction and visibilty forecasts
are made for another three coastal stations. The
monthly statistics are produced in graphical form
which includes different types of error
distributions as well as information on forecast
skill. Also, individual feedback to forecasters is
provided. An example of the output of the scheme
is shown in Figure 7.
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Figure 5. Mean absolute errors (MAE) and biases
(BIAS) of HIRLAM direct model output (DMO) 2metre temperature forecasts, and respective MOScorrected forecasts (MOS) . Statistics are averaged
over 40 Finnish stations, four analysis times and
one month, January 1991.
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Figure 7 . An example of the end product verification
scheme. statistics for maximum (upper part) and
minimum (lower part) temperature forecasts are
shown for one particular month (September 1989)
and station. The left-hand side boxes show error
distributions, compared to average September
results. The right-hand side boxes give mean
error and skill scores for September 1989 (the
rightmost values) together with values from past
Septembers.

2

o
Tmin (+18h)

Tmax (+18h) Tmax (+30h) Tmax (+48h)

Figure 6. Mean absolute error (MAE) of subjective
minimum and maximum temperature forecasts made by
forecasters (subj), and respective MOS-corrected
HIRLAM forecasts (MOS). Statistics are averaged
over four Finnish stations and one month, January
1991.

In addition to statistics produced on a
monthly basis, also annual statistics are computed
as Figure 8 shows. There is no apparent positive
trend in the shorter range forecasts, whereas the
improvement in quality of two day temperature
forecasts is remarkable. This is quite clearly
associated with the increased and exhaustive use
of ECMWF forecasts for guidance during the 80's.
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cyclonic act~vity, surface pressure forecasts are
characteri zed by neqative systematic error, whereas
during'anticyclonic activity in spring, the bias
is positi'le.

------.--a-

Surface pressure
(HIRLAM)

~-

RMS (Feb-90)
(MQy-90)
bias (Feb.90)
IMay-90)

I
-I

Another verification system, running already
operationally, was developed to monitor the areal
distribution of the quality of HIRLAM forecasts.
Statisti~s of
systamatic ar.d ems errors are
produced on a monthly basis for sea level pressure,
geopotential height, temperature, wind and humidi-.:y
at slilected pressure levals.

I
~

The HIRLAM syst'ml and its products a.re
under constant subjective monitoring and evaluation.
Reference i3 made to (uT.published) results by
"unbiased experts": Figure 4 shows statistics from
athre,3 month comparison period performed by
Swedish duty forecasters. They were provided with
HIRLAM (sent via telefax from FMI) and UKHO fine
mesh (received via. GTS) sUl:face pressure charts,
as, well as charts based on their own limited area
model (SMBI) . A subjective quality score was used,
and the results show quite clearly the superiority
of HIRLAM surface pressure forecasts.
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Figure 3. HIRLAM verification statistics for
February and May 1990. (Bias is defined as
forecast - analysis)
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Figure 4. The average quality of 24 and 36 hour
numerical surface pressure forecasts in OctoberDecember 1990 based on subjective assessment at
the Swedish Meteorological and Hydrological
Institute (5MBI) . Each forecast has been evaluated
using a score: 1 - 5, (Note the discontinuity of
r.he y-axis)
4.2

verificatiQn of statistically interpreted
fgrecasts

The old perfect prog scheme based on ECMWF
data is not verified operationally. Several case
studies in the past (e.g. Nurmi, 1987) have shown,
however, that a new NWP interpretation scheme was
in need.
2

3

4

forecast

5

6

day

Figure 2. Field correlations for two-to-six day
forecasts of surface pressure (upper) and '500 hPa
geopotential height (lower) averaged over the
year1989 (NOTE: 12lJTC+36, +60, +84" .. hours for
ECMWF, andOOUTC+24, +48, +72". ,'hours for other
cent.era.

The recursive interpretation approach
(filter MOS) gives a good framework for verification
because in the updating of parameters, all
observations must be managed. Hence the estimates
of verification parameters are easily updated. The
filter ,MOS scheme for ECMWF data has an on-line
verification system for DMO temperature as ;.,ell as
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Actually,
these results, with no definite
improvement in the performance of short range
forecasts formed the basis for initiating the
HIRLAM project in the late-80·s.
All of the existing and planned end product
verification applications are to be incorporated
in the graphics workstations.

QUALITY OF TEMPERATURE FORECASTS
-,
IN THE 1980's
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6.

The application of a recursive approach in
statistical interpretation of numerical weather
forecasts gives some advantages compared to a
normal batch approach. The most important recursive
approach i:;s the Kalman filter. The major advantage
i:;s that a recursive interpretation :;system will be
ea:;sily adapted to model changes. Thus new predictor:;s
and new ob:;servation :;station:;s can ea:;sily be
incorporated. There is, however, a disadvantage,
the Kalman filter is best suitable for continuou:;s
variable:;s like temperature.
In FMI, a two parameter Kalman filter has
been applied to modify the two metre temperature
foreca:;sts of the HIRLAM and ECMWF model:;s.
The idea of a recur:;sive filter is presented
with a :;simplified example (Gelb, 1989): Con:;sider
the problem of e:;stimating a :;scalar non-random
constant, x,
ba:;sed on k noise-corrupted
mea:;surement:;s, Zi' wherezi,",x+vi (1-1,2, ... ,k). Here
v. represents the mea:;surement noise, which we
a~:;sume to be a white sequence. An unbia:;sed, minimum
variance estimate, Xi, re:;sults from averaging the
mea:;surements, thu:;s we choose:

1~

....

-r---,..--...,.--.,.........--,r-.....-r--l

APPENDIX 1: Description of the concept of
the recursive filter
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Figure 8. The quality of temperature forecasts of
FMI in the 1980' s based on data of the operational
end product verification scheme. The "quality
index" is a transformation of one of the conunonly
used skill scores.
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(1)

Kit - k
-k
_ ZIt
1

When an additional measurement becomes available
we have, as the estimate:
k+ 1

....

XIt+l

= -1 k
~

(2)

Zk

k+ 1 i-I

Thi:;s expre:;s:;sion can be manipulated to evidence the
prior estimate

CONCLUDING NOTE

When writing this paper, major amendments
are taking place at the Weather service of Finnish
Meteorological Institute. This includes changes
on ideological level, in the computing environment
as well as in the development of new software to
be implemented in the final computer configuration.
Therefore the information presented above may not
stand up as "very well-developed" or functional.
By the time of the WMO Training Workshop on the
Interpretation of NWP Products in Terms of Local
Weather Phenomena, however, systems are probably
at a more conclusive stage and a more comprehensive
and functional NWP-Interpretation-Verification
environment can be demonstrated.

This formula gives a recursive, linear e:;stimator
for averaging.
If we apply these formula:;s as a recursive
filter we can keep k in k/ (k+1) and in 1/ (k+1) (in
equation (3» constant to give the weigth for a new
observation in the recursive averaging filter. If
we give k the value of e.g. 10, every new
observation has a weight of 10% and the earlier
estimate has a weigth of 90% to the new estimated
mean value . So the irifuence of older observations
decreases exponentially depending on the value on
k. An example of this shown in the figure below.

120
100

Z (k)

X(k)

80
60
40

20
0
-10
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If the value of x is 100 at observation k-O
and after that Zi has a constant value of zero (the
original expression for Zi is not anymore valid) .
After five new measurements the estimated value of
x is about 59 and after ten new observations x i3
about 35 and so on. So ten new observations will
give an influence of 2/3 to the estimated mean
value and older observations have a contribution
of 1/3. If we choose a larger value for constant
k, the older observations have a large impact for
the estimated mean value.

I

,I

I

This example gives an idea, how a one
parameter Kalman filter works in updating the
parameter. In the Kalman filter, the weiqth of new
observa,tion3 is controlled by estimation accuracy
and measurement n01se.
7.
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THE APPLICArION OF HWP PRODUCTS AND PROGRESS OF
IH'.rZ1lPRErArIOH TBCllHIQUBS IN CHINA

Lu
Numerical

Ruhua

Wea~her Predic~ion

Division

Na~ional Me~eorological Cen~er
S~a~e Me~eorological AdaiDi.~ra~ion

Beijing,ChiDa

1.

.~ati.~ical mod.l. for the .am. predic~or,
and
of effec~' of . . .ple . i•• on the s~ability of
MOS .qua~ion, etc.All the co.p.rative experi•• n~. ob~ained importan~ r ••ulds which can be
used a. a guidance for making
forecasts. In
recen~ year., ba.ed
on pp and MOS .ethods, a
.ynthe~ic
sta~i.~ical method
making u.e of
three .~a~i.tical model.(classical, pp and MOS
method) is proposed and is used to .ake local
wea~her forecasts.Many provincial .eteorological office. apply principles of artificial
in~elligence and expert sys~••s
to forecasting
severe weather rhe es~ablishment of nationalregional-provicial real-ti.e
automatic
MOS
opera~ional
weather forecast systems facilita~e the application of NWP products in provincial meteorological offices. The new Nortbern
Se.isphere
Medium-Range
NWP Spectral Model
(42- wave triangular truncation, 9 levels) bas
been pu~ into quasi-operation since Sep. 1989
and will be operated on CYBER-962 in June of
this year.~he s~ati.tical verifications .ade by
Central Meteorological Office show that the new
Redium-Range HWP products are better than the
old Sho~-Range HWP product., both in quantity
and quality.It can be expected that there will
be further develop.ents in the application of
NWP products.
.

INrRODUCTION

Both the appropriate NWP product interpretation techniques and a grea~ nuaber of
the NWP products with high accuracy are needed
~o make local wea~h.r for.cas~s. rhe NWP operations w.re not .stablish.d until F.b. 1982·in
China. At that tim., only synoptic int.rpr.~a
tion of facsimil. charts sent fro.
Japan and
ECMWF was mad. as a r.f.r.nce for for.casters.
For.ca.ts w.r. done by .anual, subjec~ive and
empirical m.thods,so for.casting accuracy was
bard to improve for a long time.In r.b.1982,th.
first Sbort-Rang. NWP opera~ional syst•• wi~h
comput.r M-160 and M-170 has be.n developed. A
S-l.vel north.rn he.isphere primitive .qua~ion
model to make 3-day for.casts for 12 UTC and a
S-level limited-ar.a primitive .qua~ion model
to make 2-day for.casts for 00 UTC are run daily in NHC.Some of their .product. are transmitted to the
regional m.t.orological c.nt.rs and provinCial m.teorological· office. in
forms of facsimile chart and grid-poin~ code.
Tb.se NWP products are widely u ••d throughout
all the m.teorological .tation. in China.
During the sev.n y.ars, fro. 1984 to
1990,som. of tbe r.gional c.ntre. bave b.en
equipp.d w~th VA% computers and the provincial
meteorological office. have be.n equipped with
bigb-l.v.l micro-computers. Th. large computer
CYBER-962 was in.talled in HNC in Noy. 1989.
A national-regionAl-provincial au~omatic op.rational MOS weather foreca.t .y.te..have been
form.d primarily,which are one of the important
component. of .et.orological operation moderni.ation con.truction. in China.Corre.pondingly,
the NWP product int.rpretation t.chniqu.. have
b••n progr••••d rapidly. The pp ••thod (Klein,
1959)and the MOS m.thod (Olahn .nd Lowry 1972)
bave b.en widely applied in China.
Mor.oyer,
• ynoptic and .tati.tical verification. haye
b.en performed on the NWP product. fro. ECMWF,
Japan and China. rhe .y.te.atic .rror. and
their distrihu~ion. of differ.nt model. were
r.cogniz.d. In additioD, .everal
compari.on
exp.riment. w.r. p.rform.d for the quali~y of
pp and MOS for.ca.t.,e.g.th. compari.on .xp.riments for for.ca.t ability of different num.rical model., of cirCUlation patt.rn. and their
patternizing method.,of tr.at••nt and combination of predictor., of differ.nt math••atical

This paper will briefly introduce tbe
national MOS automatic operational
forecast
syste., and the application of the synthetic
s~atis~ical method and expert syste. to interpre~ing HWP product.
in China.
2.

rBB

OPERA~IONAL

MOS SYSTEM IN HNC

rhe Numerical Weather Prediction Division of NMC(Beijing)ha. provided its NWP products
daily fro. tbe Short-Range
NWP syste. and
iDterpretive weather ~le=ent guidances from MOS
sys~e.
ba.e OD the output of tb. sbort-Rang•
HWP sy.t_ in HNC.
rhe

NOS

operational

syste.

bas

been

es~ablished since
1984 in HNC,which is still
u.ed a~ pre.ent once a day at 12 UTC to pro~u:e

MAX/MIN te.perature and probability of prec1p1ta~ion forecasts for 260 locations in China.Tbe
MOS
product. are then transmitted to local
forecast offices by facsimile.
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7.1.

MOS Equat-ion.

2.3

The linear mult-iple regre.sion approach
i. u.ed for developing MOS eqUat-ion••

Tbe verificat.ion result. of
te.perature foreca.t. froM 1987 to
given by table 1 below.

208~
single
eqUation. of
MAX/MIH
temperature forec ••t. far 24,48h/36,60h were
developed for 263 .t.tiona in coal
.ea.on
(Octorb.r to March) .nd 258 .t-.tion. in warm
••••on (April t-o S.pteab.r). Tb.r• •re 10 or
1... .elect-ad predictor. in .ach eqU.tion • Tbe
.cr.ening
regr•••ion
progr.. i. u.ed .for
••lecting
pr.dictor.
froa 125· patential
predictor••
Tb. 494 .ingle eqUat-iona for 36,48h and
48,60h
prob.bilit-y of he.vy
pr.cipit.tion
(POBP) were
d.v.lopad for 248 .t-.tion•• Tb.
rainfall far h.avy precipit.tion ia equ.l to or
gre.ter th.n 10 .illr..t-.r during 12 hra. Each
equ.t-ion cont.ina 12 predictor. .elected from
150
patential predictora.

!tAX/NIH
1990 are

The
aean abaolut. error. in table 1
indic.te th.t- MAX/MIH temperature far project-iona of 2~h, ~8h/36h,60h in wara ••••on performed relat.vely bet-ter th.n in coal sea.on.
Tbe corr.l.t-ion co.fficient.
MOS foreca.t. .nd ob.ervation. .re
th.n 0.8 for .11 projection••
3.

betweeD
greatar

THE SYNTHETIC STATISTICAL METHOD (SSM)

Th.
.ynthetic
stetiatical
method
eabodiea the org.Dic coabinations of three
.t.ti.tic.l .ppro.che. inclUding cl••• ic.l, pp
.nd MOS
method in ord.r to
concertr.te
their adv.nt.g..
.nd
i.prove .ccuracy of
interpr.tive we.ther element guidance••

Tbe
predictor d.t. . . t
come. fro.
gridde4 output
of
Chine.e
Short-R.nge HWP
.y.te. .nd partly froa derived .et.orological
v.ri.bl••.•
2.2

The Verificat.ion of !tAX/MIH Temperature

Tbere are thr.e way. to coabine
cal,PP .nd MOS methed.

The Oper.tion.l MOS For.c.ating Sy.te.

cl•••i-

Tbe fir.t way i . that the .el.ct.d predictor. in MOS equ.tion are taken fro. forc.st.
••de by pp .ethod.The coabination of MOS wit-h
pp i. defined •• CMOS (corrected MOS) .pproach.
Tbe deficit of limited hi.tory HWP d.t• • •t c.n
be co.p.n••ted by CMOS

Thi. .y.te. m.ke. MOS forec ••t. by 6
step.r
(1) To re.d HWP gridded products from di.k
line of computer M-170
(2) To interpolate HWP gridded product. into
stations.
(3) To re.d developed MOS equ.tion.
(4) To compute the MOS equ.tions.
(5) To plot chart. of MAX/MIH
t.mper.ture
.nd POPB .utom.tically.
(6) To tr.n.mitte 3 MOS guid.nce ch.rt. to
provinci.l .nd region.1 forec.st office.
by facsimile.

(

on

The .econd w.y is that the .elected predictor. in pp equation are modified.t fir.t
by MOS aethod. Tbi. method i. defind a. CPP
(corrected PP) appro.ch which c.n re.av. the
iMp.ct of the mod.l forec ••t error••
Tbe third w.y i. th.t the re.ult., Which
are b ••ed on cl•• sic.l .tati.tic method or
ob.ervation. ,are .elected a. predictor. for
CMOS equ.tion (SSMl appro.ch) or CPP equ.t-ioD
(SSM2 appro.ch).

At preaent-,the new MOS sy.tem ba.ed on
product. from the new Medium-Range HWP system
is being developed to make 1-5 day forec••t
guidances in HNC.

Table

Their function rel.tion.hip. and combin.tion fora. c.n be expre••ed in the t.ble 2.

]. Verification of MOS Tmax / Tmin forecasts
averaged on 264 statios across China
warm season (Aor Sent cool season (act-Mar)

PBRCSNT oC MAE >5" C (Y.)
MAE(C)
CORR
86/87 87/88 88/89 89190 86/87 87/88 88/89 89/90 86/87 87/88 88/89 89/90
5.9
7.2
8.2
7.3
0.90
0.86
~4b Tmax. 2.15
2.23
0.11
2.04
0.88
2.23
13.3
13.6
14.8
14.7
0.84
0.85
8b Tmax. 2.71
2.82
2.79
2.63
0.79
0.82
6.3
7.6
7.8
8.7
36b Tmin. 2.18
0.89
0.88
2.04
0.86
0.82
2.29
2.18
Cool

Year

I60b Tmin.

14.0

11.5

10.2

2.55

2.75

2.53

2.41

0.81

0.75

0.84

0.86

12.2

87

88

89

90

87

88

89

90

87

88

89

90

4.5

5.7
11.0

Warm
Year
4b Tmax.

1.97

1.97

1.91

1.99

0.87

0.86

0.93

0.92

5.5

5.5

8b Tmax.

2.49

2.48

2.41

2.42

0.80

0.80

0.89

0.88

11.7

11.2

10.3

iJ6b Tmin.

1.75

1.67

1.62

1.68

0.88

0.90

0.96

0.96

3.9

3.1

2.5

3.1

I60b Tmhr.

2.00

1.92

1.91

1.92

0.85

0.87

0.95

0.94

6.3

5.6

5.0

5.0

MAB:

Mean AblOlute Brron

CORR: COlTelation coefficIent between (Orecalla .nd ObaervatJODI
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.Qd inf.rence. Th. knowl.dg. base bold. all
typ.. of predictor., the for.ca.t indices, and
the outco.... fro.. r ••••rch, and hue.n w••th.r
.xp.ri.nc. in which th.·la.t i. the ao.t important part. How.v.r the hue.n w••th.r exp.rienc.
i • •c.tt.r.d, .ynoptic and not ex.ctly corr.ct
or .o.eti••• not ·cl••r. Ther.for., the
huaan
we.ther .xperienc• •u.t be coll.cted,.orted out
, and ab.tracted, .nd th.n it could b • •tor.d
in the knowl.dge b ••e.

The SSM approach was u.ed for developiQg
equatioQ. of ye.-QO precipit.tion for 24h up to
122h by SUZBOU we.ther for.ca.t office during
April to May of 1985 .nd 1986. The t ••ta .how
that CMOS or CPP ••thod i. better than MOS or
pp method .nd SSHl or 88M2 i. better th.n CNOS
or CPP.
Th. .ynth.tic .tati.tic m.thod h.. b••n
appli.d to interpretion NHP produ.t. . t .o.e
provincial for.c ••t offic••• It i. n.c•••• ry
th.t the conclu.ion. ..ntioned above will b.
proved in the future.
4•

The glob.l data ba.. .tore. inforaation
on we.ther forec ••ting .uch..
NHP product.,
forec ••ting indices .nd obeerYation••

EXPERT SYSTEMS FOR WEATHER FORECASTINC
Th. control .tructure i. • .et of progra.. to conduct logic.l jUdg•••nt b••ed OQ th.
knowl.dge. Sinc. the .xpert syst• • • imulat. th.
forec ••ter.' b.h.vior in weather for.ca.ting,
it i. not .uitable to eaploy the
progra..ing
langu.g.. .uch •• FORTRAN .nd
BASIC. The
PROLOG .nd LISP progra.ing l.nguage. have be.n
u••d in the control .tructure
of the exp.rt
.y.t.... for a f.w y.ar. in Chin•• That m.k••
the .xp.rt .y.t.... .01'. pow.rful.Th. control
.tructur. c.n .imul.t. hue.n'. thinking proc•• s
hy po.itiv. dir.ctional,r•••r •• directional and
double dir.ction.l infer.nc... It ha. ch.ract.ri.tic. of .ulti-.ngl•• , .ulti-le••l., aQd
..ulti-p.th. and .ulti-circuit. and aor. infor...tion

Expert .y.t.s. for w.ather for.ca.ting
were built up in .any for.ca.t office. in China
during 1980· •• It i • •n application of artificial int.lligenc. th.ory to the field of ••t.orology. Th• •xpert .y.t•• ask•• w.ather forec••t
by u.ing co.put.r to .i.ulat.
..teorologi.t.·
knowl.dge and logical thinking to .olv.
the
problem. in
s.t.orology.
The
information put into the .xp.rt
.y.tes for w••ther foreca.ting includ. NHP
product., all kind. of ob••rYation.,and w.ather
experience given by .enior we.ther for.ca.t.r ••
It i. the weath.r
.xperi.nc. that .ake. the
expert .y.t.s have a hetter for.ca.ting .kill
in predicting •••ere w.ath.r,The .xp.rt .y.t•••
overcom.d .om. .hortco.ing. of the .tati.tical
m.thod u••d in for.ca.ting rare w••th.r .v.nt.
.uch a • •now store and v.ry h ••vy rain.

Th. output .y.t•• imple...nt. the function.
of vi.ual
di.playing .nd printing
( •• g. printing out the final
foreca.t.
and
their r.a.on.). It .1.0 can an.wer qu••tion.
fro. the u ••r., and a. a r ••ult, the .xp.rt
.y.t•• can b. more int.ractiv.
b.tw.en
the
u ••r. and the comput.r.

Th. fir.t nation.l work.hop on .xpert
sy.tes for w••th.r foreca.ting wa. h.ld in 1987
in China. 149 pap.r. or.xperLD.nt report. were
pr••eQt.d at the work.hop, ao.t of which w.re
about the expert sy.t... for for.ca.ting he.vy
rain,hail.torm.,gal.,typhoon, .nd the cold wav••

Th. .xp.rt .y.t.... for w.ath.r for.ca.t
-ing p.rform.d very well in the pa.t ye.r••
They are pr.tty popUlar with a.ny
provincial
and local for.oa.t offic•• in China. Almo.t
all of provincal for.ca.t offic.. have built
up th.ir
own .xp.rt .y.t... for w.athe~
for.c••ting on their
.icro-co..put.r•• Those
.xp.rt sy.t.m. have different f.atur.. ..rving
for differeQt loc.l ••v.r. w••th.r ev.nt. and
h.v.
demon.trat.d the....lv.. v.ry u •• ful iQ

In g.n.ral, the .xp.rt .y.t.. con.i.t.
of four part.lknowl.dg. ha•• , global d.ta ba•• ,
control .tructur.(inf.r.nc. proc.dure),and output .y.t....
Th. cor. of the expert .y.te..
knowledge base,which i. the basis of

Table 2 Function relationship of three statistical methods and their
combination forms
Method

Function relationsbip for
Dcvelopmct

(xJ

C5

Y,"f,

pp

Y t "f2 (lI,>

Function relationship for
Application

(x.>
i , =fz (x,>
P, "f, (x,>
i , =f, (fJ (x,> • x,J
i
f J (f, (x ,> )
i , "f, (fJ (x,> • x" x.)
i,-f, (f, (R,> • x.)
i,=f,

(R,>
(x,> • x,)
Cpp
Y, =fJ (x,> • x, =f, (x,>
S5MI
Y, =f, (fJ (x,> • x,,x.)
55M2
Y,""f, (f, (x,> • x.)
VI: predictand-obscrved at t
i , : forecast
M05

CM05

Y, =f,

Y , =f~ (fz

I ..

value at I
x.: predictors-observed at 10
x,: predictors-observed al I
x,: predictors-modified values by MOS equation at t
predictors-forecast values. from NWP products at I

x,:
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r
severe-weather

forecasting.

5.3

Tbe expert systeas developed a new way
to use tbe NW? product. They are also regarded
as an' u.eful exploration for ..eteorologi.t. to
set up artificial intelligence .yatem. in the
meteorological operation.,wbich m.ke• •eteorologi.t. plee.ed but facing a lot of proble.. to
be .olved,
e.pecially many theoretical proble... in the knowledge base and the control
structure

It is posdble
ducts for forecaating
cyclone deepening by
-.ic analy.is for ~he
5.4

5.5

!U'PLICATION 0 .. NW? PRODUaS IN Tml l"U'1'UJU!:

Graphic and I.age Technique.

(

However,it must have a bright proapect
for
meteorologists to use NW? producta to
improve weather forecasting.
General speaking, output for
weather
ele.ent forecasts from NHP aodel is not yet as
accurate as .an-decided final forecasts. It is
still a good way to develOp
techniques used
for.
application of NW? in order to i ..prove
weather services in the decade.

The performance of weather forecasting
by using NW? products i. dependant on not only
the quality of the
NW? products but also
the
application
techniques. Therefore HNC
(Beijing) is concentrating on both 18proving
tbe
NWP model and doing the research on
application techniques, whicb are as follows,

6•
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The clas.ic statistics, PP, and
MOS
technique. have extensively e.ployed in China.
But they have their OWD advantage. and di.advan
-tages. It is necessary to de.ign a combined
statistical method which combines advantage. of
each method and overcome their so.e .hortcomings. so tbat the statistical relation.hip
between the NW? product. and predictand. will
not be influenced by the aodel changes.
5.2

"orecast Extension

The graphic and 18age techniques are
to be developed and used in application of NW?
products. Th. Man-COaputer Interactive Data
Acce.. Syste. will
be put into uae at more
forecast officea to produce aore .eteorological
pictures which are f . .iliar to weather
foreca.ter.. The data used above are taken
fro.
the NW? products,diagnosis and dynaaic ana1ysi.
of the ,NW? products. It is a trend in weather
forecast to combine different techniques b.sed
on NHP, Synoptic Meteorology, Dyna.ics, and
grahpic and
i.age approaches.

In
tbese years, weather officals and
forecasters have felt that the
operational
weather forecasting can not be done without
NWP products, which have beco.e the base of
forecast .aking and served a. a very 18portant
means,

5.1

to get a se~ of new prolocal heavy rain or local
. .king diagnosia or dyna
NW? products.

The new Northern He.i.phere
MediusRange NW? Spectral
Model (42-wave triangular
truncation, 9 le.els) has
been
put
into
quasi-operation since Sep. 1989. It runs at
12 GMT every
day to produce forecases upto 5
days ahead.
The forecasts between 5 and 7
days ahead can be .ade by
the
forecast
extenaion techniques to be developed.

It i. nece•• ary to aention tbat in China
many
.cientist. on
computer .cience
and
artificial intelligence are doing
research
to solve tho.e theoretical proble.s in expert
sy.te....
"or
exaaple, how
to fora the
knowledge,bow to expre.s the knOWledge and how
to con.titute and utilize the knOWledge , all
the proble... are Dot .olved yet. Now' tho.e
intelligent scienti.t. are .earching the ways
to
solve the. ba.ed on .atheaatic.
and
philosophy.
"or the de.ign of the control
structure, tbe .cientists
have carried out a
lot of re.earch work on method. of searching,
on the direction of inference and
on
the
control tactics. They designed so.e logical
flow charts by simUlating
human's thinking.
All the research works will push the expert
systems forward quickly.
5.

I
I

Diagnosis of NW? Products

(

Artificial Intelligence

Tbe artificial intelligence
technique.
should be introduced to the analysis and forecast syste~ which .akes
forecast ba.ed on
both interpretation ~f NW? products and other
synoptic forecasting .eans.
'
So far no approaches can .ake weather
forecasts exactly accurate and
reliable. It
would be better that forecast. are
.ade
on computer by using artificial intelligence
techniques which simulate experienced
forecasters . thinking process (taking all kind. of
data into consideration and using ..any forecast,
-ing means) and then make final judgment. All
the work mentioned above can be finished in
short time on a computer.
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STATISTICAL SYSTEM FOR FORECASTING IN SPAIN

Azcarraga R., Ayuso J., Ballester G
Instituto Nacional de Meteorologia, Aptdo 285.
28040 Madrid. Spain

1.

INTRODUCTION

In 1983 the National Meteorological
Institute of Spain (INM) undertook a plan
to modernize equipment and work methods. The
INM asked the U.S. National Weather Service
( NWS)
for collaboration in
weather
forecasting. The NWS
offered a
software
package to develop model output
statistics
(MOS ) formulation in Spain. In 1985 a
spanish meteorologist had the opportunity to
work for two and a half months in the National
Meteorological Center (
NMC ), and
the
following year the INM contracted an adviser
who had
been working
in the
Tecniques
Developement Laboratory ( TDL ). This help has
been very useful in setting up the HOS system
at the IoN.M.
Before' the MOS system was implemented,
the operational numerical prediction model at
the INM
was lacking
in accuracy
and
resolution, therefore we considered the use of
the U.K.'s Meteorological Office (MO
)
models. We chose the globai model because the
stored area of· the regional model did not
include our country. The MO sent us several
tapes with the output of the model. The
results from the first trial were
promising,
but because of some transmissions problems, we
decided to begin the work with our own, new
limited area model ( LAM ) in 1986.
In this paper we will summarize the
modifications we have made in the HOS and GEM
systems, then we will describe the operational
HOS system and the verification results we
have calculated for the past two years.
BY

2 ADAPTATION OF M.O.S. SYSTEM
T.D.L.

Considering the orography of the Iberian
peninsula, we calculated the SW and NW wind
components and we found that these predictors
were very useful in the calculation of MOS
equations. We also changed the file system.
We are using files with keys that allow us to
store different kinds of information, such as
prediction equations, two days of observation,
interpolated predictors etc.,
in the same
file.
3 DESCRIPTION OF THE MOS
OPERATIONAL LAM IN SPAIN.

SYSTEM

USING

The data for the MOS system comes from
two sources, surface observations and the LAM.
The surface observations are received every
three
hours
in
synoptic
reports.
The
operational limited area model, which has a
resolution of 90 Km.
is used to compute
forecasts up to 48 hours ahead four times
daily.
The MOS system is run twice a day using
the output from the LAM at 04 GMT and 16 GMT.
The values from these grids are interpolated
to obtain
the predictor
values at
the
stations. We
operationally produce
MOS
forecasts for 79 stations.
The variables
considered are temperatures, every six hours
from 18 to 66 hours in advance , and extremes
temperatures for the three days that follow
the initial measurement.
The formation of the INM archive,
containing synops reports and LAM
output
grids, began in 1986. Using this archive we
calculate forecast equations for a period of
two to four months. These forecasts
are
presented in differing formats according to
the user. The main users are the
forecasters
of the National
and Regional
Prediction
Centers and the electrical companies.

DEVELOPED

During the adaptation of the HOS system,
(provided by the NWS) it was necessary to
modify the input formats so as to be able to
use the synoptic reports and the L.A.M. output
grids. We changed the interpolation of the
stereographic coordinates, used by TDL, to
longitud-latitud coordinates.
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4 VERIFICATION OF
FORECASTS.

EXTREME

.

N.O.S •

• .0

o

TEMPERATURE

When the MOS equations are calculated we
verify the results using the TDL system. The
operational forecasts are verified through a
new system that presents the results in a
format similar to the one used by other
countries such as France and the
United
Kingdom. We obtain results for each station
and mean values for the period of time we
choose. Table 1 shows the mean error (ME )
and the distribution of the mean absolute
error (HAE) for 79 stations during January
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In 1989, the daily calculation of MOS
forecasts began. Analyzing the verification
results of the period June-August we selected
36 stations. The mean values are shown in
Table 2.
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Mean error and mean absolute error

These results
demonstrated that the MOS
system was accurate enough for operational
use.
The verification system was improved by
obtaining the same
tables for
simulated
persistence and climatological forecasts.
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We received a copy of the GEM package in
1985. This package was prepared to forecast 8
hours in advance.
We thought this method would be useful for
short forecast for our airports. Therefore, we
adapted the input in order to be able to
automatically introduce the metars reports
that are produced, in Europe every half hour.
We had some difficulties in the treatment of
visibility and clouds. In order to clarify the
ambiguities found in these variables and to
complete the necessary calculation, we took
climatological values into account.
We obtained a matrix for
24 hours
forecasts through the following procedure. We
took the values from the microcards mentioned
in.(l)
. Then we completed the equations for
1 hour by considering climatological data.
Through repetitve multiplications of
this
matrix the 24 hours matrix was obtained ..
VERIFICATION

:~
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5 ADAPTATION OF GEM SYSTEM DEVELOPED BY TDL
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In the autumn of 1990. the HOS system was
also improved, first by the detection of some
mistakes in the calculation of predictors and
secondly,
by
the
introduction
of
climatological values as new predictors.
We can .look at Fig 1 to Fig 4 to compare
the results of the winter of 1989-90 from a
selection of 22 stations and then the 1990-91
winter considering all 79 stations.

<- )

~~"

Temperature Barcelona
July 1990

7 CONCLUSIONS OF
ADAPTATION

OUR

EXPERIENCE

IN

MOS

Considering our experience we would
suggest the
following
points
to
other
countries that might be interested in setting
up a HOS systems:
a) The system is very complex therefore
developing all its possibilities
is very
difficult without the help of an expert in the
system.
b).We recommend beginning with a team of
two or three people who are knowledgable in
Fortran programming, statistics and the output
of numerical models.
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IN

SPAIN
We are now able to verify temperature
forecasts by calculating the mean values of
the error and the absolute error every three
hours. We compared these values with the
persistence. We also verified other variables
such as smog, haze and precipitation utilizing
the Brier score and the Heidke skill score
(2). The results of this verification don't
show an improvement of GEM in relation with
persistence. At the present time we
are
calculating the forecast matrix taking into
account the climatological values for the
Barcelona and Sevilla stations. We will repeat
the verification
of
the
GEM
forecasts
utilizing the new matrix.
In Fig 5 we can see the mean error
variation during the day for Barcelona in July
1990. The mean error is very small, as it
ranges from 21 GHT
the first day to 04 GMT
the following day. The forecasted m1n1mum
temperatures are lower than the observations.
The forecasted maximum temperatures are higher
than those observed.
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KALHANFILTERING - A NEV APPROACH TO ADAPTIVE STATISTICAL INTERPRETATION
OF NUMERICAL HETETOROLOGICAL FORECASTS

Anders O. Persson *)
Swedish Heteorological and
Hydrological Institute, SHHI
S-601 76 Norrk5ping, Sweden
1. INTRODUCTION
It is a common fact that NVP models exhibit
systematic errors in the forecasts of the near
surface weather parameters. The 2m-tem?eratures for
example are often systematically biased, though the
magnitude of the bias varies with geogr.aphical
location and time of the season. Such systematic
errors may ~ot only be due to shortcomings in the
physical parametrization but also depend on the
sub-grid location of the station. Individual
mountains or different parts of a large city with
their specific climate can hardly be fully
resolved in any model.
Consider the (idealized) example in fiS.l: the
line indicates the values of two weeks12z +24h
temperature forecasts, the dots indicate the
verified values. Neglecting the non-systematic
errors, due to errors in the synoptic ~aves, the
systematic underforecasting of 3-6 deg. clearly
stands out.
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Fig.2 Same data as in fig.l but the observed errors
are plotted against the forecasted temperature .
Mathematically a "correction formula" for this
specific station and for this specific lead time
and verifying time ·of the day (12+24h) could have
the 2-dimensional form

•
.,

A more detalied examination of the data indicates
that the bias seems to be smaller for low
temperature forecasts, greater for high temperature
forecasts. If the forecast error is pl~tted againts
the forecasted temperature a clear linear dependence
is obvious.

..... , •
"
NWP

I_~.

•

Fig.l Forecasted (--) and observed (.) values of
2-m temperatures (idealized exemple)
*) Present affiliation: Europea~ Centr~ for
Hedium Range Veather Forecasts, Reading, England.

Y = Xl + X2*Temp.forec •
If Xl and X2 were constant over the seasons they
could be computed with good accuracy by linear
regression techniques. Normally Xl and X2 are
varying in time, mainly due to seasonal variations
and changes in the atmospheric model. Values of
X1(t) and X2(t) typical for one period lIay not be
representative a couple of weeks later. Thus we
always have to update our estimations~$eXl(t)
and X2(t).
One solution would be to store observed and
forecasted data from the last 2-3 veekr and every
day perform a linear regression analysis. The
obtained mean values for Xl( t) and X2( t), would
then be assumed to be valid even some days in the
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future. To avoid the storage of old data a recussive
regression technique could be used applying weights
to make more recent data have a larger impact. Xl
and X2 would then reflect more recent conditions.

3.1 The observation equation

This, simple technique will probably yield quite
good results. (As a matter of fact it does.)
Rowever, in a pure statistical sense this method
is only a way to s moo t h the data, the
weights pushing the emphasis towards a more recent
time. In constrast to smoothing, f i I t e r i n g
techniques actually tries to estimate "today's"
value, in light of historical data. In a very
elegant way, economizing the computer resources,
the Kalman filter provides the user with a very
efficient tool in this respect. Problems such as
regulating the adaptivity, given weight to data of
different quali ties or dealing with temporary lack
of data etc. are rather easily dealt with.

TPC(tau)-TOB5(tau)

Y(tau)

s

2. RISTORY

3. A PRACTICAL' EXAHPLE
To il:lustrate' the. basic .ideas behind the
'
, Kal_anUner we, shah use the problem of' correc ti~g
systematic errors in the forecasted-2~1II telllperatulie
froni a NVP model. Since most of the sYstematic
errorsa,redue tQ~hetre~tment of the physics in
the ,,!~del we maY,assulllethat the systematic error's
are dependent: Qn the 10catiC)h of the station and the'
ver.!fYing.time of the. day. Theretore we will treat'
each statfon separately and use one fiLter 'for'
each forecast lead time.
The Kalmarifilter consists of two sets of equations I
the observation equation and the system (or
prog!1ostfc) equation.

(2)

where U(tau) is the applied correction and v(tau)
is the unexplained, non-systematic nohe. A part
of this noise might be explained by another
statistical model, ego containing more predictors.•
Por example the bias might see. to be dependent on
the forecasted parameter, TFC( tau):

The Kalman filter was developed around 1960 by a
hungarian-american statistician R.B. Kalman (today
professor in Switzerland). It was intended for
navigational purposes for, the AIIIerican space
prograll and helped to guide Appollo 11 to the moon
in 1969.

A fruitful application in weather forecasting,
suggested, in 1987 to the author by Carsten Simonsen,
The Danish Meteorological Institute, Copenhagen,
would be to Kalmanfilter the output from the ECHVF
model, especially the near surface parameters (2H
temperature, 10H wind, dewpoint etc.). By Kalman
filtering ft would be posSible not only to adjust
for systematic errors but also adjust the ECHVP
forecast to specific weather conditions on a
specifIc location (islands, mountains etc.) In 1988
Dr. Urban Hjort lit the University of Linkopirig
assisted in desigl1ing a Kal.an filter system for
SHBI',Further'improvemerits and useful 'suggestions
has since then been made by Nils,Gustavsson, SHRr.,

(1)

where Y(tau) is the time varying bias and can be
assumed to be a stochastic variable, which
contains noise, ie. factors that we can not
describe: errors in the synoptic part of the
forecast, deficiancies in the physical
paraaetrization and unexplained small ~cale
disturbances
Y(tau) ,. Xl(tau) + v (tau)

Prom more or less accurate measurements of the
positions and/or velocities of the space craft,
the, KalmanUlter makes an optimum estimation - in
real time - of the true position andlor velocity
for the future time intervals. The Kalmanfilter
is a very commonly used tool in mathematical
statistics, and regulation theory. In lIIeteorology
the use of the Kalmanfilter has been suggested
by M.Ghil at BCHVF Seminar 15-19 September 1980 '
as a way to facilitate the optimization of weights
in objective' analysis schemes.

.-

Let TFC(tau) be the forecasted value and the
verifying observation TOBS(tau) at a certain
location and time of the year tau. (Note that tau
does NOT represent the lead time of the forecast,
but the time of the year.) The observed forecast
error, is then

(
Y(tau) • Xl(tau) + X2(tau)*TFC(tau) + ,·(tau) (3)
(2) and (3) are examples of 0 b s e r vat ion
e q u a t ion s
since they relate the observed
errors to the statistical error model. If there
is oniy a bias in the forecasts, then X2.0. If
there are only non-systematic. errors both Xl and X2
will be • O.
3.1 5ystelll (or prognostic) equation
So far we ha,ve only considered the static part of
theRalman filter. The "clue" of the Ka:manfilter
isa second stochastic and dynamic model that
tries to des.cdbe the time evolution of the model
coeffiden·ts X( tau) in the form
X(tau+l) .. A(tau)*X(tau) + u(tau)

(4)

where A( tau) is a timedependent transi tion matrix,
known a priori,' describing how X envolves from one
time period to the next during the season and
u(tau) is a stochastic variable descriiling the
"model noise", i.e. those part of the model
developement we do not know a priori.
Since we do not know the "ideal" coefHcients
X(tau) and u(t)·we have to make estimates:
X(tau/taul and ,e(tau/tau) is the c.orre'3ponding
Icolvariance of X.
In our applications A(tau)
1 for all times t,
because we lack any ,theory (or even emperlc
forlllulas) describing how the coefficients develop.
over time. In other words: we will apply estimates
valid "today" as a forecast some days ~head~
s·

All changes'in X will in our examples h.e due to
random/unexplained variations due to 'the noise
u(tau)~ Both v(taul and u(bm) as well as
e(tau/tau) are supposed t'o be normally distributed
and uncorrelated with means, .. 0 (white noise) and
standard deviations D( tau), C(tau) and Q( ta\J)
respectively.
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(

Let us introduce delta (to be derived ~ater)
having the property 0 < delta(tau) < I so that

4. DERIVATION OF A SIMPLE KALHANFILTER

X(tau/tau) ..

For simplici ty we wUlhere derive thE!
one-parameter kalmanfilter.

X(tau/tau-I) + delta(tau)*(Y(tau)

~

Y(tau/tau-I»

4.1 Definitions of the time prefixes
Since it has turned out that the time prefixes 'can
be confusing the following principles will be used:

(6)
This is the recursive formula to updat~ our
estimate of X.For the current available TFC we
apply the correction (4) assuming u(tau+I)=O
X(tau+l/tau)..

s the seasonal time when a numerical
forecast is verified

tau
Y(tau)

s

X(tau/tau-l) ..Y(tau/tau-l) in the I-dimensional case
X(tau+I/tau) .. A(tau)*(X(tau/tau-l) +

the observed error between the TFC
and TaBS at time (tau), NOT between
the kalmanfi1tered and corrected
value and TaBS.

delta(tau)*(Y(tau) - Y(tau/tau-I» s
s

the last estimated value of the
coefficients valid at (tau-I)

A(tau)*(X(tau/tau-l) +
+ delta(tau)*(Y(tau) - X(tau/tau-I»

.. (A(tau)-delta(tau»*X(tau/tau-l) +

X(tau/tau-I) .. the last estimated value of the
coefficients valid at (tau) but
made at time (tau-I)

delta(tau)*Y(tau)

.. the estimated model coefficient at
(tau) after the kalmanfiltering
(update of X(tau-I/tau-l»

(B)

4.3 Updating the Ico/variances
Also the error in our estimate (8) follows a
recurssive equation. Let e(tau) as stated above
denote this error:

X(tau+l/tau) .. the estimated coefficient for the
next timestepX(tau)

(7)

and combined with (6) and remembering that

X(tau-l/tau~l) s

X(tau/tau)

A(tau) * X(tau/tau)

e(tau+l) s X(tau+l) - X(tau+I/tau-l) ..

s "true" value of X

A(tau)*X(tau) +u(tau+I)-

Thus prefix (tau) always denotes "true" values, of
which only Y(tau) can be observed. Prefix (tau/tau)
denotes model values and (tau/tau-I) the estimated
value at (tau) using information up to (tau-I).
This can later be updated to (tau/tau) and form a
better estimation of the true, but un-attained value.

- (A(tau)-delta(tau»*X(tau/tau-l) - delta(tau)*Y(tau) ..
s A(tau)*(X(tau)-X(tau/tau-I».,

It is important to note that (tau+l) does not
necessarily denote a +24 hour forecast, but
forecasts of any lead time. If (tau) is the present
time, (tau-I) stands for the previous
o c cas ion a kalmanfiltering was performed,
(tau+l) the next occasion on which a new filtering
will be performed.

+ u(tau+l)

+

delta(tau)*X(tau/tau-l)

+ delta(tau)*(X(tau) + V(tdU»

..

.. (A(tau)-delta(tau»*(X(tau)-

As an example, consider a +72 hour or D+3 forecast
of TFC available at D+O. This TFC was corrected
using a value of X(tau+l/t) valid not ~n D+3 but
D+O. Vhen the TFe is verified three days later the
update is applied on the coefficients from the
previous day. The changes over some days in the
coefficients are neglicabl~in practical applications.

- X(tau/tau-I»+u(tau+l)- delta(tau)*v(tau).
.. (A(tau)-delta(tau»*e(tau)

+

+ u(tau+l) - delta(tau)*v(tau)

(9)

4.2 Updating the coefficient/sf
Using (2) at time (tau-I) we make a "p':ediction"
of the expected error Y at time (tau) assuming
that v(tau/tau-I) sO:
Y(tau/tau-I) s X(tau/tau-I)

If O(tau) .. cov(e), D(tau)=cov(v) and C(tau)=cov(u)
then
O(tau+l) s (A(tau)-delta(tau»**O(tau)*(A(tau) - delta(tau) + C(tau)

(5)

+

+ delta(tau)*D(tau)*delta(tau)

This "predicted" value of Y is now compared with
an 0 b s e r v e d value of Y(tau), i.e. the
last available verification TFC-TOBS. Any
difference between "the predicted Y(tau/tau-I) and
observed value Y( tau) ,'must of course make us
update X.
XX-29

(10)

4.3.1. Derivation of delta(tau)

Derive delta(tau) by minimizing the variance of
the estimated errors:
var(X(tau+l)-X(tau+l/tau»*(X(tau+l)-X(tau+l/tau»
or

var(X(tau+l) - X(tau+l/tau»

(11)

The treatment of noise in the Kalman
filter is different from that in
linear regression which always tries to
explain as much variance as possible
even if the data are "overfitted"(as would
be the case when the sample is small
compared to the numbers of parameters in
the equation). By telling the system in
advance to e x p e c t noise of a certain
level, as is done in the Kalman filter,
one might avoid the overfitting problem.

... ,..

Use (4) X(tau+l) • A(tau)*X(tau) + u(tau)
and (8) X(tau+l/tau) •
.(A(tau)-delta(tau»*X(tau/tau-l) +

A good exemple of the "learning/adapti"le process"
using the Kal.anfilter method will be shown by
using the 06 UTC temperature in Lulea, northernmost
Sweden, which experinced an unusual mild autumn
1988. During November and parts of Dec~mber even
the morning temperatures were around zero degree or
warmer. The .Ud period was interrupted only twice:
in late November when the temperature fell below
-10 deg. and in mid-December when temperatures
between -20 och -30 were recorded.

+delta(tau)*Y(tau)
and (1) Y(tau).X(tau)+v(tau) which

yie~ds

var(A(tau)*X(tau) + u(tau) - (A(tau)-delta(tau»*X(tau/tau-l) - delta(tau)*(X(tau)+v(tau») •

The observed 06 UTC temperatures are denoted with
filled dots, the ECHVF 2-m temperature forecast 12
UTC + 42 h are denoted by a dashed linp.. (For
clearity only every second day is depicted).
Generally two kinds of errors are to be found:

var(A(tau)-delta(tau»*X(tau) +
+ u(tau) - (A( tau)-delta( tau»*X( taul ta'J-l) -

var(A(tau)-delta(tau»*(X(tau) -

2. Non-systematic errors due to forecast errors in
the synoptic domain (these might ot course be
systematic in a synoptic sense, ego fronts and
air masses moving too slowly or rapidly) but
projected on one gridpoint they app~ar as
non-systematic.

X(tau/tau-l) + u(tau) delta(tau)*(v(tau») var(A(tau)-delta(tau»*e(tau) + u(tau) -

The ECHVF forecast will be Kalmanfiltered first
against the verifying observations using a
I-parameter (bias removing) model.

(12)

or skipping tau-indicies
var«A-delta)*e + u - delta*v)

6.1

A I-parameter model

(13)

Since e(tau), u(tau) and v(tau) are uncorrelated
their products can be deleted we can express (13)
using var(e).Q
Q*A**2 + Q*delta**2 - O*2*A*delta + C + delta**2*D
Now we differentiate with respect to delta and
put the expression - 0
2*O*delta - 2*O*A + 2*delta*D - 0

(14)

or expressed in tau
delta(tau) • A(tau)*Q(tau)/(D(tau) + O(tau»

The I-parameter model is started on 1 November and
rapidly "learns" that the NVP values need to be
slightly "warmed". During the first cold period in
~ate November the NVP forecasts need to be somewhat
cooled, so the filter has to change. Vhen the
temperature is rising some days later the
KalmanfUter is "out of steps" and does not
immediately "realize" that again a slight cooling
is needed. After having adapted to this the
Kalmanfilter is now rather incapable tq correct
for the very large over forecasting of the
temperature during mid-December.
Yhen the large cold outbreak sets in and the TFC
should be significantly cooled the Kalman filter,
having received conflicting signals "does not know
what to do" and needs several days of large
overforecasting until it starts to cool the TFC,
though only slightly.

which ends up into
(O+D)*delta • QA -> delta - QA/(O+D)

(

1. systematic errors dUe to deficiencies in the
boundary layer parametrization (too cold
forecast during the mild period, ton warm
during the cold).

delta(tau)*(v(tau») -

delta(tau)*(v(tau»)

6. EXAMPLE OF TRE PERFORMANCE OF SIMPLE
KALHAN FILTER EQUATIONS

(16)
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Fig.3 Pure direct model output (- - - ) and I~parameter kalmanfiltered I2z +42 h
temperature .forecastvalid in the morning at 06 UTC, ( - ) for Lulea in northernlllos
November-DeceMber 1988. Only every second observation is marked for clearity •
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Fig.4The saMe as f~g. 3 but a 2-param~ter Kalmanfilter is used to catch the clear
relation betveen the,-typical er.ror and. the magintude of the temperature forecast.
Had the cold outbreak taken place"in mid-November
vhen the filter vas "young" and more "receptive"
it vould have perforemd better, nov after one and
a half months its "stiffness" has increased (or
more correcctly: its /co/variance has decreased) to
the extent that it takes more persistent signals
to effect the model and make it start r.ooling.
Vhen the mild weather comes back in late December
the Kalmanfilter model is cooling 1t too much and
actually making the ECHVF forecast worse.
Totally, for the whole month of December, when the
non-filtered ECHVF forecast had an absolute 'error
of 5.0 deg. the I-parameter modell only reduced
the error to 4.6 deg. compared to 3.9 deg. for the

subj ecti vely, independen tly made tempera ture
forecasts (based on later and more extensive data.)
6.2

A 2-parameter model

By introducing a 2-parameter model according to (3)
most of the shortcomings mentioned above are
reduced. The filter "learns" already during
November that there exists a certain dependence
between error correction and the magnitude of the
temperature forecast. The filter is not caught
"totally unprepared" when the very cold spell
sets in in mid-December. The mean absolute error
is reduced to 4.2 deg, only 0.3 deg. larger than a
subjectively made forecast.
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6.3 Manipulations of /co/variances
Through external interference, O(tau) can be
changed at any time, e.g. when external conditions
have altered fundamentally. Vhen there is a
transition from snoYcover/no snowcover (both in
the NVP model and/or in reality) the coefficients
have to adjust to new types of syste.atic errors.
At these occasionsQ( tau) can be increased slightly
to facilitate for the Kalmanfilter to adjust the
coefficients to the new conditions.-

The forecasts have proved to be of high standaru
and have been produced to a lower cost than would
have been the ease if subjectively made by a
forecaster. Statistical compairsons have shown
that the Kalman filtered ECHVF forecasts exhibit
the same or (for wind forece forecasts) higher
skill than forecasts independently tlIad~! by
experienced meteorologists.

During Harch 1988 a typical correction for
12z-temperatures in Stockholm during Harch was
expo error
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during the snow melting period 28 Harch - 8 April,
the Kalmanfilter slowly changed this model to

2:

expo error - 1.9 + 0.1*FCT
which then was almost unchanged during whole April
and beginning of Hay.
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D+2Fig.6 Hean absolute errors for temperature forecast
during winter 1989-90'for Norrkoping made at the
central forecasting office in Norrkoping. Dashed line
is the morning forecast, the thick solid line the
afternoon update and the thing solid line the
kalmanfiltered ECKVF forecast from 12z the day before.
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Fig.S The developement of Xl and X2 in a 2-parameter
Kalmanfilter applied to correct the 127. + 48h
temperature forecasts at Arlanda airport.
7. OPERATIONAL EXPERIENCES
Since November 1988 daily forecasts for 100
synoptic weather stations three days ahead have
been transmitted.to our four local meteorological
centers in Stockholm, Goteborg, Halmo Rnd Sundsvall.
Purely automatic (no intervention by human hands)
forecasts have also been transmitted to an energy'·
board in central Sweden providing it with
Kalmanfiltered temperature forecasts using the
following. model
expo error(tau)- X1(tau) + X2(tau)*FCT

By using the Kal~an filter in this way a new
statistical concept is tried, avoiding the problems
of large historical data files and char-ges in the
atmospheric NVP models. Vhereas conven~ional HOS or
.PPH methodsgenerall,y use predictors from the free
. atmosphere and leaves it to the statistical schemes
to workout the conditions in the boundary layer,
the philosophy behind the application of the
Kalman filter is to let the atmospheric model make
the main 'hard work' leaving it to the statistical
linear regression scheme only to adjust for seasonal
dependent, systematic errors due to e.g. deficiancies (
in the model's boundary layer parametr\zation.
The limited historical memory is compensated for by
a more flexible adjustment to extreme $easons(early
vinters, late springs vith late snowco,·er). By
externally changing the sensitivity of the Kalman
filter or reducing its 'memory' it is possible to
facnate the adjustment to changes in the' systemati.c
errors.
9. REFERENCES

+ X3(tau)*FCT850+X4(tau)*ERR06z
where ERR06z is the observed temperature error in
the NVPat 06 lITC just before the forecasts are
kalmanfiltered and disseminated. This fourth
predictor tries to simulate the forecasters glance
at the "last observation".

Host textbooks on Kalmanfiltering are t;'xtremely
difficult to grasp, one reason being that every
author uses his own mathematical symbols. One of
the few relatively easy-read text is to be found
in Handbook of Applicable Hathematics, by Valter
Ledermann (Chief Editor),vol.VI: Statistics.
Chapter 20 (page 897 ff).
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SELF ADAPTIVE MODEL OUTPUT STATISTICS
BASED ON KALMAN FILTERING

Carsten Simonsen
The Danish Meteorological Institute
Lyngbyvej 100
Copenhagen, Denmark
1•

INTRODUCTION

(lxn) matrix of predictors,

For ten years Model Output Statistics has been used in Denmark to predict surface wind, temperature and probability of precipitation (PoP). For the
first five years the statistical forecasts
of wind and temperature were based on
traditional mUltiple linear regression
with a stepwise selection procedure (Aakja!r et aI, 1984). and (Pedersen; 1985)
while the PoP forecasts were based upon a
logit model.

i.e. model output at
time t.
(nx1) matrix with coefficients to the predictors
at time t.
random parameter with zero
mean and variance known
at time t given by Vt.

One serious problem in using traditional MOS is that the frequent changes
in the numerical weather prediction models
may ruin the statistical basis of the MOS
equations.
In order to avoid these problems
we have for the last five years used a
self adaptive MOS procedure (Harrison and
stevens, 1976) to predict wind and temperature.
The procedure uses kalman filtering to update the regression coefficients. The MOS equations"are therefore not
invalidated by model changes and' it is
possible to make forecasts without historical data.
2.

THE FORECAST MODEL.

In describing the kalman filter we
use the formulation and notation of Harrison and Stevens. The notation is described
below.

~

vector with zero mean
and variance known at time t
given by Wt = E[WtWtTJ. Wt is
a (nxn) matrix.
The forecast model consists of the
following two equations:
Observation equation: Yt
system equation:

Yt

= time index (t

=

1,2; ... ).

the predictand at time t,
i.e. the' parameter we want
to predict.

et

Fte t + v t
e t _( + wt

(1)
(2)

The observation equation is well
known from traditionel mUltiple linear
regression methods. The difference from
traditional methods is the system equation
which allows the coefficients in the linear regression to change in time. The estimation of how coefficients change is performed by the kalman filter.
3.

t

(nx1) matrix. Random normal

THE KALMAN FILTER.

It is assumed that our knowledge
about the coefficients at time t=o can be
described as a normal probability distribution with mean
and variance Co' If we
make this assumption the kalman filter can
be used to update our knowledge about the
predictors. Let

mo
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:9t

Ft mt-1 , i.e. :9t is the
forecast of Yt·

et

At

(4)
:9(1
(et is the
Yt
forecast error. )
(5)
Ct-1 + Wt
FT
(6)
Ft ~ t + V(I (2 t is the
variance -of :9t given Ft) •
T
(7)
~ Ft /Y t

~

~-l

Ct

~

(3)

-

~

2t

A

then

-

+ Ate(l

(8)

~2tAtT

(9)

These seven equations (3-9) form
the kalman filter algorithm. A and m are
(-nxl) vectors,R, C and W (nxn) matrices
and finally e, :9 , and 2 real numbers.
The algorithm is recursive and
computationally simple. It involves only
matrix addition and mUltiplication, Le.
no matrix inversions.
The rest of this paper will show a
simple example of the use of kalman filtering.

4.

TEMPERATURE FORECASTS FOR
DE BILT.

December 1. 1990 a new high resolution limited area model in Denmark (DKHIRLAM) became operational. The forecast
area of the model covers the Northern
Atlantic and most of Europe.
We would like to use this model to
make a daily forecast of the 2 meter temperature at 18 UTC for De Bilt in Holland
for the period December 90 to January 91.
Every 12 hours, 00 UTC and 12 UTC (analysis time), DK-HIRLAM produces a forecast
up to 36 hours ahead. The forecasts in
this study are based on the DK-HIRLAM 00
UTC + l8hours.
_
We do not have any historical data
from the DK-HIRLAM so it is not possible
to use traditional HOS. One possibility is
to use direct model output but our experience tells us that model output is often
biased in some way.
Figure 1. shows a verification of 2
months of DK-HIRLAM forecasts for the 2
meter temperature_ in cl model grid,point
near De Bilt.
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The first forecast with this system
will be:
9t

Jno(1)F t (1)+Jno(2)F t (2)+Jno(3),
Ft (3)
F t (2) i.e. equal to the model
forecast of the temperature.

- - L - - - ' - '_ - - ' - _ , _ - ' - _ - L - _ - ' , _ - - - '
11t.0

l!U1

IS.O

"0..

~e.e

The forecast error, et, is estimated
and then mt and Ct can be estimated by
using equation 5-9. F2 and mt are used to
calculate Y2' the forecast error , e2' is
estimated and so on.

'-------

45."

SS'" 0.312

Flqure 2.

Tellperat.ure forecast error. Direct .ode1 output

Figure 2. shows the forecast error
y - 9 as a function of time. DK-HIRLAM is
seen to overestimate the temperatures at
considerably. The bias is 1.2 degrees centigrade and this partly ruins the forecasts. The forecast skill score is only
0.31. The skill score used (Daan, 1985) is

In figure 3 the temperature forecast errors are shown. The forecasts have
improved considerably. The skill score is
now 0.49 and there is practically no bias.
__.... ,

. _,

,

-----, ..- -'-r- -- -- - r------

-I----·-T·· -

ss = 1 - MAE!MAEC
MAE is the mean abs error of the
forecasts and MAEC the mean abs error for
a climatological forecast. The climatological forecast is in this case defined as
the constant forecast equal to the mean of
the observed temperatures at 18 UTC in December and January.
5.

.

FORECASTS USING THE KALMAN-FILTER.

.....L .

20.G

__ .1 ..

ISO

!,;5

In order to use the kalman filter we have to choose a set of preditors
and give a first guess of their value. Our
predictor choice is:

Figure 3.

Temperature forecast error. First guess: Direct lllodel output

Figure 4. shows mt as a function of
time. The final value of ~ after the two
months is

1. A constant equal to 1.
2. The model forecast of the temperature.
3. The observed temperature at De
Bilt at 12 UTC.

m nna1

The first guess of the value of the
coefficients to the predictors is:

Co

=

(40 0010)
0

1

.• __

3DO

O·I!I:J

6.

= (-~" ~~)
0.41

THE IMPORTANCE OF THE FIRST GUESS.

0

mo

,

In other words, we think that Jno (1)
1S equal to 0 but we are not certain. We
expect the standard deviation of the guess
to be -14 = 2. Similarly, we expect the
coefficient mo(2) to be equal to 1, and the
standard deviation of this first guess to
be equal to 1.
For the the system variances
have chosen the constant values

The first guess of the coefficients
and Co expresses the system designers knowledge at time t =0.

we

and
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ficients

If the exact value of the coefwas known Co should be
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Time variation of the coefficients
First guess: Direct model output

Unfortunately this situation does
not occur very often and in the "normal"
situations it is important to choose the
variance matrix Co sUfficiently large. Then
the coefficients will rapidly converge. In
other words, if the first guess is poor,
do not tell the system that it is a good
guess.

";

~
~

;;

!

-1.0

E
{!

In our forecast example we might
have chosen another first guess e.g.

({)4 00 10)

co" 0

1

...

-ID - - " -

0

Figure 5.

In this case the first forecast would have
been
91 = F 1 (J),

i.e. a persistence
forecast.

Figure 5. shows the forecast error
as a function of time. It is seen that the
skill score is practically unchanged.
Figure 6 •. shows the coefficients ~ as a
function of time.
A comparison with Figure 4. shows
that the convergence of the coefficients
is rather fast. In this case the final
value of mt is
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(
7.

THE ESTIMATION OF V t AND Wt.

The system designer has to give an
estimate of V t and Wt. V t is the variance of
the expected error at time t if the coefficients were exactly known, while Wt is
the variance of coefficients mt if mt-l were
known exactly.
Usually it is not difficult
give an estimate of ~ and ~.

to

To check the estimates of V t and Wt
it is a good idea to calculate the forecast variance vt (e9uation 6) Le. the
expected square error. If the error expected by the system does not equal the system designers expectations, it may be a
good idea to change the values of Vt and/or
Wt·
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CONCLUSIONS.

It is our experience that the kalman filter provides a good way to update
the MOS equations and it is especially
effective in situations where no historical data is available.
Kalman filtering is used to predict
wind and temperature in several countries
e.g. Sweden (Persson, 1990) and United
Kingdom (Ross, 1987), but according to our
knowledge it has never been used to make
probability forecasts, so our PoP forecasts mentioned in the introduction are
still based on traditional methods.
9.
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APPLICATION OF STOCHASTIC SCHEMES TO SHORT-TERM RAINFALL PREDICTION

Klaus Fraedrich
InstitutfUr Meteorologie, Freie Universitiit Berlin
and
Lance Leslie
Bureau of Meteorology Research Centre, Melbourne

1.

INTRODUCTION

2.

The short-term prediction of precipitation remains a major forecasting problem.
There are presently two main methods guiding the
subjective forecasts of the duty forecaster:
deterministic predictions by numerical weather
prediction (NWP) models and statistical forecasts in terms of model output statistics (MOS)
which are based on a regression relation between
observed rainfall and variables predicted by the
NWP model.

THE RAINFALL MARKOV CHAIN

THE MODEL: A Markov chain is a transition
probability matrix, T(i,j), mapping an initial
state probability vector, Pi' linearly into a
future state vector, p ..
J

p.=p.T..
J

.I,.I,J

The components of the probability vectors, p,
represent classes of an instantaneous probability distribution of the discrete and mutually
exclusive weather states x(t=n)=i (for example,
the rainfall or the types of cloud cover). They
are non-negative and sum up to unity. The
transition probabilities, T(i,j), are conditional probabilities which determine a present
state, x(t=n)=j, by all combinations of possible
predecessors x(n-l)=i , x(n-2)=i ;
2
l

Recently,
an alternative statistical
approach has been developed and tested to
improve the short term rainfall prediction,
particularly over the first 12 hours. The
technique used was a Markov chain model in whioh
the probability of precipitation forecasts at a
given station are assumed to depend only on the
present and preceeding weather state defined
from routine surface observations (Fraedrich and
MUller 1983, Miller and Leslie 1985). Two
subsequent real time trials were carried out at
a midlatitude and a tropical Australian station,
in Melbourne and Darwin, and in Berlin. In these
trials a variety of rainfall forecasting
techniques were evaluated and compared with the
result that in each trial the best scheme was
the Markov method (Fraedrich and Leslie 1987,
1988; Hess et a1. 1989). It was also found that
the
Markov
method
could
be
improved
significantly
by
linear
oombination
with
forecasts from the other techniques such as the
NWP model (Fraedrich and Leslie 1987, 1988).
statistical models such as this Markov chain
generate probability forecasts. They have the
advantage that the degree of certainty is
quantified. In this sense one important aspect
of the forecast process is covered empirically
by these stochastic methods: the sensitive
dependence on initial conditions.

T. . = prob ( x(n) = j

.l,J

I x(n-l) = i l , .... }

A first order Markov chain, for example, depends
only on one predecessor x(n-l).
Usually all components of the initial
vector are zero but the observed state. The
probabilities of future weather states are
obtained by successive application of the linear
mapping. They tend towards the equilibrium
climate probabilities of each individual weather
state, c .
i
PREDICTIONS: Two kind of predictions are
of relevance. The time step prediction of a
weather state gives a probability at the lead
time n; for n -> = the climate probability c. is
reached. Time interval forecasts give.l, the
probability for the weather state to occur at
least once in a period, h. For h -> = the
probability tends to 1. These time interval
predictions will be used in the following.

In the following some results on shortterm
single-station
foreoasting
of
the
probability of precipitation are presented to
show the advantages of the Markov chain
technique and how rainfall predictions can be
improved further by linearly combining them with
other independent forecasting schemes.

SOME
DISTRIBUTIONS:
As
energy
and
momentum budgets are related to NWP-models,
probability distributions are useful to interpret the internal structure of stochastic
processes. Budgets and distributions can be
derived from both the observations and the
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~
models. Some probability distributions of times,
which are relaled to the Markov chains, are of
interest: the residence, first passage and
recurrence, and occupation times.
(i) The residence time is the distribution of
successive time steps during which the. process
remains in one and the same state. For first
order Markov chains one obtains a geometric
distribution:

and the Forecast time interval (number of hours
ahead), h:

r
I
j

K

P(j,h,t,m)= a(j,h,t,m) + E bk(j,h)x k + harmonics
k=l
where a(j,h,t,m) are the intercepts, bk(J,h) are
the regression coefFicients, and xk are the
covariates. There is a different intercept at
each starting time, 0600, 0900 and 1200 hours.
Regression induced probabilities less than zero
an~ greater than unity are excluded by setting
negative probabilities zero and probabilities
greater than one equal to unity. As an example
the
Melbourne and Berlin single
station
probability of precipitation are shown in Figure
J, where the number of covariates has been
reduced For demonstration· purposes.

n~l

TH

1I

(l-T H )·

(H) The

first passage time From state i to
state j is conditional on state i occupied
initially. It describes the time needed to reach
the state j. The recurrence time is a special
case For the time needed to return to the
initial state 1. For Markov chains the First
passage probability F.. yields
IJ
n
I'
Tij = E Fij Tij
for I' = l, ... ,n

1

li

, 1I

I

I,
I:

FORECAST
EVALUATION:
One
objective
measure
for
comparing
the
accuracy
of
probability forecasts is the half-Brier score,
B, (Brier 1950):

(iii) The occupation time can be related to
first passage and recurrence times: It gives the
number for the state k being occupied during
First passage From i to j or recurrence From i
to 1.

Forl=l, •.. ,N,
where N is the number of Forecasts, PO) the
probability Forecast at date 1, and the
observation is I) 0) = 0 or 1. The smaller B the
better the forecast. For climate forecasts,
P(l)=c, for example, the halF-Brier score tends
to B=c-c 2, which gives a measure of the natural
variability.

(iv) A special case is the average recurrence
time of the state i, I' (i) =1/0( i): During any
time interval, h, a return to state i should
occur h/di) times. Thus the average occupation
time of the state j between the states i simply
yields c(j)/c(i)=(n/r(j»/(n/r(i».

(

Although categorical (or binary) predictions are not optimal, they are still common
practice. They can be deduced from probabilistic
schemes,
if a
threshold
value,
pI,
is
introduced, defining 0 s; P < P I or P' s; P s; 1 as
the binary states, say dry or wet. The threshold
can be chosen to maximize the percent-correct
categorical predictions. The relative number of
correct wet or dry predictions can be obtained
from 2 x 2 contingency tables. For categorical
forecasts, like persistence Forecasts,
For
example, the half-Brier score is identical with
the relative frequency of incorrect predictions.

These distributions provide a control of
the goodness of Fit of the stochastic process to
the observations.
PROBABILITY OF PRECIPITATION FORECASTS:
Transition probabilities, Tij
need not
be
confined to the set of discrete weather states.
They may also depend on other continuous weather
variables, y(t) (For example, pressure, wind,
temperature, humidity and their respective
tendencies). Their inFluence can be included by
multivariate regression of
the
transition
probabilities.
Thus, a relatively general and complete
stochastic Forecast model based solely on single
station weather observations can be obtained to
make probability of precipitation Forecasts.
This model depends on Four mutually exclusive
discrete weather states (i=l, ..• 4,): state 1-3
are 0'-2, 3-5, 6-8 octas of total cloud cover
with no rain, and state 4 is when 0.1 mm or more
rain has been recorded· at the station in the 3
hour period since the previous observation. The
probability that rain will occur at least once
in a time interval, h, is Fpund by perForming
linear least squares regression on a set of K
covariates: the previous weather state, the
station pressure, the dry-bulb temperature, the
wet-bulb depression, the east-west component of
the wind, the north-south component of the wind,
the amount of low and middle cloud cover and the
changes of all variates in the last three hours;
harmonics can be employed to represent the
annual cycle (see Hess et aI. 1989). Now the
probability of rain, P, can be written as a
Function of the month, m, time of the day, t,
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Real time trials in Melbourne (Fraedrich
and Leslie 1987) and Berlin <Fraedrich and
Muller 1986) (Table 1) show that the Markov
chain technique is very successFul in short-term
prediction of precipitation probabilities.

Half-Brier Score:
Markov
Melbourne
Berlin

0.14
0.16

Forecaster

NWP

Climate

0.17
0.17

0.18
0.27

0.19
0.24

74
79

83
73

68

Percent-correct:
Melbourne
Berlin
Table
bility
winter
winter

80
77

Evaluation of single station probaof precipitation forecasts during one
season in Melbourne and three summer and
seasons in Berlin.

1.

(

lOO

..

.,

Dahlem) the (half-daily; daily) precipitation
cumulants are calculated (using 9 years of
pluviograph data for 1965-73 at eight suburban
stations, 14 years for 1964-77 at
five
stations). Only in Melbourne these eight
stations are combined into two sets of four,
each from the western and eastern suburb.
Conditional frequency distributions indicate the
number of stations reporting precipitation if it
has rained at the base station Melbourne or
Berlin-Dahlem during the 0600-1800 h or daily
period. Both cities show that
there
is
approximately a 90 percent chance that at least
one of the other stations in the suburbs report
rain. Conversely, if it has not rained, there is
a 75-80 percent chance that it has not rained in
any of the other stations in the other suburbs.
It can therefore be claimed that predictions of
precipitation/no precipitation for a single
station in a city are quite representative of
the entire metropolis.
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Fig. 1. Single-station (Melbourne,Berlin-Dahlem)
probability of precipitation (0600-1800 LST)
changing with surface pressure, cloud cover and
rainfall states observed during the preceeding
how (O,~,.,' are the 0-2, 3-5, 6-8 octas cloud
cover, rain states). Note that the probabilities
decrease with decreasing dew-point depression
(Melbourne, dashed line); they increase with
fronts approaching (Berlin, dashed lines).
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Fig. 2. Relative frequency distribution of the
number of suburban stations with rain at the
same 12-hourly (daily) time intervals for which
Melbourne city station (Berlin-Dahlem station)
reports rain and no rain. statistics cover a
9 year (14 year) period of pluviograph records.

SINGLE STATION VERSUS AREAL PRECIPITATION: How typical is a single station forecast
for an area (50 x 50 mm) as large as that of a
metropolitan city? To illustrate the representativeness of a single station (Melbourne; Berlin-
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3.

CONBININGPROBABILITY FORECAST SCHENES

4.

With the advantages of numerical weather
predictions (NWP) being obvious, Narkov chains
and other stochastic techniques have shown
considerable skill in
forecasting
various
weather variables. The probabilities of 12-hourly rainfall predicted at mid-latitude stations
achieve half-Brier scores between 0.12 and 0.17
and, furthermore, these predictions are only
20%-25% incorrect for wet and dry categorical
forecasts,
using
an
optimal
probability
threshhold. This level of accuracy is comparable
with that of NWP models with or without applying
NOS techniques.

P

c

= BP -

short-term
prediction

forecasting
models has

Stochastic models are adopted to the
local climatology of a weather station for which
the forecaster has to formulate the prediction.
They show considerable accuracy in both the
probabilistic and categorical forecast mode.
Consensus forecasts by NWP models and the
Markov chain technique combine the advantages of
the nonlinear deterministic approach with the
stochastic and empirical aspects of the local
weather prediction. This combination appears to
be very suitable in the midlatitudes. In the
tropics, a minimal model is suggested for
short-term probability of rainfall prediction
combining the synoptic sea le persistence wit h
the mesoscale information provided by the Markov
chain.
Probability of precipitation forecasts
based on Markov chains are made by the Bureau of
Meteorology for the Australian capital cities
and by the Freie Universitat (Institut fur
Neteorologie) weather service for Berlin.

P* = w PI + (1 - w) P2
The weighting factor, w,
is obtained by
minimizing the forecast accuracy measured by the
concensus half-Brier score, B*.
AN ANALYTIC EXANPLE: The combination of
forecasts using persistence, Pp, and climate,
Pc, and the associated Brier scores, Band B ,
~ws
P
c
and B*

CONCLUSIONS

Single station
guided by stochastic
several advantages:

Thus, both regional deterministic NWP
weather forecasts accounting for the nonlinear
developments and local stochastic models which
include the regional climatology and utilize
single station observations in real time, appear
ideal as independent partners for consensus
forecasts. Such a linearly weighted consensus,
P*, of two probability predictions, PI and P2
(Fraedrich and Leslie 1987) yields:

w = 1 - B /2B

r
I~

I

,I
i
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be combined after the weight has been deduced
from hindcast experiments. In Nelbourne the
Narkov chain received the larger weight, w -0.7
leading to a consensus accurary of B* - 0.13.
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METHODS AND EXPERIENCES IN'MEDIUM RANGE FORECASTING
BY STATISTICAL INTERPRETATION

Konrad Balzer
Deutscher Wetterdienst, Zentralamt
Abteilung Wettervorhersage
AuBenstelle Potsdam, 0-1561

1.

INTRODUCTION

For
more
than
twenty
years
statistical interpretation techniques for
different forecast purposes are being used
operationally
at
the
former
GDR's
Meteorological Service in the eastern
Germany. until March 1991 there was a
complex system of local weather element
forecasting relying above all on three
sources: products of the NWP models,
synoptical (subjective) and statistical
(objective) interpretation of dynamically
forecast
fields
and
their
skilful
combination to a consensus final forecast.
In
chapter
two
the
historic
development of our modern medium-range
forecasting
is
described
shortly,
followed by a general view of the
statistical methodology used in chapter
three. Finally, in the last section some
results about the forecast quality and
other aspects of an extensive verification
work are presented.

2.

After installation of our first
computer, BESM-6, in 1970/71, also mediumrange
numerical
weather
prediction
products
have
been
interpreted
statistically, at first only AT 500 hPa.
For short-range purposes the AT 1000 hPa
was added.
We continuously have reported on
both the methods used and the verification
results
obtained
in
the
WMO/CASPublication series "Progress report on
NWP" since 1974. There were also own
contributions at the special WMO symposia
about statistical interpretation, 1976 in
Warsaw and 1980 in Nice.
Since that time the real-time
interpretation procedure became
fully
automatic owing to the comprehensive using
of GRID information.
Further improvements have been made
in the following fields:
- New
predictands:
thunderstorm,
fog,
wind
gusts,
daily
immission
concentrations of 501 and Ozone.

HISTORY

In
the
mid-sixties
the
then
Meteorological Service of the G.D.R. began
to
develope
statistical
methods
to
transform short-range forecast charts of
geopotential fields into
real weather,
such
as
daily
temperature
extremes,
precipitation amount, relative sunshine
duration and surface wind direction and
speed, at first only for Potsdam, some
time later for five stations, in the
seventies for 15 stations within the whole
country. The primary goal of this work was
the automation of the short-term weather
forecasting.
The basic statistical idea was
classification, in the beginning by means
of fixed, a priori weather typing, later,
in a more flexible manner,. by analogs,
1. e. real-time searching of the N most·
analogues cases in a historical data
archive.
XX-43

- Most of the predictands have been
issued
in
both
categorical
and
probabilistic form.
- The
guidance
forecasts
for
the
weather forecast offices have been
distributed by bUlletins, but they also
have been presented by screen.
- Many
investigations
and
experiments were carried out to find a
suitable statistical model for further
improvement of the quality of the
automatic local weather forecast. In our
opinion the most successful method
appaears to be a combination of a
classification
approach
with
a
regression technique, here in the form:
analogs + stratified regression. These
and
other
refinements
have
been
incorporated into operational versions,
which have shown to be SUfficiently
resistant.

- From the
early beginning we have
spent a great attention to verification
and evaluation. The weather forecasts of
the meteoroloejists on duty· have been
verified as well as the statistical
guidances, both for short- and mediumrange predictions. Now, a 20 years long
record of verification results exists.
- In
connection
with
our
verification
work
we
also
have
investigated
the
possibilities
to
further improve the forecast accuracy by
a systematic combininej of both the 'man'
and 'machine' forecast products. The
point is to find out the optimum weight
of the both single forecasts as a
function of each individual forecaster
and each weather element.
Finally,
since
1988
an
operational, automatic procedure for the
(arithmetic) mixinej of the medium-range
numerical geopotential predictions of
the two centres, ECMWF and Offenbach,
has been implemented in our forecast
system. This has been stimulated by the
encouraging
results
of
special
experiments with 'ensemble forecasting'
to reduce the rms error by means of
averaejing
the
different
centres
products.
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METHOD

Type of modelling: perfect-prog,
i.e. the predictors in the historical datQ
archive are derived either from the
numerical analyses products, or they are
observed data (SYNOP's).

.
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.1

Characters of the 'patterns': 16
horizontal differences of geopotential
values in a 13 points grid net (Fig. 1) at
each of the 4 charts used: AT1000hPA and
RTSOO/1000hPa from the day n, 00 UTC ADS
24 hours later. By this it is tried to
simulate
a
process
rather
than
an
description of an instantaneous state of
both surface pressure and low tropospheric
temperature field.

I

i
i

Analogy measure: Sl skill score

(
Searching procedure for analogs:
After the first calendar date selection
(+30 days arround the present day) within
a- sample of (now) 20 years all 1200
reference days are ranked according to the
above mentioned analogy measure. The N ~
const.
3S most analogues cases are
selected. If k ist the longest forecast
day, normally k = 6 days ahead, then the
statistical interpretation forecast is
extended by two days following
the
calendar date of the latest selected
process (k-1 to k), i.e. the forecasts for
the sixth and seventh day ahead are only
based on extrapolation by the pure analogy
approach.

~

Figure 1. The original 13 grid
points and the 16 horizontal differences
derived.
Note,
that
the
4
central
differences are weighted with the factor
of 3.

I
• I

statistical
method:
Stepwise
combination
of
analogs
(flexible
classification by a kind of pattern
recognition) and stratified regression.

Regression: The selection of the N
analogoues cases is followed by a linear
regression analyses with J obligatorY
predictors: the surface pressure level,
the thickness between 500 and 1000 hPa
(both at the central gridpoint) and the
previous value - observed or predicted of the predictand. The restriction on the
same predictor variables appears to be
absolutely necessary because of manifold
consistencies between the predictands,
forecast areas and sUbsequent forecast
days. Note, that the partial regression
coefficients do change from day to day,
from one circulation pattern to another
one.

e
.'
I

t

3.

Predictands: They are not defined
for points as it is usually done in the
short-term weather forecasting, but for
areas. Each ar.ea includes approximately
160 kilometers in square with about 4
synoptic main stations. The follow~ng
elements/events
are
predicted:
da11y
minimumand
maximum
temperature,

(

precipitation
amount
per
24
hours,
relative sunshine duration, surface wind
direction and speed at 00 and 12 UTC,
probabilities of precipitation above 0 and
5 mm , of fog and of thunderstorm. Until
three days ahead the daily S01 immission
concentration for both points and areas is
also predicted.

The
actual
mean
range
of
predictability in local weather element
forecasting (and point verification!) is
5-9 days (MIN, MAX) or 4-7 days (PoP,
SO), respectively.
4.2.
As an example of our numerous
investigations of trends in medium-range
forecasting skill the Fig. 2 shows, at
least, two important facts.

output time: 01-02 UTC, interpretation of
the ECMWF products
06-07 UTC interpretation of
the mixed ECMWF + Offenbach
NWP charts
4.

t (days)

RESULTS

-12

4.1.
comparisons of the skill between
both the statistical guidance (AF) and the
local forecaster, especially engaged in
short-range forecasting (SYN), with the
medium-range final
consensus
forecast
(FIN) have been carried out. Measures of
skill are the mean reduction of error
variance (RV) for the forecast days +3 to
+5
as well as the actual range of
predictability t in days, where the rms
error of the forecast is smaller than the
rms error of the best reference forecast,
here: long record climatology.

WI

------AF
SYN
FIN

------SU

WI
SU

AF
SYN
FIN

RV (t)
MIN MAX PoP SO

t (days)
MIN MAX PoP

_ _ _lnter

2.

eo

44
48
53

16
7
19

31

4 -14
-5 -2
0 -5

7.7 7.9 5.7 1.2
6.8 8.0 3.9 3.8
8.6 8.7 4.8 3.7

14

6.2 6.8 6.8 7.0
4.2 5.8 5.7 5.4
5.4 6.9 6.3 6.6

Predictands here are: MIN, MAX
Sample: October 1970 to September 1990
Point verification for Potsdam

--------------- ---------------29
37

8
6
8

7
12

as

Figure 2. Trends of the actual
ranges of predictability t in the winter
period (October to March, top line) and
the summer period (April to September,
dashed line).

SO

--------------- ---------------40
45
53

___ summer

-

March,
October
September
April

-

First, in the last twenty years
there is a very great variability of the
skill parameter t, the actual range of
predictability. t, averaged over a half
year, ranges from 2.8 to 11.9 days.

Sample: October 19&3 to september 1990,
the 7 latest years
MIN, MAX = daily minimum/maximum
temperature
PoP = probability of precipitation
> 0 mm/d
so = relative sunshine duration per day

Second, the range t has totally
been increasing,
but the
'slope'
is
significantly
greater
under
winter
cirCUlation conditions than in the summer
"period, where the advective processes are
not so important than the convective ones.

The major findings are:
The forecast skill of PoP and SO
is better in the summer period than in
the winter half year. This is valid for
all 3 forecast strategies.
. compared
to
it,
RV
temperature forecasting
the winter period.

and
t
in
are better in

Only
the
statistical
guidance
has
been a positive forecast skill in
medium-range winter PoP forecasting.
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4.3.
If one is asking for the reasons of
the above mentloned variability of the
skill parameter t, then one can find a
preliminary answer in the Fig. 3.

Instead of t, the other skill
parameter RV was analyzed here. RV of the
MIN/MAX final consensus forecast
for
Potsdam is averaged over the forecast days
+2 to +4.

r

I

RV%

80 RV%

40

60

40
30

2.0

048

mean

correla+iot\

+k.e pr~die+~oCS

20
Figure 3. Forecast skill RV as a
stochastic function of the predictand' s
correlation time (see text) in the period
a) October 1970 to september 1980 and b)
October 1980 to September 1990
Correlation coefficient rea) = 0.77, r(b)
- 0.74

Some correlations were carried out
with different potential predictors having
got a persistence information.
The strongest relationship in the
time scale of a half year exists between
RV and the so called 'correlation time' T
of the predictand (here: MIN, MAX). T is
the longest time in days, where the
autocorrelation
coefficient
is
significantly higher than zero (r.~
0.08).
Generally,
the
longer
the
correlation time T, the higher is the
forecast skill RV and vice versa. It is
interesting to note, that in the seventies
(sample a) there was not any forecast
skill, if the temperature persistence was
too
small
(T
later
than
4
days) .
Furthermore,
since
that
time
the
improvements in medium-range temperature
forecasting have been especially achieved
at
circulation
patterns
with
low
persistence,
whereas the progress is
rather
small
at
high
persistence
conditions.

(

S'iN /JF RN

FIN FIN

...

+

SYW AF
Figure 4. RV (improvement over
climate)
with
different
forecast
strategies:
SYN
synopticians;
AF
statistical interpretation; FIN actual
consensus final forecast for the users;
FIN + SYN, FIN + AF optimum ( t ) manmachine-mix
a) for the second and third forecast day
b) for the days +4 and +5 ahead

4.4.
An
other
aspect
in
our
verification work has entered into making
an optimum consensus forecast by manmachine-mixing. Fig. 4 shows the mean
forecast skill RV (MIN, MAX, PoP, SO) of
different prediction strategies.
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Apart from the general RV-level, no
essential differences exist between the
both
prediction
periods
a
or
b,
respectively. It is interesting to note,
that
the
medium-range
local
weather
forecasts by statistical guidances AF are
more accurate than those of the nonspecialized synopticians SYN. On the other
hand, the operational final forecasts FIN
are still better than each of the single
predictions AF and SYN alone.
In
spite
of
all
efforts
in
preparing the 'best' consensus forecast by
experts in a special operational mediumrange forecasting group there is still a
chance to
further
reduction
of
the
prediction error. The change from the
hitherto existing combination of different
single forecast statements to an optimum
combination procedure can help to improve
the forecast skill substantially - see
hatched areas of the both right columns.

(

These results were compared
with the operational statistical guidances
for the same weather elements by the above
described model AF.

For example: the mean forecast skill RV of
the FIN method for the first period a)
amounts to 36.0 t, this is 3.5 t more than
the method SYN obtains.
An
optimum
combination of FIN with AF, which comes to
a greater stressing of the machine product
AF,
can
theoretically
increase
the
forecast skill to 40.5 t, 4.5 t more than
it is obtained at present.

Do remember,
that AF is only
interpreting
qeopotential
information,
predicted by the BKF- and/or ECMWF NWP
model, respectively.

4.5.
Based on a 1 year sample, November
1989 to October 1990, we have investigated
the ability of the dynamical direct BKFmodel output to forecast real local
weather, such as daily minimum/maximum
temperature,
surface
wind
speed
and
precipitation, for the grid point nearest
to Potsdam.

~-

2.
BKF~-0
---

~

./

Le' h

n12
__

Fig. 5 generally shows a remarkable
superiority
of
the
statistical
interpretation
offers,
regarding
its
forecast accuracx. The mean forecast error
variance
(rmse )
of
the
statistical
guidance is 37 % (maximum temperature), 44
t (wind speed), 59 t (minimum temperature)
smaller than that of the direct BKF-model
output. Even the binary precipitation
event is better forecast by statistical
interpretation, despite of the short-range
forecast day +1. That is right for the
skill score 'percent correct' as well as
for the more suitable threat score.
Furthermore,
apart
from
precipitation
forecasting
the
rmse
differences between both models appear to
increase
with
increasing
forecast
distance. If this is true, then this fact
is probably due to the commonly used
'perfect-prog'
parameterization
philosophy.
This
means,
tha t
diagnostically correct relations have not
to be proper to forecasting purposes.
Theref'ore, it could be more desirable,
similarly
to
the
modern
statistical
modelling
techniques,
to
change
the
parameterization I predictors' in such a
way, that the errors of the local weather
element forecasts are minimized.

3
rnls

-~I

AF

The decisive question is,
how
good
valuable
are
diagnostically
predictors, which can not predicted well
enough by the NWP models?

+4-

+5

Figure 5. rms error as a function
of the temporal forecast distance.
continuous line: statistical guidance AF
Dashed line: direct dynamical model output
from the BKF model, Offenbach
top: HIN + MAX temperature, in the middle:
surface wind speed at noon.
bottom: binary forecast of precipitation.
The measures of skill used here
are: Percent correct and Threat Score.
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UPDATING WEATlIER ELEMENT FORECASTS THROUGH
POSTPROCFSSING TECHNIQUES

Nathan Yacowar and Richard Verret
Weather- Element Product Development Section
Canadian Meteorological Centre
Atmospheric Environment Service
Dorval (Quebec), Canada - H9P 113
I.

In decision making there may be information available from different sources. The approach at the Canadian
Meteorological Centre has been to make optimum use of all
available information through rule based forecast systems
(Yacowar 1989) and combination of forecasts (Verret and
Yacowar, 1989). Using this concept, MOS and PP Probability of Precipitation (POP) form the final transmitted
forecasts. Similarly, MOS and PP spot temperatures have
been combined, as well as the MOS and Analog POP forecasts for day 3.

INTRODUCTION

This paper will discuss postprocessing techniques that
are being applied to automated weather element forecast
systems and how further rule based structuring can be
added to improve the forecasts. Throughposltreatment
techniques, a well structured Perfect Prog(PP) system can
take on many of the desired attributes of Model Output
Statistics (MOS) forecasts. The objectives are to reduce the
forecast errors, increase the reliability, improve the forecast
distribution and the sharpness of the forecasts.
Weather element forecasts may be available from different sources and may be based on the output of different
driving models. The sources may include direct model output and statistical-dynamical forecasts based on Model
Output Statistics (MOS) (Glahn and Lowry, 1972), Perfect
Prog (PP) (Klein et AI, 1959) or analog (Yacowar, 1975)
techniques. The MOS technique has the advantage over the
PP approach by implicitly taking account of systematic
errors in the driving model and using predictors which are
not available in the PP system. The MOS technique also
recognizes the predictability of the model parameters and
aIlows for the selection of different predictors according to
reliability with projection time. As the skill of the model
predictions deteriorates, the MOS forecasts will tend
towards the mean of the development sample. Analog and
PP systems assume the same accuracy in the Numerical
Weather Prediction (NWP) products for all projection
times. The PP technique is independent of the driving
model, and by it's nature tends to produce sharper forecasts
than the MOS system. The experience at Canadian Meteorological Centre (CMC) has shown that the PP forecasts
have higher skill scores for the early projection times, the
MOS forecasts in later projection times (Brunet et AI, .
1988). The PP forecasts are sharper, the MOS forecasts
have higher reliability.
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As model changes are becoming more numerous, the
dependency on MOS techniques will be severely curtailed.
MOS forecast systems become unrepresentative as the
model changes. Recomputation of statistical relationships
are required. The short length of data that is available often
may be unrepresentative of the true climate because of the
particular weather regimes that existed during that period.
Another approach used at CMC has been to apply
postprocessing techniques to the basic perfect prog forecasts to allow the forecast system to take on many of the
desired MOS attributes. Calibration, bias correction, error
feedback and anomaly reduction techniques have been
imposed to reduce the biases in the forecasts as weIl as the
departures from normal with projection time. In another
application, the frequency distribution of forecast ranges is
made to resemble that of the observed data. The merging
of forecasts using PP systems and direct model variables
through calibration techniques and rule based systems
provide the forecasts a dimension to show increased sharpness and reliability. These techniques are model dependent
and must be up-dated continuously. The manipulations are
simple to perform and are not nearly as cumbersome as
regression schemes. The adaptations are dependent on
forecast type, projection time, forecast range, time of year
and location. This provides an efficient and inexpensive
replacement for a fuIl scale MOS system.

The merging of pp forecasts with important model
dynamical variables indicates considerable promise for
future development. POP forecasts based on PP and analog
techniques were blended with direct model forecasts of
precipitation amount to produce improved forecasts. This
later parameter contains the most important predictors that
would have been used in a pure MOS system, vertical
motion, precipitable water and relative humidity. An updateable system is being developed to incorporate short
sample model (MOS) data and PP forecasts.
It is common in forecasting practice to relate one
forecast element to another. The effects ofskycQver,
precipitation and winds on minimum and maximum-temperatures are well known. Explicit forecasts of some variables
were not generally used in MOS or PP systems due to the
unreliability of the forecasts of those variables. Significant
skill is now indicated to permit the use of forecast parameters to update other forecasts.

The identification of synoptic patterns associated with
anomalous weather occurrences will be useful in increasing
sharpness in forecasts and in the detection of extreme
events. These patterns are being catalogued and tests will be
made on their forecastability. The use of rule based
systems such as the tree diagram approach will then be
applied to enhance and supplement the original forecasts.
2.
2.1

POSTPROCESSING TECHNIQUES

Auto-correction Forecast Systems : Opacity and

rol
A forecast system with auto-correction called has
been developed and implemented on forecasts of total cloud
opacity and probability of precipitation forecasts over six
and twelve-hour periods based on the "Perfect Prog"
approach" (Verret, 1989). This system uses the data
compiled based on verifications during the previous 90
days. The forecast errors are found and feedback corrections are calculated and applied to the original PP forecasts
for each station at each projection time. This system allows
the PP forecasts to take on some of the attributes of forecasts produced by a MOS technique.
The frequency distribution of opacity observations has
a U shape, with the sunny and cloudy events being the most
frequent observed. The frequency distribution of the PP
forecasts has an inverted U shape, with a strong bias
towards forcasting the middle ranges. The ratio between
the number of cases forecast and observed for each tenth of
cloud opacity at 36 hours is .shown in Figure 1 for the
untreated PP and the forecasts with auto-correction. With
values of 1, the frequency distribution of the corrected
forecasts is similar to that of the observations. The skill
scores are improved and the mean errors reduced for all
projection times. Improvement in the Heidke (Heidke,
1926) skill scores based on 3-category contingency tables
(0-3, 4-6 and 7-10 tenths) are shown in Figure 2. The
Auto-correction system has an advantage of about 24 hours

over the untreated forecasts. The untreated pp forecasts
have a mean absolute error that grows with forecast projection, reflecting the drift in the driving model. This drift
in the forecasts is controlled by the Auto correction system
and the mean forecast error remains stable up to 144 hours.
The mean error in probability of precipitation forecasts caused by the model's drift is corrected by calculating
the short term climatology (90 days) ofthe observations and
the climatology of the forecasts over the same period. The
difference between them gives the correction to be applied
to the original pp forecasts. The Auto- correction system
improves upon the original pp forecasts more and more as
the projection time increases. The comparative Brier skill
scores (Brier, 1950) with respect to climatology for the six
hour POP forecasts are shown for the cold season, October
1988 to March 1989 in Figure 3. The corrected forecasts
have skill with respect to climatology out to 84 hours compared to 72 hours for the original forecasts.

2.2

Error and Bias Corrections to Temperature Forecasts

Model reliability decreases with projection time,
while the perfect prog concept uses the same relationships
for all time periods. At some time in the projection period,
when model skill disappears, the forecasts should converge
to climatology. Confidence in forecasts of large departures
from normal may be highly reliable for the early projection
periods. For the extended forecast period beyond day 3, as
the forecast reliability decreases, there is less confidence in
the forecasts of large departures from normal. Statistical
PP maximum and minimum temperature forecasts are made
out to day 6 (Brunet and Yacowar, 1982). The main predictors in temperature forecasts are thickness values. The
indications of bias in the temperature forecasts are a reflection of the bias in the driving model.
The correction scheme used at CMC (Yacowar,
Garrison and Richard, 1990) includes error and bias
correction applications which are dependent on the time of
year, region, maximum or minimum temperatures and sign
of the anomaly forecast as well as the magnitude of the
forecast anomaly and projection time. Canada was divided
into fourteen regions in which there was reasonable
similarity in the station response to synoptic events. Five
months of data, centered on the particular month was used
to develop the monthly relationships to be applied as
correction terms. A third order polynomial was developed
to approximate the bias distribution and is given as:
Y' = AX 3

+

BX 2

+

CX

(

(

+D

where Y" is the bias correction to the anomaly (departure
from normal) forecast and X is the forecast anomaly in
degrees celsius. A, Band C are chosen to minimize the
square of the errors of a series of observations, (Y" -Y)
where Y is the observed bias. The coefficients were
calculated for each 'station and each synoptic region. To
maintain a certain level of sharpness and inte~ritv of the
- forecasts, the maximum deflation allowed at any time
period was limited to 45 % of the forecast anomaly.
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The seasonal differences in corrections for the
maximum temperatures for stations in southern Alberta and
southwestern Saskatchewan are shown in Figure 4. Below
normal temperature forecast corrections are somewhat
similar for all seasons. There are big differences when
above normal temperatures are forecasts. Anomaly deflation will be performed in October and January and to a
lesser degree in April. In July warm event forecasts may
actually be inflated. Figure 5 shows the differences in
corrections for maximum temperatures for day 4 in January
for two regions, the Maritimes and southern Manitoba!
southern Saskatchewan. The corrections are considerably
greater for the stations in the Maritime provinces. Figure 6 shows the corrections for days 2, 3, 4 and 5 for
minimum temperatures in January for stations in southern
Ontario-southern Quebec. The anomaly deflation corrections increase gradually with time and are considerably
higher for forecasts of above normal .temperatures as
compared to forecasts of below normal temperatures.
When above normal temperatures are forecast, the
corrections are much higher in the cold season than in the
warm season. Forecasts of above normal temperatures are
more often systematically in error in the winter time due to
the establishment of low level inversions which the statistical forecasts are unable to handle. The reverse is true for
forecasts of below normal temperatures, where the systematic errors are higher in the warm season.
Verifications are shown for the entire station set for
the cold season, November 1989 to April 1990. The mean
absolute errors are shown in Figure 7. The corrected
forecasts system improve upon the raw untreated forecasts
in the order of 0.25 deg. C in terms of mean absolute
errors.
The error feedback, based on five months observations is a feature which allows the pp system to take on
some advantageous MOS attributes. However, these
relationships are model dependent. They may be dependent
on the prevailing regimes during the observation or
development sample and will be re-evaluated as more data
becomes available. An automated system, similar to the
Auto-correction system described in 2.1 is being considered.

2.3

Cloud amount - daytime periods

Probability of precipitation, wind and sky cover
forecasts are prepared for the day 3-4-5 period using an
analog approach. The analog system uses 100 and 50 kPa
heights in the pattern matching.
Statistical forecast systems tend to forecast towards
the mean value of the event. Typical of statistical forecast
systems which converge towards the means, the analog sky
cover forecasts tend to over-forecast mean daily cloudiness
in the mid ranges whereas the extreme ranges, sunny or
cloudy are the ones most frequently observed. In this test,
the object was to increase the frequency of sunny (0-3

tenths) and cloudy days (7-10 tenths). In the posttreated
version, forecasts values of 4 have been relabeled as
3 tenths, and values of 6 have been relabeled as 7 tenths.
The comparative verifications of the original and treated
forecasts for the warm season 1990 for all stations for the
day 4 period are shown in Table 1. The skill scores and
forecast distributions are improved as are the probability of
detection of events by this trivial modification. An autocorrection system is being developed to make more discreet
and valuable transformations.
Original
Forecasts
Percent Correct
Heidke Skill Score
Bias Sunny
(ratio of number observed/forecast)
Bias Cloudy
(ratio of number observed/forecast
POD: Probability of detection
- percentage of cases of event X
that were forecast correctly
POD: Sunny
POD: Cloudy

Post
Treated

46.2
.19

51.3
.23

.52

.96

.82

1.23

.30
.52

.72

.42
.36

.49
.42

.50

FAR: False alarm ratio : Percentage
of forecasts of event X where
X occurred
False Alarm Ratio: Sunny
False Alarm Ratio: Cloudy

TAilLE 1
Verification of Mean Daily Sky Cover Forecasts for Day 4
Warm Season 1990 : May - October: All Stations

2.4

Combination of Forecasts

In many domains of decision making there may be
valuable information available from different sources.
Using calibration techniques (Clemen and Mmphy, 1986)
it was shown that PP forecasts add information to the MOS
forecasts and vice versa (Verret, 1988). In the current
procedures at the CMC, rule based systems were developed
to extract the best information from several competing
independent forecast systems. Contingency tables were
prepared to show the tri- variate distributions of two
forecast systems and the verifications. The forecasts were
combined systematically to arrive at the best final product.
The objectives were to minimize the post-sample forecasting
errors, to increase the sharpness and detection possibility of
the final forecasts and to ensure consistency between forecasts of different weather elements.
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A rule based forecast combination system was
designed to merge the MOS and pp forecasts at the six and
twelve hour periods. The resulting six and twelve hour
forecasts are then adjusted to ensure consistency and
increase sharpness. Verifications of the final product, called
the pp union MOS (PUM) forecasts show higher Brier Skill
Scores with respect to climatology as shown in Figure 8 for
the cold season, November 1989 to April 1990. Similar
results were found for the warm season. The PUM forecasts have skill scores that are several percentage points.
better than the best of the competing MOS and pp
forecasts. The PUM forecasts also show an improved
sharpness compared to the original MOS or pp forecasts
and a reliability which is as good as the better of the two
original forecast sets.
Probability of precipitation forecasts over twenty four
hour periods using analog techniques, are used at the CMC
to produce computer worded forecasts for the day 3 to 5
period. The POP forecasts over a 24-hour period for day
3 are blended with MOS forecasts to increase the skill
scor~s and sharpness of the forecasts. Deflation is applied
to the POP forecasts for the twenty four hour period for
days 4 and 5 (Soucy and Yacowar, 1986). The POP anomaly (departure from normal) is reduced by 10 percent on
day 4 and 20 percent on day 5 resulting in increased Brier
. Scores with respect to climatology of 2 to 6 percent.
With the removal of the MOS system, attempts are
being made to find useful information to supplement the PP
analog forecasts. The analog POP forecasts have been
calibrated against the model QPF (quantitative precipitation
forecasts) for days 3,4 and 5 to indicate the occurrence of
precipitation above a trace. The calibration curves are
shown for day 3 in Figure 9 for the warm season of 1990
for a set of 160 Canadian stations. The frequency of
observed precipitation is plotted against QPF forecast
ranges for the 0-19, 20-39. 40-59, 60-79 and 80-100 %
POP forecast ranges. There is significant slope in the
curves for the day 3 forecasts to indicate that the analog
forecasts can be improved. By day 5, the curves become
nearly horizontal, indicating little or no added value.
Stronger relationships are shown when the data is prepared
ona regional basis. Relationships will be developed on the
basis of regional curves to produce the final forecasts.
Spot time temperature forecasts at three hour intervals
are produced by merging MOS and PP forecasts, using a
simple averaging of the two forecasts. The verifications of
mean absolute errors out to 84 hours are shown for the cold
season, November 1988 to April 1989 in Figure 10., The
PP forecasts are superior to the MOS forecasts for the early
peIjods, the MOS forecasts are equivalent or somewhat
better than the PP forecasts in the later periods. For the
very short term the PUM forecasts are equivalent to the PP
forecasts. Beyond eighteen hours the combined forecasts
show higher skill than either of the original forecast sets.

initial success with a simplistic approach, the techniques
will be refined to apply to regions or individual stations for
each projection time with particular attention paid to forecast ranges. When the model changes become such as to
make the current MOS forecasts redundant, relationships
will be developed between short term MOS predictors and
PP forecasts. Model temperature forecasts, for one, will be
calibrated against the PP spot time temperature forecasts to
determine added value. The model QPF will be used to
blend with the 6/l2 hour POP forecasts.
It is common in forecasting practice to relate one
forecast element to another. With the posttreatment
techniques now being applied, the forecasts of elements
such as POP, opacity-and winds show improved frequency
distributions and performance and may be used to modify
temperature forecasts. A simple test was made on the
maximum temperature forecasts for the warm season, May
to October 1990 for a sample of 160 stations. One degree
was added to the maximum temperature forecast if the
average daytime opacity was less than 4 tenths and one
degree subtracted if the opacity was eight tenths or more.
This simple empirical rule resulted in lowering the mean
absolute errors by nearly one tenth of a degree for the
ensemble of stations for the day I and 2 forecasts and to a
lesser amount in the day 3,4 and 5 forecasts. Improvements of up to 4 tenths of a degree in the mean absolute
error were found at individual stations. This experiment is
being continued to determine the corrections based on
stratification of the data by regions, temperature forecast
anomalies and a more discrete selection of opacity ranges.

3.

A study was made of heat waves during the warm
season and a prevalent pattern was established (Yacowar,
1990). The following checklist rules were made and may
be used subjectively but will eventually be made a part of
the automated forecast system.
I. Large scale 500 hPa anticyclonic flow over the
region.
2. Most of the circulation at 500 hPa is to the north
of the region with winds speeds of 30 knots or
less from the S to NW.
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PATTERN RECOGNITION

Statistical forecasts use regression techniques that
screened data for the longest term data set available,
combining all possible situations. Typical of regression
techniques, the extreme events will be underforecast. The
identification of synoptic patterns associated with anomalous
weather occurrences will be useful in increasing sharpness
in forecasts and in the detection of extreme events. These
patterns are being catalogued and tests will be made on
their forecastability. The use of rule based systems such as
tree diagram approaches will then be applied to enhance
and supplement the original forecasts.

The combination techniques used at CMC in general
use relationships that apply to the total station set for all
projection times for all forecast ranges. In view of the

I
I

(

3. 500 hPa heights and 1000-500 dam thicknesses at
least 10 dam above normal.
4. Objective tempemture forecasts at least 4 degrees
above normal.
5. Weak thickness gmdient over the region with a
strong baroclinic zone about 5 degrees latitude
north of the region.

4.

CONCLUSION

While direct model output of weather element
predictions has improved, the level of performance still
remains below that attained by various rule based statistical
applications, reaffirming the need for continued effort in
improving the rule based statistical systems. Posttreatment
of forecasts, through inflation or deflation techniques and
error feedback produces the effect for which they were
designed, increased skill and better forecast frequency
distribution. It has been Shown that combination techniques
when applied to forecasts from different sources produce
forecasts with higher skill scores and better resolution. The
posttreatment techniques, using rule based systems, offer
advice, make decisions and solve problems that might
require years of experience for individual forecasters. The
reasoning process is based on a learning approach which
takes into account previous evaluations. This system may
be easily automated to give continual feedback and produce
updated weights based on the most recent observations and
verifications.
One missing link that has not been taken advantage of
is input from the field forecasters. Many forecast rules,
based on experience, knowledge of local conditions and
when and how to use the guidance material under different
conditions have been developed for individual stations.
These rules should be incorporated into the automated
guidance system and could make a major contribution
towards improved forecasts.
Further refinements are being considered both in the
development of statistical models and in posttreatment
techniques. More stratification of data is necessary and
posttreatment based on the individual station, individual
projection time and the specific forecast range will prove
beneficial. Decision tree approaches can be developed to
incorporate the statistical forecasts. Full advantage should
be taken of rules developed and used by opemtional forecasters and made part of the operational system with the
objective of improving weather element forecasts.
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Figure 2.
Comparison of Heidke Skill Scores for the
posUreated and untreated PP cloud opacity forecasts out to
144 hours for the .period October 1988 to March 1989 for
173 stations.
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Figure 10.
Comparative verifications (mean absolute
errors in tenths of degrees C ) of the PP, MOS and PUM
(PP union MOS) spot time temperature forecasts out to 72
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THE EVOLUTION AND USE OF STATISTICAL GUIDANCE FORECASTS IN THE UNITED STATES

HARRY R. GI..AHN
Techniques Development Laboratory
Systems Developaent Office
National Weather Service, NOM
Silver Spring, Maryland 20910
United States of America

1.0

2.0

Introduction

The Central Guidance .System

The first implementation of-inLerpre~------------Sim~e--t;he--beg-inning
__of-J:he__dissemina.-. _
tative guidance for use at National Weather Service
tion of statistical max/min and wind guidance to
(NWS) field offices was in 1968.
In that year,
field stations in 1968, ~ny other elements have
statistical surface wind guidance, based on a Subbeen added and methods for developing the statistisynoptic Advection Model (SAM) (Glahn and Lowry,
cal systems improved.
Except for a brief early
1972a) was implemented in a test mode for the
period when a barotropic model was used to produce
eastern portion of the United States. The method
perfect prog max/min guidance, two NMC models
used was Model Output Statistics (MOS) (Glahn and
furnished the dynamical predictors for about a
Lowry, 1972b).
·In 1969, the guidance was made
20-year period-the so called Primitive Equation
permanent, and probability of precipitation (PoP)
(PE) model (Shuman and Hovermale, 1968) and the
and precipitation type based on SAM and a primitive
Limited Area Fine Mesh (LFM) model developed by
equation model then operational at the National
James G. Howcroft and others (Gerrity, 1971; Newell
Meteorological Center (NMC) (Shuman and Hovermale,
and Deaven, 1981). A newer model-the Nested Grid
1968) were added. Also in 1968, perfect prog estiModel (NGM) (Hoke et al., 1989)--is just now
mates of maximum and minimum (max/min) temperature
beginning to furnish the input for the bulk of the
became the official guidance issued by NMC to field
statistical guidance, the first NGM-based guidance
offices for those elements (Klein and Lewis,. 1970).
having started in 1987. Figure 1 shows the evoluThe perfect prog technique had its origin in the
tion of the statistical guidance from its beginning
work by Klein, et al. (1959, 1960), although,
in 1968 to the present. As of this writing, the
according to Klein (1989), the name was bestowed by
LFM-based product shown in Fig. 2 is still distribVeigas (1966). Perfect prog guidance for max/min
uted but will soon be replaced or supplemented with
temperature had been used within NMC prior to its
a more complete NGM-based package than that indiissuance to field offices.
cated in Fig. 1.
In the late 1960's and early 70's,
there was a concerted effort within the Techniques
Development Laboratory (TDL) in. both perfect prog
and MOS approaches. Eventually, it became evident
to those involved that MOS ·could furnish a superior
product, and the NWS system has been almost exclusively based on MOS since that time. MOS replaced
perfect prog for max/min temperature in 1973.
This paper describes briefly the present statistical guidance developed by TDL and
issued from NMC and shows the trend of skill of the
PoP guidance for the cool season over a 24-year
period. The techniques developed and data sources
used for twice per day central guidance production
are being extended and applied to shorter projections at field offices equipped with minicomputers
and capable workstations. This effort will also be
described.
The final evolution of "guidance" is
the production and presentation to the forecaster
of a product in exactly the same format and containing all the types of information as a product
he/she has to prepare and issue, whether the product be tabular or free text.
The status of computer-assisted product preparation in the United
States will also be discussed. Finally, challenges
for the future are briefly touched upon.
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As Figs.' 1 and 2 show, guidance is
provided for most weather elements of importance to
public and aviation interests. Products similar to
that shown in Fig. 2 are produced for about 350
civilian and 150 military stations in the conterminous 48 states and Alaska.
For most sites, PoP
forecasts (0.01 inch or more of precipitation) are
provided for both 6-h (POP06) and 12-h (POPI2)
periods.
Quantitative precipitation guidance is
given for several categories for 6-h (QPF06) and
12-h (QPF12) periods; probabilistic estimates in
tens of percent appear before the slash mark, while
a "best category" prediction follows the slash.
Probabilistic thunderstorm forecasts (TSTM) are
valid for 12-h periods. The conditional probability of precipitation type (POPT) valid at a specific
time is given (in percent) before the slash for the
categories of freezing and frozen;· a categorical
forecast appears after the slash. Both conditional
and unconditional probabilities of snow amount
(POSA) during a 12-h period are displayed in
percent for three categories together with a
categorical forecast.
The max/min temperature
(MX/MN) guidance is provided for alternate daytime
and night time periods. Dry bulb temperature (TEMP)
and dew point (DEWPT) are given for projections
valid every 3 hours.
Surface wind direction and
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Figure 1. Evolution of the NWS central interpretive weather element
guidance system.
The acronym PoF is for probability of frozen
precipitation; other acronyms are defined in the text;
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Figure 2. A sample LFM- based MOS guidance messa:ge for Washington. D. C, •
from 1200 UTe 7 January 1988.
speed (WIND), opaque sky cover (CLDS) , ceiling
height (ClG), and Visibility (VIS) guidance are
provided for projections at 6.,.h intervals.
For
opaque sky cover, probabilities (in tens of percent) are provided for various categories; a
categorical opaque sky cover forecast follows the
slash. Similar probabilistic guidance is prOVided
for ceiling height and visibility; also, a forecast
of a specific c~tegory (C/V) is displayed for each
ceiling and Visibility projection.
Finally, the
probability (in tens of percent) of each of four
categories of obstruction to vision (OBVIS) and an
associated best category (after the slash) are
displayed for projections at 6-h intervals.
Table 1 gives an overview of the suite
of interpretive weather element gudiance products
generated and disseminated from NMC.

forecast means the 12-h period from 12 to 24 hours
after the model cycle (input data) time-either
0000 or 1200 UTe.
From 1972 through 1990, the
guidance was statistical; prior - to that, it was
produced by NMC forecasters. Other PoP skill and
max/min accuracy trends are given in World Meteorological Organization (1991), pp. 292 and 293.
From the modest beginning about 23
years ago, the statistical guidance system in the
United States has grown to be a very important
element in the formulating of official user products within the NWS. The statistical forecasts are
also used directly by private organizations. There
are a number of things that have contributed to the
success of this effort. 'These are listed below,
not necessarily in order of importance.
Dedicated professional staff -- While changes in
staff must, and should, occur, many staff
members have spent over 10 years associated with
this project. This relatively low turnover rate

Figure 3 shows the improvement of skill
of the 24-h, 36-h, and 48-h guidance PoP forecasts
over a 24-year period.
In the figure, the 24-h
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Table 1. An overview of the operational suite of interpretive weather element
guidance products generated for various forecast applications and users (from
Carter et al.).
Formulation
methods

Input mOdels

Display formats

Principal users

Public weather
(short and medium range)

MOS, Perfect prog

LFM, NOM, MRF

Alphanumeric, graphic

NWS field forecasters, NMC

Aviation
(short range)

MOS

LFM

Alphanumeric, graphic

Severe local storms and
heavy precipitation
amounts (very short and
short range)

MOS

LFM

Alphanumeric, graphic

Marine winds
(short range)

MOS

LFM

Alphanumeric

Agriculture
(short and medium range)

MOS

LFM,MRF

Alphanumeric, graphic

Hydroelectric power
(short and medium range)

MOS

LFM,MRF

Alphanumeric

Forecast application

medium-range forecasters,
military forecasters, private
sector meteorologists
NWS field and NMC aviation
forecasters, military
forecasters. private sector
meteorologists
NWS field forecasters, NMC
QPF and severe storm
forecasters. private sector
meteorologists
NWS marine forecasters,
private sector
meteorologists
NWS agricultural forecasters,
private sector
meteorologists
NWS hydrological forecasters,
Bonneville power

administration
meteorologists

up,
of which nearly 200 now exist.
These
rather fully document the software system.

assures continuity of effort and a corporate
memory of software, procedures, etc.

60

Data archival and documentation - Comprehensive
data archives and quality control procedures
were established and improved through the years.
The data archiVing procedures, data identification, and the data archives themselves are fully
described in a formal document which is modified
and augmented as necessary.
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Relatively stable numerical models -- For almost
a 20-year period, the short range (6- to 60-h)
guidance was furnished by only two NMC modelsthe PE and the LFM--and, actually, the LFM is a
derivative of the PE. This helped to make the
MOS approach successful and the redevelopment of
predictand-predictor relationships every year or
two unnecessary.
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Figure 3.
Percent improvement over climate of
statistical PoP guidance forecasts for the cool
seasons (October-March) for approximately 90
stations. Forecasts from both 0000 and 1200 UTC
cycles are included.

Technical Procedures Bulletins - The NWS has a
series called Technical Procedures Bulletins in
which information about products is distributed
to users of the forecast products. This series
has furnished a very effective way of communicating.informationabout the guidance products.

Coordinated development/ implementation systemThe development and implementation systems are
integrated to about the maximum extent possible.
Certain modules can be used in both systems, and
weather variable identifications are the same.
This reduces software development and maintenance time and helps insure that new guidance
products can be implemented in a timely manner.
It also helps to eliminate discrepancies in
computations between development and implementation codes.

National verification system - There has been
a national verification system in operation in
the U.S. for max/min temperature and PoP for
over 20 years. It has undergone modernization,
and other weather elements have been added (see
Dagostaro, et al., 1989).
This system allows
comparison of the official, local forecasts with
guidance at about 100 stations. Results from
this verification system have made it apparent
to forecasters and to management that the
statistical guidance for most weather elements
is quite good and shouldn't be ignored.

Software standards -- Software standards were
developed and gradually adhered to. All code is
written in Fortran, even though some functions
may be easier to program in other languages.
In-line documentation is prescribed, as well as
variable identification in header blocks.

Stress on user products -- After much experimentation with different statistical techniques-such as the logit model, empirical orthogonal
functions, and adaptive logic-in the 1960's and
early 70's, it became apparent that the linear
regression model is very powerful for the
purpose of determining predictand-predictor
relationships, especially when all the various

Software documentation - Standards for external
documentation of software were established, and
each major program or subroutine has a "write-
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methods o~ providing Don-linear information
(such as binary and interactive predictors) are
considered.
Regression is simpler than most
models and competitive with all.
Therefore.
little effort has been devoted to "new" statistical models. Not only has this allowed concentration on the primary mission of providing user
products. but has allowed essentially one
coordinated development/operational system to be
used. rather than for one to be required for
each of several statistical models. This focus
has allowed a comprehensive system to be developed with the resources available.
3.0
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The Local AFOSMOS Program

In the 1970's. one or more minicomputers were installed by the NWS at each local forecast office and linked with a commonications
system.
Although the proces.sing power of these
computers is low compared to today's microcomputers. this network--called Automation of Forecast
Operations and Services (AFOS)-gave field stations
the ability- to run "applications" programs. and
field personnel could write their own programs. if
they so chose. By 1980. plans had been formulated
within TDL to develop and. implement at local
stations a Local AFOS HOS Program (LAMP) (Glahn.
1980). The roots of LAMP were earlier work done
within TDL which culminated in SAM being run at
NMC. and. in fact. it was this work on which the
concept of HOS was proven (Glahn and Lowry. 1972a
and b).
Central numerical model guidance is
primarily based on the twice per day upper air
observations. and this is true of the statistical
guidance disseminated over AFOS from NMC. Forecasting. on the other hand. is a continuous process. and products are prepared by forecasters when
needed by users. not based on 0000 and 1200 UTC.
Computers at field offices provide the capability
of making fresh statistical guidance available to
the forecasters at essentially any time of the day.
One might ask. "Why not produce the guidance.
whatever it is. centrally and disseminate it?"
With adequate communication capability--which is
not· present on AFOS--guidance could possibly be
provided as often as needed from a national center.
However. there are some arguments against this.
First. timeliness of the guidance is very important; not always are the schedules at national
centers. which are dominated by large scale models.
organized in a way that guidance can flow out
smoothly and on a time schedule that would meet
local needs. Also. there are likely data at local
offices that could be used as input that may not be
available centrally in a timely manner. There are
certain components of such a guidance system that
the local office may want to partially control-such as specifying thresholds used for making
categorical forecasts from probability forecasts.
and the exact timing of the start of the processing
in order to make optimum use of data for producing
guidance for a particular product. Local production gives an element of local control and responsiveness to forecasters that would be hard to
duplicate if many stations were to receive tailored
guidance from a national center.
Figure 4 shows the relationships
between inputs to the LFM model. HOS. and LAMP.
The FT (aviation terminal forecast) valid times
vary with time zone in the U. S.; this diagram

Figure 4. Relationships between inputs to the LFM.
HOS. and LAMP and the valid periods for the early
morning forecasts.
shows conceptually how guidance can be provided for
specific products based partially on observations
taken no more than 1 or 2 hours before. It also
shows that the latest input to centralized HOS may
be several hours "old" when the guidance for a
product is needed.
LAMP is described in detail by Glahn
and Unger (1986) and Unger et al. (1989). Briefly.
it consists. of three rather simple advective
models. one for predicting 1000-mb height. another
for predicting saturation deficit (a moisture variable). and one for advecting cloud. ceiling height.
Visibility. and precipitation type. These models
are driven by an NMC model (currently. the LFM) and
are run on an 80-km grid over an area large enough
to produce forecasts for the conterminous U. S. An
archive of model data is created by running the
advective models for several start times for a
sample of several years. Regression equations are
then developed for essentially all the weather
elements for which central HOS guidance is produced
for hourly projections of I through 20 hours.
The developmental techniques are very
similar to those used for centralized HOS. but with
a few important differences.
First. LAMP is an
update system. and as such it uses the appropriate
HOS forecasts as predictors in the regression. In
this way. the LAMP forecasts generally approach HOS
by 20 hours. The information from the driving NMC
model is carried forward through HOS; NMC model
fields are not input directly to the regression.
On the other hand. the LAMP forecasts are largely
controlled by the most recent observation for the
first few projections.
Secondly. the equations for all projections are derived simultaneously. so that the same
predictors appear in each equation except that the
projection of the input also varies with projection. This means that the LAMP temperature predic
~ equations for a projection of 5 hours. say.
will have the HOS forecast valid at that same time
(interpolated. if necessary. in space and/or time)
as a predictor. Then the equation for 6 hours will
also have the HOS forecast as input. but the HOS
forecast that is ~alid at the same time as the 6-h
LAMP projection. This provides quite consistent
forecasts over time with a minimum of predictors.
Thirdly. the equations are derived
simultaneously over areas which are determined to
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be somewhat homogeneous as to predictand-predictor
relationships.
~s helps provide continuity in
space.
The simultaneous derivation is almost
necessary in order to have a manageable system for
implementation. The storing of all equations might
be prohibitive if each station and projection, as
well as each weather element, had its own, possibly
unique, set of predictors.
The National Weather Service has
embarked on a major modernization effort.
There
are three major technological upgrades involved--an
automated surface observational system will largely
replace the manual one, a network of over 100
Doppler radars will be installed. and AFOS will be
replaced with a much more capable system, AWIPS
(Automated Weather Interactive Processing System).
Appropriately, LAMP now stands for Local AWIPS MOS
Program, and is being implemented at one future
forecast. office with modern processors and work
stations.
The intent is to develop equations for
eight start times, 0200, 0500, ••• • 2300 UTC.
Each set will be used operationally at the matching
hour and also + 1 hour. That way. guidance can be
produced at a~ hour. Development is underway for
a nationwide system (conterminous U. S. only) which
can be implemented as the new AWIPS equipment is
installed.

4.0

creating the digital database at an NWS forecast
office equipped with modern workstations.
The
database will be initialized with MOS guidance and
updated with LAMP guidance.
Once the forecaster
modifies it as necessary and declares it "official." a number of products will be prepared by the
formatting software. We believe this approach will
increase the efficiency of NWS staff. At the same
time, it will make the products more consistent in
time and space and open the door for a variety of
new products that can be generated without additional staff time.
A computer worded forecast
generated from the MOS forecasts in Fig. 2 is shown
in Fig. 5.
5.0

Challenges for the Future

A major challenge we have is to design
and build a software system that is more responsive
to changing numerical models. Our present system
has been used for over 15 years and was designed
before the explosive expansion of computer capability.
We need a system for producing central
guidance which will permit rapid updating of
regression equations with minimal staff time
involved.
Another challenge is the nationwide
implementation of LAMP.
The basic software is
built, but developing equations for all weather
elements, projections, stations, and seasons will
require a dedicated effort over several years.
Still another challenge is the development of interactive techniques that will allow
effective manipulation of the digital database so
that the database. can be used for all routine
product preparation.
The DD/PP concept is very
promising, but it has yet to be proven that the
expected staff saving can be achieved.
We are
confident this is possible.

The Digital Database/Product Preparation Concept

The automatic formatting by computer of
public weather forecasts was investigated by TDL in
the early 1970's (Glahn, 1970. 1979).
Computerworded forecasts produced entirely from MOS guidance were distributed from NKC for experimental
purposes starting in the mid 1970's and eventually
could be produced locally on AFOS (Bermowitz et
aI., 1980).
TDL also began producing computer
formatted FTs at NKC' based on MOS guidance and
distributing them (Vercelli et al., 1985; Vercelli
and Ruth, 1989).
Although the concept appeared
viable, successful use of such methods had to await
an efficient and effective way for the forecaster
to interact with the guidance to produce "official
digital forecasts for input to the formatting
algorithms.

There are some weather elements/ events
for which we have no viable guidance.
For instance, for preparing FTs, cloud layer information
is needed, but we have at present guidance for only
ceiling height and total cloud amount. This is a
very challenging problem. both meteorologically and
statistically. As another example, we have quantitative precipitation guidance for 6-h and 12-h
periods. but these are fixed in time and usually
the meteorological events causing the precipitation
don't fit nicely into those periods. Guidance for
a "storm total" should be very useful. but its
development poses a number of problems we haven't
dealt with yet.

H

The Digital Database/Product Preparation (DD/PP) concept will be implemented as part of
the NWS modernization. Building on methods developed on AFOS equipment by Ruth and others (e.g••
Ruth and Vercelli, 1989). techniques are being
developed to provide interactive capability for

With the implementation of a Doppler
radar associated with each Weather Forecast Office,

•TONIGHT ••• SNOW •.. HEAVY AT TIMES AFTER MIDNIGHT. STEADY OR SLOWLY
RISING TEMPERATURES. EAST WINDS 5 MPH BECOMING NORTH 25 MPHWITH
GUSTS TO 35 MPH AFTER MIDNIGHT. SNOW ACCUMULATION .•• 4 TO 6 INCHES.
CHANCE OF SNOW NEAR 100 PERCENT •
•TUESDAY .•. CLOUDY WITH A SLIGHT CHANCE OF SNOW IN THE MORNING •..
THEN BECOMING MOSTLY SUNNY.
COLD.
HIGH NEAR 30.
GUSTY NORTH
WINDS 25 TO 35 MPH, DIMINISHING TO 10 MPH BY MIDDAY. NO ADDITIONAL
SNOW ACCUMULATION •
. TUESDAY NIGHT •.. CLEAR. STEADY OR SLOWLY RISING TEMPERATURES •
. WEDNESDAY ••• MOSTLY SUNNY. HIGH IN THE UPPER 30S.
Figure 5. Computer worded forecast prepared from HOS forecasts shown in Fig. 2.
In operations. the forecasts will be the forecaster-prepared. official
forecasts.
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it should be possible to produce very good guidance
products for severe convective phenomena and
quantitative precipitation in the 0- to 3-h time
period. Some products based only on radar reflectivity data are used at locations now where digital
data are available.
The Doppler radar data,
together with data from a wind profiler system now
being installed at 30 test locations, more frequent
surface reports from the automated reporting
system, and nationwide lightening strike data will
provide for a major improvement in 0- to 3-h
forecasting, and objective techniques are needed to
assist in the interpretation of these voluminous
and diverse data. This area is "wide open," since
the new data are just now coming into being.
6.0
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