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FOREWORD
Seasonal hydrological prediction (SHP) is likely to become a fast‑growing domain of service
delivery activity among WMO Members. It can be seen as a step forward towards a seamless
forecasting system encompassing hydrology and climate aspects related to water resources.
A seasonal forecasting system contributes not only to better management of water resources, but
also to disaster risk reduction, especially for long‑onset phenomena like droughts. So that SHP
does not become a purely academic exercise, it is important that users’ needs and demands are
factored into and addressed in SHP service delivery.
These Guidelines on Seasonal Hydrological Prediction (WMO‑No. 1274) describe a broad practical
and theoretical framework to develop, create, expand or improve SHP within a given social and
institutional framework, with the aim of dramatically increasing economic and environmental
benefits in the country or region where the SHP is applied.
This document is useful for Members in two ways:
–

It provides an overview of SHP practices at the global level to those Members who already
have some kind of SHP system in place;

–

It can be of help setting up the framework to implement an SHP service for those Members
who have no system in place.

The present Guidelines were developed in the framework of the former WMO Commission for
Hydrology (CHy), involving experts from the former Open Panel of CHy Experts (OPACHE),
the Chair and Vice‑Chair of the Standing Committee on Hydrological Services (SC‑HYD), and
the Regional Hydrological Advisers of Regional Association (RA) II and RA IV. The final version
was then endorsed by the Commission for Weather, Climate, Water and Related Environmental
Services and Applications (SERCOM).

Prof Petteri Taalas
Secretary-General

PREFACE
There is an increasing demand from a range of users at the global, regional and sub‑regional
level for seasonal hydrological predictions and services. Showing a remarkable sense of
anticipation, the former WMO Commission for Hydrology (CHy) assembled a group of experts
to prepare the present Guidelines.
Following the WMO Constituent Bodies Reform, and the consequent disbandment of the
CHy, and in view of the growing relevance of the subject, the finalization of these Guidelines
became part of the work plan of the new Commission for Weather, Climate, Water and Related
Environmental Services and Applications (SERCOM).
As President of SERCOM, I am pleased to acknowledge the outstanding contribution of the
three main authors: Dr Jan Danhelka (Czech Hydrometeorological Institute, CHMU, Czechia),
Dr Narendra Tuteja (affiliated with the Bureau of Meteorology, BoM, Australia at the time
of writing, and affiliated with Water New South Wales, Australia at the time of publication)
and Dr Andy Wood (University Corporation for Atmospheric Research, UCAR, United States
of America).
These Guidelines have also benefitted from a thorough peer review process, in line with the
guidance set through the Quality Management Framework for Hydrology (QMF‑H), which
saw the contribution of Dr Julie Kiang (US Geological Survey, USGS, USA), Eng. Leandro David
Kazimierski (National Institute for Water, INA, Argentina) and Dr Vicky Bell (Centre for Ecology
and Hydrology, CEH, United Kingdom of Great Britain and Northern Ireland). Additional
review and feedback was provided by Dr Yuri Simonov and Prof. Marcelo Uriburu Quirno in
their respective capacities as Chair and Vice‑Chair of the Standing Committee on Hydrological
Services (SC‑HYD), and by Dr Sung Kim and Eng. Jose‑Alberto Zuñiga, Regional Hydrological
Advisers of Regions II and IV respectively.

Mr Ian Lisk
President of SERCOM

CHAPTER 1. INTRODUCTION
Agriculture accounts for 92% of the global blue water footprint (surface and ground water use)
and the remainder is equally shared between industrial production and domestic water supply
(Mekonnen and Hoekstra, 2011). The exponential rise in demand for water to grow food, supply
industries and sustain urban and rural populations has led to a growing scarcity of fresh water in
many parts of the world. An increasing number of rivers now run dry before reaching the sea for
substantial periods of the year (Postel, 2000). A number of major river basins around the world
supporting large populations experience moderate to severe water scarcity for up to 12 months
of a year, at varying interannual to interdecadal time ranges (Mekonnen and Hoekstra, 2016).
The ecological and economic consequences of increasing degrees of water scarcity—as
evidenced by the Rio Grande, Indus, and Murray‑Darling River basins—can include complete
desiccation during dry seasons, decimation of aquatic biodiversity, and substantial economic
disruption (Hoekstra et al., 2012).
Seasonal climate predictions are now made routinely at a number of operational meteorological
centres around the world, yet predictions for seasonal water availability are not very common
and are largely in the development stage. Extended hydrological predictions of water availability
from supply catchments in the major river basins at multiweek, seasonal and annual time ranges
are critical for supporting operational planning and management, such as water allocation
planning and delivery, environmental water management, minimizing water losses and
balancing supply and demand pressures.
The present Guidelines were prepared further to a request in the WMO Commission for Hydrology
(CHy) ‑ Fourteenth session (WMO‑No. 1105), Part 1: Abridged final report, Annex 1 to Resolution 7,
for a compilation of case studies and guidance on “extended hydrological prediction” for water
resources management, including information on related climate drivers. The Guidelines address
the CHy request by providing information about basic concepts, principles, methods and
drivers relevant for design and development of seasonal hydrological prediction (SHP) systems
and services.
Information presented in these Guidelines is aimed at National Meteorological and Hydrological
Services (NMHSs) or National Hydrological Services (NHSs) responsible for delivering
operational hydrological services in their respective jurisdictions (references in these Guidelines
to “NMHSs” are taken to include both NMHSs and NHSs). A companion Guidance on Operational
Practices for Seasonal Forecasting (WMO‑No. 1246), relating to climate, complements these
Guidelines on seasonal hydrological forecasting. National and regional agencies responsible
for water regulations, water delivery, environmental management and drought contingency
planning and operations, hydropower and inland transport would also benefit from these
Guidelines. An improved understanding of the possible use of seasonal water availability
forecasts within a risk‑based framework can assist with optimal water resources planning and
operations. The Community of Practice on Flood Forecasting would benefit from additional
foresight of catchment wetness and propensity to flooding in areas vulnerable to likely extreme
weather events.
How to read this document
This document is structured into nine chapters and focusses on streamflow forecasting at lead
times beyond the flood time range of 2 to 3 days. This Introduction (Chapter 1) provides context
on SHP services. Definitions and understanding of SHP services across various time ranges
are discussed in Chapter 2, which includes a generic description of sources of predictability
underpinning SHP services provided for long lead times. Key considerations for developing
and delivering SHP services at the national level, and user needs are discussed in Chapter 3 and
Chaptre 4 respectively. Chapter 5 describes methods that can potentially be used for developing
new or upgraded SHP services. Data requirements for large‑scale SHP services are discussed in
Chapter 6. End‑user confidence is important for encouraging users to adopt SHP services for
improved decision‑making. This outcome is contingent upon rigorous forecast verification.
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The concepts and metrics required to assess forecast performance are discussed in Chapter 7.
Operational systems required for delivering SHP services can potentially be of varying levels
of complexity: concepts related to forecast and modelling systems are discussed in Chapter 8.
Information discussed in these Guidelines is summarized in Chapter 9, which includes a brief
description of challenges and likely future development priorities for SHP services.

CHAPTER 2. A GENERAL CONCEPT OF SEASONAL HYDROLOGICAL PREDICTION
A reliable estimate of the future state of streamflow and other variables of the hydrological cycle
is important information for effective Integrated Water Resources Management (IWRM). Such
information might help meet various user needs, including agricultural demands, hydropower,
water supply and many others. Natural climate variability can dramatically affect water resources,
impacting people and business in virtually all countries. Therefore, improved hydrological
predictions would benefit all.
2.1

Definitions

The WMO Commission for Hydrology (CHy) decided at its fourteenth session that it would be
beneficial to prepare case studies and guidance material on extended hydrological prediction
services. Extended hydrological prediction was naturally understood as an extension to
short‑term and medium‑term forecasts, requiring different methods and approaches, and
which would be a part of longer‑term forecasting developments. Box 1 provides an overview
of the existing WMO definitions of hydrological forecasting ranges, although potential forecast
lead times might often differ significantly depending on the scale of the basin, its time of
concentration and the state of current science. Similarly, the way in which the temporal aspects
of seasonal hydrological forecasting are interpreted by different stakeholders across different
geographical areas may be variable.
For the purpose of this document the term “seasonal hydrological prediction” (SHP) is used
to describe methods and systems for the prediction of future hydrological variables, most
commonly streamflow and its statistical properties. A seasonal forecast period exceeds the
catchment’s time of concentration and the common lead times of quantitative precipitation
forecasts (QPF), typically for a period that covers multiweek to monthly or seasonal time ranges.
Operational hydrological services based upon methods described in this document are
applicable to monthly and seasonal time ranges, which is important for water resource
management planning and operations. The underpinning concepts described in this document
are also broadly applicable to a multiweek time range, albeit with some differences, especially
differences relating to consideration of the meteorological forcing datasets. Therefore, in this
document the terms ”seasonal hydrological prediction”, ”seasonal hydrological forecasts” and
”extended hydrological prediction” are used interchangeably. Figure 1 illustrates mapping
between time ranges of meteorological and hydrological forecasts.
Extended hydrological predictions may change from weeks to several months or a few years,
depending on the persistence of the effect of initial hydrological conditions (that is, the system
memory length) and the effect of other drivers included in the forecasting system. Extended
hydrological predictions are therefore the hydrological equivalent to extended‑range weather
forecasts and monthly, as well as seasonal, outlooks forecasting ranges, following the definitions
Box 1. Definitions of forecast ranges in hydrology
WMO Technical Regulations (WMO-No 49), Volume III: Hydrology, provides definitions of
the selected forecasting ranges in hydrology as follows:
Hydrological forecast. An estimation of the magnitude and time of occurrence of
future hydrological events for a specified period and for a specified locality.
Short-term hydrological forecast. A hydrological forecast for a period ending up to
3 days from the time of issue of the forecast.
Medium-term hydrological forecast. A hydrological forecast for a period ending
between 3 and 10 days from the time of issue of the forecast.
Long-term hydrological forecast. A hydrological forecast for a period extending
beyond 10 days from the time of issue of the forecast.
Seasonal hydrological forecast. A hydrological forecast for a season (usually covering
a period of several months or more).
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Meteorological
forecast ranges

Hydrological
forecast ranges

h - hours, d - days, y - years
Time

2h

Nowcasts

12 h

Very short
range weather
forecasts

3d

Short
range weather
forecasts

10 d
Medium
range weather
forecasts

30 d
Extended
range weather
forecasts

2y
Long range
forecasts

Climate
forecasts

Catchment conditions

Short-term forecasts (up to 3 days)

Medium-term
forecasts
(3 to 10 days)

Flood, short-term and medium-term forecasts
(up to 7 days)

Long-term forecasts
(beyond 10 days)

Extended hydrological predictions
(sub-seasonal, seasonal, decadal and interdecadal)

Figure 1. Mapping between hydrological and meteorological forecasting ranges, including
seasonal and extended hydrological predictions. Hydrological forecasts are derived from
meteorological forecasts and/or indicators and initial catchment conditions.
Source: Definitions of meteorological forecasting ranges are adopted from the Manual on the Global Data‑processing and
Forecasting System (WMO‑No. 485), Appendix 1.1. Definitions of hydrological forecasting ranges are adopted from the
Technical Regulations (WMO‑No. 49), Volume III.

of meteorological forecasting ranges in the Manual on the Global Data‑processing and Forecasting
System (WMO‑No. 485). Monthly and seasonal streamflow forecasts are typical examples of the
extended hydrological prediction services.
Recently, a concept of seamless forecasting was adopted by the meteorology community (see
Seamless prediction of the Earth system: From minutes to months (WMO‑No. 1156)). Its aim is to
develop forecasting products that provide users with continuous forecast over various timescales
independently of the forecast preparation methods and procedures. Scientifically correct
methods for merging forecasts for different lead times have also been developed. However,
operational delivery of forecasts using different models remains a challenge (see Seamless
prediction of the Earth system: From minutes to months (WMO‑No. 1156); Pappenberger et al., 2013).
This is largely due to resource constraints of keeping pace with the frequency of rapid upgrades
of different global climate models, each having their own development roadmaps, and different
methods employed to generate retrospective forecasts (or hindcasts) and the resulting impact
on downstream hydrological products and forecast services.
2.2

Sources of seasonal predictability

In general, hydrological predictions over long lead times of weeks, months or seasons are
produced on the basis of two factors (see, for instance, Wood and Lettenmaier, 2008; Yuan et al.,
2015; Figure 2):
1.

Information on the initial hydrological conditions (IHCs) of the basin at the onset of a
forecast and which influence future flow, given in terms of recent past streamflow, soil
moisture, actual groundwater storage, snow accumulation, and so forth;

2.

Reliable information about future climate variability (FCV), represented by the
development of precipitation, temperature and other atmospheric variables during the
forecast period. These forecasts could be derived from resampled historical data, from
climate models or from observed indices of climate and ocean circulation patterns, such as
sea‑surface temperature.

The impact of these two factors and their respective contribution to predictability, however,
differs significantly across space and time.
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Extended hydrological prediction
(sub-seasonal to seasonal time scale)

Sources of
predictability

Initial hydrological conditions

Future climate variability

representing the initial state of the
basin at time of forecast initialization

expected during the period
of forecast lead time
Ensemble of historical
analogues

Sources of
information

Modeled
ensemble

Observed hydrological
parameters:

Observed meteorological
parameters:

Historical
meteorological data:

Climate model
forecast:

‒ snow cover
‒ soil saturation
‒ streamflow
‒ groundwater
‒ reservoir/lake levels, etc.

‒ precipitation
‒ evapotranspiration
‒ temperature

‒ precipitation
‒ temperature
‒ sea-surface
temperature
‒ large-scale indices

‒ precipitation
‒ temperature
‒ other parameters

Figure 2. Sources of predictability in a seasonal hydrological prediction system
The obvious drivers of predictability are the physiographic characteristics of the catchment that
affect the run‑off generation process, such as size, geographic location, land cover and land use,
geology and geomorphology, and the presence of seasonal snow — which can be a dominant
water storage variable — or groundwater interactions. It is important to distinguish between
static or quasi‑static characteristics (such as size, geographic location, geology, geomorphology),
low dynamic characteristics (land cover and land use) and dynamic characteristics (seasonal
snow and groundwater interactions) as this impacts on operational aspects such as the provision
of data. For example, data collection may be a one‑off task (as is the case for static or quasi‑static
characteristics) or a continuous requirement (as is the case for seasonal snow and groundwater
interactions, or, at a higher frequency, land cover and land use). Large basins are likely to retain
longer memory of IHCs than fast‑responding basins; similarly, different predictability between
deep soil and shallow soil cover with small retention capacity is to be expected. The longest
seasonal predictability is found in basins exhibiting either large seasonal snowpacks, or strong
groundwater influences. The present Guidelines will not address the above factors in detail,
however particular attention will be paid to the role of IHCs and FCV information.
Several studies have aimed to quantify variations in predictability contributions from potential
IHCs and FCV at monthly to seasonal scales at both the global level (for example, Shukla et al.,
2013) and regional level (for example, Singla et al., 2012; Wood et al., 2005). The results of
these studies demonstrated that the impact of IHCs was up to six months in snow and arid
climate zones (according to the Köppen climate classification), but less than one month in
warm temperature zones for some periods of the year (Shukla et al., 2013). It is relatively easy to
estimate the memory length of a basin, by running a simulation model with the same forcing
conditions starting from different IHCs, and comparing the outputs to identify the time at which
the time series start to converge. That process can be repeated for different initiation times along
the year (or along the relevant months).
Performing this simulation exercise for specific catchments before starting an SHP operation
is recommended. More recently, new metrics such as “forecast skill elasticities” have been
introduced that quantify the sensitivity of the skill of seasonal streamflow forecasts to either IHCs
or FCV or both (Wood et al., 2016b; Arnal et al., 2017).
The following sections discuss IHCs and FCV sources of predictability in greater detail.
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Initial hydrological conditions

The predictability attributable to IHCs may vary according to location and time of the year.
Generally, pronounced seasonality of the annual precipitation cycle and its state (liquid or
solid) is an indicator of a potentially high impact of IHCs on the predictability of a particular
hydrological system.
Research has demonstrated that information about snow accumulation contributes considerably
to the predictability of streamflow up to several months ahead. As a result, the ability to replenish
reservoir storage can, for instance, be predicted with reasonably high accuracy (see, for instance,
Koster et al., 2010).
Enhanced predictability attributable to the influence of strong seasonality of rainfall on IHCs
has also been demonstrated for a wide range of basins and different climatic settings. Overall,
the streamflow predictability derived from IHCs is not persistent throughout the annual cycle.
A stronger influence is usually observed during the transition from the wet to dry season than in
the opposite direction (Yuan et al., 2015; Shukla et al., 2013).
Soil moisture and recent streamflow both change more dynamically than snowpack, and thus
cause a shorter memory on the hydrological response than snowpack. However, soil moisture
and recent streamflow can be used in large areas of the world outside the snow regime
dominated basins (Mahanama et al., 2012).
The influence of groundwater bodies on long‑term hydrological behaviour is not well researched
for many regions. However, groundwater storage can be expected to retain a longer memory
than soil moisture (Paiva et al., 2012) due to its slower dynamical response. Groundwater storage
becomes particularly important during the low‑flow periods in places with strong seasonality in
rainfall and groundwater recharge.
A specific behaviour might be found in large river systems such as the Amazon, the White Nile or
the Niger River (Paiva et al., 2012). In such cases, due to extended residence times of the flood
in the main channel network and inundation of interior wetland areas, the seasonal forecast
uses information about observed streamflow and inundation volume (extent) as an IHC to
considerably enhance the predictability of flow much further downstream. Similarly, in managed
systems characterized by significant impacts of man‑made reservoirs and related operations, as
well as large river basin systems where natural lakes are present, initial storage volumes in the
reservoirs should be considered as an important IHC for seasonal streamflow prediction.
The extent to which IHCs contribute to the overall skill of seasonal streamflow prediction is
not only site‑ and time‑specific but also depends on the prediction method used and climatic
conditions (as well as the length of the lead time in relation to the memory length). On the
one hand, the impact of IHCs will be significant in situations where the river systems are large
and perennial, and the spread of future climate drivers (especially precipitation) is relatively
small. Such is the case when switching from wet to dry seasons as mentioned above (Yuan
et al., 2013b). In such cases, dynamical modelling, which couples climate and hydrological
models, provides relatively narrow ensembles when compared to classical Ensemble Streamflow
Prediction (ESP) methods (Anderson, 1972; Wood et al., 2016a; Li et al., 2009), which use a
historical climatology as meteorological ensemble input (see Chapter 5).
On the other hand, the importance of IHCs might decrease in situations where a strong climate
driver dominates the predictability. For example, the impact of IHCs might be expected to
be smaller during the significant El Niño and La Niña years than during neutral years (Yuan
et al., 2013a; Sinha and Sankarasubramanian, 2013; Wood et al., 2005) for a location where
hydrological variables are highly correlated with El Niño‑Southern Oscillation (ENSO). Areas
that exhibit marked seasonal behaviour but where catchments are associated with highly
unpredictable and non‑linear response to rainfall events may also fall into this category.
In the case of hydrological extremes, an SHP that is based on IHCs information will likely provide
valuable information after the onset of extreme wet events, especially in large river basins
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exhibiting persistence and seasonality. However, it cannot predict the onset itself, nor a tipping
point, such as a peak and start of the recovery (Pan et al., 2013), as this change is exclusively
caused by future weather developments.
To benefit from the potential of IHCs, it is critical to have the ability to adequately monitor the
respective IHCs and their spatial and temporal variability. Monitoring is generally achieved
through a variety of strategies in combination, including direct and indirect measurement
(through in situ and remotely sensed observations), as well as watershed or land surface
modelling. There is a demand for quality observational networks of in situ stations (precipitation
and streamflow in particular), for exploitation of remotely sensed data and for methods for
interpolation and modelling. For example, in the case of snow water equivalence (SWE), a
sufficient number of in situ observations of SWE might be complemented by satellite information
about snow cover extent and both may be exploited using physical models or geographical
information system (GIS) techniques to derive the overall estimates of water stored in the
basin in the form of snow. The exact description of IHCs in space and time and their use in
the hydrological forecasting system along with advanced data assimilation methods have the
potential to further enhance the prediction skill, especially in cases of complex SHP systems
(Yuan et al., 2015).
However, when evaluating the information content in IHCs, one must consider natural and
artificial factors that might affect their applicability, such as changes in land use and land cover.
Significant changes which have occurred in the past might mimic the real value of IHCs on one
hand, while future changes or high interannual variability (such as crop rotation) might change a
water balance and thus decrease the relative contribution of IHCs towards a skilful SHP system.
2.4

Future climate variability

Large‑scale climate patterns have been found to be important sources of seasonal predictability
in various parts of the world. Their impact, in some cases, reaches even relatively distant areas.
For instance, ENSO has been detected to have distant impact, such as on the monsoon season
over the Indian subcontinent and on Africa (Figure 3). Impact of climatic phenomena over such
long distances is also referred to as teleconnection.
The most prominent example of a large‑scale climate indicator is ENSO (see El Niño/Southern
Oscillation (WMO‑No. 1145)). ENSO describes the natural variations in the ocean (sea‑surface
temperature) and atmosphere (sea‑level pressure and wind patterns) in the tropical Pacific. An
El Niño phase develops when warmer‑than‑usual sea‑surface temperature occurs in central and
eastern equatorial Pacific. Such conditions reduce a normal sea‑level pressure gradient between
the west and east tropical Pacific that drives trade winds. With weaker trade winds, warm water
tends to accumulate in eastern Pacific, interrupting cold water upwell in this region. The opposite
phase of cooler waters in given areas is called La Niña. A clear signal from ENSO can be found in
the temperature, precipitation and flood regime in Australia, North and South America, Asia or
Africa in various seasons (see El Niño/Southern Oscillation (WMO‑No. 1145); Ward et al., 2014).
Known large‑scale patterns are often described by means of pre‑defined indices as indicators
designed to quantify the pattern state and thus to provide the input for possible regression
analysis to study their impact on the climate at given locations. ENSO is described by several
indices (Niño 1+2, Niño 3, Niño 4, Niño 3.4, ENSO Modoki Index, Multi‑variate ENSO
Index (MEI)) which are mostly based on observed oceanic and atmospheric departures from
long‑term average values of a variable, the so‑called anomaly at a specific location or a difference
in sea‑surface temperature between selected areas. Lerat et al. (2015) have demonstrated that
water availability in major reservoirs in south‑eastern Australia can be reduced by up to 30%
during a strong ENSO event relative to that in an average year.
While the typical impact of ENSO is recognized and understood, there are many other large‑scale
patterns with less pronounced impact. Nevertheless, their contribution to predictability of
precipitation and temperature characteristics might have a longer duration throughout the
forecasting interval and might be lagged for several months. For example, research has indicated
that the April value of the East Atlantic‑Western Russia pattern is well‑correlated with July
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(a)

© Commonwealth of Australia 2013

(b)

Figure 3. (a) Schematic diagram of the El Niño‑Southern Oscillation (ENSO);
(b) The likely impacts of the El Niño phase on rainfall and temperature patterns
Source: Australian Bureau of Meteorology

precipitation in small basins in Central Europe (Šípek, 2013). Similarly, the March‑April‑May
sea‑surface temperature of the Indian and Pacific oceans has been found to provide useful
prediction of summer (June to August) streamflow of the Yangtze River in China (Xu et al., 2007).
An important issue for the future application of large‑scale pattern analysis for operational
seasonal forecasting is the need for additional research on the interaction of various large‑scale
patterns. While some large‑scale patterns are interrelated (such as the Pacific and North
American index, as well as ENSO), or in general describe a similar state of the atmosphere over
the same region, there might also be contradictory effects among patterns. For example, the
Indian Ocean Dipole (IOD) has been found to affect the drought in south‑eastern Australia
more strongly than El Niño (Ummenhofer et al., 2009). The combined effect of various patterns
is further influenced by their different periodicity. For example, while ENSO affects interannual
variability (typically 3–8‑year frequency of occurrence of positive and negative phases), Pacific
Decadal Oscillation (PDO) and North Atlantic Oscillation (NAO) have decadal and longer cycles,
while the Madden‑Julian Oscillation (MJO) typically occurs in 30 to 60 day intervals.
Similarly, the intensity of a pattern expressed by the values of the indices does not necessarily
imply that there will be a strong actual impact on streamflow and vice versa.
Table 1 introduces a short overview of selected large‑scale patterns and their indices.
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Table 1. Overview of selected large‑scale patterns that are known to influence climate
Large‑scale pattern
El Niño‑Southern
Oscillation

Acronym
ENSO

Region
Equatorial Pacific

Nature
Sea‑surface temperature
anomaly and atmospheric
pressure anomaly

Indices
Niño 1+2
Niño 3.4
Niño 4
EMI (ENSO Modoki)

Regions impacted
South America, North America, Australia,
Pacific, South Asia, South‑East Asia, East Asia,
South‑East Africa, East Africa, West Africa,
Caribbean

Multi‑variate ENSO
SOI
Madden‑Julian
Oscillation

MJO

Pacific, Indian Ocean,
Africa, South America

Atmospheric circulation
and convection

MJO

Tropics, Africa, North America, South America

Pacific Decadal
Oscillation

PDO

Pacific

Sea‑surface temperature
anomaly

PDO

Pacific, North America, South America

North Atlantic
Oscillation

NAO

North Atlantic

Atmospheric pressure
anomaly

NAO

North America, Europe and Mediterranean,
North Atlantic

Atlantic Multi‑decadal
Oscillation

AMO

North Atlantic

Sea‑surface temperature
anomaly

AMO

North America, Europe and Mediterranean,
North Atlantic, South America

Indian Ocean Dipole

IOD

Indian Ocean

Sea‑surface temperature
anomaly

IOD

Australia, East Africa, Arabian Peninsula, South
and South‑East Asia, South America

North Pacific Oscillation

NPO

North Pacific

Atmospheric pressure
anomaly

NPI

North America

Southern Annular Mode

SAM/AAO

Southern Ocean

SAM

Southern Australia

Scandinavian Pattern

Europe

Atmospheric pressure
anomaly

Europe, North Atlantic, Siberia
Europe, North Atlantic, Siberia, East North
America, North Africa

East Atlantic‑Western
Russia Oscillation

EA‑WR

North Atlantic, Europe

Atmospheric pressure
anomaly

Arctic Oscillation

AO

Arctic

Atmospheric pressure
anomaly

AO

North America, Europe and Mediterranean,
Siberia and East Asia, North trade winds

Mediterranean
Oscillation Index

MOI

Mediterranean

Atmospheric pressure
anomaly

MOI

Mediterranean

Antarctic Oscillation

AAO

Antarctic

Atmospheric pressure
anomaly

AAO

South America, Australia, Antarctica

Pacific‑North American
Index

PNA

North Pacific North
America,

Atmospheric pressure
anomaly

PNA

North America

Intraseasonal Variability

IS

South tropical South
America

Outgoing longwave
radiation anomaly

SIS

South‑eastern South America
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Although a strong correlation has been found between some parameters on very distant areas,
the physical mechanism underlying certain teleconnections remains hidden. In these cases,
special vigilance is required. In addition, knowledge of a physical mechanism of teleconnection
might be a valuable factor in communicating the methodology of analysis and derived prediction
system to the users and building their trust in the forecast.
2.5

Climate conditions during the forecast lead time

For most hydrological systems, the production of an SHP through modelling requires the IHCs
as the model initial condition, and information about future weather and climate drivers as the
boundary condition (the forcing). The latter information might come from the climate forecasts
or from historical analogues.
Estimates of future development of weather and climate variables are implicitly more uncertain
than the observations and estimates of IHCs. In addition, this uncertainty typically increases with
increasing lead time of the forecast. This uncertainty cannot be neglected: for lead times typical
for SHP work the ensemble‑based probabilistic approach is therefore used almost exclusively
(see Chapter 5).
It has been demonstrated that even current state of the art climate modelling does not reproduce
the effects of teleconnections with a satisfactory skill level, with the exception of ENSO (Tippett
et al., 2012). Therefore, improvement in global climate model forecasts is necessary in order to
improve water availability predictions for hydrological applications for long lead times. A second
potential area of improvement for hydrological predictability and accuracy of SHP lies in the
post‑processing of climate model forecasts by considering the effects of large‑scale circulation
patterns and removing biases in predicted rainfall occurrence and amounts (see Chapter 5).

CHAPTER 3. KEY CONSIDERATIONS FOR DEVELOPING SEASONAL HYDROLOGICAL
PREDICTION
Although the institutional arrangements of National Hydrological Services or National
Meteorological and Hydrological Services (collectively referred to here as NMHSs) within a
national governmental structure differ significantly among countries, most countries have an
organization directly or indirectly mandated by law to deliver hydrological services at the local or
national level (see Guidelines on the role, operation and management of National Hydrological Services
(WMO‑No. 1003)). Hydrological forecasting is one of the basic responsibilities of many NMHSs.
WMO promotes a single authoritative voice for issuing forecasts and warnings. At the same time,
a concept of seamless forecasting is generally accepted as the future target in forecasting product
development. Therefore, NMHSs must naturally be considered as organizations responsible for
providing SHP services.
Development of an SHP system is often a response to a specific impetus, which in most cases is
a prolonged episode of drought. When dealing with the task of developing an SHP system, the
following six key areas for consideration have been identified:
–

Understanding of the institutional settings and governance;

–

Value of the service to different sectors of the national economy;

–

Identification of user needs;

–

Method selection and the forecasting approach;

–

Development and implementation of the forecasting system including plans for
transitioning research to operations;

–

Service development and delivery processes including products, communication, feedback
and forecast dissemination strategies, training and education.

These areas are obviously interlinked and often overlap to a certain degree. Each will now be
considered in turn.
3.1

Understanding of the institutional settings and governance

An initial key step is the process of identifying a relevant institutional framework covering
climate and hydrological service providers (Figure 4). Important considerations include:
governance and collaborative arrangements between agencies responsible for developing water
policies; regulations and delivery of water and environmental management; individual users
(farmers, businesses, and so forth); available data (historical observation); tools (models); and
infrastructure (Internet connection, communication channels to users). These factors determine

Government institutions responsible for setting national/jurisdictional
policies and providing funds

National Meteorological and
Hydrological Service
(operational services)

Research and development
agencies (research services)

End users - water, agriculture, environment, energy, tourism, navigation,
finance, health and other sectors

Figure 4. Overview of the institutional framework and key stakeholders involved in
development of national seasonal hydrological prediction services
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the NMHS’s options for developing the SHP system and its potential cost. User needs identified
through workshops and discussions with a wide range of stakeholders need to be assessed
against what is possible and based upon the current state of scientific knowledge and technical
capabilities.
The development and delivery pathway of SHP by NMHSs will depend on the institutional
framework, modelling infrastructure and data availability. In particular, data availability and
quality might be a critical issue in many regions of the world. However, the lack of data does
not necessarily mean that SHPs cannot be developed, as existing global climate datasets might
provide sufficient information for some methods of SHP. Data might also be derived from written
materials or reconstructed based on indirect methods (see Chapter 6).
Capacities of the NMHS also need to be objectively assessed. This includes data,
hydrometeorological and hydrological capabilities, as well as technical infrastructure (such as
computing capacities). Such an assessment needs to be done from the perspective of capacities
required for system development (which is a somewhat complex field requiring advanced
scientific knowledge and capacities for hindcasting), and from the perspective of sustainable
day‑to‑day system operations (requiring trained staff, technical capacities and real‑time data
processing).
3.2

Value of the service

An NMHS is a business, and should be run in a business‑like manner (see Guidelines on the role,
operation and management of National Hydrological Services (WMO‑No. 1003)). That does not
imply that a service such as SHP needs to be a “paid service”, but rather that the customer’s or
user’s needs must be a priority in design of the service and products. Furthermore, a cost‑benefit
analysis should be used in service (system) development and should provide insights to assist
decision‑making on future investment and enhancements/upgrades (see Valuing Weather and
Climate: Economic Assessment of Meteorological and Hydrological Services (WMO‑No. 1153)).
Development of a robust operational SHP modelling and forecast system is essential for delivery
of services on a national scale (see Chapter 8). Such an SHP forecast system might be viewed
from the following perspectives:
–

From a scientific point of view. The aim is to develop the best product (forecasting system)
simply measured by the demonstrated forecasting skill based on a hindcasting experiment.

–

From an operational point of view. The aim should be to deliver the best service. In this
case, the service has to be assessed in terms of: (a) investment cost‑benefit effectiveness;
(b) cost of operation; (c) sustainability of service (human capacities, infrastructure, data,
financial resources); and (d) forecasting skill.

Many research teams are using ensemble dynamical modelling methods based on climate model
forecasts which may be more complex than a simple, cheaper and more or less equally skilful
method for initial implementation and operations. Due to widespread availability of global
climate forecasts from many centres around the world, many countries are aiming to develop
SHP services based upon dynamical methods while making use of the hydrological modelling
infrastructure already available nationally for water management purposes.
Generally, a multiphase process or step‑by‑step development of the system from simple to
complex has the potential to generate improved cost‑benefit ratios over the long term. It enables
quick development of a functional SHP system prototype, in order to demonstrate its value to
the users and to establish the frameworks with cooperating institutions and users. Step‑by‑step
development also allows for a sustainable model of operation to be set up, and for decisions
on investments to be made at each further step, respecting a value‑for‑money principle while
aiming to respond best to users’ demands and preferences. As an example, in Australia, both
seasonal climate and streamflow outlooks were initially delivered to the public using statistical
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methods. In recent years, the seasonal climate outlook has moved to the use of dynamical
methods alone while the seasonal streamflow forecast service is being transitioned to the use of
dynamical forecasting approaches in addition to the current statistical approach (see Chapter 5).
Various methods of cost and benefit analysis that can be applied in evaluating
hydrometeorological services and products are described in Valuing Weather and
Climate: Economic Assessment of Meteorological and Hydrological Services (WMO‑No. 1153).
In general, two types of methods exist: (a) a sector‑specific method to estimate the costs
and economic benefits in users’ sectors using economic data and expert surveys; and (b) a
benchmarking method to assess costs and benefits observed in other countries (Valuing Weather
and Climate: Economic Assessment of Meteorological and Hydrological Services (WMO‑No. 1153)). It is
also important to identify the cost holders and beneficiaries which will in many cases be different
institutions and individuals.
3.3

Identification of user needs

Identification of users, their needs, and their skills (see Chapter 4) is a key element in system
design, development and operation. Emphasis should be placed on what the client requires,
not what the supplier wants to supply. It is therefore the job of the latter to determine: what
the client requires and ways of providing it (see Guidelines on the role, operation and management
of National Hydrological Services (WMO‑No. 1003)). This includes identification of the product
(form, customization, etc.); the means of service delivery (such as availability of information
via the Internet and web services); possibilities of pricing, or funding mechanisms (which
ensure sustainability of the service and meet the client’s expectations of value for money); and
demonstration of the end‑user benefits.
It is critical to involve users from the start of the service design and development to properly
address their needs and preferences, and to keep them involved throughout the process. NMHSs
“also should recognize that client needs and expectations are changing continually, as the
decisions that clients make become more complex and risky” (see Guidelines on the role, operation
and management of National Hydrological Services (WMO‑No. 1003)). The worst scenario is to build
and operate a system without dissemination of outputs to users, which means expending all the
financial resources without realizing any benefits.
3.4

Method selection

A selection of the method to be used in SHP (see Chapter 5) is conditioned on the
above‑mentioned factors including the availability of historical and operational data, a review
of the potential skill of particular methods in the area of interest, user needs and the available
capacity and resources. When balancing all those factors, the SHP method could serve as a
benchmark for comparison of skill, cost and benefits of other methods.
3.5

Development and implementation of forecasting systems

Technical development of the SHP system might be done in‑house by the NMHS or by external
experts (at universities, research centres) if this task exceeds the capabilities or capacities of
NMHS staff. In both cases, a proper project management framework must be established.
In most cases, weather, climate, hydrology and information technology domains need to
work closely with the research and development sector for developing the required forecast
systems. WMO Guidelines on the role, operation and management of National Hydrological Services
(WMO‑No. 1003) proposes that “A logframe analysis should, properly, be carried out at the
earliest stage of project development, to ensure that the project concept is logically structured
and actually will achieve the outcomes sought”.
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In addition to the elements named in Box 2, the Logical Framework Analysis needs to consider
how the forecasts will be communicated to end users and what could be the barriers to adoption
of forecasts. Therefore, a communication and adoption strategy is generally needed.
Box 2: Summary of a Logical Framework Analysis
–

What is the goal of the project? Development of an SHP system

–

What activities need to be carried out to achieve that goal? Major steps of development (see below,
steps (a) to (j))

–

What resources and inputs are required? Data, tools, budget, human expertise

–

What could affect the success of the project? User support, capacities

–

How will the progress and success be measured and verified? Setting milestones, deliverables
and indicators

The major steps of development are:
(a)

Clear identification of end‑user needs;

(b) Assessment of the scientific capabilities, and knowledge and technology gaps;
(c)

Evaluation of options and development of the roadmap for SHP services;

(d) Design of the SHP system based on identification of conditions and users’ needs;
(e)

Acquisition of the required data, establishing data access and quality assurance and quality
control protocols, and processing of historical data;

(f)

Development of the hydrological forecasting system for delivering SHP services;

(g) Use of hindcast experiments to verify the system design and setting and demonstrating its
value for the users;
(h)

Transition of SHP research to operations, including necessary human and technological
capacity‑building;

(i)

Product design, and development of a suitable forecasting system including end‑to‑end
delivery of forecast updates for the needs of specific users;

(j)

Elaboration of a communication and adoption strategy, including an assessment of the
barriers to adoption of forecasts by end users.

An implementation plan for real‑time operations is also required, which involves the following:
–

Installation of SHP software packages on new or existing hardware or IT infrastructure;

–

Establishment of operational data flows and products distribution;

–

Organization of service operation (such as standard operational procedures,
responsibilities, training of forecasters);

–

Establishment of user outreach and feedback mechanisms.

3.6

Service development and delivery processes

“It is becoming increasingly important for Hydrological Service staff to learn to package their
products to meet the needs of particular clients and thus add value.” (see Guidelines on the role,
operation and management of National Hydrological Services (WMO‑No. 1003)).
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A good product should be understandable, it should provide the relevant information to the user,
and it should minimize the risk of misinterpretation. A general trend in forecasting is to move
from phenomenon‑based to impact‑based forecast products that better reflect the users’ needs.
In addition, experience has shown that advice or guidance on actions to be taken, which are
attached to the forecast, are valuable for the general public as well as specific user communities
(for example, the seasonal forecast produced by the Regional Climate Outlook Forum (RCOF)
covering West Africa includes advice on crop selection for farmers).
Producer‑user communication is a continuous process of promotion and user education on the
one hand, and feedback to the producer on products and their usability, on the other hand.
As expressed previously, the main obstacle in implementing a functional SHP system might be its
adoption by users for everyday use and decisions. In a market economy, the consumer naturally
selects products that provide the best value for money. Similarly, in the case of provision of
services like SHP, regardless of whether the service is provided as a public good or commercial
product, users must understand its value. To do so, they must recognize how such information
should be influencing their decision‑making processes. Therefore, a critical issue of service
implementation is verification of forecasts and demonstration of forecast skill and value to the
users, not only at the time of implementation of the SHP system but continuously during its
operation, to build and retain user trust and confidence in the service.

CHAPTER 4. USERS AND THEIR NEEDS
User sectors

4.1

The World Economic Forum’s Global Risks Report recognized the water crisis as the top global
risk in terms of its adverse impacts on various countries around the world for the next 10 years
(World Economic Forum, 2016). Future projections about water availability, as a result of climate
change, projected exponential population increases and rapid industrialization of developing
economies during the twenty‑first century all indicate a direct threat to water security for many
countries around the globe (see Figure 5).
Water availability is a general prerequisite for life and economic activities; therefore, the range
of potential users of seasonal hydrological forecasts covers the majority of the main economic
sectors either directly or indirectly (see Table 2). A good understanding of the national water
security situation, institutional settings and governance arrangements, and needs for water
availability across various sectors of the economy, is essential prior to developing a roadmap of
national SHP services.
User needs

4.2

The identification of users’ needs must be an initial step in seasonal forecasting system
development, and it warrants significant attention to prevent future misunderstandings or
solutions that may undermine the use of seasonal forecasts in users’ decision‑making. While
engaging users, it is advisable to introduce the benefits of seasonal forecast, using available
examples from around the world, or expected products and their potential use. Communication
with users must be accommodated at initial planning stages to maximize benefits from SHP
services at a later stage. This approach will also assist in minimizing barriers to adoption of
forecasts by end users.

Incident human water
security threat
0.2
0

0.6
0.4

1
0.8

No appreciable flow

Figure 5. Risks to water security are a threat to national economies across the world.
“Incident human water security threat” (from 0‑1) is a relative threat index.
Source: Vörösmarty et al., 2010
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Table 2. Overview of user sectors and potential use of seasonal hydrological forecasts
Sector

Potential use of seasonal hydrological forecasts

Water management

Guiding water resource and environmental flow management.
Reservoir operation and planning to optimize flood mitigation and to support
consumptive and non‑consumptive urban and rural water use.

Governance and
institutional

Planning water allocation and delivery at seasonal time ranges within legal
frameworks of water use governance for sharing water resources (for example,
among countries in a region, or across jurisdictions within a country).

Agricultural

Using runoff, soil moisture and landscape wetness information to significantly
benefit dryland and irrigated agriculture, albeit to varying degrees. Such
information is needed to identify water shortfalls for the upcoming season.

Environmental
protection

Informing Integrated Water Resources Management (IWRM) planning, for
maintaining healthy rivers and wetlands. This information is needed to identify
potential variations (both in quantity and quality) from the standard conditions,
promoting the survival of water‑dependent ecosystems.

Civil protection
(emergency
management)

Providing additional flood guidance and supporting flood planning.

Navigation

Planning, channel maintenance and optimization of logistics to minimize
significant possible losses from interruptions in inland maritime navigation
during low flows.

Energy

Supporting energy demand and supply management for hydropower
generation (especially dam inflow forecasts).

Industrial

Supporting industries that are dependent on water availability, such as the food
and infrastructure industries, and mining and heavy industries. Such information
is needed to identify potential shortfalls.

Tourism

Supporting recreational activities such as fishing and boat cruises. Providing
tourism operators with data about river and marine water quality impacts from
cyclone or drought events.

Health

Planning for minimizing the impacts of droughts and flood events and their
associated health implications, such as decreased sanitation services and
decreased availability of clean drinking water .

Financial

Providing a sound basis for risk‑based design of financial services and pragmatic
region‑specific insurance products.

To bring to light any possible pitfalls in system design it is important to discuss with the user
community their needs, including:
–

Forecast resolution (spatial and temporal, for example, monthly, quarterly);

–

Frequency of forecast update. If the user operates on a weekly time range, for example, in
the case of energy production planning, products must be accommodated to this mode of
operation to be useful;

–

Timing of the forecast issuance. The benefit of the forecast is always materialized through
the user’s decision. Therefore, late delivery of the forecast — for example, forecast of
seasonal water availability for irrigation after the planting season — is of no value. On
the other hand, some decisions may benefit from even longer lead times (earlier forecast
availability), such as decisions regarding early seeds acquisition for better prices;

–

Geographical coverage of the planned service;

–

Linkages of forecasts to planning and decision support systems of the water utilities;

–

Thresholds that are relevant for users’ decision‑making as compared with climate forecasts
that usually use three tercile categories (above/below/normal). Specific users might desire
a different threshold, such as a probability that total inflow to the reservoir will be less than
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a given volume expressed in cubic metres representing 15% of the lowest values, while
operating without restrictions for higher values (in some cases a tailored model for specific
extreme conditions may be developed, for example, a drought prediction model that does
not perform well for wet conditions);
–

Suitable and understandable graphical expression and content of the forecast bulletin (for
example, expected additional advice on crop selection);

–

Any other user demands.

Users’ demands need to be critically assessed and accommodated as much as possible by the
NMHSs. Possibilities should be assessed and matched to ”realistic capabilities”. For example, it
can be expected that users will demand at least daily resolution of flow for a given exact location,
however that might not be technically possible or economically feasible. Consultation with end
users is essential, to keep them informed of possibilities prior to final design of the seasonal
forecasting products and services.
The interaction with users and stakeholders in seasonal forecasting is the cornerstone of
successful operational service that delivers benefits to users and society. The Euporias project
(2012‑2017) researched the awareness of users about the benefits of seasonal to decadal climate
forecasts and their needs for service delivery across Europe1. It concluded that, in general,
users understand well the potential benefits of seasonal forecasts, but their understanding of
forecasting products is limited. It also found a strong preference for information formats that
facilitate “yes/no” type binary decision‑making in the water and energy sectors. The conclusion
of the research highlighted the importance of:
–

Ensuring that information regarding confidence and uncertainty is presented in a manner
that is readily comprehensible;

–

Taking into account the types of decision‑making that will likely be supported by extended
predictions;

–

Fully testing visualizations to ensure that they are interpreted as intended.

1

See http://euporias.predictia.es/

CHAPTER 5. METHODS
Seasonal streamflow predictions are less widely known than seasonal climate predictions, but
nonetheless have a history extending back to the early twentieth century in some countries. They
are now made routinely at a number of operational meteorological and hydrological centres
around the world, and their production and use has expanded greatly in the last several decades.
Seasonal hydrological prediction of water availability for water supply catchments in the major
river basins at multi‑week, sub‑seasonal to seasonal and even multi‑year time ranges are critical
for supporting operational water planning and management, such as water allocation planning
and delivery, environmental water management, minimizing water losses, and balancing the
supply and demand pressures. This need for forecasts of hydrological conditions in response to
highly variable and uncertain meteorological conditions on the scale of weeks to seasons has led
to development and implementation of various methods for delivering seasonal hydrological
predictions. This chapter summarizes methods in use or under development in many countries
around the world for delivering seasonal hydrological predictions at multi‑week and seasonal
time ranges with a focus on streamflow.
5.1

Overview

Forecasting streamflow at sub‑seasonal to seasonal time scales is a challenging task, because
the predictability of climate over monthly to seasonal lead times is low. However, predictability
can be increased by integrating the effects of soil moisture, snow, groundwater, surface water,
as modulated by geomorphology, land use and land cover (initial hydrological conditions)
in translating precipitation and temperature variability to streamflow variability over days to
months ahead. Seasonal and sub‑seasonal streamflow forecasting methods aim to quantitatively
model both sources of input, namely catchment conditions (which are often termed ”initial
hydrological conditions” or IHCs) and seasonal climate predictions. In so doing, the modelling
methods will also statistically assess the predictive uncertainty in a reliable manner.
Seasonal predictions of water availability can be made using dynamical methods, statistical
methods, or a combination of both, termed ”hybrid methods” (see Figure 6).
The dynamical approach for seasonal water availability prediction consists of running
dynamical climate models to produce predictions of rainfall and other climate variables, which
are then fed into hydrological models to produce predictions of streamflow (Tuteja et al.,
2011). The term ”dynamical climate prediction” is used in the present Guidelines to refer to the
application of coupled ocean and atmosphere general circulation models for seasonal prediction
purposes (Figure 6). The ”dynamical hydrological modelling” approach relies on the raw or

Global
climate forecasts
Downscaling model
(statistical/dynamical)

Catchment hydrologic
observations
Dynamical hydrologic
model

Ocean/atmospheric
observations
Statistical streamflow
model

Forecast verification

Probabilistic streamflow forecasts
(multi-week to season)

Streamflow forecast
merging model

Figure 6. Conceptual representation of a multi‑method seasonal streamflow forecasting
approach
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downscaled and/or post‑processed seasonal climate predictions, from the aforementioned
models, being input to river basin scale hydrological models, which can be of varying levels
of complexity.
The statistical approach is data driven, relying on relationships between the variables of
interest to be predicted (such as streamflow) and climate variables or IHCs. Many climate
indicators based on atmospheric pressure and sea‑surface temperatures (SST) have been linked
to future seasonal rainfalls. Such relationships have been used to predict streamflow several
months or seasons ahead (see, for instance, Glantz et al., 1991; Hammer et al., 2000; Chiew et al.,
2003; Wang et al., 2009; Robertson et al., 2013; and Wang and Robertson, 2011).
Forecasts of the likely streamflow at long lead times of weeks to seasons are necessarily
probabilistic in nature. It is therefore essential that these forecasts consider the full range
of uncertainty associated with: (a) climate forecasts (rainfall and other relevant variables);
(b) hydrological models used to transform rainfall to streamflow; (c) measurements of
streamflow, rainfall and other variables used in the forecast process; and (d) streamflow forecasts
(see, for example, Wang et al., 2009; Kuczera et al., 2010; Tuteja et al., 2011).
The statistical and dynamical forecasts (or streamflow forecasts based upon alternative
dynamical climate models) have been found to be similarly reliable in ensemble spread, but
can vary in skill by hydro‑climate regions, catchments and seasons (Lerat et al., 2015). Merging
statistical and dynamical streamflow forecasts or those derived from multiple dynamical models
can then allow forecasters to take advantage of the better performing models and provide a
consistent set of forecasts to the users (Mendoza et al., 2017; Rosenberg et al., 2011).
Some operational examples of seasonal hydrological predictions that use a variety of methods
exist in the United Kingdom of Great Britain and Northern Ireland, United States of America,
Australia, Canada, Russian Federation, and a few countries in South America, Africa and Asia.
Case studies of seasonal hydrological predictions from many other countries around the world
are currently being collated under the WMO Global Hydrological Status and Outlook System
(HydroSOS)1 initiative.
As an example, Hydrological Outlooks in the United Kingdom provide information on the
water situation (rainfall, river flow and groundwater) over the three months ahead and beyond
(see Figure 7). They are intended to be used alongside other sources of information such as flood
warnings, meteorological forecasts and water situation reports. In these Hydrological Outlooks,
three modelling methods are used for seasonal hydrological forecasting: (a) Persistence and
Analogy; (b) Ensemble Streamflow Prediction; and (c) Dynamical Rainfall Forecasts used within a
gridded hydrological model G2G (Prudhomme, et al., 2018; Bell et al., 2017).
Ensemble predictions of long range hydrological forecasts for the USA are available from the
National Weather Service, National Oceanic Atmospheric Agency (NOAA) (see Figure 8).
Forecasts are derived from a Hydrological Ensemble Forecasting System (HEFS) and historical
simulations. Forecast products are available as exceedance probabilities of river level thresholds
over the three months ahead. Water availability forecasts at seasonal time ranges are also
provided by each of the thirteen River Forecast Centres, and forecast products are customised to
the service regions.
5.2

Statistical methods

Statistical methods have a longer history in streamflow forecasting than any other approach,
and they have traditionally been used to harness predictability associated with catchment IHCs.
Since the early twentieth century, water management in regions where pronounced snowmelt
cycles exist has related catchment snow conditions to seasonal streamflow volumes. The earliest
techniques were graphical, followed by more rigorous regression‑based approaches, some of
which are still in use today (see, for example, Garen, 1992; Pagano et al., 2004). A second purely
statistical technique that emerged in the literature in the 1990s is the regression of streamflow
1

See https://community.wmo.int/activity-areas/global-hydrological-status-and- outlook-system-hydrosos
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volumes onto climate system indices, an approach that leveraged a growing awareness of the
influence of teleconnections such as ENSO on regional climate and hydrology (Hamlet and
Lettenmaier, 1999; Piechota and Dracup, 1999). Figure 9 depicts the elements of the statistical
forecasting approach.
Multi‑variate regression and empirical prediction of streamflow

5.2.1

Multi‑variate linear regression constitutes a simple, yet robust statistical tool upon which to base
a seasonal forecasting streamflow model. This type of model is based on the correlation between
a set of predictors and a predictand variable related to the forecast variable (for instance,
the monthly flow during the coming month). The unknown parameters are the regression
coefficients that can be estimated with the least‑squares or other methods if the regression
residuals are independent and approximately normal. When this is not the case, transformation
of variables can be applied, or more complex inference algorithms can be employed such as
non‑parametric or Bayesian methods.
Two main approaches have been proposed in the literature for design of such regression models.
In the first one, the predictors are observed climate variables (for example, the observed last
month rainfall, or the average ocean temperature across the Niño 3.4 domain, and so forth)
and hydrological variables (for example, last observed monthly flow, current SWE, recent
accumulated precipitation). In this case, it is assumed that the regression model is a first order
approximation of a physical model representing the transformation of atmospheric fluxes and
most importantly IHCs into seasonal discharge or volume. This approach generally produces
reliable forecasts, but generally lacks sharpness, especially during extreme events, due to simple
approximation in the representation of highly non‑linear physical processes. An example of this
approach is given by Souza et al. (2003) in Brazil, and it has been used in the United States for
nearly 70 years (Pagano et al., 2014), as well as in operational long‑term forecasting practices in
the Russian Federation (Borsch and Simonov, 2016).
In the second approach, the predictors are the output of a dynamical hydrological model that
is forced by dynamical climatological models’ output of rainfall and temperature. In this case,
the regression model plays the role of a post‑processor that intends to correct for the inaccuracy
of the physical model. This approach can deliver forecasts with a high level of skill if both the
rainfall forecast and the hydrological model perform well. In the opposite case, the regression
generally reverts to forecasts that are like the ones produced with the first approach. Examples of
this second approach are given by Wood and Schaake (2008) and Rosenberg et al. (2011) in the
United States.

UK Hydrological Outlook
Provides UK-wide seasonal forecasts of river flow and groundwater.
Collaboration between Met Office, UK rivers and environment agencies,
Centre for Ecology and Hydrology and British Geological Survey
Three modelling methods for hydrology:
Monthly mean river ﬂows simulated by the Grid -to-Grid hydrological model
Period: December 2021

Issue date: 06.01.2022

This map shows the simulated monthly mean ﬂow across Great
Britain for last month, ranked in terms of 54 years of historical ﬂow
estimates (1963 – 2016).

Note that the G2G model provides estimates of natural ﬂows.

Current Daily Simulated Subsurface Water Storage Conditions
Based on subsurface water storage estimated for 31
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December 2021

Issue date: 06.01.2022

These maps are based on Grid-to-Grid (G2G) hydrological model simulated subsurface water storage, expressed as an anomaly from the historical monthly mean. To highlight areas that are
particularly wet or dry, the storage anomaly is presented here using a colour scale highlighting water storage relative to hi
storical extremes. The maps below show the “relative wetness”
which combines maps previously shown separately as the “relative wetness” and “relative dryness”.
These maps do not provide a forecast and are not maps of soil moisture. Instead they indicate areas which are particularly wet or dry. Rainfall in areas with high positive relative wetness could
result in ﬂooding in the coming days/weeks. Areas of negative relative wetness provide an indication of locations which are particularly dry, and little or no rain in these areas could potentially
lead to (or prolong) a drought.
SUMMARY: At the end of December, subsurface water levels were higher (wetter) than normal across much of Britain with some very wet ar eas in northern England and southern Scotland.
However, subsurface water levels in northern Scotland, and some areas of central and southern England, were lower (drier) tha n normal.
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The Hydrological Outlook UK provides an outlook for the water situation for the UK over the next three months and beyond. Forguidance on how to interpret the outlook, a wider range
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These maps show the return period of the rainfall required to overcome dry conditions simulated using the Grid-to-Grid (G2G) hydrological model.
The maps are coloured according to the return period of accumulated rainfall required to overcome the estimated current subsurface water
storage deﬁcit over the next few months.
These maps do not provide a drought forecast. Instead they indicate the return period of rainfall required to overcome the dry conditions for the
following 6 months based on current conditions.
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The Hydrological Outlook UK provides an outlook for the water situation for the UK over the next three months and beyond. Forguidance on how to interpret the outlook, a wider range
of information, and a full description of underpinning methods, please visit the website: www.hydoutuk.net

This outlook is based on monthly ensembles of historical
sequences of observed climate (rainfall and potential
evapotranspiration) that form input to a hydrological model. The
outputs are probabilistic simulations of the average river ﬂow over
the forecast period (1 to 12 months ahead), at each location. The
simulations are generated by the GR4J conceptual rainfall-runoﬀ
model from IRSTEA (France) calibratedon observed or naturalised
ﬂows.

The bar plot maps show the outlook distribution for 1, 3 and 6month period for 64 catchments across England and Wales. Each
bar plot represents the probabilistic distribution of the simulated
river ﬂow compared to the historical river ﬂow, for the same n month period. The probabilities fall within ﬁve categories,
classiﬁed as: low, below normal, normal, above normal and high.

The Hydrological Outlook UK provides an outlook for the water situation for the UK over the next three months and beyond. For
description of underpinning methods, please visit the website: www.hydoutuk.net

This outlook is based entirely on historical sequences and
therefore does not contain any knowledge of the state of the
atmosphere and ocean. It is hence possible that some of the
historical sequences used might be inconsistent with current largescale atmospheric conditions and would therefore be unlikely to
occur in the next few months.
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These ﬂows are produced by the 1km resolution Grid-to-Grid (G2G)
hydrological model, which is run up to the end of each calendar
month using observed rainfall and MORECS potential evaporation
as input.
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guidance on how to interpret the outlook, a wider range of information, and a full

Figure 7. Example of operational seasonal hydrological forecast from UK
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https://water.weather.gov/ahps/long_range.php

Figure 8. Example of operational seasonal hydrological forecast from USA
Ocean/atmosphere
observations/analyses

Catchment hydrologic
observations/analyses

Catchment meteorological
observations/analyses

Statistical forecast model
(e.g. MLR, PCR, BJP)

Probabilistic volumetric
streamflow forecasts
Key
Statistical trace generation

Data
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Probabilistic streamflow
trace (ensembles)

Method
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Figure 9. Schematic of statistical forecasting approach. Dashed lines indicate components
that are less common, depending on stakeholder needs.
Notes:
MLR = Multi‑variate linear regression
PCR = Principal component regression
BJP = Bayesian joint probability

5.2.2

Advanced statistical method: The Bayesian joint probability approach

Monthly updates of streamflow forecasts for the three months ahead are currently made in
Australia using the statistical Bayesian joint probability (BJP) modelling method. An example
of forecast products illustrating forecast uncertainty delivered by the Australian Bureau of
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Meteorology (BoM) is shown in Figure 10. These forecast products include 5 000 ensembles
of accumulated 3‑month streamflow volume. Forecast streamflow for three months ahead
are presented as red‑shaded boxplots, while observed streamflow for the previous month is
presented as a dark blue horizontal line (Figure 10(a)). The three forecast periods represented
by boxplots include a streamflow volume for month 1 of the forecast period, a two‑month
accumulated streamflow volume for months 1 and 2, and a three‑month accumulated
streamflow volume for months 1, 2 and 3.

(a)

(b)

(c)

Figure 10. Schematic of unregulated inflow to Hume Dam for April to June 2021. Seasonal
streamflow forecasts are shown as (a) box plots, (b) terciles and (c) exceedance probabilities.
Seasonal streamflow forecast products illustrating forecast uncertainty for more than
300 locations across Australia, updated each month by the Bureau of Meteorology, are
available at www.bom.gov.au/water/ssf.
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Historical reference distributions are a statistical representation of the historical data. The
historical reference is presented as a background to the observed and forecast streamflow
information, for the respective time periods covered by each. A medium blue colour band
represents the interquartile range (25%–75%) while a lighter blue band represents the extent
of the 5th and 95th percentiles of the historical reference data. A thin blue horizontal line in the
centre of these bands represents the median. The historical reference data used in this plot is
derived from the available historical streamflow record for the location selected.
The forecast is made for individual months over the three‑month forecast period. It is a
simulation from the BJP model, with 5 000 simulations run separately for the same period. This
represents 5 000 equally likely outcomes where uncertainty in information used in the modelling
has been factored in. The spread of ensembles is the distribution of likely streamflow conditions
ahead, which is summarized by the boxplots: a wider range indicates lower confidence whereas a
narrower range indicates greater confidence in forecasts. A technique called the Schaake‑Shuffle
(Clark et al., 2004) is used to make sure there is consistency between the three individual months
in terms of matching ensembles from the 5 000 different model simulations run for each month.
To determine the terciles, historical data are arranged in order from lowest to highest and
partitioned into three equal groups (Figure 10(b)). The lowest third of the data values are
defined as the ”low flow” tercile, the middle third of the values are the ”near‑median flow” tercile
and the upper third are the ”high flow” tercile. The historical reference data used for this plot is
derived from the available historical streamflow record for the location selected.
The values that partition the historical data into terciles are applied to the forecast distribution.
The percentage of the forecast that is in each tercile is displayed as a series of three stacked
bar plots based on streamflow volumes for month 1 of the forecast period, a two‑month
accumulated streamflow volume for months 1 and 2, and a three‑month accumulated
streamflow volume for months 1, 2 and 3.
The stacked bar plot heights represent 100% of the forecast ensemble outputs, and the three
partitions within each bar correspond to the proportion of forecast outputs in each historical
tercile range. The percentage values shown within each tercile represent the percentage
likelihood of the forecast flows falling into this range for this forecast period.
The exceedance probability is the likelihood that a streamflow volume, shown on the horizontal
axis, will be exceeded for the given location and the selected month(s) within the three‑month
forecast period (Figure 10(c)). The spread of ensembles is the distribution of likely streamflow
conditions ahead, which is summarized by the exceedance curves.
Model formulation, parameter inference and forecast generation
The BJP method is designed to empirically capture relationships between streamflow volume in
a forecast period (predictand) and the initial states of catchment and climate (predictors) (Wang
and Robertson, 2011). The method has three components: (a) model formulation, parameter
inference and forecast generation; (b) predictor selection; and (c) probabilistic forecast
verification (Figure 11).
The BJP method assumes that a transformed set of streamflow and their predictors follow a
multi‑variate normal distribution (Wang and Robertson, 2011; Wang et al., 2009). A typical
model comprises a predictor of the antecedent catchment conditions represented by recent
observed streamflow, one climate index predictor and a streamflow predictand, and may
require up to 13 parameters (see Wang and Robertson, 2011 for details). Model parameters and
their uncertainty are inferred using a Bayesian formulation, which is implemented through a
Markov Chain Monte Carlo (MCMC) sampling method. Forecasts are made by conditioning the
multi‑variate distribution on predictor values represented by a 5 000‑member ensemble.
The log‑sinh transformation (Wang et al., 2012) is used to normalize streamflow and rainfall
variables and stabilize the associated variances. Under arid to semi‑arid conditions, many
catchments experience prolonged periods of zero streamflow and rainfall. The log‑sinh
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Figure 11. Schematic of the statistical Bayesian joint probability model (Wang and Robertson,
2011) used for seasonal streamflow forecasts by the Bureau of Meteorology, Australia
transformation enables dealing effectively with the zero‑lower bound. The initial BJP formulation
uses the Yeo‑Johnson transformation, which is an extended form of the Box‑Cox transformation.
The Yeo‑Johnson transformation is used for variables such as climate indices, which can be both
positive and negative in value.
The use of the joint distribution model, instead of a regression type of model, makes it possible
to use data that contain non‑concurrent, missing and censored records. When zero streamflow
or rainfall occurs, the record is treated as censored data. This allows the use of a continuous
probability distribution, and it circumvents the need for less desirable mixed discrete and
continuous distributions. A Bayesian MCMC sampling is used to infer parameters including their
uncertainty. For forecast generation, the posterior distribution of the predictand, conditioned on
given values of predictors, is repeatedly sampled to produce an ensemble, which is a numerical
representation of a probabilistic forecast.
5.2.3

Predictor selection approaches

Predictors are used to represent the influences of initial states of catchment and climate. The BJP
method uses antecedent streamflow and rainfall to represent the initial catchment state, and
several antecedent climate indices to represent the initial climate state. The candidate climate
predictors used in the BJP model are: Southern Oscillation Index (SOI), NIÑO3 (SST anomaly over
90°W–150°W, 5°S–5°N), NIÑO3.4 (SST anomaly over 120°W–170°W, 5°S–5°N), NIÑO4 (SST
anomaly over 150°W–160°E, 5°S–5°N), ENSO Modoki Index, Indian Ocean Dipole Mode Index,
Southern Annular Model, and so forth (see Robertson et al., 2013 for details).
It is important that in predictor selection, which is based upon hindcasting, predictors are
selected on the basis of forecast performance for independent events, rather than simply
fitting models with all observed historical data. A stepwise predictor selection method based
on a pseudo‑Bayes factor was therefore developed and applied (Robertson and Wang, 2012).
To separate the effects of initial catchment and climate states, predictors related to the initial
climate state are selected based on their ability to forecast rainfall, rather than streamflow.
In later developments, output from a conceptual hydrological model was used as the only
predictor to represent the influence of the initial catchment state, and forecast climate indices
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from a dynamical climate model were added to the list of candidate predictors related to the
climate state (Pokhrel et al., 2013; Robertson et al., 2013). Downscaled dynamical climate model
predictions have also been used by statistically correcting them prior to use within the statistical,
dynamical or hybrid methods.
Probabilistic forecasts must be assessed using stringent methods in retrospective mode or on
new forecasts for quantifying accuracy and reliability in uncertainty representation. These
include several skill scores, reliability plots and more detailed displays for detecting error
patterns. Methods used to assess forecast performance are discussed in Chapter 7.
5.3

Dynamical methods

Dynamical streamflow forecast methods make use of a dynamical hydrological model in
conjunction with either resampled historical climate sequences (for example, Ensemble
Streamflow Prediction (ESP)) or direct use of precipitation and temperature forecasts from
initialized Global Climate Models (GCMs), which are often referred to as seasonal climate
forecast models. Invariably, there is a need for hydrologic scale pre‑processing/downscaling of
precipitation forecasts from the GCMs prior to their use in hydrological forecasting. General
approaches are described here along with more specific experiences in Australia and the
United States.
Since the mid‑1970s, dynamical approaches based primarily on using hydrological models
to simulate catchment IHCs began to be developed and were later introduced operationally
for seasonal streamflow forecasting (Wood et al., 2016a). At the time, operational dynamical
climate predictions were in their infancy, and statistical predictions based on climate system
observations were also still restricted mostly to research. Philosophically, dynamical approaches
(that is, those based on hydrological simulation models) have been regarded as a scientific
advance over statistical ones. Practically, they offer several important enhanced capabilities. In
addition to streamflow volume forecasts, time‑stepping simulation models can generate daily
(or shorter) time‑step ensemble outputs up to a season, which can be useful inputs for running
reservoir operations and management models. Furthermore, information at multiple temporal
scales can be more easily integrated into the seasonal forecast. For instance, weather forecasts
in the hours to days lead times could be embedded into seasonal length meteorological forecast
input traces, which could potentially also include climate information. While this proposition
is attractive, making forecasts consistent with observations at multiple lead times is non‑trivial
and involves sophisticated streamflow post‑processors. Purely statistical approaches are less
amenable to aggregation of forecasts at multiple time ranges.
Today, the most common implementation of a dynamical forecast system is the use of a
hydrological model in real time to estimate catchment IHCs to initialize an Ensemble Streamflow
Prediction. The model is forced with recently observed catchment meteorology up to the
forecast start date, and thereafter with various ensemble forecast datasets to represent future
weather and climate. Commonly, the forecast meteorology includes outputs from dynamical
numerical weather prediction (NWP) systems for short‑range lead times. In some cases, outputs
from dynamical GCMs run in a seasonal forecast mode are also used after downscaling. However,
for long lead times (months to seasons), downscaled climate forecasts commonly lean towards
historical catchment observations for the forecast period. In reality, few forecast systems are
purely dynamical, as most employ statistical methods as part of their workflow. The use of
statistical downscaling instead of dynamical downscaling for climate model forecasts is a key
example. Figure 12 illustrates a schematic workflow of a (mostly) dynamical forecast system.
5.3.1

Catchment hydrological modelling

The distinguishing feature of dynamical hydrological prediction, in contrast to statistical
prediction, is a reliance on a catchment hydrological or land surface simulation model. Such
models span a wide range of complexity. A common modelling approach used for this purpose
over the last few decades employs the conceptual models developed by the United States
National Weather Service (NWS) and other national operational agencies. Such models are
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Figure 12. Schematic of a dynamical seasonal streamflow forecasting system. Due to
dynamical model errors, statistical techniques are often added to the workflow to improve
the accuracy and skill of dynamical forecast outputs.
Note:

OAGCM = Ocean–atmosphere coupled general circulation model

applied in lumped or semi‑distributed forms to hydrologically similar response areas or ”units”
(HRUs), operating with an hourly to daily to monthly time step. Examples include Snow17, a
temperature‑index snow model, (Burnash, 1985), as well as similar approaches used in the HBV
model (Bergström, 1995) and the GR4J model (Perrin et al., 2003). These models are highly agile
and low dimensional, which makes them capable of simulating ensemble forecasts over long
lead times, and over large national or continental domains. In Europe, for instance, the Swedish
Meteorological and Hydrological Institute is implementing the conceptual HYPE model in
configurations spanning both Sweden as well as all of Europe (Donnelly et al., 2015).
More recent but less widespread modelling efforts in seasonal flow prediction have turned
towards simulation using distributed grid‑based models that are more physically oriented.
Examples include process‑oriented rainfall‑runoff models such as G2G (Moore et al., 2006),
TOPMODEL (Beven and Kirby, 1979) and CLASS, (Tuteja et al., 2004).
Not all hydrological models include a channel flow routing routine, in which case the
hydrological model is run in sequence with a routing model. Routing models can also vary
greatly in complexity, from simple kinematic schemes to more detailed two‑dimensional
hydraulic models. Despite this orientation, all hydrological and land surface models require
some form of parameter estimation (”calibration”), which can be difficult in areas of sparse
hydrometeorological monitoring, to achieve reliably realistic streamflow simulations.
Calibration is typically performed using retrospective meteorological and streamflow analyses
to identify an optimal parameter set that is adopted for use in real‑time forecasting. As the
dimensionality of the hydrological model increases, its agility diminishes, which means that
complex models may require super‑computing for large‑domain calibration and ensemble
forecasting, while conceptual models can be run on single workstations. Conceptual
hydrological models are typically calibrated using observations of rainfall, streamflow and
potential evaporation and/or potential evapotranspiration. These conceptual model structures
typically include algorithms to dynamically estimate actual evapotranspiration using transient

28

GUIDELINES ON SEASONAL HYDROLOGICAL PREDICTION

datasets of atmospheric potential evaporative demand, land cover, land use and, in some
cases, soil types and properties, rainfall and initial hydrological conditions of soil moisture and
groundwater stores across the catchments.
Most operational centres seek to implement one model formulation, albeit with different
instances of the same model, across their entire domain of responsibility. It would be cost
effective to use, to the extent possible, the existing hydrological modelling infrastructure along
with climate forecasts and methods discussed in this chapter. The catchment hydrological model
can be used within the ESP approach (section 5.3.2), or within a more sophisticated approach
involving downscaled climate forecasts (section 5.3.3) and advanced streamflow post‑processing
methods (section 5.3.4). Prior to release of operational streamflow forecasts, implementation of
rigorous forecast verification methods is required to meet service benchmarks and to enhance
end‑user confidence (Chapter 7).
5.3.2

Ensemble Streamflow Prediction based on historical climate or statistical
analogues

The hydrological model‑based Ensemble Streamflow Prediction (ESP) framework is currently
run in the United States (by the National Weather Service) and many other countries. In ESP, a
hydrological model with ”known” IHCs of the modelled basin forced by an ensemble of climate
forecasts resampled from the historical climate sequences is used to generate probabilistic
forecasts of future streamflow (Day, 1985; see also Figure 13). It is thus assumed that a historical
meteorological series for a given time of the year represents the possible spread of precipitation
and temperature over the forecasting period.
The predictability within ESP is a function of initial conditions. Therefore, ESP can prove
valuable especially in regions and during seasons where IHCs contribute significantly to overall
predictability (for example, the eastern slopes of the Rocky Mountains in the United States at
the beginning of snow‑melting season). The IHCs generally have the strongest influence on
the prediction of cumulative runoff and monthly soil moisture for lead times up to about one
month, beyond which climate forecast skill starts to have greater influence (Shukla et al., 2011).
The same study also noted that improvement in climate forecast skill alone would lead to better
seasonal hydrologic forecast skill in most parts of the north‑eastern and south‑eastern United
States throughout the year and in the western United States mainly during the boreal autumn
and winter months; whereas improvement in knowledge of the IHCs can potentially improve
skill the most in the western United States during the boreal spring and summer months. Similar
conclusions were reached by Li et al. (2009), who noted that uncertainties about IHCs outweigh
forcing uncertainties and thus dominate forecast errors for lead times up to about one month;
at longer lead times, forcing uncertainties become a more important contributor. With respect
to seasonal difference, IHCs tend to have longer impacts on warm season forecasts than on cold
season ones, due mainly to drier initial moisture state in the summer time. However, DeChant
(2014) suggested that whereas a maximum of six months of sensitivity was generally found
in previous studies, a forecast may be sensitive to initial conditions beyond one year for select
locations, but up to nine months at the basin scale. Further, DeChant (2014) shows that forecasts
are sensitive to soil moisture at a minimum of three months, whereas previous studies generally
suggested a maximum of one to two months.
As a variant of this resampled historical input, climate forcing required to drive the hydrological
models could also be derived as a statistical analogue from the past sequences of dry, wet or
neutral climate indicators pertinent to a given hydro‑climate region of interest. As an example,
during strong ENSO years, streamflow forecasts may or may not benefit from climate forecasts
depending on whether they pertain to a region where the ENSO teleconnections are strong or
weak (Wood et al., 2005). In such cases, it is possible to assign different weights to ensemble
members (historical time series) to give preference to the years with the same or similar ENSO
conditions and reduce the weight of others. Werner et al. (2004) showed the distance‑sensitive
nearest‑neighbor post‑ESP to be superior to the other post‑ESP weighting schemes. Further, for
the basins studied by Werner et al. (2004), forecasts based on post‑ESP techniques outperformed
those based on preadjustment techniques. Building on these results, Beckers et al. (2016)
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Figure 13. Schematic of the ESP principle using historical meteorological observations as
meteorological forcing over the lead time of the seasonal hydrological forecast
proposed a new method to incorporate climate mode information into the well‑known ESP
method for seasonal forecasting, consisting of a subsampler, which selects ensemble traces from
the original ESP, and a resampler, which generates additional ensemble traces.
ESP‑based forecasts in New Zealand catchments have been developed for providing seasonal
streamflow forecasts, with lead times of up to three months (Singh, 2016). The ESP‑based
approach uses the New Zealand Water model (NZWaM) with a range of past forcing data and
current initial conditions. The surface water flow model framework in NZWaM‑Hydro (NZWaM
surface water model) is based on the TopNet national surface water model, developed by the
National Institute of Water and Atmospheric Research Institute (NIWA) over the past 10 years.
TopNet is used as a default model where more advanced surface water models are not available.
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Seasonal climate forecasts and downscaling for hydrological applications

Seasonal rainfall forecasting is very challenging, and GCM forecast accuracy is still poor in many
regions and seasons (see section 6.6 for climate forecast products available from WMO centres).
Errors in GCM forecasts arise for two main reasons. Firstly, errors are introduced through
parameterization of sub‑grid processes. Secondly, errors arise as a result of errors in the initial
conditions data. The impact of errors in initial conditions data can be quite pronounced because
coupled GCMs can be sensitive to small variations in such data (see, for example, Ploshay and
Anderson, 2002). Therefore, dynamical models are continuously under development, including
improvements in model resolution and process representation to improve the forecast quality.
Many organizations around the world are now using global seasonal precipitation forecasts
from coupled ocean‑atmospheric general circulation models (see Chapter 6; Lim et al., 2011;
Palmer et al., 2004; Saha et al., 2006; Yasuda et al., 2007). Such dynamical (seasonal) forecast
models take advantage of the non‑linear equations describing dynamical and thermodynamical
processes in atmosphere and ocean coupling.
All GCMs are based on fundamental physics. However, they differ in physical specifications and
parameterizations, in initialization and in perturbation schemes, and they are also implemented
at different space‑time resolutions. Consequently, different GCMs can produce quite different
simulations of rainfall due to the large‑scale ocean‑atmosphere circulations and the interactions
in the land surface‑atmospheric continuum.
Depending on the timescale of the forecast, the model configuration and the forecast output
changes are influenced by the sources of predictability and uncertainty as well as the model
errors (Buizza and Leutbecher, 2015). In order to cope with the uncertainty of nature and of the
model design, forecasts should be provided in a probabilistic manner as an ensemble solution.
Such ensemble‑based approaches need to provide their performance metrics representing
accuracy and reliability (Weisheimer and Palmer, 2014). For quantitative forecasts of seasonal
rainfall, it is invariably necessary to downscale and/or carry out hydrologic scale pre‑processing
of raw GCM forecasts to remove biases and to properly represent forecast uncertainty.
Rainfall forecasts contain errors due to limitations of the GCMs and the associated forcing data
(Verkade et al., 2013). These errors introduce biases in the mean, spread and the temporal
persistence of the rainfall forecast distributions, which in turn introduce biases in the resulting
streamflow forecasts. Rainfall forecasts therefore need to be downscaled and/or pre‑processed
prior to being used in the catchment hydrology models. Downscaling involves a step to transfer
the climate model outputs to the scale required for the impact investigation. Two main classes
of downscaling exist, although both can also be combined: dynamical downscaling and
statistical downscaling. Methods that are directly relevant to seasonal hydrological predictions at
multi‑week to seasonal time ranges will now be described.
Dynamical downscaling involves the use of finer resolution climate models such as Regional
Climate Models (RCMs). GCMs often run at coarse resolution and are not capable of producing
local scale features suitable for hydrological modelling and forecasting. Therefore, techniques
are used to interpolate GCM results at smaller spatial domains with varying degrees of success in
reproducing or mimicking local scale features. An RCM uses GCM results as boundary conditions
to produce more detailed and locally representative meteorological fields for a specific domain
of interest. RCMs account for the sub‑GCM grid scale topographical features and land cover
heterogeneities. RCMs use initial and boundary conditions from the output of GCMs for selected
time periods of the global run. This is commonly also known as the nested regional climate
modelling technique (Rummukainen, 2010). Two conditions for downscaling must be met.
Firstly, and most importantly, the predictive skill has to be already present in the global model: a
regional model can refine the coarse structures, but it cannot generate good forecasts from bad
ones. Secondly, the output of a GCM must be prepared for a downscaling approach, resulting in
a high data storage demand.
Statistical downscaling is the technique where empirically‑based relationships or statistical
techniques are used for converting the coarse‑scale climate model outputs into meteorological
data at the spatial resolution required for input into the hydrological impact model. The
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statistical model can only be based on historical data, and thus assumes that the transfer
from the coarse‑scale climate model outputs to the hydrological model input scale will not
significantly change under changing climatic conditions. Statistical downscaling methods have
the advantage of being computationally inexpensive. Furthermore, they are potentially able
to produce finer‑scale information than dynamical downscaling using RCMs. Different types of
statistical downscaling methods exist, each with very specific underlying assumptions.
Common deficiencies in rainfall forecasts for seasonal hydrological predictions can largely be
categorized into three groups (Woldemeskel et al., 2018). These are described below.
1)

Marginal statistical characteristics:

For rainfall, marginal statistics of importance include the daily mean rainfall in each month,
rainfall occurrence (number of dry/wet days), and rainfall amount on wet days (mean, standard
deviation and extremes). Rainfall forecasts commonly do not capture the marginal statistics
of observed rainfall. For example, rainfall forecasts may underestimate occurrence and/or
over‑estimate rainfall amount. To provide reliable hydrological forecasts, correction in marginal
statistics of the rainfall forecasts is essential (Verkade et al., 2013).
2)

Temporal statistical characteristics:

Unlike observed rainfall time series, which typically show significant persistence (for example,
the probability of a dry/wet day following a dry/wet day is high), rainfall forecasts at multi‑week
to seasonal time ranges generally underestimate temporal persistence, and therefore neglect
rainfall accumulation. This can have notable effects on the hydrological response (Clark et al.,
2004; Robertson et al., 2013).
3)

Conditional statistical characteristics:

The quality of rainfall forecasts varies with forecast lead time, with performance generally
degrading with increasing lead time. Preserving statistical characteristics of the observed
rainfall conditional on lead time and rainfall forecast magnitude is important to reliably forecast
streamflow response (Robertson et al., 2013).
Downscaling and post‑processing approaches which are used in order to improve these
common deficiencies in rainfall forecasts have been developed. They tend to vary in their degree
of complexity, which increases with the number of parameters to estimate, the time taken to
implement and verify the approach, and the computational time. Statistical methods are being
used for downscaling and hydrological scale pre‑processing of rainfall forecasts for multi‑week
and seasonal applications. Existing statistical methods for converting the coarse‑scale climate
model outputs into meteorological data at the scale required for input into the hydrological
impact model (see Figure 1) can broadly be classified into the following three types:
1)

Empirical transfer function‑based methods wherein local scale variables (predictands) are
derived from large‑scale GCM forecast variables (predictors);

2)

Re‑sampling methods or statistical analogues wherein GCM forecast variables (such as
rainfall, wind and humidity) are matched with observed data to create the forcing variables;

3)

Conditional probability‑based or stochastic modelling methods, which are based upon
conditional probability between predictand and predictors.

These three methods will now be discussed in further detail.
1)

Empirical transfer function‑based methods:

These methods involve empirical relationships between observed or derived historical
observations (predictands) and the coarse‑scale GCM forecast variable(s) of interest (predictors).
Typical predictors considered are temperature, specific and relative humidity, mean sea level
pressure, zonal and meridional wind, and geopotential height. Rainfall and minimum and
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Figure 14. Illustration of the principle of quantile mapping
maximum air temperature are typical predictands of interest. The predictor and predictand
values can be considered at given time steps, or in the form of statistical descriptors such as
mean, variance or quantiles.
Quantile mapping (QM) (Figure 14), often referred to as Q‑Q transformation, typically corrects
forecasts by mapping the quantiles of the predictors (for example, rainfall forecasts) to the
quantiles of the predictands (for example, observed rainfall) from historical observations or
derived pseudo‑observations (Verkade et al., 2013; Wood et al., 2002). These are classified as
unconditional approaches because the correction does not depend on lead time of the forecasts
or the forecast magnitude. QM does not calibrate the forecast to account for its skill, thus is only
a bias‑correction method. Zhao et al. (2017) recently illustrated this shortcoming, advising that
other methods (such as BJP, described above) are more appropriate for seasonal precipitation
forecasts which are pre‑processed for hydrological applications.
2)

Resampling methods or statistical analogues:

The statistical analogue downscaling model used operationally by the Australian Bureau of
Meteorology for dynamical seasonal streamflow forecasting divides the Australian continent
into ten hydro‑climate regions (Timbal et al., 2008; Figure 15). Six surface predictands (daily
minimum and maximum air temperatures, dew‑point minimum and maximum temperatures,
total rainfall and pan evaporation) are modelled. The skill of the downscaling model is evaluated
by comparing reconstructed and observed series using a range of metrics: the first two moments
of the series, and the ability to reproduce day‑to‑day variability, interannual variability, and
long‑term trends.
The downscaling model was first applied to maximum and minimum air temperatures and then
extended to rainfall occurrences and amount. The choice of a single, best analogue is based on
a nearest neighbour using a simple Euclidean metric. The metric is applied to a single vector
which comprises daily normalized anomalies of point values within an optimized geographical
area for the selected predictors. The choice of the optimal combination of predictors and
the geographical area are two key steps in the optimization of the analogue model. Shao
and Li (2011) introduced a distributional bias correction through Q‑Q transformation prior
to operationalization of the dynamical streamflow forecasting approach to downscale from
the coarse resolution BoM seasonal climate prediction model2 POAMA (Predictive Ocean

2

See http://w ww.bom.gov.au/climate/outlooks/#23/overview/summary
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Figure 15. Schematic of the statistical analogue downscaling model used for dynamical
seasonal streamflow forecasts by the Bureau of Meteorology, Australia (Timbal et al., 2008;
Shao and Li, 2011). The Bureau currently uses the Australian Community Climate
Earth‑System Simulator–Seasonal (ACCESS–S) as its climate forecast system for seasonal and
longer‑range climate outlooks.
Note:

POAMA = Predictive Ocean Atmosphere Model for Australia

Atmosphere Model for Australia). Each one of the 31 ensembles from POAMA at ~270 km
resolution is matched to five nearest historical analogues at 5 km resolution leading to
155 downscaled ensembles which are then used for dynamical streamflow forecasting.
The Australian BoM upgraded its climate forecast system in 2019 for monthly, seasonal and
longer‑range climate outlooks to the new Australian Community Climate Earth‑System
Simulator–Seasonal (ACCESS–S) at 60 km resolution. The ACCESS–S climate model is a
collaboration between the BoM and the UK Meteorological Office (UKMO). A new conditional
probability‑based rainfall post‑processing system adapted from the methods of Schepen and
Wang (2014) and Robertson et al. (2013) is discussed in the next section. This new rainfall
forecasting, and post‑processing system has demonstrated considerably better accuracy and
reliability of the catchment scale ensemble multi‑week and monthly rainfall forecasts.
3)

Conditional probability‑based or stochastic modelling methods:

Regression approaches (linear regression and logistic regression) are called conditional
approaches as they aim to predict the distribution of the predictand (for example, observed
rainfall) as a function of one or more predictors, generally representing characteristics of the
raw rainfall forecasts. Linear regression approaches assume the data are normally distributed and
relate the mean and spread of the observed variables to the forecast variables. As rainfall data are
invariably not normally distributed, logistic regression methods are used where a regression model
is developed to estimate the probability of rainfall exceeding a given threshold. These regression
models are developed over a range of thresholds to capture the cumulative distribution of
observed rainfall. One of the challenges is to ensure consistency across (a) a range of thresholds,
and (b) the large number of parameters that are required to be inferred. There are a number
of variations of this type of hydrologic scale rainfall pre‑processing approach (see, for example,
Sloughter et al., 2007; Verkade et al., 2013; Wilks, 2009).
A new conditional probability‑based approach of Robertson et al. (2013) is an advance on the
linear/logistic regression approach (Figure 16). It is a simplification of the BJP approach described
in section 5.2.2, and it provides a distribution of the predictand (observed rainfall) based upon
a range of predictors, that is, characteristics of the (raw) forecast rainfall for a given lead time.
Firstly, it applies a transformation (typically log‑sinh) to the predictors as well as the predictands
prior to fitting a multi‑variate normal distribution to both. Second, it treats zero rainfall
(observed/forecast) as a censored variable in the multi‑variate normal distribution. This enables
an integrated approach to correct errors in both the forecast rainfall occurrence and amount. The
approach is referred to as “multi‑variate normal with transformation and censoring” (MN‑TC).
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Figure 16. Example of the conditional probability‑based rainfall post‑processing method, the
“multi‑variate normal with transformation and censoring”, developed by
Robertson et al. (2013) for use in catchment scale seasonal hydrological predictions
Note: ACCESS‑G = Australian Climate Community Earth‑System Simulator–Global, which is the numerical weather
prediction model used in Australia
Source: Shrestha et al. (2015)

Application of this method provides bias corrected and reliable rainfall forecast ensembles
suitable for catchment scale applications. However, the bias corrected ensembles at this stage are
not temporally correlated.
Many current rainfall processing approaches are deficient in capturing the temporal persistence
in rainfall (Robertson et al., 2013; Verkade et al., 2013; Woldemeskel et al., 2018). In order to
introduce temporal persistence, the ”Schaake‑Shuffle” method developed by Clark et al. (2004)
was used by Robertson et al. (2013) to introduce rank correlation to the forecast replicates using
transformation information from the historical data. The Schaake‑Shuffle method allows for
linking samples from forecast probability distributions at each consecutive lead time within the
entire forecast period (Shrestha et al., 2015; Robertson et al., 2013).
The MN‑TC approach of Robertson et al. (2013) can deal with biases in rainfall forecasts up to a
few days to weeks. In order to remove forecast rainfall biases at seasonal time ranges, Schepen
et al. (2016) have developed a new promising method called “Calibration, Bridging and
Merging” (CBaM) which is applicable at monthly time steps.
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Table 3. Summary of the statistical rainfall post‑processing approaches used for seasonal
hydrological predictions
Post‑processing
approach

References

Decision criteria for choice of rainfall forecast post‑processing
method
Common deficiencies in rainfall forecasts

Degree of
complexity

Marginal

Conditional

Temporal

Analogue
downscaling

Timbal et al. (2008)

Yes

No

No

Medium to
high

Q‑Q
transformation
(Quantile
Mapping)

Verkade et al. (2013)

Yes

No

No

Low

Logistic
regression

Sloughter et al. (2007);
Verkade et al. (2013);
Wilks (2009)

Yes

No

Partially

High

Schaake Shuffle
(SS)

Clark et al. (2004);
Verkade et al. (2013);
Robertson et al. (2013)

No

No

Yes

Low

MN‑TC with SS

Robertson et al. (2013);
Shreshtha et al. (2013)

Yes

Yes

Yes

Medium

CBaM with SS

Schepen et al. (2016);
Wang et al. (2015)

Yes

Yes

Yes

High

Notes:
MN‑TC = Multi‑variate normal with transformation and censoring
CBaM = Calibration, bridging and merging

Table 3 provides a summary of the hydrological scale rainfall pre‑processing approaches used
for seasonal hydrological predictions, each of which can overcome some of the deficiencies in
rainfall forecasts. Each presents different degrees of complexity in its implementation.
5.3.4

Dynamical streamflow forecasting

Implementation of the dynamical hydrological model for streamflow forecasting comprises the
following steps (see Figure 17):
Step 1: Hydrological model setup:
The hydrological model can be implemented at hourly, daily or monthly time steps using
conceptual hydrological models discussed in section 5.3.1. The hydrological model calibration
can be performed in deterministic mode using standard least squares (SLS), or with hydrological
uncertainty using methods such as generalized likelihood uncertainty estimation (GLUE) (Beven
and Kirby, 1979) or Bayesian total error analysis (BATEA) (Kuczera et al., 2010). When using
a hydrological model within an uncertainty framework, the hydrological uncertainty can be
represented through stochastic replicates of the hydrological model (Figure 17).
The most common approach to describing predictive uncertainty, especially in operational
contexts, is to use a residual error model that represents the aggregated effects of data
and structural model errors. Residual errors of hydrological models often exhibit several
complicating features, including heteroscedasticity (where error increases with magnitude) and
autocorrelation (for example, Sorooshian and Dracup, 1980; Schoups et al., 2010; Evin et al.,
2014), seasonal and interannual trends (for example, Ye et al., 1997; Westra et al., 2014), the
presence of zero flows (for example, Smith et al., 2010; Li et al., 2015) and others. Probabilistic
methods attempt to represent these error (uncertainty) properties by an appropriate choice of
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statistical error models. The corresponding likelihood function serves as the “objective” function
used to calibrate the hydrological model and error model parameters (jointly or sequentially:
Evin et al., 2014).
Step 2: Hydrological forecasts and uncertainty:
A hydrological model in prediction mode can be used with raw or post‑processed ensemble
rainfall forecasts to derive raw streamflow forecast ensembles. Hydrological model setup in the
previous step is invariably implemented at hourly or daily time steps. For practical considerations
of water resource planning at longer lead times of months to a season, the raw streamflow
forecasts are required to be aggregated to longer time steps (typically monthly). At this stage,
aggregated raw streamflow forecasts are biased and do not adequately represent the mean and
spread of the streamflow observations.

,

6 200

6 200

Figure 17. Example of the dynamical streamflow modelling approach used by the Australian
Bureau of Meteorology. Figure adapted from Tuteja et al. (2011) and Lerat et al. (2015).

Notes:
BATEA = Bayesian total error analysis framework for hydrological modelling with predictive uncertainty
(Kuczera et al., 2010)
GR4J = Conceptual hydrological model (Perrin et al., 2003)
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Step 3: Streamflow post‑processing:
Aggregated raw forecast streamflow volumes are corrected for biases using stochastic models
to appropriately represent forecast uncertainty (Tuteja et al., 2011; Kavetski et al., 2014;
McInerney et al., 2017; Woldemeskel et al., 2018). The streamflow bias correction model is a
major component of the modelling system and is intended to correct or ”post‑process” the
raw streamflow forecasts generated using a dynamical hydrological model and produce final
streamflow forecasts including quantification of uncertainty. This step requires development of a
probabilistic model of the streamflow forecast errors arising due to the combined uncertainties in
the rainfall forecasts and the hydrological models.
The following alternative approaches have been explored for seasonal hydrological predictions:
(a) the homoscedastic or constant variance Gaussian autoregressive (AR) models, typically AR(1);
(b) the log‑transformed Gaussian AR(1) error model; (c) the Box‑Cox transformed AR(1)
model; and (d) the log‑sinh‑transformed AR(1) error model. All of these methods contain
a deseasonalization procedure, using the mean and standard deviation of (a) the residuals
stratified by month, to account for seasonality in rainfall and streamflow dynamics, and (b) the
respective predictive errors.
Heteroscedasticity: Homoscedastic methods do not capture the heteroscedastic nature of
the forecast errors (that is, that error grows with forecast magnitude). The logarithmic
transformation captures heteroscedasticity reasonably well. The Box‑Cox transformation, which
has the calibrated exponent ”lambda” tends to converge to the special case of logarithmic
transformation. The log‑sinh‑transformation has two extra parameters and is therefore
somewhat more complex, and it can often lead to longer tails of the streamflow forecast
distribution, which is undesirable for practical considerations.
Persistence: The AR(1) model does capture persistence of the errors reasonably well. The inferred
persistence at longer lead times for seasonal hydrological predictions is generally moderate
(~0.1 to 0.4), which implies that one‑step‑ahead corrections might be relatively small, but they
have been shown to provide useful benefits to the overall streamflow forecasting system.
Overall, the choice of the streamflow post‑processing model needs to consider: representation
of heteroscedasticity in the forecast errors; complexity of the transformation prior to
implementation of the AR(1) or a higher order stochastic model; inference of the number of
parameters; and computational complexity in operational settings (Kavetski et al., 2014). In an
extensive study of over 100 catchments across different hydro‑climate zones of Australia, Lerat
et al. (2015) and Woldemeskel et al. (2018) have demonstrated the effectiveness of the Box‑Cox
transformed AR(1) model with constant value of the parameter lambda. The proposed method
has avoided the undesirable long tails of the streamflow forecast distributions.
Streamflow post‑processing for seasonal forecasts is not widely used in operational centres
at the present time, yet it can be an important component of such forecasting systems, as
techniques such as those described above have been shown to be capable of improving the
skill and quantifying the uncertainty of raw dynamical streamflow forecasts. This application of
streamflow post‑processing, however, requires development of a probabilistic representation of
the streamflow forecast errors arising due to the combined uncertainties in the rainfall forecasts
and the hydrological models.
These methods are currently used operationally in Australia. Once operational systems capable
of using these methods are developed, a high level of automation is possible thereby reducing
operational costs for national scale services. However, the production of such ancillary datasets
has not been typical of most operational centres around the world, as it requires more effort
(human and computational) than simply making real‑time predictions. It also requires a
departure from non‑reproducible, semi‑manual forecaster‑in‑the‑loop operational workflows
that are common at many if not most forecasting centres today. There is, in general, a need
for a greater awareness of the scientific and technical requirements of techniques such as
post‑processing, and associated trade‑offs in forecast system planning and operations, to allow
for informed design and development of seasonal forecasting systems in the future.
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5.4

Hybrid approaches merging statistical and dynamical forecasts

Since initial developments in the twentieth century, seasonal streamflow prediction methods
have been either statistical or (mostly) dynamical. As noted earlier, it was rare that dynamical
approaches did not include some statistical elements. In the last decade, there has been growing
recognition that dynamical climate forecasts were often not as skilful as climate predictions
based on empirical statistical models representing the teleconnections between climate system
variables or indices and regional climate. This has motivated the combination of empirical
statistical and dynamical approaches.
As previously stated in section 5.1, the statistical and dynamical forecasts (or streamflow forecasts
based upon alternative dynamical climate models) have been found to be similarly reliable in
ensemble spread, but vary in skill by hydro‑climate regions, catchments and seasons (Lerat et al.,
2015). Merging statistical and dynamical streamflow forecasts or those derived from multiple
models can then allow forecasters to take advantage of the better performing models and
provide a consistent and improved set of forecasts to the users (Mendoza et al., 2017; Rosenberg
et al., 2011). Hybrid systems tend to be hierarchical, in that separate predictions are developed
based on different sources of predictability or different types of data, and then merged. Drawing
on elements described earlier, Figure 18 illustrates an example of a hybrid forecasting system.
The new component is represented by the statistical methods for verification and merging of
separate statistical and dynamical predictions.
For many forecast locations across Australia, it has been shown that the dynamical modelling
approach produces streamflow forecasts complementary to the statistical modelling approach

Key

Data
element

Method
element

Climate forecasts

Dynamical regional
model or statistical
downscaling method

Ocean/atmosphere
observations/analyses

Statistical forecast model
(e.g. MLR, PCR, BJP)

Catchment
meteorological
observations/analyses

Climate forecasts
downscaled to
catchment meteorological
sequences
Dynamical hydrological
model(s)

Catchment hydrological
observations/analyses
Probabilistic streamflow
forecasts (volumetric)

Probabilistic streamflow
forecasts (volumetric)

Statistical forecast
verification and merging
techniques
Statistical trace
generation

Probabilistic streamflow
forecasts
(ensemble traces)

Probabilistic streamflow
forecasts (traces)

Figure 18. Schematic of a hybrid dynamical‑statistical seasonal streamflow forecasting
system
Notes:
MLR = Multi‑variate linear regression
BJP = Bayesian joint probability
PCR = Principal component regression
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using BJP (Schepen and Wang, 2015; Wang et al., 2015; Lerat et al., 2015). The two approaches
perform similarly and produce consistent forecasts for many forecast locations and seasons. It has
been demonstrated that for some forecast locations and seasons, however, either the statistical
or the dynamical forecasting approach is the better performer. To take advantage of the better
performing approach, methods were developed to objectively merge statistical and dynamical
ensemble forecasts into a single forecast (Schepen and Wang, 2015).
Merging of statistical and dynamical probabilistic forecasts requires sophisticated techniques so
that the original forecasts are faithfully represented in the final merged forecast. Two methods for
merging ensemble forecasts have been tested for seasonal hydrological predictions (Wang et al.,
2015). The first method is Bayesian model averaging (BMA), which averages forecast probability
density functions. The second method is quantile model averaging (QMA), which averages
forecast values across equal cumulative probabilities. Both methods determine model weights
based on cross‑validation predictive performance (see Chapter 7). The methods allow for skewed
and censored data with the handling similar to that for the BJP modelling method.
Individual forecast distributions produced by BMA and QMA can be vastly different. If the
statistical and dynamical forecasts are identical, BMA and QMA yield the same merged forecast.
If the statistical and dynamical forecasts differ significantly, the resulting merged forecasts can
differ, as highlighted in Figure 19. The statistical and dynamical forecasts are unimodal. Merged
BMA forecasts can be bimodal and very wide in ensemble spread. Merged QMA forecasts
are unimodal, with the ensemble spread sitting between the ensemble spread of the two
original forecasts.

Probability density

Forecast 1 (e.g. BJP)
Forecast 2 (e.g. DM)
Merged QMA
Merged BMA

Forecast streamflow

Figure 19. Example of the merged streamflow forecasts derived from the statistical (BJP) and
dynamical modelling (DM) approaches
Source: Wang et al. (2015)
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Data demands are driven by the methodology applied in SHP (see Table 4). In general, the
necessary data includes data describing the state of the hydrological cycle, atmosphere, and
oceans. It is assumed that NMHSs possess the streamflow data and that data exchange is
well established for meteorological and climate data with national meteorological services
or other providers. A variety of climate and meteorological information requirements for
water management is summarized in Climate and meteorological information requirements for
water management: A review of issues (WMO‑No. 1094). This report identifies information on
observation, large‑scale patterns and seasonal climate forecasts as critical for tactical and
operational decisions in water management.
6.1

Overview of data demands and availability

Data demands for various methods of SHP are presented in Table 4. Two major aspects of data
availability must be addressed for SHP applications: (a) availability of historical data, which
includes historical observations as well as hindcasting data, and which are demanded by the
methodology; and (b) availability of relevant and quality‑controlled data for operations, which is
given by the regular and prompt updating of observations and delivery of forecasts if needed.
Table 4. Overview of data demands of basic methods of SHP
Ensemble Streamflow
Prediction (ESP)

Dynamical modelling
using Global Climate
Models (GCMs)

Statistical methods

Historical climate observations
–

temperature

Directly used as ensemble
inputs

For calibration and
verification

For deriving of
statistical relationships

–

precipitation

Directly used as ensemble
inputs

For calibration and
verification

For deriving of
statistical relationships

–

atmospheric and
ocean indices

Optional for conditioning of
ensemble selection

For deriving of
statistical relationships

Historical hydrological observations
–

snow water
equivalent (SWE)

Might be used for
calibration and verification

For calibration and
verification

For deriving of
statistical relationships

–

soil moisture

Might be used for
calibration and verification

For calibration and
verification

For deriving of
statistical relationships

–

streamflow

Might be used for
calibration and verification

For calibration and
verification

For deriving of
statistical relationships

–

reservoirs data

Might be used for
calibration and verification

For calibration and
verification

–

ground water

Might be used for
calibration and verification

For calibration and
verification

For deriving of
statistical relationships

Might be used for
calibration and verification

For hindcast
experiment

For deriving of
statistical relationships

Climate model
hindcasts
Operational climate
forecasts

Input to operational
hydrological
forecasts

Operational meteorological observations
–

precipitation

Hydrological model initial
conditions

Hydrological model
initial conditions

For application of
statistical relations

–

temperature

Hydrological model initial
conditions

Hydrological model
initial conditions

For application of
statistical relations

–

atmospheric and
ocean indices

Optional for conditioning of
ensemble selection

For application of
statistical relations
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Ensemble Streamflow
Prediction (ESP)

Dynamical modelling
using Global Climate
Models (GCMs)

Statistical methods

Real‑time hydrological observations
–

snow water
equivalent (SWE)

Hydrological model initial
conditions

Hydrological model
initial conditions

For application of
statistical relations

–

soil moisture

Hydrological model initial
conditions

Hydrological model
initial conditions

For application of
statistical relations

–

flow

Hydrological model initial
conditions

Hydrological model
initial conditions

For application of
statistical relations

–

reservoirs data

Hydrological model initial
conditions

Hydrological model
initial conditions

–

ground water

Hydrological model initial
conditions

Hydrological model
initial conditions

For application of
statistical relations

When developing an SHP system, both aspects must be taken into account. The system adopted
might fail to derive skilful forecast if the data used for operations are of a different nature or
characteristics than the data used for development and calibration of the system. However, the
size of the ensemble available for hindcasts is often different than that for operational forecasts
(for example, in the case of dynamical modelling). Furthermore, the licensing of these products
might differ for research and development on the one hand and operations on the other.
6.2

Monitoring networks and spatial resolution

Lack of suitable climate and hydrological observations is a typical shortfall of hydrological
modelling in practice, including forecasting, in many regions around the world. The Guide to
Hydrological Practices (WMO‑No. 168), Volume I, defines a minimum hydrological monitoring
network as “one that will avoid serious deficiencies in developing and managing water resources
on a scale commensurate with the overall level of economic development … of the country”.
Obviously, the requirements on network density and observational programmes are site and
purpose specific. In the case of SHP, an efficient statistical forecasting system can be developed
for a single site (water gauge) even for a very large drainage area, while for a dynamical system, a
denser network of streamflow gauges is desirable for validation and data assimilation.
On the other hand, information about precipitation is a key element for all possible methods of
SHP. In the case of statistical methods, historical precipitation data (often in the form of mean
areal precipitation) is one of the key inputs to regression analysis. Similarly, Ensemble Streamflow
Prediction (ESP) needs historical precipitation data distributed over the basin as a basic input to
hydrological modelling. Dynamical SHP modelling systems demand historical precipitation for
downscaling and bias correction of climate model outputs. In these cases, the necessary network
density is a function of the spatial variability of precipitation over the modelled basin, given
mostly by the nature of precipitation (for example, convective), and orography.
6.3

Length and temporal resolution of data series

Similar to network density, demand on length of available records differs among methods and
regions. In general, the potential variability of climate should be reflected by the data used, in
particular for statistical methods and ESP. Therefore, the length of the record should ideally be
close to 30 years or more, which is the length of the standard reference period in climatology.
However, interannual variability differs regionally. As a result, in some basins, 20 years might be
sufficient, and longer records might be necessary, for example, for El Niño‑Southern Oscillation
(ENSO) dominated basins. In one example, positive ENSO was recorded five times, negative
ENSO (La Niña) seven times and neutral ENSO conditions eight times at the end of a year
(November, December, January) during 20 years from 1995 to 2014. This means that each phase
is insufficiently described in a 20‑year time series. In addition, it appears that the skill of an
ensemble forecast increases with the number of ensemble members, which is in some methods
derived from individual years of historical observations.
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Selected method and forecasting range (from multi‑week to interannual) can also determine
the temporal resolution of input data. Statistical methods are usually based on observations
accumulated (precipitation) or averaged (temperature) over one or three preceding months. In
contrast, the majority of applications of ESP and dynamical modelling run on a daily time step
or shorter. This is especially the case for dynamical modelling. However, it does not necessarily
mean that there is a need for a daily resolution of the climate forecast, as it can be disaggregated
from monthly data using appropriate techniques.
6.4

Quality of data: Continuity and homogeneity issues

Good quality historical climatological and hydrological data are essential for any hydrological
application including SHP. In fact, the majority of methods are data driven. When using data
produced by NMHSs, it is assumed that the process of observation and data processing complies
with WMO standards and guidelines (see Guide to Instruments and Methods of Observation
(WMO‑No. 8); Technical Regulations (WMO‑No. 49), Volume I). Accordingly, hydrological data
shall be collected and processed according to the Guide to Hydrological Practices (WMO‑No. 168),
Volume I, and the Manual on flood forecasting and warning (WMO‑No. 1072).
When using data from other producers, NMHSs need to appreciate the importance of metadata
and quality‑control documentation associated with the data itself. In the case of climate data,
different types of data exist: original; corrected; reconstructed; and calculated (see Guide to
Climatological Practices (WMO‑No. 100)). It is important to evaluate the quality of the data prior
to using it.
While discontinuity of data series is manageable using various methods to augment the data,
lack of homogeneity of data is a great challenge as it is caused by several factors, with different
impacts on the applicability of the data:
–

Changes in instrumentation of the station, changes in methods of observation (such as
time of observation), and changes in sighting locations of meteorological stations over time
might affect observational heterogeneity;

–

Land use/land cover changes might affect the observation of meteorological parameters
through a change in local radiation balance and change in moisture fluxes. However, more
importantly, major land cover changes might significantly affect the streamflow and thus
disrupt the homogeneity of discharge time series, which should be reflected if regression
analysis is implemented;

–

Water management changes (such as reservoir construction, water withdrawals, and
diversions) can result in heterogeneous streamflow observations;

–

Non‑stationarity due to climate change in observed trends in meteorological data might
affect large‑scale pattern indices as well as streamflow data. Possible trend must be
considered especially in statistical methods development, however large‑scale patterns
indices are usually provided de‑trended.

Data quality assessment and quality control are therefore critical steps in all hydrological
applications (see Guide to Hydrological Practices (WMO‑No. 168), Volume I).
6.5

Data‑sparse regions

Some basins are unlikely to meet the conditions of suitable data availability given the above
requirements. If faced with a lack of meteorological data, globally available datasets may
provide alternative inputs for SHP. Global datasets are mostly derived from remotely sensed data
that cover the whole globe in combination with in situ observations. For example, large‑scale
pattern indices are monitored and published by various global centres. Global precipitation and
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temperature products are also available from various global centres. A wide range of products is
delivered within the framework of the Global Observing System (GOS). These include the Global
Climate Observation System (GCOS)1 for terrestrial climate data, and many others, including:
–

WMO Space Programme2;

–

Global Precipitation Climatology Project (GPCP)3, which provides data dating back to 1979;

–

Global Precipitation Climatology Centre 4 within the German national meteorological
service (Deutscher Wetterdienst, DWD), which provides various products, including
reanalysis dating back to 1901;

–

NCEP/NCAR Reanalysis5, a project providing data covering the period from 1948 to
the present;

–

The International Comprehensive Ocean‑Atmosphere Data Set (ICOADS)6;

–

Climate Rainfall Data Centre

Unfortunately, no relevant global product based on remote sensing products is yet available
that would be suitable to replace missing streamflow observations. Therefore, in the case of
missing historical hydrological data, a reconstruction of data series based on nearby gauges,
possibly even from a neighbouring country, might be used, or a data rescue campaign could
be organized. WMO defines data rescue as the ongoing process of preserving all data at
risk of being lost due to deterioration of the medium, and of digitizing current and past data
into computer‑compatible form for easy access (see Report of the CLICOM‑DARE Workshop,
followed by: Report of the International Data Rescue Meeting (WMO/TD‑No. 1128)). This applies
to both meteorological and hydrological data. An overview of the issue is provided in WMO
Guidelines for Hydrological Data Rescue (WMO‑No. 1146) and Guidelines on climate data rescue
(WMO/TD‑No. 1210). In addition, WMO participates in international data rescue projects and
initiatives: more information can be found on the International Data Rescue Portal (I‑DARE)7.
WMO regional activities, such as the work of task team RA VI, also target data rescue.
In numerous large river basins around the world, only few and irregular observations of the
components of the terrestrial hydrological cycle are made, with the exception of stream
gauges at a few locations and at the outlet, along with some sparsely distributed rain gauges.
Using observations from satellite sensors and output from global land surface models, it
is possible to study these under‑observed river basins. To examine variability of individual
water balance components, Lakshmi et al. (2018) have demonstrated the use of data relating
to: soil moisture (0–2 m) and surface runoff from the NASA Global Land Data Assimilation
System (GLDAS), evapotranspiration, and Normalized Difference Vegetation Index (NDVI)
from the Moderate Resolution Imaging Spectroradiometer (MODIS), as well as rainfall from
the Tropical Rainfall Measuring Mission (TRMM), succeeded by the Global Precipitation
Measurement (GPM) mission with better spatial and temporal resolution of the integrated
multi‑satellite retrievals (IMERG) product, and total water storage anomaly from the Gravity
Recovery and Climate Experiment (GRACE).
The goal of GLDAS is to ingest satellite‑based and ground‑based observational data products,
using advanced land surface modeling and data assimilation techniques, in order to generate
optimal fields of land surface states and fluxes (Rodell et al., 2004)8. GLDAS datasets provide
a massive archive of modeled and observed, global, surface meteorological data, parameter

1
2
3
4
5
6
7
8

See https://public.wmo.int/en/programmes/global- climate- observing-system?name= ObservingSystemsandData
See https://w ww.wmo -sat.info/product-access- guide/
See https://psl.noaa.gov/data/gridded/data.gpcp.html
See https://w ww.dwd.de/EN/ourservices/gpcc/gpcc.html
See https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html
See https://icoads.noaa.gov/
See https://w ww.idare-portal.org/
See also https://ldas.gsfc.nasa.gov/gldas/GLDASgoals.php
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maps, and output (which includes 1° and 0.25° resolution), and 1979 to present simulations of
the Noah, Community Land Model (CLM), Variable Infiltration Capacity (VIC), and Mosaic land
surface models.
TRMM was launched in 1997 (Kummerow et al., 2000) and ended its mission in 2015. The
most widely used satellite precipitation data come from the TRMM Multi‑satellite Precipitation
Analysis (TMPA) 3B42 v.7 precipitation dataset, and are obtained combining TRMM precipitation
radar (PR), passive microwave (PMW), and infrared (IR) estimates at a three‑hourly interval and
0.25° spatial resolution in the 50°S–50°N area (Bolvin and Huffman, 2015; Huffman et al., 2010).
Based on the success of the TRMM, the Global Precipitation Measurement9 mission was launched
and is currently maintained by NASA.
The NDVI and evapotranspiration (ET) at 0.05° are available from MODIS. Details of MODIS
land data are available at the MODIS website10. The MODIS ET product is based on the
Penman‑Monteith method (Mu et al., 2011). There have been numerous validations of MODIS
ET estimates in many regions of the world (Kim et al., 2012; Cleugh et al., 2007; Mu et al., 2009)
Regarding snow cover, the Terra and Aqua MODIS global snow products are freely available at
various spatial and temporal resolutions, and as 8‑day composites11.
The United States/German Gravity Recovery and Climate Experiment (GRACE) satellite mission
was launched in 2002 to provide estimates of changes in total terrestrial water storage (TWS,
represented as the sum of groundwater, soil moisture, snow, and surface waters) at large spatial
scales and on a monthly basis (Tapley et al., 2004). While this mission provided monthly TWS
estimates up until January 2017, the GRACE Follow‑On mission is now supporting research using
this data variable.
Lakshmi et al. (2018) examined the water balance components for eleven global river basins
ranging from 400 000 km2 to 5 000 000 km2 in different hydro‑climate regions, using publicly
available monthly satellite data and model output products for a period of 15 years between
2001 and 2015. The water balance components of the hydrological cycle included precipitation,
ET, soil moisture, runoff, and total water. Such an approach, or its variants, offers an opportunity
to develop foundation datasets for potential use in data sparse regions.
In a recent review article, Kim et al. (2018) described the use of satellite datasets for prediction
problems covering the following four broad categories: (a) improving model calibrations
through the inclusion of satellite data; (b) satellite data assimilation in models (to correct
model states at the initiation of the forecast lead time); (c) use of satellite data and soil moisture
feedback to improve rainfall estimates; and (d) use of satellite‑derived soil moisture data for
monitoring floods. However, given the coarse resolution of the satellite datasets, combined
with large associated uncertainties and the absence of verifiable observation data (such as river
discharges, soil water and depth, and ground water storage), such approaches are likely to be a
research topic for the foreseeable future.
6.6

Climate forecasts and products

The WMO Guidance on Operational Practices for Objective Seasonal Forecasting (WMO‑No. 1246)
provides a summary of WMO infrastructure and resources for seasonal climate forecasts. WMO
has officially designated 14 Global Producing Centres for Long‑Range Forecasts (GPCs‑LRF)12
as an integral part of the WMO Global Data‑processing and Forecasting System (GDPFS)13.
These include: China Meteorological Administration/Beijing Climate Centre in China; Center
for Weather Forecasting and Climate Studies/National Institute for Space Research in Brazil;
European Centre for Medium‑Range Weather Forecasts based in the United Kingdom;
Met Office in the United Kingdom; BoM in Australia; Meteorological Service of Canada;
9
10
11
12

13

See https://w ww.nasa.gov/mission_ pages/GPM/main/index.html
See https://modis.gsfc.nasa.gov/
See https://nsidc.org/data/modis/data _ summaries
See https://public.wmo.int/en/programmes/global- data-processing-and-forecasting-system/global-producing
-centres- of-long-range-forecasts
See https://public.wmo.int/en/programmes/global- data-processing-and-forecasting-system
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Hydrometeorological Centre of Russia; Deutscher Wetterdienst in Germany; South African
Weather Services; Korea Meteorological Administration; Japan Meteorological Agency/Tokyo
Climate Centre; Météo‑France; Euro‑Mediterranean Center on Climate Change (CCMC) in Italy;
and the Climate Prediction Center/National Oceanic and Atmospheric Administration in the
United States. Global centres provide long‑range forecasts based on their numerical models.
Besides GPCs, there are also other organizations providing seasonal forecasts. For example, the
International Research Institute for Climate and Society (IRI) of Columbia University cooperates
closely with several Regional Climate Outlook Forums. In addition, it provides a multi‑model
seasonal climate forecast based on models from several producers. Similarly, multi‑model
products are delivered by, for example, the Asia Pacific Climate Center (APCC)14. An overview of
centres and their products is provided in Table 5.
Users at the regional and national levels can contact the GPCs for required seasonal climate
forecast datasets. Long‑term hindcasts are typically available and can be used for evaluating the
performance of seasonal precipitation and temperature forecasts for their respective regions
prior to their use in seasonal hydrological forecasts. There is a general consensus within the
climate community of practice that a multi‑model ensemble provides more accurate climate
forecasts relative to those from individual climate models. WMO Lead Centres for Long‑range
Forecast Multi‑model Ensembles15 were developed and formalized to: (a) collect seasonal
climate forecast data from individual GPCs; (b) develop multi‑model seasonal climate forecast
ensembles; and (c) provide multi‑model ensembles to users at the regional level. At present,
the Korean Meteorological Administration (KMA) and the National Centers for Environmental
Prediction (NCEP) are jointly responsible for long‑range forecasts of multi‑model ensembles.
The Global Seasonal Climate Update16 is a WMO‑coordinated initiative that provides information
on the current climate conditions and seasonal forecasts for the upcoming season at the global
scale. The information on large‑scale patterns and climate drivers can be used for downstream
seasonal hydrological applications.
In addition, WMO Regional Climate Centres (RCCs)17 are regional institutions mandated to
deliver high‑quality regional‑scale products, by using data and products from GPCs and other
global centres and incorporating regional‑scale information (Manual on the Global Data‑processing
and Forecasting System (WMO‑No. 485)). Additional main sources of information for WMO RCCs
include the national data, products, know‑how and feedback that they receive from the national
meteorological services (NMSs). WMO RCCs provide online access to their products to NMSs
and other regional users, including the Regional Climate Outlook Forums18.
At present there are eight RCCs and three RCC‑Networks formally designated, providing
operational climate products and services in their respective regions. The concept of
RCC‑Networks is a group of centres performing climate related activities that collectively fulfils all
the required functions of an RCC. A review of the RCCs’ operations was conducted in Pune, India,
in 2018, where possible modifications to some mandatory and highly recommended functions
were discussed, as well as options for future evolution of the RCCs.
WMO Regional Climate Outlook Forums have been established to routinely provide real‑time
regional climate outlook products harmonized among NMSs in several regions of the world.
While the process of developing such joint forecasts has been operational for a couple of years,
the direct connection between hydrological and water management communities and Regional
Climate Outlook Forums (RCOFs), through “users forums”, remains a challenge but shows
good potential.
It is generally understood that the above‑mentioned activities of WMO and its members will be
further developed within the scope of the Global Framework for Climate Services (GFCS)19.

14
15
16
17
18
19

See https://apcc21.org/main.do?lang= en
See https://w ww.wmolc.org/
See https://public.wmo.int/en/our-mandate/climate/global-seasonal- climate -update
See https://public.wmo.int/en/our-mandate/climate/global-seasonal- climate -update
See https://public.wmo.int/en/our-mandate/climate/regional- climate- outlook-products
See https://gfcs.wmo.int/
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Table 5. Seasonal climate prediction models delivering operational forecasts from WMO centres
WMO Global Producing Centres of Long‑Range Forecasts
Institution and Global Climate

Model name

Spatial resolution/vertical layers

Lead times
(months)

Number of
ensemble
members

Hindcast period

China Meteorological Administration
(CMA)/Beijing Climate Center,
Beijing, China

BCC‑CGCM1.0

ATM: T63/L16 (i.e. 16 vertical layers)
OCE: T63/L30

6

Forecast: 48
Hindcast: 48

1983‑2004

Center for Weather Forecasting and
Climate Studies (CPTEC)/National
Institute for Space Research (INPE),
Sāo Paulo, Brazil

CPTEC Atmospheric General
Circulation Model (AGCM)

ATM: T62/L28

7

Forecast: 15
Hindcast: 10

1979‑2001

Deutscher Wetterdienst,
Offenbach, Germany

DWD GCFS2.1

ATM: T127 (0.9°x0.9°), 95 layers up
into 0.01 hPa,
OCE: tripolar grid 0.4°, 40 layers
down to 5 000m

6

Forecast: 50
Hindcast: 30

1993‑2019

European Centre for Medium‑range
Weather Forecasts, Reading, United
Kingdom

ECMWF‑System4

ATM: ~80 km/L91
OCE: 1°

7

Forecast: 51
Hindcast: 15

Met Office, Exeter, United Kingdom

GloSea5/NEMO

ATM: ~50 km/L85
OCE: 0.25°/L75

6

Forecast: 42
Hindcast: 12

1996‑2009

Bureau of Meteorology (BoM),
Melbourne, Australia

ACCESS‑S

ATM: 60 km (mid‑latitude)/L85
OCE: 25 km/L75

6

Forecast: ~75
Hindcast: 10

1990‑2012

Meteorological Service of Canada (MSC),
Montreal, Canada

CanSIPS

ATM: T63/L35
OCE: ~100 km/L40

12

Forecast: 20
Hindcast: 20

1981‑2010

Hydrometeorological Centre of Russia,
Moscow, Russian Federation

SL‑AV (global semi‑Lagrangian
finite‑difference model with
constant resolution)

ATM: ~1.125° lat x 1.406°lon
OCE: n/a

4

Forecast: 20
Hindcast: 10

1981‑2010

South African Weather Services,
Pretoria, South Africa

SAWS Coupled Model (SCM)

ATM: T42/L19
OCE: 0.5° to 1.58°

9

Forecast: 40
Hindcast: 10

1982‑2009

Korea Meteorological Administration
(KMA), Seoul, Republic of Korea

GloSea5/NEMO

ATM: ~50 km/L85
OCE: 0.25°/L75

6

Forecast: 42
Hindcast: 12

1996‑2009

Japan Meteorological Agency (JMA)/
JMA’s Ensemble Prediction
Tokyo Climate Centre (TCC), Tokyo, Japan System

ATM: T159/L60
OCE: 0.3° to 0.5° lat x 1° lon/L52

7

Forecast: 51
Hindcast: 10

1979‑2014

Météo‑France, Toulouse, France

ATM: T63/L91
OCE: 1/3° to 2°/L31

7

Forecast: 51
Hindcast: 15

1991‑2014

ARPEGE‑IFS
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WMO Global Producing Centres of Long‑Range Forecasts
Institution and Global Climate

Model name

Spatial resolution/vertical layers

Lead times
(months)

Number of
ensemble
members

Hindcast period

Euro‑Mediterranean Center on Climate
Change (CCMC), Trieste, Italy

CMCC‑SPS3.5

ATM: ~½° on a cube‑sphere
quasi‑regular grid
OCE: ¼° on a nearly isotropic,
curvilinear, tri‑polar grid

6

Forecast: 50
Hindcast: 40

1993‑2016

Climate Prediction Center (CPC)/(NOAA),
Washington, United States

CFSv2

ATM: T126/L64
OCE: MOM4

9

Forecast: 40
Hindcast: 20

1981‑2010

Notes:
Models listed in Table 5 from different WMO centres will invariably be updated regularly at higher temporal and spatial resolution
ATM = atmospheric component of the model
OCE = ocean component of the model
lat = latitude
lon = longitude
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Data formatting

A rigorous standardization of formats has not yet been established for the whole variety of
data and products that are available in meteorology, climatology and hydrology. However,
the outputs of numerical weather prediction, including climate forecasting, are available in
the WMO standard GRIB format in the Manual on Codes (WMO‑No. 306), Volume I.2. GRIB is a
self‑describing format that comprises the header describing the file and the actual binary data,
and is used for presentation of gridded data. Another commonly used format for gridded data
exchange is the Network Common Data Form (NetCDF). NetCDF is a set of software libraries
and self‑describing data formats that support the sharing of array‑oriented data. NetCDF was
developed and is maintained at the University Corporation for Atmospheric Research (UCAR) in
Boulder, Colorado. NetCDF is an official standard of the Open Geospatial Consortium (OGC).
While countries around the world typically have one national meteorological service, roles
of hydrological services in the field of hydrological monitoring, observation and forecasting
are in many cases divided among several agencies and institutions. For example, in Germany,
hydrological services are organized at the level of individual federal states for the majority
of streams and rivers, but for federal navigable rivers, the service is provided at the national
level. As a result, there might be several providers of the hydrological data needed for SHP
implementation and operation, using different data formats, sampling frequencies, and so forth.
In Australia, the BoM, as the NMHS, gathers streamflow data for operational use from more than
200 providers. This represents a major challenge for data transfer and processing and highlights
the need for standardization in this field. In response to growing needs for a standard protocol
for hydrological data transfer, the OGC has adopted a standard for hydrological data exchange,
namely WaterML2.0, which was approved at the WMO Commission for Hydrology (Chy)
Congress 15 for inclusion in the WMO Manual on Codes (WMO‑No. 306), Volume I.2, as data
representations that are suitable for the exchange of hydrological information.
Although format standardization is advancing, various formats and means of communication
are used in operations, even within the same country or basin. In such circumstances, with
potentially many providers of data in different formats, the importance of data quality‑control
and processing will increase, and likely result in the majority of time being spent on this for
forecast purposes.
When establishing communications with data providers, as well as forecast users, use of web
services needs to be considered for automating data sharing. Similarly, different models and
tools typically have their specific formats for various types of data. This poses a challenge due
to the need for integrating large data sets. Several hydrological services have implemented
interoperable modelling platforms. For example, Delft‑FEWS offers an open data‑handling
platform to solve the problem by using functions of data import and processing and model
connectivity (see https://oss.deltares.nl/web/delft-fews/).

CHAPTER 7. FORECAST VERIFICATION
The need for end‑user confidence in the national forecasting system is unequivocal, and it
requires ongoing engagement between forecasting agencies and water utilities responsible for
river basin and storage management. Transparency in assessing the performance of streamflow
forecasts is essential. Assessing such performance implies verification of hydrological forecasts
and guidance products. Key elements of a national approach for streamflow forecast verification
should include:
(a)

Scientific rigour in the development of stringent forecast verification metrics encompassing
a multitude of methods using existing and/or new and evolving techniques that can be
used to represent probabilistic forecast performance across all sites and seasons. Central to
this requirement is the objective to publicly display a range of forecast performance metrics
at a granular level in a transparent manner for the end users to have an informed view of the
forecasting system performance prior to its use in decision‑making. An example is provided
in Figure 20(a)‑(d).

(b) The requirement to simplify the communication of ensemble streamflow forecast
performance for practitioners across the water industry, to support informed
decision‑making against the background of imperfect forecasts within an ensemble‑based
risk assessment framework. While this latter issue is complex, it is nevertheless critical for

(a)

PIT - uniform probability
Aug 1980-2008

(b)

(c)

Tercile hit rate
1950-2010

(d)

Skill scores
1950-2010

Forecast quantiles and observations versus year
Aug-Oct 1950-2010

Figure 20. Example assessment of forecast reliability for the Acheron River at Taggerty,
represented through (a) The PIT or the predictive Q‑Q plot; (b) Skill scores CRPS, RMSE and
RMSEP derived from forecast verification with respect to the historical reference period
(1950‑2010); (c) Tercile hit rate for the low flow, near median flow and high flow over the
cross‑validation period (1950‑2010); (d) Comparison of the IQR of the streamflow forecasts
and observed streamflow over the cross‑validation period (1950‑2010)
Source: www.bom.gov.au/water/ssf
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the adoption of the seasonal streamflow forecasts to directly support operational planning
and decision‑making in reservoir operations, water allocation planning and delivery for
consumptive use and environmental flow management.
Streamflow forecast performance can be classified into two broad categories: reliability and
accuracy. Both categories are important for the end user, and will now be addressed in turn.
7.1

Reliability

Forecast reliability is related to the correspondence between the distribution of forecasts and
the distribution of observations. It is critically important, so that water managers can confidently
eliminate least plausible options in their water allocation and delivery planning, which invariably
involves extensive scenario analysis. The streamflow forecast distribution is conditioned on
the assumptions made during the inference stage. Unsupported assumptions may lead to
inadequate and unreliable forecast distributions which in turn impacts on end‑user confidence in
the forecasts.
Forecast reliability is assessed using the Probability Integral Transform (PIT) plot (Dawid,
1984; De Gooijer and Zerom, 2000; Gneiting et al., 2007; Laio and Tamea, 2007; Thyer et al.,
2009; Wang et al., 2009). Such diagrams plot the cumulative distribution of the PIT computed
from observations transformed using the corresponding forecast cumulative distribution
function (CDF) against a standard uniform variate. The proximity of the plotted curve to the
diagonal line in the graph is an indication of the level of reliability of the forecasts (Figure 20(a)).
The reliability diagram can be used as a visual summarized measure of forecast reliability.
Reliability can also be assessed through seasonally stratified frequency histograms to help
identify systematic errors in ensemble spread between observations and forecasts over the
hindcast period.
Skill scores in Figure 20(b), such as continuous rank probability score (CRPS), root mean squared
error (RMSE) and root mean squared error of prediction (RMSEP), as well as the tercile hit rate
in Figure 20(c) can be used to quantify accuracy of forecasts (see section 7.2). The inter‑quantile
range (IQR) can be used as a measure of precision when compared to analogous range in the
observed climatology.
The WMO Manual on the Global Data‑processing and Forecasting System (WMO‑No. 485) defines a
standardized verification system (SVS) for long‑range forecasts (LRF) in meteorology. It provides
three basic diagnostic measures for such verification: relative operating characteristics (ROC)1;
reliability diagrams and accompanying measure of sharpness2; and mean square skill score
(MSSS)3 with associated decomposition.
The ROC plots a hit rate against the false alarm rate condition using the full range of probability
thresholds (see Figure 21). ROC measures the usefulness of the forecast to support “yes/no”
decisions by its ability to discriminate between events and non‑events prediction. The ROC
curve plots the probability of detection against the probability of false detection for a range of
probability levels (each one corresponding to a threshold at which a probability forecast leads
to a binary decision), and for a given event (such as flooding). The ROC score is defined as the
area below the ROC curve and above the diagonal, with a perfect score of 1. A perfect ROC curve
travels from bottom left to top left of diagram, then across to top right of diagram. A diagonal
line indicates no skill. ROC area ranges from 0 to 1, and 0.5 indicates no skill. It measures the
overall gain in discrimination over climatological forecasts for all probability levels.

1
2

3

See https://w ww.metoffice.gov.uk/research/climate/seasonal-to - decadal/gpc- outlooks/user- guide/interpret-roc
See https://w ww.metoffice.gov.uk/research/climate/seasonal-to - decadal/gpc- outlooks/user- guide/interpret
-reliability
See http://w ww.bom.gov.au/wmo/lrfvs/msss.shtml
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Accuracy

Forecast accuracy is usually defined in a relative way as "the relative accuracy of a set of forecasts,
with respect to some set of standard control or reference forecasts" (Wilks, 1995, p.236-237).
In many cases, the distribution of predictand data from historical records has been used as a
reference forecast. Forecast accuracy can be measured by way of a skill score. The generic form
of a skill score is represented through Equation 1, below, where Scorefcast quantifies the error
measure in streamflow forecasts, Scoreref is the same error measure applied to the reference
forecasts, and Scoreperf is the measure applied to perfect forecasts (any error measure may be
used, such as CRPS, RMSE, or RMSEP):
Skill Score =

Score fcast − Scoreref
Score perf − Scoreref

× 100 (% )

The lower bound of the skill score depends on the selected measure, but the upper bound of the
skill score is 100 (%) for any error measure. It is noteworthy that the actual value of a skill score
can be different even for the same data, depending on the reference forecasts selected for the
calculation.
The accuracy of the streamflow forecasts might be derived using various metrics, such as:
–

Continuous rank probability score (CRPS), which is described by the area between the
forecast distribution and a step function of the observation;

Figure 21. An example of ROC (January months 2‑4 Global 2 m temperature ROC plots tercile
categories). For the two temperature events (temperature in the upper quintile category, red;
temperature in the lower quintile category, blue) the hit rates and false alarm rates
associated with a range of ”trigger” thresholds (triangles) are plotted. ROC score is the area
below the ROC curve, and the perfect ROC score would be equal to 1.
Source: Met Office © British Crown Copyright, Met Office (https://w ww.metoffice.gov.uk/research/climate/seasonal-to
-decadal/gpc- outlooks/glob -seas-prob -skill)
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–

Brier skill score (BSS), which is a commonly used criteria for evaluation of ensemble
meteorological forecast; generally, it measures mean squared difference between predicted
probability of the possible outcomes and the actual outcome;

–

Root mean squared error (RMSE), which represents forecast errors directly in the
measurement space;

–

Root mean squared error of prediction (RMSEP), which is the expected value of the
distance between the median of streamflow forecasts and corresponding observations in
probability space;

–

Tercile hit rate, which is the ratio of the binary outcome (1 or 0) depending on observation
falling within the forecast tercile with largest probability and total number of observations
(see Figure 20);

–

Heidke skill score, which measures the fraction of correct forecasts (hits plus correct
negatives) after eliminating those forecasts which would be correct due purely to random
chance (climatology) (Joint Working Group on Forecast Verification Research, 2016);

–

Forecast precision, which is determined as the ratio of the IQR (10%, 90%) of the forecast
distribution and IQR (10%, 90%) of the observations across the cross‑validation period
(IQR‑80%; see Figure 20).

Given that RMSE is based upon errors in the measurement space, it is sensitive to a small number
of large errors relative to many small ones. It therefore can potentially lead to conservative
forecasts that are influenced by a few high‑flow events.
CRPS measures departure of the forecast distribution from observations, and like RMSE, it is
also sensitive to large errors. Note that for a deterministic forecast, the CRPS is reduced to mean
absolute error (MAE). CRPS is sensitive to ensemble size (Ferro et al., 2008), and therefore a large
member ensemble size is required (for instance, 5 000).
In the case of RMSEP, forecast errors are represented in the probability domain, and therefore,
the influence of large errors in the original flow domain has a smaller impact on RMSEP as
compared to RMSE and CRPS. More frequent events have more influence on the errors in
estimating RMSEP, which reduces the impact of outliers in the measurement space. However, for
periods with a small variability in streamflow volumes, such as in the low‑flow season, a slight
error in the measurement space can be amplified to an extremely large error in the probability
space. In such a case, RMSEP can be sensitive to even marginal errors in streamflow volumes.
Forecast precision for a given forecast location and month across all years is determined through
the inter‑quantile range. It is an important metric for determining optimal storage operations,
such as eliminating the least plausible options in scenario analysis or designing environmental
watering events for significant wetlands.
Statistical evaluation of forecast performance is an important feature of any system. On the one
hand, it provides a demonstration of skill that contributes to building the user’s trust in and
understanding of the forecasting product, thereby leading to better interpretation. On the other
hand, it serves as a diagnostic for the forecaster/developer of the system to identify potential
biases and deficiencies of the system which need to be improved. However, one must consider
that forecast quality can also impact upon the value of the forecast.
In general, forecast quality is usually measured by objective criteria, such as those described
above, which describe fit of prediction versus actual observation. Valuable forecasts help users
to make better decisions. The WMO World Weather Research Programme (WWRP)/Working
Group on Numerical Experimentation (WGNE) Joint Working Group on Forecast Verification
Research mentioned an example of high‑quality forecasts with little value: a forecast of clear
skies over the Sahara Desert during the dry season (Joint Working Group on Forecast Verification
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Research, 2016). On the other hand, even a biased forecast of seasonal flow volume at a gauge
might be beneficial if it provides information on above‑average, below‑average or average flow,
as compared with model climatology.
In addition, WMO is advocating moving from hazard‑based to impact‑based forecasting. This
includes the issue of potential impact and risk in cases of extreme events as a factor that needs
to be considered during forecast preparation and verification. Especially in cases of extreme
events, when the potential impact is extremely high, a higher tolerance of false alarm rates and
over‑forecasting is the preferred strategy in order to reduce the number of missed events. Such
a strategy results in saving lives and positive economic benefits by reducing property losses over
a longer time range, and stands in contrast to strategies favouring sharp and over‑confident
forecasts derived from some objective evaluation criteria, such as RMSE.
In conclusion, the evaluation and verification of a forecast should always use carefully selected
evaluation criteria based on the purpose of the forecasting system and its user’s needs.

CHAPTER 8. OPERATIONAL SYSTEM DESIGN CONSIDERATIONS
8.1

Key components

An implementation plan (or a project plan, see Guidelines on the role, operation and management
of National Meteorological or Hydrometeorological Services (WMO‑No. 1112)), strongly influenced
by business requirements and capability to provide comprehensive SHP services, will need
to include an evaluation of which components or developments are critical in the short term,
what is necessary subsequently, and what is desirable or will become necessary later on. A
first attempt at matching needs with a timeline could be developed on the basis of user needs
and key considerations. The following high‑level principles could guide development over the
planned period.
The adoption, adaption or design of SHP forecasting systems and hydrological
models need to be:
–

Priority based: Investment in hydrological models and SHP forecast system components
needs to be prioritized according to considerations of the statutory obligations of the
NMHS in delivering the SHP services nationally on an ongoing basis over the next decade,
but mindful that these will vary over time.

–

Evidence based: Investment in both model development and operational implementation
will require evidence of likely improvements to SHP services.

–

End‑user focused: Key drivers will be the information needs and priorities of the user
stakeholders, the benefits derived from the downstream products and services, and
maintaining consistency in those products and services.

–

Based on a philosophy of invent as a last resort: A great deal of valuable modelling
infrastructure already exists in many countries, and therefore model and forecast system
development could follow the philosophy of adopt, then adapt and invent only if necessary.

–

Only as complex as necessary: More complex models and related methodologies will
not be introduced unless there is enough evidence that they will improve water
forecasting services.

–

Inclusive of related developments: Modelling activities need to be undertaken with good
understanding of other modelling initiatives within other related organizations nationally
and overseas, and be integrated with operational models of the water agencies responsible
for managing and maintaining the water infrastructure.

–

Of multi‑purpose benefit: All else being equal, priority should be given to capturing
opportunities where the development of a model or model component can service more
than one product/service.

–

Service oriented in its architecture: The system must be based on industry best practice and
standards, be robust, adaptable, scalable, transparent and auditable and allow for efficient
operation and maintenance. Learning from similar scale national projects could help ensure
that an agile software development approach is adopted. The design and development of
such a system also needs to consider the existing extensive information and communication
technology infrastructure of the NMHS that supports a range of weather, hydrological and
climate information services nationally.

8.2

Dependencies and constraints

Some related activities in the water, agriculture and environment domains are worth noting as
key dependencies for developing SHP services. This is necessary as SHP forecasts will need to
integrate with the end user sectors outlined in Chapter 3 and Chapter 4 at the product and data
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level, through web services, in the medium to long‑term. Such major national initiatives require
extensive collaboration, and they will very likely evolve as a result of different sets of drivers over a
few years. Collaboration required with key stakeholders for development and implementation of
the SHP systems will spread across many technical areas as well as through program governance
structures at the national level.
Development and implementation of the system will also face constraints. Some key
considerations will likely include:
–

Possible staged development of the SHP forecast systems over a few years. However, the
NMHS must fulfil its obligations of water forecast services now and therefore, in the interim,
the NMHS could use fit‑for‑purpose existing models developed in‑house or by partners to
fulfil immediate requirements. These tools could be coupled loosely through various pilot
projects of the NMHS in supporting its forecasting requirements.

–

Well‑advanced research into tools and products being made operational by the NMHS in
some instances. Examples include many climate and water forecast products illustrated
throughout this document. Other comprehensive products will require more time and
concerted effort to complete in the future due to complexities involved in development,
and these could be incorporated into the NMHSs' modelling system in stages.

–

The state and evolution of hydrological, weather and climate sciences (for example, limiting
the accuracy, reliability and coverage of seasonal predictions, or assimilating remote
sensing products in hydrological modelling) and the development of modelling systems
such as the national weather, climate, ocean and flood models, some of which would feed
directly or indirectly into the SHP forecast systems.

–

The necessity to maintain and further improve the operation of existing systems for
essential services.

–

Access to necessary resources, including skills, in a growth industry.

These key dependencies and constraints need to be considered in all stages of the SHP forecast
systems conceptualization, planning, development and implementation.
8.3

Logical Framework Analysis

The WMO Strategy for service delivery and its implementation plan (WMO‑No. 1129) recognizes four
stages of a continuous, cyclical process for developing and delivering services, which fully applies
to sub‑seasonal to seasonal hydrological forecasting:
–

User engagement and developing partnerships;

–

Service design and development;

–

Delivery;

–

Evaluation and improvement.

The first two items correspond to a development phase of the system, while the second two are
linked to operation and enhancement of the system.
Development and implementation of sub‑seasonal to seasonal forecasting systems need to
follow basic principles of long‑term project planning and management. The Guidelines on
the role, operation, and management of National Hydrological Services (WMO‑No. 1003) suggest
using Logical Framework Analysis (LFA) in project planning. LFA defines overall objective,
purpose, results and activities. The approach also requires targets and performance indicators
for each project component to be defined, mechanisms for monitoring performance to be
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specified, and assumptions and risks that might contribute to project failure to be identified and
addressed (see Guidelines on the role, operation, and management of National Hydrological Services
(WMO‑No. 1003); see also section 3.5).
It is also important to account for various external and internal factors during project planning,
including: government policy; changing social patterns, needs and expectations; users’ needs
(see Chapter 4); the existing capabilities of the services; implications of project implementation
on operating costs; potential competitors and collaborators; and the resources that are
reasonably likely to be available for investment, and operations, and so forth.
Recent scientific developments and current research findings suggest that dynamical modelling
of seasonal water forecasts based on inputs from climate models has the potential to outperform
other methods in the near future. It is therefore probable that the number of operational seasonal
hydrological dynamical modelling systems will increase in coming years, whether operated by
NMHSs at the national level or by other entities providing regional or global coverage. However,
while implementing a new system in conditions where seasonal hydrological forecasting does
not yet exist, it is reasonable to apply a step‑wise process that will start with simple and cheaper
methods before implementing complex dynamical forecasting methods. There is a need to
maximize value for money and carefully assess what is the added value of the next step in system
development, especially where limited financial and human resources are available.
8.4

Case study: WAFARi

The Water Availability Forecasts of Australian Rivers (WAFARi) serves as a practical illustration
of the evolution of the SHP system as advanced by the Australian Bureau of Meteorology (BoM)
(see Figure 22 below).
The WAFARi modelling system was developed initially in 2010 for delivering the seasonal
streamflow forecasts using the statistical Bayesian joint probability (BJP) model (Shin et al.,
2015). It has since evolved to include the dynamical modelling approach, comprehensive
treatment of predictive uncertainty and robust calibration and forecast verification methods
(Tuteja et al., 2011; Lerat et al., 2015; Woldemeskel et al., 2018). This system is used for delivering
monthly updates of the seasonal streamflow forecasts at more than 300 forecast locations
around Australia.
WAFARi is an extendable modelling system providing both an interactive modelling environment
and a programming interface for seasonal streamflow modelling. Integrating kernels for the
BJP and Bayesian total error analysis (BATEA) models, the system supports both a statistical
and dynamical modelling approach as well as data ingestion, rigorous cross‑validation and
web product generation. A hydrological pre‑processor provides bias corrected and reliable
downscaled catchment‑scale rainfall forecasts from the climate model for hydrological
forecasting.
One of the challenges in developing new streamflow forecasting services was to complete
the transition of research tools to a fully functional and reliable modelling system, suitable
for operational services, given constraints on development time and resources. Successful
operationalization required: (a) seamless integration of research software programs with
operational systems, given differences in technology used (such as programming languages);
(b) effective liaison with research partners to continuously upgrade the operational systems with
new research outcomes; and (c) close collaboration between hydrological modellers and system
developers within the BoM's project team.
Similar examples also exist in other countries, such as the Hydrological Outlook1 system in the
United Kingdom and the National Long‑Range Outlook 2 in the United States .

1
2

See https://hydoutuk.net/
See https://water.weather.gov/ahps/long_ range.php
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Figure 22. WAFARi: Illustration of the Australian seasonal streamflow forecasting system
Notes:
WAPABA = water partition and balance
WISKI = Water Information Systems KISTERS
AWRIS = Australian Water Resources Information System
AIFS = Australian Integrated Forecast System
FCVF = Forecast verification
ARMA = Autoregressive moving average
I/O = Input/Output
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CHAPTER 9. SUMMARY AND WAY FORWARD
Seasonal hydrological prediction is likely to become a fast‑growing domain of service delivery
activity among member states. A seasonal forecasting system contributes to three WMO
strategic goals, namely disaster risk reduction, service delivery and bolstering the Global
Framework for Climate Services. More importantly, it addresses users’ needs and demands.
This document introduces the general concept of seasonal hydrological forecasting and sources
of predictability of hydrological parameters over longer lead times. It provides information on
available methods of seasonal hydrological prediction and corresponding data needs. It also
provides basic information about the process of system design with an emphasis on users’
engagement within the entire service development and delivery cycle.
Despite significant progress that has been made in the area of seasonal hydrological forecasting,
both in the field of scientific understanding as well as in operational applications, substantial
challenges remain. Authors contributing to this document identified the following areas that
require special attention:
–

Integration of prediction models with sectoral decision‑making models to bring to fruition
the potential benefits of skilful seasonal hydrological prediction;

–

Improvement of forecast communication to develop and deliver timely forecast products
that present information in a way that is understandable for various users;

–

Tailored modelling towards extreme prediction (such as droughts or floods) and their
expected impacts, where appropriate;

–

Increased recognition of SHP systems’ benefits within the WMO and NMHSs
around the globe;

–

Development of seamless products and services for users, and in particular, how to achieve
this in space and time.

These remaining challenges are viewed as being critical. Emphasis needs to be placed on
understanding and meeting user needs and in moving to impact‑based forecasting products.
Seamless service delivery is the way of the future and is the vision for the future of the Global
Data‑processing and Forecasting System (GDPFS). SHP thus represents a significant potential
contribution by the hydrological community to the WMO strategic thrusts and priorities. More
importantly, the successful implementation of SHP by NMHSs will significantly benefit societies
and dramatically increases economic and environmental benefits.
Looking forward, WMO is aiming to assist NMHSs and WMO Members to develop the
capabilities to deliver water information services, through its ambitious and long‑term Global
Hydrological Status and Outlook (HydroSOS) project, including sub‑seasonal and seasonal
hydrological predictions at the global, regional and river basin scales. Information presented in
the present Guidelines will assist with planning and development of hydrological outlooks by
NMHSs and WMO Members.

LIST OF ACRONYMS
Term

Description

AAO

Antarctic Oscillation

AIFS

Australian Integrated Forecast System

AO

Arctic Oscillation

ACCESS–G

Australian Community Climate Earth‑System Simulator–Global

ACCESS–S

Australian Community Climate Earth‑System Simulator–Seasonal

AMO

Atlantic Multi‑decadal Oscillation

APCC

Asia Pacific Climate Center

ARMA

Autoregressive Moving Average

ATM

Airborne Thematic Mapper

AWRIS

Australian Water Resources Information System

BATEA

Bayesian Total Error Analysis

BJP

Bayesian Joint Probability

BMA

Bayesian Model Averaging

BoM

Bureau of Meteorology

BSS

Brier Skill Score

CBaM

Calibration, Bridging and Merging

CDF

Cumulative Distribution Function

CHy

Commission for Hydrology

CLM

Community Land Model

CMA

China Meteorological Administration

CRPS

Continuous Rank Probability Score

EA‑WR

East Atlantic‑Western Russia Oscillation

ECMWF

European Centre for Medium‑Range Weather Forecasts

ESP

Ensemble Streamflow Prediction

ENSO

El Niño–Southern Oscillation

ET

Evapotranspiration

FCV

Future Climate Variability

FCVF

Forecast Verification

GCM

Global Climate Model

GCOS

Global Climate Observation System

GDPFS

Global Data‑processing and Forecasting System

GFCS

Global Framework for Climate Services

GLDAS

Global Land Data Assimilation System

GLUE

Generalized Likelihood Uncertainty Estimation

GOS

Global Observing System

GPCs‑LRF

Global Producing Centres for Long‑Range Forecasts
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Term

Description

GPCP

Global Precipitation Climatology Project

GPM

Global Precipitation Measurement

GRACE

Gravity Recovery and Climate Experiment

HEFS

Hydrological Ensemble Forecasting System

HydroSOS

Global Hydrological Status and Outlook System

ICOADS

International Comprehensive Ocean‑Atmosphere Data Set

IHCs

Initial Hydrological Conditions

IOD

Indian Ocean Dipole

IQR

Inter‑Quantile Range

IR

Infrared

IRI

International Research Institute for Climate and Society

IS

Intraseasonal Variability

IWRM

Integrated Water Resources Management

KMA

Korean Meteorological Administration

LFA

Logical Framework Analysis

MAE

Mean Absolute Error

MCMC

Markov Chain Monte Carlo

MJO

Madden‑Julian Oscillation

MLR

Multi‑variate Linear Regression

MN‑TC

Multi‑variate Normal with Transformation and Censoring

MOI

Mediterranean Oscillation Index

MODIS

Moderate Resolution Imaging Spectroradiometer

NAO

North Atlantic Oscillation

NCEP

National Centers for Environmental Prediction

NDVI

Normalized Difference Vegetation Index

NetCDF

Network Common Data Form

NHS

National Hydrological Service

NMHS

National Meteorological and Hydrological Service

NOAA

National Oceanic Atmospheric Agency

NPI

North Pacific Index

NPO

North Pacific Oscillation

NWP

Numerical Weather Prediction

OAGCM

Ocean–Atmosphere Coupled General Circulation Model

OGC

Open Geospatial Consortium

OPACHE

Open Panel of CHy Experts

PCR

Principal Component Regression

PDO

Pacific Decadal Oscillation

LIST OF ACRONYMS

Term

Description

PIT

Probability Integral Transform

PMW

Passive Microwave

PNA

Pacific‑North American Index

POAMA

Predictive Ocean Atmosphere Model for Australia

PR

Precipitation Radar

QM

Quantile Mapping

QMA

Quantile Model Averaging

QMF

Quality Management Framework

QPF

Quantitative Precipitation Forecasts

RA

Regional Association

RCC

Regional Climate Centre

RCM

Regional Climate Model

RCOF

Regional Climate Outlook Forum

RMSE

Root Mean Squared Error

RMSEP

Root Mean Squared Error of Prediction

ROC

Relative Operating Characteristic

SAM

Southern Annular Mode

SC‑HYD

Standing Committee on Hydrological Services

SERCOM

Commission for Weather, Climate, Water and Related Environmental Services and
Applications

SHP

Seasonal Hydrological Prediction

SIS

Surface Solar Irradiance

SOI

Southern Oscillation Index

SST

Sea‑Surface Temperature

SWE

Snow Water Equivalence

TMPA

TRMM Multi‑satellite Precipitation Analysis

TRMM

Tropical Rainfall Measuring Mission

TWS

Terrestrial Water Storage

UKMO

United Kingdom Meteorological Office

VIC

Variable Infiltration Capacity

WAPABA

Water Partition and Balance

WAFARi

Water Availability Forecasts of Australian Rivers

WEF

World Economic Forum

WISKI

Water Information Systems KISTERS

WMO

World Meteorological Organization
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