pwPR $'
Tb

£SI

,/
'- J c..
V ,

WORLD METEOROLOGICAL ORGANIZATION

~~
~
W)'~

SECOND INTERNATIONAL SYMPOSIUM
ON
ASSIMILATION OF OBSERVATIONS
IN
METEOROLOGY AND OCEANOGRAPHY

PWPR Report Series No. 5

WMO/TD - No. 651
Volume 11
TOKYO, JAPAN
13-17 MARCH 1995

."L

7 .J

I

z ·;1

1trzs

-ro

.,>
\

@_~:;

........

.

.

~

SECOND INTERNATIONAL SYMPOSIUM ON ASSIMILATION OF
OBSERVATIONS IN METEOROLOGY AND OCEANOGRAPHY
(Tokyo, Japan, 13-17 March 1 995)

TABLE OF CONTENTS

INTENSIVE COURSE
I. Observations
Atmospheric Observations
R. Atlas

1

Oceanic Observations
A.J. Busalacchi

7

11. Models
Atmospheric Models
A. Arakawa

11

Ocean Models
D. Anderson

17

Ill. Data Assimilation
Atmospheric Data Assimilation
R. Daley

21

Oceanic Data Assimilation
P. Malanotte-Rizzoli

23

IV. Advanced Methods
Variational Methods
P. Courtier

25

Estimation Theory for Data Assimilation Problems: Basic Conceptual Framework
and Some Open Questions
S.E. Cohn

31

RESEARCH CONFERENCE
1A. Advanced Methods: Variational (poster)
On Some Limitations of Diabatic Nonlinear Normal Mode Initialization
R.M. Errico

35

Optimal Parameter Estimation Experiments with Global Multilevel Primitive
Equations Models
I.M. Navon

41

Pre-operational Test with a Three-Dimensional Variational Analysis Scheme
E. Andersson, P. Courtier, W. Heckley, F. Rabier, J-N. Thepaut, P. Unden,
D. Vasiljevic

43

-i-

Testing the Perfect-Model Assumption in Variation Data Assimilation
D. Dee

49

Automatic Adjoint Code Generation
R. Giering, T. Kaminski

55

Hybrid Models and Variational Assimilation
C.A. Pires, R. Vautard

61

A Quasi-Newton Method for Ill-Conditioned System of Linear Equations in the
Analysis and Assimilation of Meteorological Data
l. Sun, T. Shen

67

The Generalized Inverse of a Nonlinear Open Quasi-geostrophic Ocean Model
with the Representer Method
P.J. van leeuwen

69

4-D Variational Data Assimilation with a Global Multilevel Primitive Equation
Model
Z. Wang, I.M. Navon, X. Zou, K.J. lngles

75

Simple Adjoint Methods for Two- and Three-Dimensional Wind Retrievals from
Single-Doppler Data
Q.Xu,H. Gu,S. Yang

81

Extending a Hessian Preconditioning Method to 4-D Variational Data Assimilation
Experiments Using the Adiabatic Version of the NASA/GEOS-1 C-Grid GCM
W. Yang, I.M. Navon

85

1 B. Advanced Methods: Variational (oral)
Generalized Inversion of a Global Primitive-Equation Numerical Weather
Prediction Model
A.F. Bennett

91

Parameter Estimation Solving a Weak Constraint Variational Problem
M. Eknes, G. Evensen

93

Sensitivity Analysis in Variational Data Assimilation
F.-X. le Dimet, H.E. Ngodock, J. Verron

99

3-D Variational Assimilation with Variable Resolution
P. Moll, F. Bouttier

1 05

On the Use of Automatic Differentiation to Assess Parametric Sensitivity in
Convective-Scale Variational Data Assimilation
S.K. Park, K.K. Droegemeier

111

Development of an Operational Objective Analysis Using Model Layer 3Dimensional Multi-variate Optimum Interpolation Method at Japan Meteorological
Agency
H. Tada

11 7

Four-Dimensional Data Assimilation with a Wide Range of Scales
P. Gauthier, M. Tanguay, P. Bartello

1 23

Dynamical Structure Functions in 4D-Var: A Case Study
J.-N Thepaut, P. Courtier, G. Belaud, G. lemaftre

129

- ii -

Writing the Adjoint Code of a Primitive Equation OGCM with an Automatic
Adjoint Generator
F. van den Berghe, N. Rostaing-Schmidt

1 35

4DVAR Using an Adjoint Model with Moist Physics: Possibilities and Limitations
T. Vukicevic, J.-W. Bao

141

2A. Advanced Methods: Sequential {poster)
Advanced Sequential Methods with Nonlinear Dynamics
G. Evensen

147

Advanced Data Assimilation Based on Ensemble Statistics
G. Evensen, P.J. van Leeuwen

153

An Analytical Study of Geophysical Flow Estimation and Mixing Using Extended
Kalman Filtering for Vortex Models
K. lde, M. Ghil

1 59

Sensitivity of Forecasts and Analyses to the Observations in FDDA Using the
Dynamical Relaxation (Nudging) Method
J.-W. Bao, R.M. Errico

1 65

Filtering Properties of Incremental Analysis Updates
A. da Silva

1 69

Diabatic Dynamic Initialization with an Iterative Filter for a Tropospheric and
Stratospheric Data Assimilation System
M.S. Fox-Rabinovitz

1 75

Sequential Parameter Estimation for a Coupled Ocean-Atmosphere Model
Z. Hao, M. Ghil

181

Use of Automated Aircraft Observed Data in Continuous Data Assimilation
System
K. Onogi, T. Deshimaru

1 87

The Tangent Linear Model for Semi-Lagrangian Schemes
S. Polavarapu, M. Tanguay, R. Menard, A. Staniforth

193

Sensitivity of Two-Day Forecast Errors Over the Northern Hemisphere to Initial
Conditions
F. Rabier, E. Klinker, P. Courtier, A. Hollingsworth

1 99

A Generalized Statistical Interpolation Scheme
P. Steinle, R. Seaman, W. Bourke, T. Hart

205

Estimating and Removing Growing Errors From the Analysis
E. Kalnay, Z. Toth

209

2B. Advanced Methods: Sequential (oral)
Advances in Sequential Estimation for Atmospheric and Oceanic Flows
M. Ghil

213

A Stabilized Sparse-Matrix U-D Square-Root Implementation of a Large-State
Extended Kalman Filter
D. Boggs, M. Ghil, C. Keppenne

219

- iii -

Tuning 01 Error Covariance Parameters: Experiments with the HIRLAM System
D. Dee, G. Cats

225

Three Algorithms for Estimating the Covariance Matrix of Analysis Error in
Incremental Variational Data Assimilation
M. Fisher, P. Courtier

229

Middle Atmosphere Assimilation of UARS Constituent Data Using Kalman
Filtering: Preliminary Results
R. Menard, P. lyster, l.-P. Chang, S.E. Cohn

235

Data Assimilation in 2D-Hydrodynamic Models
P.G.J. ten Brummelhuis

239

Approximate Kalman Filters for Unstable Dynamics
S.E. Cohn, R. Todling

241

Reduced Rank Square Root Filters for Large Scale Data Assimilation Problems
M. Verlaan, A.W. Heemink

24 7

3B. Atmospheric Applications: large-Scale (oral)
Large Scale Data Assimilation Systems: Atmospheric Applications in Numerical
Weather Prediction
J. Pailleux

253

The Met. Office Forecasting Ocean Atmosphere Model (FOAM)
M.J. Bell, J.O.S. Alves, A.l. Cooper, R.M. Forbes, S.J. Foreman, C.G. Sherlock

259

A Study of the ARPEGE Forecast Error Covariances
G. Desroziers, V. Mathiot, F. Orain

263

An Estimatioin Method of Atmospheric Water Balance with 4-Dimensional Data
Assimilation
T. lwasaki

269

Assessing the Effects of Data Selection with DAO's Physical-Space Statistical
Analysis System
A. da Silva, J. Pfaendtner, J. Guo, M. Sienkiewicz, S. Cohn

273

Variational Assimilation of Satellite Total Ozone Observations
l. P. Riishojgaard

279

Ill-Posed Variational Problem and Regularization:
Data Analysis and Assimilation
Y.K. Sasaki

283

Single-Radar Doppler Velocity

A New Method for Assessing Model Error From Assimilated Data

285

S. Schubert,Y. Chang
The Linearization and Adjoint of Radiation Transfer Processes in the NMC
Spectral Model
J. Zou, I.M. Navon

289

4B. Oceanic Applications: large-Scale {oral}
Applications of Data Assimilation to Analysis of the Ocean on Large Scales
R.N. Miller

- iv -

293

Variational Assimilation of Altimeter Data in a Non-linear Ocean Model
B. luong, J. Blum, J. Verron

295

On the Benefit of Sea Level Assimilation in the Tropical Pacific
M. Fischer, M. Latif, M. Fli.igel, M. Ji

301

Evaluation of the Utility of the Global Sea Level Observation by
TOPEX/POSEIDON for Estimating the Ocean Circulation
l.-L Fu, I. Fukumori, R. Raghunath, Y. Chao

307

One Year of Variational Assimilation in the Tropical Atlantic
E. Greiner, S. Arnault, A. Morliere

313

Variational Parameter Estimation and Initialization in the Equatorial Pacific Ocean
Model
M. Kamachi, J.J. O'Brien

31 7

ERS-1 and Topex/Poseidon Altimeter Sea Surface Height Assimilation in a 6Layer Primitive Equation Model of the Pacific Ocean"
O.M. Smedstad, M.R. Carnes, D.N. Fox

323

Assimilation of 613 C Paleodata into the Hamburg LSG
A. Winguth, R. Giering, E. Maier-Reimer

329

Four-Dimensional Data Assimilation Model for Predicting Red Tide Occurrence
T. Yanagi

333

5B. Atmospheric Applications: Meso-scale Coral)
Initial State Specification for Mesosclae Applications
K. Puri, G.A. Mills

335

The Rapid Update Cycle: A New Mesoscale Assimilation System in Hybrid (6-a)
Coordinates at the National Meteorological Center
S.G. Benjamin, D. Kim, T.W. Schlatter

337

Meso-P-scale Data Assimilation in LAPS
J.M. Cram, S.C. Albers, D.l. Birkenheuer, J.R. Smart, P.A. Stamus

343

Assimilation of Precipitable Water into a Nonhydrostatic Mesoscale Model Using
a Variational Approach
Y.-H. Kuo, X. Zou, Y.-R. Guo

349

Global Soil Moisture Extraction Using 4DDA and Observational Runoff Data by
Combined Atmospheric-River Basin Water Balance Method
T. Oki, K. Musiake, H. Matsuyama, K. Masuda

355

Forward Variational Four-Dimensional Data Assimilation and Prediction
Experiments Using a Storm-Scale Numerical Model
A. Shapiro, K.K. Droegemeier, S. lazarus, S. Weygandt

361

Recent Developments of the NMC's Regional Four-Dimensional Variational Data
Assimilation System
M. Zupanski, D. Zupanski

367

GB. Oceanic Applications: Meso-scale (oral)

- V-

Eddy-Resolving Ocean Modeling and Prediction in the North Pacific
H.E. Hurlburt, D.N. fox, O.M. Smedstad

373

Using a Kalman Filter in Operational Storm Surge Prediction
K. Balding

379

Analyses of Wind and Waves at the Norwegian Meteorological Institute
L.-A. Breivik, B. Haugse, M. Reistad

385

Variational Data Assimilation for a Three-Dimensional Coastal-Ocean Model
R.W. Lardner, Y. Song

387

Variational Assimilation of Altimetric, Surface Drifter and Hydrographic Data in a
QG Ocean Model of the Azores Current
R. Morrow, P. De Mey

393

Feature Models and Data Assimilation
D. Smeed

397

3A. & 5A. Atmospheric Applications: Large- and Meso-scale (poster)
The NMC Global Analysis System: Recent Improvements and Future Plans
D. Parrish, J. Derber, J. Purser, W. Wu, Z. Pu

403

The Impact of Spatial and Temporal Distribution of Satellite Observations on
Tropical Cyclone Data Assimilation: Preliminary Results
L.M. Leslie, J.F. Le Marshall, C. Spinoso

409

Development of an Operational Variational Assimilation Scheme
A. Lorenc

415

The Impact of Assimilating SSM/1 Precipitable Water and Rain Flag Data on a
Mesoscale Numerical Weather Prediction
K. Aonashi, A. Shibata

421

The Role of Complex Quality Control in the Data Assimilation at the NCMRWF
K. Bhattacharya

427

Data Assimilation at Meteo-France
F. Bouttier, P. Caille, V. Casse, P. Moll, F. Taillefer, B. Urban

433

Sensitivity Analysis of a 3-D Compressible Storm-Scale Model to Input
Parameters
Z. Wang, K.K. Droegemeier, M. Xue, S.K. Park

437

The Application of Statistical Structure of Meteorological Parameters for
Objective Area Average
L. Geyko

443

Impacts of SPECTRUM Observations to Objective Analyses and Tropical Cyclone
Forecasts
H. Kamahori

447

Validation Study of Objectively Analyzed Tropical Cyclones
C. Kobayashi, T. lwasaki

453

- vi -

Comparison of Two Global Atmospheric Data Assimilation Runs Using the
Different Cumulus Parameterization
K.-1. Kuma

459

Diabatic Initialization with GMS Cloud Image
T. Matsumura, C. Tanaka

463

An Application of the 4DDA Data to the Study of Continental-Scale Water
Budget
H. Matsuyama, T. Oki, K. Masuda

469

New Data Quality Control System at the JMA
H. Morooka, K. Onogi, H. Komuro

4 75

Meteorological Data Assimilation Experiments Using a Limited Area Model
I. V. Pescaru

4 77

Comparison of Global SST Analyses for Atmospheric Data Assimilation
P.A. Phoebus, J.A. Cummings

4 79

Use of Synthetic Data in Tropical Cyclone Track Prediction with NWP Model
K. Prasad

485

Using TOVs Radiances in 4-D Variational Assimilation with the NMC Global
Spectral Model
Z.-X. Pu, J.C. Derber

491

Single-Doppler Velocity Retrievals in Clear Air, Microburst, and Deep-Convective
Flows
A. Shapiro, S. Ellis, S. Weygandt

493

Design of an Adjoint Model Assimilated with Limited Area Data and its Test
Studies
T. Shen, Z. Chen, C. Wu

495

Four-Dimensional Variational Data Assimilation of Atmospheric Refractivity Using
a Mesoscale Model
X. Zou, Y.-H. Kuo, Y.-R. Guo

497

4A. & 6A. Oceanic Applications: Large- & Mesa-scale {poster)
A Reduced-Dimension, Static, Linearized Kalman Filter and Smoother
I. Fukumori

503

Data Assimilation and Sensitivity Studies Using a Global Primitive Equation
Ocean Model
E. Tziperman, Z. Sirkes

507

Ocean Thermal Analysis Systems at Fleet Numerical Meteorology and
Oceanography Center
J.A. Cummings

509

Assimilation Model for Oceanic Surface Circulations Using Drifting Buoy and
Altimetric Data
Y. lshikawa, T. Awaji, K. Akitomo, N. lmasato

513

Assimilation of Data into the Hamburg Large Scale Geostrophic OGCM
R. Giering, E. Maier-Reimer

519

- vii -

Assimilation of Altimeter Data in a Multilayer Quasi-Geostropic Ocean Model by
Simple Nonlinear Adaptive Filter
H.S. Hoang, P. De Mey, 0. Talagrand, R. Baraille

521

Assimilation of Simulated Altimeter Data and Surface Velocity Data into a
Two-Layer, Eddy-Resolving, Ouasi-Geotrophic Model Using the Variational
Method
M. lkeda, l.Z. Cong, D. Nechaev, M. Yaremchuk

527

Toward Monitoring the Nonlinear Variability of Western Boundary Currents Assimilation of Simulated Altimeter Data into a Wind-Driven, Double-Gyre,
Shallow-Water Model
S. Jiang, M. Ghil

533

Assimilation of COADS Data in the Stochastic SST Anomaly Model
A. Ostrovskii

539

4D-VAR SST Data Similation Experiments with a Hydrodynamic Model in
Combined Shelf/Deep Sea Areas
M. Ouberdous, W. Eifler

545

Assimilation of Topex/Poseidon Altimeter Data into a Circulation Model of the
South Atlantic Ocean
P. Florenchie, J. Verron, E. Blayo

549

Assimilating Data into the Semtner/Chervin 1/4 Degree Resolution Global Model
R. Tokmakian, A. Semtner

555

Ocean Data Assimilation System for Climate Monitoring at JMA
I. Yoshikawa, M. Kimoto, M. lshii

561

Assimilation of North Atlantic Climatologies Using a Primitive Equation Model Sensitivity Studies
L. Vu, P. Malanotte-Rizzoli

565

7 A. Remote Sensing and Single-Level Applications (poster)
Decoding of Aeronautical Data in the METAR and SPECI Code, their Visualization
on the Display Monitor
E.N. Alekseev

571

The Impact of ERS-1 Scatterometer Data on GEOS Model Forecasts
R. Atlas, R.N. Hoffman, E. Brin, P.M. Woiceshyn

573

Study of the Impact of ERS-1 Scatterometer Wind Data on Numerical Wave
Modelling
J.M. lefevre, D. Le Meur, B. Fradon, H. Roquet

579

Assimilation of Satellite Water Vapor and Surface Temperature Data in a
Mesoscale Model
A.E. lipton, G.D. Modica, S.T. Heckman

585

Sensitivity of Simulated Soil Moisture and Heat Balance to Initial Soil Wetness
N. Masuko, N. Sato

591

Sampling Error Simulation Study for TRMM Observation - Its Seasonal
Dependency
R. Oki, A. Sumi

597

- viii -

The Impact of Satellite-Derived Wind on the Numerical Weather Forecast
H. Sasaki

603

Characterisation and Assimilation of ERS-1 Scatterometer Measurements
A. Stoffelen, D. Anderson, C. Gaffard

609

Assimilation of Wave Spectra in an Operational North Sea Wave Model
A.C. Voorrips

615

A System for Assimilation of SAR Wave Spectra into an Operational Wave Model
l.J. Wilson, E. Dunlap, R. Olson, S. de Margerie

619

7B. Remote Sensing and Single-Level Applications {oral)
Derivation of Global Distribution of Soil Moisture and Snow Depth Using an
Offline Simple Biosphere Model
N. Sato, N. Masuko, T. Nishimura, N. Fujikawa

625

Wave Data Assimilation
P.A.E.M. Janssen

631

Variational Assimilation of Remotely-Sensed Observations of the Atmosphere
J.R. Eyre

639

Operational Meteorological Satellite Data: A Challenge for the 2000 ERA
G. Szejwach

645

8A. Climatology and Weather Forecasting (poster)
The ECMWF Re-analysis (ERA) Project
J.K. Gibson, A. Hemandez, P. Kallberg, E. Serrano, A. Nomura, S. Uppala

64 7

Assimilation of Satellite Data and Objective Analysis
W.S. Goma

649

Meteorological and Oceanographical Observations in Viet Nam
H. Due Thinh

651

The Response of Dry Tendency in Summer in North of China to Global Warming
J. Huang

653

Pacific Ocean Sea-Surface Temperatures and East African Seasonal Rainfall
M. lndeje

655

A Study of the Formation of Low SST Anomaly Over the North Pacific in 1993
Using an OGCM
M. lshii, M. Kimoto, I. Yoshikawa

661

Meteorological Aspects of Winter Wheat Production in Ukraine

665

0. Karpova
Minimum and Maximum Temperature Trend Patterns Over Eastern Africa
S.M. King'uyu

669

Rainfall Probability Forecasting at Ninoy Aquino International Airport Station
(Philippines)
C.G. Lao

675

- ix-

Hydrography of Chwaka Bay
M.A. Mgendi

679

The Formulation of a Numerical Model for Synoptic - Scale Forecasting in the
Tropics
P. Patvivatsiri

685

An Overview of and Results from NASA's Reanalysis Project
S. Schubert, R. Rood, C.-K. Park

691

Comparative Energetics of the Old and Recent ECMWF Analyses Using the
Normal Mode Expansion
H.L. Tanaka, K. Kimura, A. Hasegawa

697

Empirical Studies of Distinctive Features of Present-Day Climate Changes in
Ukraine on the Basis of Hydrometeorological Observations
I. Trofimova

703

Relationships between Pacific Ocean Sea-Surface Temperature and Seasonal
Rainfall in Southern Africa
W. Zhakata

709

Comparison of Meteorological Elements Recorded at Automatic Weather Station
(AWS)- Milos 500
N. Thi Thu Binh

715

Assimilation of Oceanographic and Meteorological Observations in Vietnam
N. Tien Quang

71 7

- X-

RESEARCH CONFERENCE*
Monday,

13 March 1995

13:30 - 17:00

n/a
n/a

n/a

n/a
n/a
n/a

lA.

Advanced methods, variational
(poster)
R. M. Errico (invited), NCAR,
"On Some Limitations of Diabatic Nonlinear Normal Mode Initialization"
I. M. Navon (invited), FSU,
"Optimal Parameter Estimation Experiments with Global Multilevel Primitive
Equations Models"
Y. Tremolet and F.-X. Le Dimet (invited), UJF
"Parallel Algorithms, Coupled Models in Variational Data"
E. Andersson, P. Courtier, W. Hackley, F. Rabier, J.-N. TMpaut, P. Unden and D.
Vasiljevic
"Pre-operational test with a three-dimensional variational analysis scheme"
D.Dee
"Testing the perfect-model assumption in variational data assimilation"
R. Giering and T. Kaminski
"Automatic adjoint code generating"
C. A. Pires and R. Vautard
"Hybrid models and Variational Assimilation"
G. Safronov
"A Hydrodynamic numerical model of tides and storm surges with application of
the data assimilation scheme based on variational approach"
S. K. Sinha
"4-Dimensional data assimilation using adjoint equations in a shallow water model"
L. Sun and T. Shen
"A Quasi-Newton Method for ID-conditioned System of Linear Equations in the
Analysis and Assimilation of Meteorological Data"
P. Unden
"Assimilation and forecast impact of a 3-dimensional variational analysis scheme"
P. J. van Leeuwen
"The generalized inverse of a nonlinear open quasi-geostrophic ocean model with
the representer method"
D.-Z. Wang, I. M. Navon, X. Zhou and K. J. Ingles
"4-D variational data assimilation with a global multilevel primitive equation model"
Q. Xu, H. Gu and S. Yang
"Simple Adjoint Methods for Two- and Three-Dimensional Wind Retrievals From
Single-Doppler Data"
W. Yang and I. M. Navon
"Preconditioning 4-D Variational Data Assimilation Experiments using the Adiabatic
Version of the NASA GEOS-1 C-Grid GCM"
K. Zhu
"Comparison of the variational data assimilation performance among the finitedifference model, fmite-element model and spectral model''
0. Zilberstein
"A Hydrodynamic numerical model of tides and storm surges with application of
the data assimilation scheme based on variational approach"
D. Zupanski
"The effects of physical processes on four-dimensional variational data
assimilation"

*Each oral session starts with one invited talk of 45 minutes (35+10 minutes discussion),
or one to four invited ones of 30 (25+5) minutes each.
All20 and 15 minute talks are 15+5 and 12+3 minutes of discussion, respectively.

Symposium Program
INTENSIVE COURSE*
Monday, 13 March 1995

9:00- 9:30

Opening Remarks • Hosts

9:30- 12:00

I.
Observations
Chair: A. Lorenc, UKMO
R. Atlas, GSFC
"Atmospheric Observations"
A. Busalacchi, GSFC
"Oceanic Observations"

9:30-10:30
11:00- 12:00

13:30 - 15:30
13:30- 14:30
14:30-15:30

16:00 - 17:00
16:00-17:00

IT. Models
Chair: L. Leslie, UNSW
A. Arakawa, UCLA
-"Atmospheric Models"
D. Anderson, Oxford
"Ocean Models"
ITI. Data assimilation
a. Introduction
Chair: F.-X. Le Dimet, UJF
0. Talagrand, LMD
"Assimilation of observations, an introduction"

Tuesday, 14 March 1995

9:30- 11:30
9:00-10:00
10:30- 11:30

11:30 - 15:00
11:30 - 12:30
14:00-15:00

15:00 - 17:30
15:00- 16:00
16:30-17:30

ITI. Data assimilation
b. Atmospheric and oceanic assimilation
Chair: M. Navon, FSU
R. Daley, AES
"Atmospheric Data Assimilation"
P. Malanotte-Rizzoli, MIT
"Oceanic Data Assimilation"
IV. Advanced methods
Chair: D. Parrish, NMC
P. Courtier, ECMWF
"Variational Methods"
S. E. Cohn, GSFC
"Estimation Theory for Data Assimilation Problems:
Basic Conceptual Framework and Some Open Questions"
V.
Meso-scale assimilation
Chair: R. Errico, NCAR
N. Gustafsson, SMID
"Mesa-scale assimilation, atmosphere"
P. de Mey, CNES
"Data Assimilation: the Oceanic Mesoscale"

• All lectures are 50 minutes + 10 minutes of questions and discussion.

Tuesday, 14 March 1995

9:00 - 12:30

n/a

2A.

Advanced methods, sequential
(poster)
G. Evensen (invited), NERSC, and P. J. van Leeuwen
"Advanced Data Assimilation Based on Ensemble Statistics "
K. Ide (invited), UCLA, and M. Ghil
"An Analytical Study of Geophysical Flow Estimation and Mixing using Extended
Kalman Filtering for Vortex Models"
J.-W. Bao and R. M. Errico
"Sensitivity offorecasts and analyses to the observations in FDDA using the
dynamical relaxation (nudging) method"
A. DaSilva
"Filtering Properties of Incremental Analysis Updates"
M. Fox-Rabinovitz
"Diabatic dynamic initialization with an iterative filter for a tropospheric and
stratospheric data assimilation system"
Z. Hao and M. Ghil
"Sequential Parameter Estimation for a Coupled Ocean-Atmosphere Model"
K. Onogi and T. Deshimaru
"Use of Automatic Air-RepOlt data in Continuous Data Assimilation System"
S. Polavarapu, M. Tanguay, R. Menard and A. Staniforth
"The Tangent and Linear Model for Semi-Lagrangian Schemes"
F. Rabier, E. Klinker, P. Courtier, and A. Hollingsworth
"Sensitivity of two-day forecast errors over the Northern Hemisphere to initial
conditions"
P. J. Steinle, R. Seaman, W. Bourke, and T. Hart
"A generalized statistical interpolation scheme"
E. Kalnay and Z. Toth
"Estimating and removing growing errors from the analysis"
P. J. van Leeuwen
"A comparison between the representer method and the ensemble Kalman Filter of
the Agulhas"

14:00 - 15:30 3A&5A. Atmospheric applications, large- & meso-scale
(poster)
D. Pru.rish (invited), NMC, J. Derber, J. Purser, W. Wu, and Z. Pu
"The NMC global analysis system: recent improvements and future plans"
L. Leslie (invited), U. New South Wales, J. F. Le Marshal! and C. Spinoso
"The Impact of Spatial and Temporal Distribution of Satellite Observations on
Tropical Cyclone Data Assimilation: Preliminary Results"
A. Lorenc (invited), UKMO,
"Development of an Operational Variational Assimilation Scheme"
n/a
L. Amodei
"Four-dimensional variational data assimilation including a convection scheme"
K. Aonashi and A. Shibata
"The impact of assimilating SSM/1 precipitable water and rain flag data on a
mesoscale numerical weather prediction"
T. Battsetseg
"Assimilation of Meteorological Observations in Mongolia"
K. Bhattacharya
"The role of complex quality control in data assimilation at the NCMRWF"
F. Bouttier, P. Caille, V. Casse, P. Moll, F. Taillefer, and B. Urban
"Data Assimilation at Meteo-France"
Z. Wang, K. K. Droegemeier, M. Xue and S. K. Park
"Sensitivity Analysis of a 3-D Compressible Storm-Scale Model to Input
Parameters"
L. Geyko
"The application of statistical structure of meteorological parameters for a method
objective areas average"

nla

nla

nla

nla

nla

H. Kamahori
"Impacts of SPECTRUM observations to Objective Analyses and Tropical Cyclone
Forecasts"
T. Kaminski
"Determination of sources and sinks of atmospheric tracers by use of an adjoint
method"
C. Kobayashi and T. Iwasaki
"Validation study of objectively analyzed tropical cyclones"
K.-1. Kuma
"Comparison of two global data assimilation runs using the different cumulus
parameterization"
T. Matsumura and C. Tanaka
"Diabatic Initialization with GMS Cloud Image"
H. Matsuyama, T. Oki and K. Masuda
"An application of the 4DDA data to the study of continental-scale water budget"
H. Morooka, K. Onogi, and H. Komuro
"New data quality control system at the JMA"
T. Q. Nguyen
"Assimilation of oceanographic and meteorological observations in Vietnam"
G. Paul
"The ALPEX level ill b analysis"
I. V. Pescaru
"Meteorological data assimilation experiments using a limited area model"
P.A. Phoebus and J. A. Cummings
"Comparison of global SST analyses for atmospheric data assimilation"
T. Prager
"Survey of representativeness and area of influence of aerological stations by the
adjoint method"
K. Prasad
"Use of synthetic data in tropical cyclone track prediction by NWP model"
z. Pu
"Four-Dimensional variational assimilation of TOVS data using the NMC spectral
model"
A. Shapiro (a), S. Ellis and S. Weygandt
"Single-doppler velocity retrievals in clean air, micro burst, and deep convective
flows"
T. Shen, Z. Chen and C. Wu
"Design of an Adjoint Model Assimilated with Limited Area Data and Its Test
Studies"
J. Sun
"Assimilation of Doppler radar observations into a cloud model"
X. Zou, Y.-H. Kuo, and Y.-R. Guo
"Four-dimensional variational data assimilation of atmospheric refractivity using a
mesoscale model"

Wednesday, 15 March 1995

8:30 - 12:30

4A&6A. Oceanic applications, large- & meso-scale
(poster)
I. Fukumori (invited), JPL
"A Reduced-Dimension, Static, Linearized Kalman Filter and Smoother"
E. Tziperman (invited), Weizmann Institute, and Z. Sirkes
"Data assimilation and sensitivity studies using a global primitive equation ocean
model"
Y. Ishikawa, T. Awaji, K. Akitomo, and N. Imasato
"Assimilation Model for Oceanic Surface Circulations Using Drifting Buoy and
Altimetric Data"

n/a
n/a

n/a

n/a

n/a

n/a

8:30- 12:30

8:30- 9:15
9:15- 9:35
9:35- 9:55
9:15-10:15
10:45- 11:05

W. P. Budgell
"Data assimilation for sea ice monitoring and forecasting"
W. Eifler
"RS data assimilation into a primitive-equation ocean model"
G. Evensen
"Advanced Sequential Methods with Nonlinear Dynamics"
R. Giering and E. Maier-Reimer
"Assimilation of Data into the Hamburg Large Scale Geostrophic OGCM"
A. Guillaume
"Data assimilation in ocean waves forecasting"
H. S. Hoang, P. De Mey, 0. Talagrand and R. Baraille
"Assimilation of Altimeter Data in a Multilayer Quasi-Geostrophic Ocean Model by
Simple Nonlinear Adaptive Filter"
M. Ikeda, L. Z. Cong, D. Nechaev, and M. Yaremchek
"Assimilation of Simulated Altimeter Data and Surface Velocity Data into a TwoLayer, Eddy-Resolving, Quasi-Geostrophic Model Using the Variational Method"
S. Jiang and M. Ghil
"Toward Monitoring the Nonlinear Variability of Western Boundary CurrentsAssimilation of Simulated Altimeter Data into a Wind-Driven, Double-Gyre,
Shallow-Water Model"
F. Martel
"Heat, salt and water budgets in the Western Mediterranean Sea: control by the
atmospheric thermohaline fluxes"
A. Ostrovskii
"Assimilation of COADS data in the stochastic SST anomaly model"
M. Ouberdous and W. Eifler
"4D-VAR SST Data Assimilation Experiments with a Hydrodynamic Model in
Combined Shelf/Deep Sea Areas"
V. Ryabinin
"Joint meteorological and oceanographic data assimilation and forecasting system
components sensitivity and its application to system optimization"
P. Florenchie, J. Verron and E. Blayo
"Assimilation of Topex/Poseidon altimeter data into a circulation model of the South
Atlantic Ocean"
I. Yoshikawa, M. Kimoto, and M. Ishii
"Ocean Data Assimilation System for Climate Monitoring at JMA"
L. Yu and P. Malanotte-Rizzoli
"Assimilation of the North Atlantic Climatologies Using a Primitive Equation Model
- Sensitivity Studies"
E. Zaharchenko
"Assimilation of Meteorological and Oceanographical data for climatic research in
Latvia"
lB.
Advanced methods, variational
(oral)
Chair: Y. Sasaki, UOKR
A. F. Bennett (invited), OSU
"Generalized Inversion of a Global Primitive-Equation Numerical Weather
Prediction Model "
M. Eknes and G. Evensen
"Parameter Estimation Solving a Weak Constraint Variational Problem"
F.-X. Le Dimet, H. E. Ngodock and J. Verron
"Sensitivity analysis in variational data assimilation"
P. Moll and F. Bouttier
"3-D Variational Assimilation with Variable Resolution"
<<break>>
S. K. Park and K. K. Droegemeier
"On the Use of Automatic Differentiation to Assess Parametric Sensitivity in
Convective-Scale Variational Data Assimilation"

11:05 - 11:25

H. Tada
"Development of an Operational Objective Analysis Using Model Layer 3Dimensional Multi-Variate Optimum Interpolation Method at Japan Meteorological
Agency"
P. Gauthier, M. Tanguay and P. Bartello
"Four-dimensional data assimilation with a wide range of scales"
J.-N. Thepaut, P. Courtier, G. Belaud and G. Lemaitre
"Dynamical structure functions in 4D-V ar: a case study"
F. V an den Berghe and N. Rostaing-Schmidt
"Writing the adjoint code of a primitive equation OOCM with an automatic adjoint
generator"
T. Vukicevic and J.-W. Bao
"4DVAR using an adjoint model with moist physics: Possibilities and limitations"

11:25-11:45
11:45 - 12:00
12:00- 12:15
12:15 - 12:30

14:00 - 18:00

7A.

Remote sensing and single-level applications
(poster)
E. N. Alekseev
"Decoding of Aeronautical Data in the METAR and SPECI Code, their
Visualization on the Display Monitor"
R. Atlas, R. N. Hoffman, E. Brin and P. M. Woiceshyn
"The impact of ERS-1 scatterometer data on GEOS model forecasts"
0. Chafki
"Study of the high spectral resolution infrared spectrometer informativity"
J.-M. Lefevre, D. Le Meur, B. Fradon and H. Roquet
"Study of the impact of ERS-1 scatterometer wind data on numerical wave
modelling"
A. E. Lipton, G. D. Modica and S. T. Heckman
"Assimilation of Satellite Water Vapor and Surface Temperature Data in a
Mesoscale Model"
N. Masuko and N. Sato
"Sensitivity of simulated soil moisture and heat balance to initial soil wetness"
P. M. Nthusi
"Inherent Difficulties of Weather Observations in Africa and how they can be
mitigated"
R Oki and A. Sumi
"Sampling error simulation study for TRMM observation- its seasonal
dependency -"
H. Sasaki
"The Impact of Satellite-Derived Wind on the Numerical Weather Forecast"
A. Stoffelen, D. Anderson and C. Gaffard
"Characterisation and Assimilation of ERS-1 Scatterometer Measurements"
A. C. Voorrips
"Assimilation of wave spectra in an operational North Sea wave model"
W. Wergen
"Data assimilation for a soil model"
L. J. Wilson, E. Dunlap, R. Olson and S. de Margeri
"A System for Assimilation of SAR Wave Spectra into an Operational Wave
Model"

n/a

n/a

n/a

14:00 - 17:55
14:00- 14:45
14:45- 15:05
15:05- 15:25

2B.

Advanced methods, sequential

(oral)

Chair: M. S. Fox-Rabinovitz, U. Maryland
M. Ghil (invited), UCLA
"Advances in Sequential Estimation for Atmospheric and Oceanic Flows"
D. Boggs, M. Ghil and C. Keppenne
"A Stabilized Sparse-Matrix U-D Square-Root Implementation of a Large-State
Extended Kalman Filter"
D. Dee and G. Cats
"Tuning OI error covariance parameters: experiments with the Hirlam System"

15:25- 15:45

L. Pillion
"The normal mode structure of forecast error covariances"
<<break>>
M. Fisher and P. Courtier
"Three Algorithms for Estimating the Covariance Matrix of Analysis En·or in
Incremental Variational Data Assimilation"
R. Menard, P. Lyster, L.-P. Chang and S. E. Cohn
"Middle Atmosphere Assimilation ofUARS Constituent Data using Kalman
Filtering: Preliminary Results"
P. ten Brummelhuis
"Data Assimilation in 2D-hydrodynamic models"
S. E. Cohn and R. Todling
"Approximate Kalman Filters for Unstable Dynamics"
M. Verlaan and A. W. Heemink
"Reduced Rank Square Root Filters for Large Scale Data Assimilation Problems"

16:15- 16:35
16:35- 16:55
16:55-17:15
17:15-17:35
17:35-17:55

20:30 - 22:00

9.

Panel Discussion : Why assimilate data, for weather or climate?
Chair: E. Kalnay, NMC
Panel: D. Anderson, Oxford; A Bennett, OSU; S. Cohn, GSFC;
P. Courtier, ECMWF; N. Sato, JMA; T. Schlatter, NOAA.

Thursday, 16 March 1995

8:30- 16:00
n/a

n/a

n/a

n/a

8A. Climatology and forecasting
(poster)
P. G. Ambenje
"1991-1994 Drought Episodes in Eastern and Southern Mrica"
J. K. Gibson, A. Hernandez, P. Kallberg, E. Serrano, A. Nomura and S. Uppala
"The ECMWF Re-Analysis (ERA) Project"
D. T. Hoang
"Meteorological and oceanographical observations in Vietnam"
J. Huang
"The response of Dry Tendency in Summer in North China to Global Warming"
M. Indeje
"Pacific Ocean sea-surface temperatures and East Mrican seasonal rainfall"
M. Ishii, M. Kimoto and I. Y oshikawa
"A Study of the Formation of Low SST Anomaly over the North Pacific in 1993
using an OGCM"
A. Jilyaev
. "Estimation of present-day climatic changes in Azov-Black Seas basin on the basis
of marine network hydrometeorological observations"
0. Karpova
"Meteorological aspects of winter wheat production in Ukraine"
K. Kato
"Heat and moisture budgets in warm season of 1991 over China by using temp-B
data"
S. M. King'uyu
"Minimum and maximum temperature trend patterns over Eastern Mrica"
C. Lao
"Rainfall Probability Forecasting At Ninoy Aquino International Airport Station
(Philippines) "
V.Manukalo
"Estimation of areas distribution of snowcover for hydrological modelling"
M. A. Mgendi
"Hydrography of Chwaka Bay"

n/a

n/a

8:30 - 12:25
8:30- 9:15
9:15- 9:35
9:35- 9:55
9:55-10:15

10:45 - 11:05
11:05 - 11:25
11:25-11:45
11:45- 12:05
12:05 - 12:25

14:00 - 17:55
14:00-14:45
14:45- 15:05

T. T. B. Nguyen
"Comparison of meteorological elements recorded at automatic weather station
(AWS)-MILOS 500"
J. 0. Owili
"Microclimatic Modification in Crop Canopies"
P. Patvivatsiri
"The Formulation of a Numerical Model for Synoptic-scale Forecasting in the
Tropics"
S. Saha
"Automatic monitoring system for the reanalysis project at NMC"
S. Schubert (a), R. Rood, C.-K. Park
"An overview of and results from NASA's reanalysis project"
H. L. Tanaka, K. Kimura and A. Hasegawa
"Comparative Energetics of the Old and Recent ECMWF Analyses using the
Normal Mode Expansion"
I. Trofunova
"Empirical studies of distinctive features of present-day climate changes in Ukraine
on the basis of hydrometeorological observations"
W. Zhakata
"Relationships between Pacific Ocean sea-surface temperature and seasonal rainfall
in Southern Mrica"

3B.
Atmospheric applications, large-scale
(oral)
Chair: T. Kitade, JMA
J. Pailleux (invited), CNRM
"Large-scale data assimilation systems: Atmospheric applications in numerical
weather prediction"
M. J. Bell, J. 0. S. Alves, A. L. Cooper, R. M. Forbes, S. J. Foreman and C. G.
Sherlock
"The Meteorological Office Forecasting Ocean Atmosphere Model (FOAM) "
G. Desroziers, V. Mathiot and F. Orain
"A study of the ARPEGE forecast error covariances"
T. Iwasaki
"An Estimation Method of Atmospheric Water Balance with 4-Dimensional Data
Assimilation"
<<break>>
J. W. Pfaendtner, J. Guo, M. Sienkiewicz and S. E. Cohn
"Assessing the Effects of Data Selection with DAO's Physical-space Statistical
Analysis System"
L. P. Riishojgaard
"Variational assimilation of satellite total ozone observations"
Y. K. Sasaki
"ID-Posed Variational Problem and Regularization: Single Doppler Radar Wind
Data Analysis and Assimilation"
S. Schubert and Y. Chang
"A new method for assessing model errors from assimilated data"
J. Zou and I. M. Navon
"The Linearization and Adjoint of Radiation Transfer Processes in the NMC
Spectral Model"
4B.
Oceanic applications, large-scale
(oral)
Chair: M. Kubota, U. Tokai
R. N. Miller (invited), OSU
"Applications of Data Assimilation to Analysis of the Ocean on Large Scales"
B. Luong, J. Blum and J. Verron
"Variational assimilation of altimeter data in a non-linear ocean model"

M. Fischer, M. Latif, M.Flligel and M. Ji
"On the Benefit of Sea Level Assimilation in the Tropical Pacific"
L.-L. Fu, I. Fuk:umori, R. Raghunath and Y. Chao
"Evaluation of the Utility of the Global Sea Level Observation by
TOPEX/POSEIDON for Estimating the Ocean Circulation"
<<break>>
E. Greiner, S. Amault and A. Morliere
"One year of variational assimilation in the tropical Atlantic"
M. Kamachi and J. J. O'Brien
"Variational Parameter Estimation and Initialization in the Equatorial Pacific Ocean
Model"
0. M. Smedstad, M. R. Carnes 813C and D. N. Fox
"ERS-1 and Topex!Poseidon altimeter sea surface height assimilation in a 6-layer
primitive equation model of the Pacific Ocean"
A. Winguth, R. Giering and E. Maier-Reimer
"Assimilation of paleo data into the Hamburg LSG"
T. Yanagi
"Four-Dimensional Data Assimilation Model for Predicting Red Tide Occurrence"

15:05- 15:25
15:25- 15:45

16:15- 16:35
16:35- 16:55

16:55-17:15
17:15-17:35
17:35-17:55

Friday, 17 March 1995

8:30- 10:30
8:30- 9:00
9:00- 9:15
9:15- 9:30
9:30- 9:45
9:45-10:00
10:00- 10:15
10:15- 10:30

10:30 - 12:30
10:30- 11: 00
11:00-11:15
11:15-11:30
11:30-11:45

SB.
Atmospheric application, Meso-scale
(oral)
Chair: T. Vukicevic, NCAR
K. Purl (invited), BMRC
"Initial state specification for mesoscale applications"
S. G. Benjamin, D. Kim and T. W. Schlatter
"The Rapid Update Cycle: A New Mesoscale Assimilation System in Hybrid
( 0 - cr) Coordinates at the National Meteorological Center"
J. Cram, S. C. Alvers, D. L. Birkenheuer, J. R. Smart and P. A. Stamus
"Meso- ~-scale Data Assimilation in LAPS"
Y.-H. Kuo, X. Zou and Y.-R. Guo
"Assimilation of precipitable water into a nonhydrostatic mesoscale model using a
variational approach"
T. Oki, K. Musiake, H. Matsuyama and K. Masuda
"Global Soil Moisture Extraction using 4DDA and Observational Runoff Data by
Combined Atmospheric-River Basin Water Balance Method"
A. Shapiro, K. K. Droegemeier, S. Lazarus and S. Weygandt
"Forward variational four-dimensional data assimilation and prediction experiments
using a storm-scale numerical model"
M. Zupanski and D. Zupanski
"Recent developments of the NMC's regional four-dimensional variational data
assimilation system"
6B.
Oceanic application, Meso-scale
(oral)
Chair: K. Sak:urai, JMA
H. E. Hurlburt (invited), NRL, D. N. Fox and 0. M. Smedstad
"Eddy-resolving ocean modeling and prediction in the North Pacific"
K. Balding
"Using a Kalman Filter in Operational Storm Surge Prediction"
L.-A. Breivik, B. Haugse and M. Reistad
"Analyses of Wind and Waves at the Norwegian Meteorological Institute"
R. W. Lardner and Y. Song
"Variational data assimilation in a three-dimensional coastal-ocean model"

11:45 - 12:00
12:00-12:15
12:15- 12:30

14:30 - 16:00
14:00-14:30
14:30-15:00
15:15-15:45
15:45- 16:15

16:15 - 16:45

R. Morrow and P. De Mey

"Variational assimilation of altimetric, surface drifter and hydrographic data in a QG
ocean model of the Azores Current"
A. Polonsky and M. Chmutov
"Statistical Structure of the Temperature Field in the Tropical Atlantic during
GATE"
D. A Smeed
"Feature models and data assimilation"
7B.
Remote sensing and single-level applications
(oral)
Chair: J. Verron, CNRS
N. Sato (invited), JMA
"Derivation of Global Distribution of Soil Moisture and Snow Depth Using an
Offline Simple Biosphere Model''
P. Janssen (invited), KNMI
"Wave Data Assimilation"
J. Eyre (invited), ECMWF
"Variational assimilation of remotely-sensed observations of the atmosphere"
G. Szejwach (invited), EuMetSat
"Operational meteorological satellite data: A challenge for the 2000 era"
Closing Remarks
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Eddy-resolving ocean modeling and prediction in the North Pacific
Harley E. Hurlburt and Daniel N. Fox
Naval Research Laboratory
Stennis Space Center, MS 39529 USA
Ole Martin Smedstad
Planning Systems Inc.
Slidell, LA 70458 USA
A 1/8 degree eddy-resolving prediction system for the Pacific
Ocean north of 20S is under development at the Naval Research
Laboratory (NRL). The ocean data assimilation and prediction
problem exhibits numerous differences from meteorology and there
are many issues in addition to data assimilation techniques that must
be considered. These include simulation skill of the ocean model,
asynopticity of the data, dealing with unusual data types such as
oceanic frontal locations from satellite IR, potential for adequate
global synoptic data coverage only at the surface, atmospheric
forcing as a data type and a geoid that is not known well enough to
give accurate absolute sea surface height (SSH) from satellite
altimetry. As a result, in the ocean, model simulation skill is even
more important than in the atmosphere because there is a greater
burden placed on the model in assimilating the data.
The NRL 1/8 degree 6-layer Pacific Ocean model is used to
assimilate the data. The model includes all the deep marginal seas,
has a free surface, realistic bottom topography and a closed
boundary at 20S and the Indonesian Archipelago. Otherwise, the
model boundary usually follows the 200m isobath. Typically, the
model is spun up from rest to statistical equilibrium at 1/4 degree
resolution and then continued for about 15 years at 1/8 degree
resolution driven by a monthly wind stress climatology. Mean SSH
from two such spinups is shown in figure 1. The model is then
continued to be· run from 1981-1993 driven by daily ECMWF 1000
mb winds with the long term mean replaced by the annual mean
from the Hellerman and Rosenstein (1983) wind stress climatology.
Meandering currents and eddies are ubiquitous and strong
interannual variability is found (Hurlburt et al. 1992). Data
assimilation and prediction is begun from such a spun up state or a
modified version of it.
Hurlburt et al (1994) and figure 1 show that the model is able
to accurately simulate in detail the mean path of the Kuroshio,
including the details of the mean meanders south and east of Japan,
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Figure 1. Mean sea surface height from the NRL 1/8° 6-layer Pacific
Ocean Model north of zoo S with realistic bottom topography. The NW
Pacific region for two simulations which differ only in the wind forcing is
shown. One shows a meander path and the other a straight path in the
mean.
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both meandering and straight paths, the separation of the current
from the coast of Japan and the routes connecting part of the
Kuroshio Extension to the Oyashio and subarctic front. They also
show that the combined effects of baroclinic instability and specific
topographic features are responsible for this.
Versions of the model have also been used in wind-driven time
dependent studies. For example, J acobs et al. (1994) found an
anomaly which stretched from Japan to Alaska in 1992-93. It was
observed by satellite altimetry, sea surface temperature from
satellite IR and it was simulated by the NRL numerical ocean model.
The ocean model showed that this anomaly stemmed from the 198283 El Nifio and the model was used to link observations that were
widely separated in space and time to the decadal impact of this El
Nifio. For example, a Rossby wave was tracked along 30N from 160W
(Hawaii) to 140E (Japan) in the GEOSAT altimeter data, a
phenomenon also seen in the ocean model.
In comparisons with 66 IGOSS monthly sea level time series
1981-1993, the highest correlations were found where the ocean had
a strong deterministic response to wind forcing and the winds were
sufficiently accurate. In general, correlations were relatively high at
low latitudes and along the American coast from south of the equator
to the Aleutian peninsula (where wind excited wave propagation is
important) and they were low in the vicinity of Japan and in the
interior of the subtropical gyre (where thermal forcing or flow
instabilities are important.). The highest correlation is .93 at
Petropavlovsk, Russia for interannual variability (1-yr running
mean) and .90 at Neah Bay, Washington, USA for the monthly IGOSS
values. In a companion paper, Smedstad et al. (1995, this volume)
demonstrate the impact of assimilation of altimeter data on these
correlations over the entire domain of the NRL 1/8 degree Pacific
Ocean model.
Figure 2 shows an example of a 14-day forecast for the
Kuroshio. In this case a 1/8 degree 2-layer subtropical gyre model
was used. The data assimilation included continuous assimilation of
ERS-1 altimeter data and model fields which had been "rubbersheeted" to match feature locations in satellite IR imagery.
Altimeter-based heights were prepared by replacing the 1-year
mean of the ERS-1 altimeter sea levels with a mean surface. At each
analysis period, the model fields were "rubber-sheeted" to match the
Kuroshio location as defined by an IR frontal analysis. This model
height field correction was combined with altimetry from ERS-1 and
assimilated into the running model via nudging (Smedstad and Fox,
1994). In order to transfer the surface information from the satellite
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Prediction of "explosive" meander Growth During August '92 DART
Subtropical Gyre Demonstration with Cumulative August Forecast Skill Statistics.

observations to the lower layers of the model as fast as possible, a
statistical inference technique (Hurlburt, et al. 1990) was used to
update the lowest layer pressure fields. The velocities outside of +15 degrees of the equator were updated with a geostrophic correction
calculated from the change in the pressure fields.
Figure 2 shows the prediction of explosive meander growth
during August, 1992. The 14-day forecast is better than persistence
based on an average absolute offset error in the position of the
Kuroshio north wall. In a comparison paper, Smedstad et al. (1995,
this volume) discuss assimilation of ERS-1 and TOPEX/Poseidon
altimeter data over the entire domain of the 1/8 degree 6-layer NRL
Pacific Ocean model north of 20S.
Acknowledgments: This work is sponsored by the Office of Naval
Research (program element 62435N) as port of the Naval Ocean
Monitoring and Prediction program (Robert Peloquin, program
manager) and is supported in part by DoD grants of High
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Using a Kalman Filter in Operational Storm Surge Prediction.
by
Karsten Holding.
Danish Meteorological Institute
Lyngbyvej I 00
DK-2100 K0benhavn
Denmark.
(Phone: +45 39157441, Fax: +45 39157460, E-mail: kbk@dmi.min.dk)

1. INTRODUCTION
The Danish Meteorological Institute is responsible for the storm surge warning for the Danish
coastal areas.
When preparing a storm surge forecast, an initial field has to be specified. In traditional storm
surge systems this is done by running the model in hindcast mode forced by analyzed windand atmospheric surface pressure fields. From time to time this method of initialization leads
to initial fields of water levels and currents which do not agree well with observations. Such
imperfect initial fields have a negative bearing on the quality of the forecast fields.
Water level observations are available on a routine basis for the possible improvement of the
initial fields. A number of data assimilation techniques have been established in meteorology,
notably optimal interpolation and normal mode initialization. These techniques can not be
transferred directly to the present oceanographic problem. The varying water depth and the
irregular land-sea boundary of the storm surge model induce additional concerns.
Formally, the Kalman filter overcome these additional concems.The price is an additional
computational burden which is disencouraging. Heemink(l988) introduced the idea of using
a time-invariant Kalman filter for the present type of problem. The use of such a filter has
little impact on the computational time for a forecast. We have pursued the usefulness of such
a filter.
This introductory section is by no means complete. We should like to make reference to Ghil
and Malanotte-Rizzoli (1991) for a broader and deeper introduction to the subject of data .
assimilation in oceanography. We have- essentially- used the nomenclature of that reference
for this presentation.
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2. THEORY
The linearized shallow-water equations read:
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where x and y are horizontal cartesian coordinates, t is time, u and v are the x- and ycomponents of the current velocity, respectively, 11 is the water level and D is the water depth
in this reference system, f is the Coriolis parameter, g is the acceleration of gravity, 'tw is the
surface shear stress and 'tb is the bottom shear stress.
Applying a finite-difference scheme, this deterministic model can be rewritten:
W~: = if1 k-1 w~:-1 + AF'k

(4)

where '11 is denoted the system matrix and F represents the atmospheric forcing. The
subscripts refer to the time step. The state vector w contains all u-, v- and 11-values at a given
time step, in total c values. In fact, eq.(4) just represents the finite-difference formulation of
the problem which - generally - does not include the explicit formulation of '11, but rather a
sequence of operations. The atmospheric forcing terms are specified on a coarser grid than that
of the hydrodynamic model and involve n values, i.e. n<c. The matrix A then represents a
series of linear interpolations.
The above deterministic model is embedded in a stochastic model:
wk = 'Pk-lwk-1 +

AFk

+

AWk

(5)

where W represents the system noise.
The spatial covariance matrix of the system noise, Q, has to be specified. The system noise
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associated with eqs. (1), (2) and (3) we denote Wu, Wv and WTJ, respectively. We have chosen
not to overrule Eq. (3), i.e. WTJ = 0. Wu and Wv are both assumed to be Gaussian distributed
with a mean value of zero and to be uncorrelated. What is left is a parameterization of the two
spatial covariance contributions from Wu and Wv.
The observations and the model results are related as follows

w:

=

(6)

Hkw; + bk

where H is denoted the observation matrix, and b is the observational noise. Supersctipts o
and t refer to observed state and true state, respectively. b is assumed to be Gaussian
distributed with a mean value of zero. The number of measuring stations we denote m.
Generally, for this type of problem we have m<< n <<c. It is assumed that the system noise
and the observational noise are uncorrelated. The spatial covatiance matrix for the
observational noise, R, has to be specified. We simply use a diagonal matrix for this purpose.
With superscripts f for forecast and a for analysis (or hindcast), the Kalman filter reads
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where P is the error covariance matrix and K* is the Kalman filter gain matrix which
minimizes the expected mean-square estimation error. Formally, this set of equations forms
a very attractive data assimilation technique. In practice, the calculation of P forms a major
problem as it involves the updating of c x c values.
In the present context '¥ is time-invariant. Assuming H, Q and R being time-invariant too,
leads to a time-invariant error covariance matrix and a time-invariant filter gain matrix which
can be calculated once and for all. An iterative procedure for calculating this time-invariant
Kalman filter gain was established by Morf et al. (1974).
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3. OPERATIONAL SETUP AND AN EXAMPLE OF A STORM SURGE EVENT
The above described data assimilation technique has been implemented in an operational storm
surge warning setup at DMI. The system involves forecasts for three different areas: the North
Sea, the Danish Domestic waters and the Baltic Sea. For the North Sea and the Baltic Sea the
grid spacing is 18.5 km and for the Danish Domestic waters the spacing is app. 2 km. The
hydrodynamical model is forced by surface wind stress and atmospheric surface pressure from
HIRLAM (High Resolution Limited Area Model), and specified elevations along the open
boundaries. New meteorological forcing is, at present, available twice daily, at 0 UTC and 12
UTC. The hydrodynamical model is also run at these times, but since tidegauge observations
are observed much more frequently the model can be rerun without new meteorological
forcing but assimilating new observations to produce improved forecasts of storm surges.
The explicit Sielecki scheme, see Sielecki (1968), was applied for the numerical solution of
eqs.(l)-(3). This scheme operates on a staggered grid of the Arakawa-C type.
Fig. 1 shows as an example the North Sea model area with 4 British and 5 Danish tidegauge
stations. Water levels are available every 15 minutes from the Danish stations and every hour
from the British stations.
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As an example of the performance of the Kalman filter results from a storm surge in
December 1993 is shown in Fig. 2. The curves are observed and calculated water levels at the
Danish station Esbjerg. For this particular event the surface stress was under-estimated by the
meteorological model resulting in a predicted water level below observations if no assimilation
technique was applied. Two additional runs was made, one with data assimilation during the
entire integration period and a more realistic one where data was only assimilated to a certain
time (1993122000) and then from that time a forecast was made. It is seen that the prediction
of the peak error has improved considerably by using the Kalman filter.
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ANALYSES OF WIND AND WAVES AT THE NORWEGIAN
METEOROLOGICAL INSTITUTE
Lars -Anders Breivik, Baard Haugse and Magnar Reistad
Norwegian Meteorological Institute
Oslo, Norway

The Norwegian Meteorological Institute, DNMI, runs a LAM, limited area weather
prediction model, for an area covering a main part of the North Atlantic. The wind analyses and
forecasts from the model are used as input to drive an ocean wave model and an ocean current model.
Data analyses are operationally performed by a modified successive correction method.
Since the launch of the ERS-1 satellite scatterometer wind observations have been used in
test mode and in operational mode. The scatterometer observations are processed in real time at DNMI
by use of the standard ES A model function and a de-aliasing procedure developed at U.K. Met. Office,
ECMWF and DNMI (Stoffelen 1993, Breivik and Haugse 1994). Although the observations are proved
to be of high quality, and valuable for the subjective analyses performed by the on-duty meteorologists,
only little impact are found in the forecasts when the data are used in the objective analyses. An
expected reason for this is the problem of describing the vertical correlation between the first guess
error at the sea surface and upper air in the 3 dimensional data analyses which do not take the situation
dependent structures of the atmosphere, e.g. tilting of a developing cyclone, into account. This can
probably only be done in a four dimensional analysis system.
For the operational ocean wave model ERS-1 altimeter wave height measurements have
been assimilated continuously since the end of the ERS-1 calibration period. The wave heights are
analysed by a successive correction method, similar as for the weather prediction modeL and the wave
energy spectra are corrected by doing some assumptions on the validity of the first guess field (Breivik
and Reistad 1994). Positive impact has been demonstrated up to 36 hours forecasts. The positive
impact is however greatest at the analysis time and will normally decrease rapidly throughout the
forecast due to the unchanged prognostic wind input from the LAM model.
On basis of the experience with ERS-1 data the further work at DNMI on analyses of the
sea surface wind and waves proceeds in two directions. The first task is to develop the wave data
system to include analyses of wave spectra. SAR wave mode data are available from ERS in near real
time together with scatterometer wind observations. Real time processing of ocean wave spectra from
SAR wave mode and image mode are performed at DNMI. The operational wave model analysis is
further developed to assimilate SAR wave spectra in the wave model. Each component of the spectrum,
24 directions and 15 frequency bands, are corrected independently. The influence radius is a function
of frequency. Examples of analyses and forecast impact will be shown.
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The next task is based on the main conclusion of the experience with ERS-l smface
observations in numerical weather and wave prediction: that the limited impact is to a large extent due
to the limited capability of the operational analysis method to exploit the information. Improvements
could probably be achieved with four dimensional coupled wind and wave analysis. This however is a
large task for a relatively small weather prediction centre. The idea of the presented work is therefore
to start with a smaller part of the problem and build up a system which can be of operational use by
itself. and which in turn can be extended to, or included in, a four dimensional analysis system. The
aim is to develop a consistent wind and wave analyses of the sea surface wind and waves)which include
all relevant information systems, based on the approach of variational data assimilation.
The problem of variational data assimilation is subdivided. The cost function, to be
minimized. is a sum of contributions from deviations of the analyses from the background and the
observations. For the two dimensional analyses of the sea surface we use the wind (10 m) as the
control variable. The observation cost function is divided in contributions from each observation type.
The observations first considered are scatterometer wind vectors and altimeter wind speed and wave
height. For scatterometer observations the cost function is defined, according to ideas developed by
Stoffelen (1993), to use two possible wind solutions similar in speed but divided 180 degree in
direction. arising from the alias problem of the scatterometer wind observations. In this way the dealiasing of the wind observation is integrated in the analyses. For altimeter observations the cost
function is defined in the observation space, and the minimum with respect to the control variable are
found using the wave model relation between wind and wave height. The method will be described
and certain cases will be presented.
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Introduction

In recent years there has been a growing interest in the optimal assimilation of observational data into oceanographic models in order to estimate the parameters of the models. One of the most interesting problems in this area
concerns the estimation of eddy viscosity by assimilation of current data. Work has been done on this by Yu and
O'Brien (1991), Richardson and Panchang (1992) and Lardner and Das (1994). In the first two of these papers,
horizontal variations were excluded by restricting to a uniform ocean of infinite extent. For application to models
of near-coastal seas, it is essential to be able to estimate the parameters for a general bounded region and this extension was made in the third of the above-mentioned papers. In that paper, a simplifying approximation was
made to the bottom friction (to what is commonly termed a two-and-half-dimensional model) that decouples the
horizontal (barotropic) mode from the computation of the vertical velocity profiles. The advantage of this is that it
allows the viscosity to be estimated without having to include the adjoint of the barotropic part of the algorithm,
thus giving great economies in computing requirements. Unfortunately, this approach does not permit the joint
estimation of both eddy viscosity and surface and bottom friction coefficients since the latter two parameters also
influence the barotropic mode. This is a serious weakness as far as practical usefulness is concerned, since the
computed currents are quite sensitive to all of these parameters. The purpose of the present paper is to develop a
method of jointly estimating all these parameters by constructing the adjoint of the complete two-and-half-dimensional model.
The data to be assimilated will consist of current measurements from one or more current meters located at different levels at one or more horizontal locations in the water body, and possibly also measurements of water surface
elevation data from one or more tide gauges. The basis of the method consists of minimizing a cetiain cost function which is equal to a norm of the difference between the computed and observed values of currents and/or surface elevations. An algorithm is obtained, via the so-called adjoint equations, for construction of the gradient of
this function with respect to the parameters. Having determined the gradient, the minimization can be performed
using any of a number of numerical optimization algorithms. In the present paper we have used the CONMIN
algorithm of Shanno and Phua (1980).
The Numerical Tidal Model

We let x,y be horizontal coordinates and t be time. The undisturbed depth of the water at position (x,y) is denoted by h(x, y), the elevation of the free surface above its undisturbed position by ((x, y, t) and the depth-integrated components of volume flux in the x and y directions by p(x, y, t) and q(x, y, t). The depth-integrated equations of continuity and momentum are then taken respectively in the forms

't+Px+qy=O,

(1)

Pt - fq + gh'x + b(x) - yz<x)

= 0,

(2)

qt + fp + gh'Y + b<Yl - yz<yl

=

0.

(3)

wherefis the Coriolis parameter, g the acceleration due to gravity, b<x>,b<Yl the components of bottom friction
divided by water density, y the wind friction coefficient and z<xl and z<Yl are given in terms of the wind velocity
(Wx. Wy) by

(z<xl,z<Yl) == (Pa/P)~W} + ~; (~, T~,)
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(4)

with Pa/P being the ratio of air density to water density. In writing these equations we have made the usual hydrostatic approximation, assumed the fluid to be incompressible and of uniform density, and neglected horizontal
shear stresses and the advective terms in the momentum equations, which in most tidal flows are quite small.
The bottom friction is assumed to have the usual quadratic dependence on velocities,

(b(x) ,b(Y)) = k~l + q 2 (p,q)

(5)

where k(x, y) is a bottom friction coefficient. It would be physically more accurate to express b<xl and b<Yl in
terms of the bottom velocities rather than the depth-average velocities as is effectively done in eqn (5). However
(5) is widely used in modelling tidal flows for which the velocity does not vary much through the water column.
Its advantage is that eqns (1)- (3) then form a closed system governing the barotropic mode, which can be computed independently of the vertical profiles of velocity. When eqn (5) is employed, the model is sometimes refered
to as a two-and-half-dimensional model.

It is necessary to impose boundary conditions for the barotropic mode: on a coastal boundary the normal component of the vector (p, q) is taken zero; on an open boundary the surface elevation (is assumed known. With these
boundary conditions plus the initial values of (,p and q, equations (1)- (3) form a well-posed boundary value
problem.
The components of fluid velocity in the two horizontal coordinate directions are denoted by u(x, y, a, t) and v(x,

y, a, t) where a is the usual sigma-coordinate varying linearly with depth from a= 0 at the bottom to a= 1 at the
free surface. These velocities are computed from the horizontal momentum equations, taken in the form
U1

-

h-2 (NucJa-- fv + g(x

= 0

(6)

V1

-

h- (Nv")" + fu + g(y = 0

(7)

2

where N(a) is the eddy viscosity. These involve corresponding approximations to those made already in eqns (2)
and (3). In addition there are boundary conditions on the upper and lower surfaces,
h- 1N(u",v")=(b<x>,b<>'l)

on

a=O

(8)

h-1N(u",v")=y(z<x>,z<Yl) on

a=l

(9)

In solving eqns (6)- (9) the values of Sx• Sr' b<xl and b<rl are taken from the barotropic mode.
The numerical scheme used to solve eqns (1)- (3) is based on a leapfrog method with staggered grids in both
space and time. The spatial grid is identical with an Arakawa C-grid, but the variables (and (p, q) are taken at alternating half-steps in the time direction. This scheme is second order accurate in the dominant terms and has previously been used for the tidal equations by Lardner and Smoczynski (1990). The boundary conditions consist of
either p or q being zero at a coastal point and (being prescribed on the open boundaries. For the initial conditions,
as is usual with numerical tidal models, flat conditions are assumed and the model is allowed to spin up until the
initial transients have become negligibly small.
Since the barotropic mode has been decoupled, eqns (6) - (9) need be solved for the velocity profiles only at those
horizontal locations that are of interest, which in the present context means those positions where current meters
are located. The savings in computer time and memory resulting from not having to solve eqns (6) - (9) at every
horizontal grid point are a major reason for using the two-and-half-dimensional model, since the adjoint method,
especially when applied to real data, makes a very high demand on these computing resources. Eqns ( 6) - (9) are
solved using a generalized Crank-Nicolson scheme with a uniform grid on the interval 0 ~a~ 1. Because of the
derivative boundary conditions (8) and (9), the bottom a= 0 is located midway between grid points l = 0 and I =
1 while the surface a= 1 is located midway between l =L and 1= L + 1.
The parameters in the numerical model for the barotropic mode are the bottom drag km,n and depth h"'·" at each
horizontal grid point (m, n), and the surface friction y. In practice the number of these parameters is reduced by
using a finite element approximation for the parameters, for example piecewise linear approximations over triangular elements with the reduced parameter set consisting of the bottom friction and depth at the nodes, plus surface
friction. For the velocity profiles, the further parameters that enter the model are the eddy viscosities at points mid- 388 -

way between each vertical grid point, for each horizontal location where these equations are solved. Again the
number can be reduced by a piecewise linear approximation in the vertical.
We suppose that data are collected on certain time steps. The data are assumed to consist of two types: measurements of surface elevation at certain tide stations and measurements of current at certain vertical levels at certain
horizontal stations. A cost function F is constructed consisting of a sum of squares of the discrepancies between
the computed and observed values of all the data, with given weights which in general may differ from one data
location to another. The cost function is minimized subject to the constraints that the equations of the model must
be satisfied and this leads to the system of adjoint equations together with expressions for the components of the
gradient of the cost function with respect to the parameters (see Lardner, 1993). These gradients are computed and
used used in conjunction with a numerical minimization program to find the optimal parameters that minimize F.

Numerical Tests
To investigate the effectiveness of the estimation method, we used a test region consisting of an open rectangular
bay with side of length 580 km with a long open boundary occupying two sides. The open boundary conditions
were assumed to contain two tidal constituents having periods of 12 and 6 hours. The wind was assumed to have
constant direction, varying sinusoidally with a period of 72 h and with a maximum of 20 m/s. A spin-up interval
of 84 hours was used with, in most of the tests, a 12 hour window of assimilation. Three surface elevation data
stations and either one or two current data stations were assumed. At each current station the number of current
meters was taken in different tests to be three, two or one. Synthetic data were computed by a prior run of the
model. In most of the tests hourly data was assumed as being most realistic; some preliminary runs revealed virtually no difference between assimilating hourly data and assimilating data from every time step, either in the
number of iterations to convergence or in the accuracy of the final parameter estimates. In cases where both types
of data were assimilated, the weights were chosen so that both sets of data contribute about equally to the cost
function.
In some tests the depth and bottom friction were assumed constant, but in most of them, the depth was taken to
increase from 37 m at the closed corner to 93 m at the open corner and the bottom drag coefficient to decrease correspondingly from 0.39x10-5 m-2 to 0.11x10-5 m-2 • The parameter functions k and h were approximated by
piecewise linear approximations over triangular elements. Two triangulations were used, with four and five
nodes. Since the true parameters in all cases considered were linear functions of of position this approximation
should be capable of reproducing the true values exactly.
The true value of eddy viscosity was assumed to have a trapezoidal profile shown in Figure 1. The thicknesses of
the top and bottom layers were assumed to be 20 m, but two eddy viscosity profiles were tested: (i) N., = Nb =
0.02, Nv = 0.065 (referred to as Case EV1); (ii) Ns = 0.1, N,. = 0.03 and Nb = 0.01 (Case EV2).
First some basic runs were made for the case of a single
current station with meters at three depths and with the vez
locity and elevation data having equal weights in the obl = 11
jective function. With eddy viscosity profile EV1 and four z =<;
nodes, the minimization converged in 210 iterations for
constant bottom friction and depth, with F being reduced
from 0.35xl0-1 to 0.19x10-12 , and in 233 iterations for
variable friction and depth, with F being reduced from
0.4 9 x 1Q-2 to 0 .22x 1Q- 13 • For variable friction and depth
and eddy viscosity profile EV2 the minimization converged
in 258 iterations for four nodes, with F being reduced
from 0.66x 10-2 to 0.23x 1Q- 13 , and in 286 iterations for
five nodes, with almost identical reduction of F. In each
case, all parameters were estimated accurately to at least
four significant digits.
Some conclusions from these preliminary investigations,
supported also by other similar runs, are that the minimization requires somewhat fewer iterations in the constant parameter case than in the variable parameter case (for the z
same number of estimated parameters) and also requires
fewer iterations with four nodes than with five. These results are not surprising. It is also generally found that the
viscosity profile EV2 requires more iterations for converg
-
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Figure 1

ence than does EV1, possibly due to the rapid increase of eddy viscosity near the surface in the case ofEV2. The
algorithm also performs satisfactorily when eddy viscosity is estimated at more than one horizontal location, although with an expected increase in the number of iterations for convergence. For example with two locations and
three current meters at each location, 369 iterations were required as compared to 233 for a single data location (in
the case of variable depth and bottom friction, four nodes, and viscosity profile EV 1).
Next we examined the effect of the relative weights given to the elevation and current data in the objective function. We considered the case of constant friction and depth with four nodes and the viscosity profile EV1. It was
assumed that data from one current station with three meters were available. With velocity data only, CONMIN
converged in 197 iterations, with velocity and elevation data having about equal weights, it converged in 210 iterations, while with F dominated by elevation data , it converged in 236 iterations. The reductions in F were similar to those quoted above and again all parameters were estimated accurately to at least four significant digits.
Thus, the current data alone is sufficient in this case to enable the estimates to be made. This conclusion was also
found for the case of variable friction and depth, although generally the inclusion of elevation data reduces the
number of iterations to convergence rather than increasing it as in this constant parameter case.
Thirdly, we examined the effect of reducing the number of levels at which current data were available from 3
down to 2 and 1. Table 1 shows some typical results, for the case of variable drag and depth estimated with four
nodes and for the eddy viscosity profile EV2. The table provides percentage errors in the estimated values of drag
and depth, averaged over the four nodes, of wind friction coefficient and of eddy viscosity, averaged over the nine
levels at which it is estimated. It can be seen that for current data at two levels, the errors are still insignificant,
even when the elevation data is not incorporated. With current data from a single level, the estimates of depth and
the two friction coefficients are still quite accurate, even without the elevation data, the maximum error being 0.1%
(in bottom drag). However, the eddy viscosity is not estimated accurately, the average error being 16% without
elevation data and 12% with it. The estimated eddy viscosity profiles for these two cases are given in detail in
columns 3 and 4 of Table 2. It can be seen that, while the qualitative trend of the profile is present in the estimated
form, the estimated values tend to oscillate above and below the exact values. The estimates are less accurate near
the surface than near the bottom in the case of the profile EV2 (for which the surface viscosity is large).
In the case of a single current data level, the amount of data assimilated is apparently too small to provide accurate
estimates. For example when elevation data are excluded, a total of only 12 data values are assimilated, while 18
parameters are estimated. A natural question is whether the estimates can be improved by extending the assimilation window. Some results using an assimilation window of 120 hours, as opposed to the 12 hours used thus far,
are also included in Table 1, in the rows indicated by an asterisk. Without elevation data, this does lead to a significant improvement in the estimates of the friction coefficients and depth, which are now estimated essentially free
of error, but there remains a mean error of 12% in the estimated eddy viscosity. When elevation data are
Data
Table 1.
Percentage errors in the estimates of drag coefficient
k, depth h, wind friction coefficient y and eddy
viscosity N for different numbers of current
meters and for either current data alone (C)
or both current and elevation data (C&E).
The asterisks indicate assimilation
periods of 5 days.

Table 2.
Exact and estimated profiles of eddy viscosity using
current data from a single level, with and without
elevation data.

!YQe

c
c
c
c
C&E
C&E
C&E
C&E

Level
1.5
2.5
3.5
4.5
5.5
6.5
7.5
8.5
9.5

Number of
meters
3
2
1
1*
3
2
1
I*
Exact eddy
viscositl:
0.02325
0.02650
0.02975
0.03000
0.03000
0.03000
0.03175
0.05450
0.07725

- 390 -

k
0.000
0.000
0.116
0.002
0.000
0.000
0.009
0.000

Percentage Errors
h
0.000
0.000
0.000
0.001
0.022
0.027
0.000
0.004
0.000
0.000
0.000
0.001
0.002
0.001
0.000
0.000

Estimated eddl: viscosi!l
Kd= 0.1
Kd= 0.1*
0.02381
0.02373
0.02331
0.03052
0.02928
0.02614
0.02551
0.03031
0.02770
0.03172
0.03020
0.02976
0.03550
0.03519
0.02990
0.02188
0.02298
0.03003
0.04500
0.04099
0.03225
0.05554
0.05214
0.05217
0.05888
0.06548
0.08011

Kd=O

N
0.000
0.014
16.709
12.517
0.000
0.021
12.165
1.587

included, this error is reduced to 1.6%. The detailed viscosity profile for this case is given in the final column of
Table 2. It would appear from this that current data from a single level are not sufficient on their own to estimate
eddy viscosity accurately, but when coupled with elevation data from a sufficiently long assimilation period, they
can provide adequate estimates.
It is perhaps worth mentioning that for the viscosity profile EV 1, the eddy viscosity is estimated much more accurately than for EV2 when data from a single level is available. For example, with current data alone, the mean error in viscosity is 8.0% for EVI as opposed to 16.7% for EV2 (see Table 1), while with both types of data, the
mean error is 4.3% for EV1 in contrast to 12.2% for EV2.
Sensitivity to errors in the data

In the numerical experiments described above, the synthetic data were exact for the numerical model, so that exact
values of the parameters are recovered provided a sufficient amount of data is available for assimilation. In a practical situation using real data, the data would contain errors and the model would only approximate the physical
reality, so that the exact parameters would not be recovered. In order to simulate the presence of observational
errors, we have investigated the sensitivity of the estimated parameter values to random errors introduced into the
data.
The case chosen for this investigation was that of variable drag and depth, estimated using four nodes, viscosity
profile EV2, current data from three levels at a single horizontal location and elevation data from three tide gauges.
Uniform random errors between ±R% were introduced into the data using a random number generator, where R
ranged from 1 to 20. The resulting errors in the estimated parameters are summarized in Table 3. It is clear that,
while the estimates of the friction coefficients and depth are stable, the mean percentage errors in these parameters
being somewhat smaller than those in the data, the estimates of eddy viscosity are quite unstable. An examination
of the detailed viscosity profiles reveals that the estimated values show large amplitude oscillations about the true
values. Similar features were also reported by Lardner and Das (1994).
It is natural to ask if the sensitivity of the estimates would be lower if the length of data record that is assimilated
were increased. Some results for the present model are given in Table 4. It is seen that the mean errors in the estimates of depth and the two friction coefficients do indeed decrease significantly as the window of assimilation is
lengthened. This is not so however for eddy viscosity, which remains highly sensitive even when a 10-day data
record is assimilated.

Table 3.
Percentage errors in the estimates of drag coefficient k, depth h,
wind friction coefficient rand eddy viscosity N for different
percentage errors in the data.

Table 4.
Percentage errors in the estimates of drag coefficient k, depth h,
wind friction coefficient rand eddy viscosity N for different
lengths of assimilation window. The upper half of the table
refers to a 5% data error and the lower half to l 0%.

R
I
2
5
10
20

Window
£hours}
12
24
120
240
12
24
120
240

k
0.866
1.682
4.308
8.301
15.367

k
4.308
2.892
1.617
0.892
8.301
5.664
3.253
2.060

PercentaBe Errors
h
0.133
0.259
0.669
1.345
2.643

0.137
0.286
0.676
1.373
3.000

Percentage Errors
h
0.669
0.645
0.355
0.107
1.345
1.293
0.616
0.228

r.

0.676
0.752
0.264
0.108
1.373
1.500
0.447
0.0249

N
6.350
17.978
18.718
41.048
>100

N
18.718
57.155
10.508
22.015
41.048
>100
75.386
28.592

A technique of stabilizing the estimates of eddy viscosity that was shown by Lardner and Das (1994) to be quite
effective is to include a penalty term in the cost function that penalizes large variations in eddy viscosity between
neighbouring vertical levels. Such a term tends to reduce the oscillations of the type described above. For large
values of the coefficient f3 of this penalty term, the penalty term is dominant and the estimated viscosity profile is
forced to be almost constant, but there are intermediate values of f3 for which a reasonably accurate viscosity profile is reproduced. This is illustrated in Table 5 which gives the mean percentage error in estimated viscosity as a
function of f3 for data errors of 5% and 10% and assimilation windows of 12 hrs and 120 hrs. (The estimates of
depth and friction coefficient are almost independent of f3 so are not given in the table.) It is seen that in each case
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there is an optimum value of f3 for which the mean error in viscosity is about equal to or less than the error in the
data, and moreover this error decreases as the assimilation window is lengthened, as do the errors in the other parameters in Table 5. The optimum f3 is about 10-4 but can be seen to increase with both the data error and the assimilation period, as is to be expected since the misfit cost F increases with both these variables and a larger
penalty is needed to counteract it.
Another possible means of reducing the sensitivity to data errors may be to reduce the number of viscosity parameters by means of a finite element approximation similar to that used for bottom friction and depth. One case
considered has been with three viscosity parameters corresponding to re-scaled values of Nb, N, and N., (see
Figure 1). For the same case as that considered in Table 3, Table 6 shows the dependence of the errors in the estimated parameters on the percentage error in the data that result from this approximation. Here the percentage error in viscosity is averaged over all L- 1 grid points for conformity with the previous tables. It can be seen that
the viscosity estimates have now stabilized.
Table 5.
Percentage errors in the
estimates of eddy viscosity
N for different weights of
the penalty term.

{hours2
12
12
120
120

R
5
10
5
10

w-z /}. =1()-3

/}.=IQ-I

{}.=

17.077
17.599
14.548
14.623

14.710
15.353
9.862
9.886

Table 6.
Percentage errors in the estimates of drag coefficient k, depth h,
wind friction coefficient rand eddy viscosity N for different
percentage errors in the data with 3 viscosity parameters

9.871
11.217
4.846
6.352

R
l
2
5
10
20

f!. =1()-4
5.890
8.445
4.725
6.985

k
0.941
1.873
4.616
9.025
17.343

Io-n

f!. = 10 5

f!. =

8.064
14.647
5.700
9.863

13.435
26.373
19.330
26.216

Percentage Errors
h
0.130
0.103
0.260
0.206
0.524
0.646
1.274
1.077
2.247
2.477

f!.=O
18.718
41.048
10.508
75.386

N
0.974
1.897
4.453
8.115
13.935

Summary
It has been found that accurate values of all the parameters are reproduced when the number of current meters is two or more, either
from the current data alone or with assimilation also of the elevation data. With a single current meter, mean errors of 10-20% occured
in the estimated eddy viscosities, but the other parameters were estimated quite accurately even on the basis of the current data alone.
The errors in eddy viscosity were found to be reduced by assimilating a longer data record.

In order to simulate the presence of observational errors, the effect of introducing random errors into the data was investigated. It was
found that the estimates of the the bottom and surface friction coefficients and the depth are stable with respect to data errors in the
sense that the mean errors in these parameters was always of the same order or less than the errors in the data. This is not the case for
the estimated eddy viscosity, for which the errors are much larger than the data errors. This problem is not alleviated by lengthening
the assimilated data record.
Two methods of stabilizing the viscosity estimates were investigated. The first consisted of including in the cost function a term that
penalizes large variations in viscosity between neighbouring vertical levels. It was found that if the weight of this term is chosen optimally, the viscosity estimates become stable with respect to data errors and are then about as accurate as those of bottom friction.
The second method consisted of approximating the viscosity profile by some finite element interpolation, thus reducing the number of
estimated viscosity parameters. It was found that if this also is capable of stablizing the viscosity estimates. The disadvantage of this
method is of course that it becomes impossible to estimate any fine detail that might be present in the viscosity profile, but this is a
small price to pay for the stability.
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Introduction

The flow characteristics of the Azores Current region are investigated by assimilating various
oceanographic data sets into the Harvard quasi-geostrophic (QG) open ocean model (Miller
et al., 1983). The study consists of making two assimilation methods work together. The
initial conditions for our model runs are derived from the continuous assimilation of
altimetric data using optimal interpolation (OI) methods (Dombrowsky and De Mey, 1992).
OI assimilation is purely statistical and yields robust convergence over long periods of time,
but its short-term forecast capabilities can sometimes be deceiving. The first aim of the
project is to see whether assimilation via the adjoint variational scheme ofMoore (1991) can
be applied locally to optimise this initial guess field, and investigate further the mesoscale
response over 20-30 day periods.
Assimilation using the adjoint variational method has several advantages. The assimilation
process explicitly makes use of the actual model dynamics; the individual data
measurements are used to force the model dynamics directly without needing a separate
analysis of the data distribution or statistical properties. The adjoint method also works as a
global (not local) inverse method, in that it makes use of all available data at once. This
means the data forcing is consistent everywhere, and the process of assimilating various
different data sets is comparatively straight-forward. A disadvantage is the computational
burden which puts a limit on the space-time domain that can be resolved.
We apply the adjoint variational method to improve the OI analyses locally, in our limited
area 0(1000 km2) multi-level model; in particular whenever irregularly-spaced, dense
datasets are available such as cruises or drifter deployments. Thus a secondary aim in the
project is to assimilate a variety of different oceanic data sets, and evaluate their importance
in constraining the QG model. In this way, the adjoint assimilation can provide a
quantitative test of data compatibility with the chosen model dynamics.
Our model domain encompasses the site of the recent SEMAPHORE experiment; an
intensive field program in 1993/94 which included in-situ hydrographic measurements during
cruises, and the deployment of surface and RAFOS drifters and long-term current meter
arrays. These in-situ data can provide an independent test for the assimilation of surface
altimeter data in the regional model, in particular to test the model at depth. We already
have some confidence in this as previous studies have shown how surface altimetry can
strongly contrain the eddy field, even at depth (e.g., Hurlburt, 1985). We also assimilate
these in-situ data directly, to make use of the lagrangian drifter data (which contains
consistent mean and eddy fields) and the subsurface hydrographic data to introduce
hydrographic contraints at depth.
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Azores Current Region
The study site lies in the path of the Azores Current in the northeast Atlantic, in a region of
quite complex dynamics. The Azores Current enters the model domain as a predominantly
zonal jet, where it interacts with a series of sea-mounts before branching to the east and
south (Figure 1). Bottom topography is an important part of the regional dynamics (Barnier
and Le Provost, 1989), and has been included in the QG model and its adjoint. The
variability generated downstream of the sea-mounts is large for an eastern boundary and is
well documented in current meter data and surface altimetric analyses. The seasonal
component is significant, with the possible influence of Rossby waves propagating from the
east in winter (Le Traon and De Mey, 1994). The change in regime from summer to winter
is fairly sudden, and the mean statistics used in the OI assimilation may inhibit a rapid
response. This can be investigated with the adjoint method. An additional complexity is the
presence of meddies, which may not be represented well by the QG dynamics. Their
structure .and the model response can be compared with the aid of the in-situ hydrographic
data.
·

40N

30N

20N

40W

30W

20W

IOW

Figure 1: The model domain (M) in the Azores Current region, showing the model bottom
relief (CI=lOOOm). The inner SEMAPHORE region is delineated (S).

Implementation
A number of practical concerns for the adjoint assimilation will be addressed, such as the
choice of initial vorticity and bottom density as our control variables for optimisation, and
the appropriate scaling of these variables. We will also give the formulation for the different
data constraints as applied to the adjoint model for QG dynamics. These include the
assimilation of altimeter sea surface heights (as described for the model by Moore (1991)),
surface drifter velocities (Schroter et al., 1993) and assimilating vertical pressure modes
derived from the hydrographic data at each CTD station. The numerical concems are also
important such as the choice of descent algorithm for finding a minimum solution,
preconditioning the descent, and the different weights to be applied to a combination of data
constraints.
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Results
We found that the 10 day forecasts from the OI assimilation provided a reliable and stable
initial guess field at all model levels. However, surface instabilities often developed when
the QG model was run forward another 20 days with no further assimilation, although
bottom flow remained strongly constrained by model topography. In constrast, the adjoint
assimilation of surface data was effective in optimising the initial conditions, so that the
surface fields remained closer to the data, and showed fewer instabilities during the QG
model runs. After 20 model iterations, the cost function was generally reduced by 50-80%,
depending on the chosen data constraints.
Altimetry proved to be a good constraint on the variable flow field, and appeared particularly
strong in both exciting and constraining the barotropic field. The improved data quality of
the Topex/Poseidon altimeter data provided smooth and reliable forcing. But for our
mesoscale studies, the spatial coverage from the combined TIP and ERS-1 data sets was also
important for constraining the solution and providing stable flow at all levels. Because the
adjoint model acts like a 3-D filter on data noise (see Figure 2 for example), the differences
in the altimeter data sets due to different noise, corrections or mean fields was minor in
comparison to the benefits from the data coverage.

12 March 1988
Figure 2: The three dimensional structure of the Oljl *adjoint variable, after assimilation of
one groundtrack of altimeter data.
Rapid adjustment of the surface fields during the 20-day adjoint assimilation was mainly via
the fast barotropic mode. This had a side-effect that barotropic perturbations at depth in the
initial fields had to undergo a rapid (and unphysical) transition during the forward model
integration. After around 10 adjoint model iterations, the surface cost was sufficiently
reduced that large barotropic adjustment was no longer necessary, and the strong baroclinic
model dynamics could start to be effective at depth. The long adjustment time scales at depth
that are imposed by the OI assimilation scheme are not maintained by the adjoint assimilation
of surface data alone.
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Adding a background constraint (so that the solution does not stray too far from the. st~ble
initial conditions) was useful in maintaining the "history" of the flow field in the opiimised"'
initial fields at all model levels. In particular, the background constraint inhibited the rapid
growth of large, unphysical bottom perturbations, but at the cost of a more gradual decrease
in the cost function.
Surface drifters were an excellent constraint on the variable field - again constraining both
the barotropic and baroclinic fields in the assimilation. More importantly, the drifters
provide a reliable measure of the mean field. The mean and the variability are assimilated as
a consistent measure, which is not the case with the altimetric assimilation where the mean is
derived from an independent (and smooth) climatology. The result is that surface drifter
assimilation provided a much stronger mean jet during our assimilation period, which
extended down to 2000m depth. The combination of surface drifters and subsurface RAFOS
floats will be a useful constraint on future adjoint assimilations.
·
Finally, hydrographic data was not an impressive constraint on our QG model dynamics. In
general, the vertical structure in the model was only weakly improved by constraining the
vertical pressure modes. However, the mean jet was strengthened which is consistent with the
drifter measurements; and there was a transfer of energy from the barotropic to the 1st
baroclinic mode at the position of a meddy, The difficulty with the hydrographic
assimilation was to separate its effects from the stronger altimetric assimilation. In our
model a second data constraint was always necessary; the hydrographic constraint alone was
unstable as it could not constrain the barotropic mode. ·
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Abstract
Feature models are mathematical descriptions of ubiquitous physical
oceanographic structures such as eddies and fronts. These descriptions may
have a number of variable parameters. For a given feature the values of
these parameters must be determined from the data available. However,
because of the ubiquity of many oceanographic features, the number of
parameters, and hence the amount of data required, may be small. For this
reason feature modelling is a potentially valuable technique for ocean
forecasting. We have developed a novel form of data assimilation based upon
the analysis of. feature model parameters. Simulations using a reduced
gravity model have been used to test the assimilation scheme. Results of
these trials will be presented.

1. Introduction
The sparsness of oceanographic measurements adds greatly to the difficulty of
ocean forecasting. Techniques that can maximise the information obtained from
limited observations are thus of great value. Feature modelling is one such
technique. For example, an AVHRR image only provides information about the
temperature on the sea surface, but, using a feature model we may be able to infer
the sub-surface structure of eddies and fronts identified by the image.
Weather forecasters have for a long time been aware, and made use of the fact, that
many of the dynamical structures in the atmosphere are very similar and can be
identified from limited observations (e.g. warm and cold fronts can be identified
from cloud patterns). In oceanography the fitting of a simple analytical description
with a number of free parameters to a limited set of data is an often used tool for
the interpretation of observations, but it is only relatively recently that the
technique has been exploited for ocean forecasting and that the term 'feature
modelling' has been coined.
Feature models have been applied to ocean forecasting in a number of ways.
Robinson, (1988) used feature models of the Gulf Stream and warm- and cold-core
rings to initialise forecasts of the Gulf Stream region. A data analysis scheme,
OTIS (Optimum Thermal Interpolation System) (Clancy, 1990) developed at
FNMOC (Fleet Numerical Meteorology and Oceanography Centre), uses feature
models to supplement observations to produce analyses of the temperature of the
upper ocean. In this system the location of fronts and eddies are identified from
SST (Sea Surface Temperature) images. Feature models are then used to create a
number of synthetic temperature profiles which are then analysed in the same way
as real temperature profiles obtained from XBTs and other instruments.
In this we paper discuss an alternative method for creating analyses using feature
models. This new technique is based on the explicit analysis of feature model
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parameters, it has some similarities with the method of contour analysis described
by Mariano, (1990), but is somewhat more general.
The data analysis technique is outlined in §2. Trials of the scheme have been
conducted using twin model experiments. In these experiments two integrations of
a numerical model are made. The first of these represents the true ocean state, of
which observations can be made. The second integration represents a forecast
model into which the observations are assimilated. Results of these trials are
presented in §3.

2. The data analysis technique
In this section we consider the problem of producing an analysis, z, from a forecast
field, x, and some observations, y. Note that x and z are vectors of values of
variables at grid points, and that y is a vector of values of variables at the locations
of observations. Suffices i and j are reserved for observation values and m and n
grid point values. One way of creating an analysis is to use a form of optimum
interpolation
Zm = xm +

L JlmjwjL1y

j

(2.1)

j

Ay··t = Y·l - K-l (x) •

(2.2)

where Ki represents interpolation onto the ith observation point, and llmj is the
correlation between the variable at the jth observation point and the mth grid point,
and w1 is the weight given to thejth observation.
Note that each observation only affects increments made at grid points within a
correlation scale of the location of the observation. However, such sets of
observation may contain much information which is not assimilated into the model
when the observations are considered independently as described above. For
example observations of the sea-surface temperature will only effect increments
made to the temperature in the mixed layer, the observations may, however,
indicate the location of front which extends through the whole depth of the water
column. Feature models may be used to assimilate this extra information.
One way to assimilate information from feature models is to create 'bogus data'.
Once features are identified synthetic tempeature profiles are constructed at
selected positions. The locations of the profiles are determined from the correlation
scales so that the features are adequately resolved. Once bogus data has been
created it can simply be added to the vector of observation, y, and treated like the
other data.

Explicit Analysis of Features
An alternative to creating bogus data is to explicitly analyse the feature model
parameters. Feature model parameters, pY, describing a feature in the observations
are derived from the observations, y, i.e.

pY = p(y).
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(2.5)

Similarly, a set of parameters, pX, describing a feature as it is in the forecast field,
x, may be derived,
px =

p(x).

(2.6)

In analogy with equation (2.1) the best analysis, pz, of the feature model
parameters, p, may then be defined as
pz = px + W.(pY _ px),

(2.7)

where Wi is the weight assigned to p{. The analysis field is then

z = x+ L',(fk(pz) -fk(px)),

(2.8)

k

where fk is the function describing the kth feature.

3. Simulations with a reduced gravity model
To examine the practicality of the scheme described above we have conducted some
trials using an idealised 1+1/2layer reduced gravity model. These trials will allow
us to analyse and develop the assimilation scheme before it is implemented in more
realistic (and complex) ocean models. In these experiments we make two
integrations of the numerical model. The first represents our "true ocean" from
which we can make synthetic observations. The second represents our "forecast
model" into which the observations are assimilated.
We have chosen a test case in which the true ocean is initialised as an unstable jet
in a periodic channel 500 km square. After a few days of integration the front
broadens and the flow field contains a number of eddies. The forecast model is
started with the same initial state, but slightly different values of the kinematic
viscosity and the reduced gravity are used. This ensures that the models diverge in
a satisfactory manner as they are integrated forward in time.

Outline of the assimilation scheme
The procedure for integrating the forecast model is as follows. The model is
integrated forward to ta = NT, (N=l,2,3 ... ) at which time an analysis is made from
the forecast and recent observations, and the increments iJ.h(x,y,ta) are calculated.
The next forecast is then started at t = (N- o)T, and integrated forward until
(N + l)T,, at which time the next analysis is made.
The procedure for making the analyses and calculating the increments is illustrated
in Figure 1. First of all the observations are analysed by fitting feature model
descriptions to the data to calculate the value, P), and standard error aJ, of each
parameter. Two feature models are used one to describe the front and to describe
the eddies. The process is repeated for the forecast data to calculate the value, pj,
and standard error
the forecast field.

CJ"j, of each parameter of the feature models that best describe
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Figure 1. (a) True ocean state after 25 days integration. (b) Forecast model state after
25 days. (c) Feature model representation of (a), (d) Feature model representation of
(b). (e) The increments used to nudge the forecast towards the analysis, i.e. the
difference between (c) and (d). In each plot the thickness of the upper layer is contoured and the contour interval is 20m.
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An analysis is then produced by calculating the best estimate of the values of the
feature model parameters, pj, based on the observations and the forecast model
pz = px + W(ax ,aY).(pY _ Px}

(3.1)

The feature models are then used to construct two depth fields, h(x,y,t,pz), and
h(x,y,t,px) the increments are the differences between these fields, i.e.
!Jh(x,y,ta) = h(x,y,ta,pz)-h(x,y,ta,px)

(3.2)

To assimilate data into the forecast model the tendency equation for the layer
thickness was modified to include an additional term,

ah
at

1
TN

- + V.[u(H0 +h)]= -we(x,y)+-· W(t- ta)!Jh(x,y,ta)

(3.3)

Note that no increments are made to the velocity field. The velocity fields adjusts in
response to the increments made to the layer thickness and the solution is 'nudged'
towards the analysis in a time proportional to TN.
Results of the assimilation for one particular experiment are illustrated in Figure 2.
The assimilation has improved the representation of the major features of the flow,
e.g. the location of the eddy and the meanders of the front.

4. Conclusions
The frequency of observation is very small in many areas of the world's oceans. It is
therefore essential to derive as much information as possible from the limited
number of data. Feature models consider observations collectively, extracting
valuable information contained in the spatial and temporal variation of the data
values that would be lost were the observations analysed independently of one
another. We have described a novel form of assimilation that employs feature
models. The technique has been demonstrated to be of value in some simple twin
model experiments
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THE NMC GLOBAL ANALYSIS SYSTEM:
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1. Introduction
Since June 1991, the U.S. National Meteorological Center has been running a 3D-variational
analysis system for global data assimilation. The original version of this procedure, known as SSI
(spectral statistical interpolation), was described in Parrish and Derber, 1992, and Derber et al.,
1991. From the start, the SSI analysis has performed extremely well, in spite of many known shortcomings. This has proved to be a great advantage, because there are several improvements that can
be applied to the original system, further enhancing the system performance. In this talk, we briefly
review the analysis procedure, and then discuss changes that have already been implemented and
plans for future evolution of the system.

2. Brief description of the analysis procedure
In principle, this analysis system is no different than other 3D or 40-variational systems contemplated for operational usage (eg, Thepaut and Courtier, 1991). A forward model is defined which
converts the NWP model variables to simulated observations. The analysis is that choice of model
variables which most closely fits both the observations (via the forward model) and a prior estimate,
as measured by the following objective function:
J =

![(x-xb)TB-l(x-xb) + [yobs-R(x)fo-l[yobs-R(x)]]

where x is the resultant analysis vector, Xb is the background or first guess vector (in this case a 6
hour forecast), B is the background error covariance matrix, Yobs is the observation vector, R is the
forward model (possibly nonlinear) and 0 is the observational error covariance matrix. The objective function J is a weighted least squares fit; the model state which minimizes] provides an optimal
estimate if the error covariances B and 0 are known and are defined by a normal probability distribution.
The analysis variables are closely related to those of the NMC global spectral model-sigma coordinate spherical harmonic expansions of vorticity, divergence, temperature, specific humidity, and
surface pressure. These are modified in the vertical using separate EOF expansions for each variable. In addition, slow and fast variables are defined using an empirical approximation to the linear
balance equation. Temperature and surface pressure have a balanced component derived from the
vorticity, and the divergence has a balanced component which represents an empirical approximation to surface friction.
Because the analysis variables are defined as spectral transforms, the background error covariance
can be conveniently assumed to be a diagonal matrix, i.e. all of the spectral model variable errors
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are uncorrelated. This assumption results in homogeneous and isotropic error covariance in grid
space. The only spatial dependence and covariance results from the linear balance relationship,
which causes the expected latitudinal dependence of temperature and surface pressure variance, and
mass-wind and wind-wind cross correlations typical of geostrophy. The greatest weakness of this
approximation to the background error is the unrealistic error variance. However, it is easy to apply
and the operational experience has been very encouraging. Additionally, the choice of background
error appears to be physically consistent. SSI analyses require no initialization.
The parameters which define the background error-the EOF's, the empirical coupling constants
for linear balance and surface friction, and the variances of the spectral coefficients of balanced and
unbalanced variables-are currently held fixed, being estimated from a set of 45 differences between 24- and 48- hour forecasts verifying at the same time. While this is crude, it is motivated
by the desire to define a background error spectrum close to the model climatology, and relatively
free from the influence of a particular analysis procedure.
The variational formulation makes it possible in principle to assimilate any type of observation,
as long as a forward model can be defined which will convert the model variables to the observation
type. Currently, only conventional observations of wind, temperature, surface pressure, and moisture are used. The one exception is SSM/I total precipitable water, which was implemented in November, 1994. SS M/I surface wind speeds are being used also, but the direction is preassigned, so
the analysis uses them as if they were conventional winds. A version is being tested where the speeds
are analyzed directly, with no requirement for direction specification.
With the exception of satellite temperature soundings, all observation errors are assumed to be
uncorrelated. Extensive testing is under way to use TOVS radiances directly in the analysis, thus
greatly reducing the correlation between the measurements.
To find the minimum of the objective function J, a standard conjugate gradient method is used.
The convergence criterion requires the gradient of J to be reduced by 7 orders of magnitude, with
a maximum of 100 iterations. Normally the fulll 00 iterations are used, at which point the gradient
is typically reduced by about 4 orders of magnitude. Even with so many iterations, the computational cost for SSI is comparable to that for the traditional OI system that it replaced.
3. Recent analysis changes
The changes to the analysis system can be divided into four categories: basic alterations to the
system, changes to the statistics, enhancements to the balance constraint, and additions to the observational data base.
The most important basic changes were elimination of "superob" formation for all data except
conventional satellite soundings, and the addition of an external iteration to the conjugate gradient
procedure to allow for nonlinearity in the forward model for some observation types. rhe superobservation used originally was unconventional. All observation residuals were averaged to neighboring grid points, weighted by the observation errors and the constants used to interpolate from grid
to observation location. This was found to be an unnecessary complication to the analysis procedure
that did not improve the analysis or help the computational efficiency.
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The external iteration was included around the entire analysis system to incorporate some weak
nonlinearities of the system. For example, the effect of the changes ir. the location of the observations relative to the model's sigma surfaces, due to changes in the surface ,pressure, were not included. By including an external iteration, the vertical location is specified based on the surface
pressure estimate from the previous external iteration and thus most of the effect is incorporated in
the analysis.
The improvements to the statistics involve altering both the observational and background error
statistics. The observational error statistics have been reevaluated based on comparisions with 6
hour forecasts. In some cases, it was found that the fit to the 6 hour forecast was less than the estimated observational error variances. Since the fit of the data to the 6 hour forecast represents an
upper bound on the observational errors (they include both the observational and forecast error), the
observation errors were adjusted to be less than the 6 hour forecast error.
The background error statistics have been changed primarily due to alterations in the linear balance
equation used to define the analysis variables. In the previous definition of the analysis variables,
the vorticity was used to define the balanced part of the temperature and surface pressure, by first
transforming to the traditional mass variable used in normal mode initialization, and then to temperature and surface pressure, using a variational procedure. This resulted in.unrealistically large variances for temperature. To eliminate this problem, an empirical matrix was obtained which minimizes the temperature and surface pressure variance not explained by the vorticity. This change
allowed much more rapid convergence of the conjugate gradient iterative solution, while preserving
a reasonable balance.
Even though the analysis has performed well without initialization, it was realized that linear
balance applied on sigma surfaces is inadequate over steep terrain (the empirical matrix described
above is constant on sigma surfaces). It also has significant errors at jet levels. This has been addressed in the current version by adding to the objective function a term which penalizes deviations
between analysis and guess divergence tendencies. The tendency is estimated within the analysis
program for both analysis and guess using a tangent linear approximation to the full divergence tendency which currently does not include vertical advection, mixing, or surface friction. This has an
effect similar to including incremental adiabatic nonlinear normal mode initialization, except that
it is here part of the analysis, and not an extra step, thus eliminating data rejection problems historically caused by initialization. Significant improvements in forecast skill have resulted from this
addition. In particular, for the 6 hour forecast, used as a guess for the analysis, and for forecasts to
2 days, this change resulted in improvement of fit to all observation types. The empirical linear balance appears to be redundant with the addition of this constraint. However, it still serves as an effective preconditioner, because the overhead required to keep it is insignificant, and its removal slows
the convergence rate of the conjugate gradient iteration by about a factor of two.
An extremely important enhancement to the SSI analysis system is to enable it to include additional data sources. Some of the new data sources that have been included or are currently under development are; the SS M/I total precipitable water, SSM/I wind speeds and ERS-1 scatterometer data,
and the direct use of TOVS radiances. Some of the advantages of directly using this data can be
demonstrated by examining one of the observation types. The inclusion of the SS M/I wind speeds
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is one of the most straightforward. Experiments involving the SSM/I total precipitable water are
described in Wu and Derber (1994). It is necessary for all types of data to produce a simulated observation. Thus for wind speeds, it is necessary to produce a simulated wind speed observation from
the analysis variables. This is accomplished by first transforming the analysis variables of vorticity
and divergence into u and v on the model's gaussian grid. Then the u and v components are interpolated to the observation location and multiplied by a factor reducing it to 20 meters above the surface
(where the observation is supposed to be valid) .. The wind speed is obtained from these values and
compared to the observations. The analysis system then minimizes the weighted RMS difference
of the simulated values and the observed values (with weighting being the inverse of the error variance) for all observation types and the 6 hour forecast. In solving the minimization problem, the
adjoint of the transformation from analysis variables to the simulated observations is required. The
transforination from u and v to wind speed is nonlinear and thus the adjoint must change with each
iteration.
There are several advantages to inserting data in this manner. First, it is not necessary to invert
or retrieve quantities for use in the analysis. Thus for the wind speed, there is no need to create a
direction before using it in the analysis. The analysis procedure is essentially performing the inversion or retrieval implicitly, combining all information simultaneously. For the wind speed other observations and the 6 hour forecast error statistics are used to determine the direction in the analysis
at the SSM/I wind speed observation locations. Similar arguments can be made for the SSM/I total
precipitable water, the ERS-1 scatterometer measurements and TOVS radiances.
4. Future plans
The principal weakness of this system is the gross approximation made in defining the background
error statistics. The assumption of uncorrelated errors in spectral space leads to homogeneous, isotropic statistics in grid space. An alternative formulation for the background error covariance is being explored which, while still quasi-isotropic, will allow both the variance and correlation length
scale to vary nontrivially in latitude and longitude. The idea is to represent the background error
covariance matrix as a product of simple filters. Each filter is constructed to have an approximately
Gaussian spectral response. The filters to be used are robust and efficient and can be applied in either
a Cartesian or latitude-longitude framework (Hayden and Purser, 1995).
The form of this covariance operator is
B = (I+ G 1A 1)(/ + G2A 2) ... (/ + G0N)E(I + AJPN) ...(l + A 2G 2)(J + A 1G 1)
where Ai and E are general functions of longitude and latitude, and Gi are recursive filter operators
which approximate Gaussian smoothers of N different length scales. Each Gi is symmetric by
construction, but allowing the A's to vary in space requires the symmetric form shown here in order
for B to be symmetric and positive definite, necessary conditions for a covariance function.
The balance between mass and wind is still used, but the primary analysis variables are now stream
and potential function, temperature, surface pressure, and moisture in grid space. Differential operators (needed to obtain u and v and to define linear and/or nonlinear balance operators) are applied
in grid space using high order compact differencing, instead of spectral transforms. The plan is to
first find the Ai and E which correspond to the error spectra now used, and to make test analyses
with these parameterized spectra with the existing spectral analysis. Then an equivalent version will
be constructed which replaces the spectral computations with the finite difference filters. These
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should produce nearly identical results.
Specification of the covariance parameters will initially be determined from the growing mode
perturbations which are run operationally at NMC for use in ensemble forecasting (Toth and Kalnay,
1993). Initially the covariance length scale will be fixed, and only the amplitude will vary. Later
on, it may be possible to create an adaptive system in which variance and correlation length scale
are evolved (Cohn, 1993).
Another area of investigation involves preconditioning of the guess. Thene are two possibilities
being considered, which may be used separately or in combination. The first involves fitting growing mode perturbations in a smooth local least-squares sense to observation - guess residuals
(Kalnay and Toth, 1994). The other is the idea of smoothly distorting the guess to account for largescale phase and amplitude errors (Hoffman et al, 1994).
There is also a parallel effort (Derber and Pu) to develop a 4D-variational analysis which is
constructed from elements of the 3D system with the principle change being introduction of the forecast model and its adjoint. Many preliminary ~esults have been obtained already from a prototype
system.
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ABSTRACT

Tropical cyclones are the most destructive of all atmospheric phenomena
and during every month of the year some part of the tropics is threatened
by a tropical cyclone making landfall.
Moreover, as the tropics is the
fastest growing region in population terms, the percentage of the world's
population that is vulnerable is both large and growing rapidly. The
accurate and timely prediction of tropical cyclone motion therefore is one
of the major
forecasting
problems
in meteorology.
Despite
the
considerable effort directed at understanding tropical cyclone dynamics,
and the development of operational NWP models specifically aimed at
forecasting cyclones, this effort has not been manifested as yet in an
acceptable reduction in cyclone position forecast errors.
There seems little doubt that the lack of observations is a major cause of
the relative failure of the tropical cyclone forecasting techniques to
show significant improvements in skill. Recently, techniques for the
automatic generation of cloud drift winds (CDWs) and of TOVS soundings at
high spatial and temporal resolution have been developed at centres such
as the Satellite Meteorology Group of the Australian Bureau of Meteorology
Research Centre.
Preliminary work towards gauging the impact of varying the spatial and
temporal resolution of the CDW data is presented, within the framework of
a generalised inverse data assimilation scheme.
Results are presented for
both the NW Pacific and Australian regions, out to 48 hours.
There were
three main findings.
Firstly, both the hourly and the six-hourly CDWs
produced mean forecast errors that were about 10 to 15 per cent lower than
those produced by forecasts using the operational CDWs errors.
This was
found to be statistically significant at the 99.9 per cent confidence
level using the standard t-test.
Second, the intermittent assimilation
procedure was significantly worse than both the nudging and variational
procedures, again at the 99.9 per cent level.
Finally, there was little
difference between the nudging and variational
schemes,
with the
variational procedure proving to be about 4 per cent superior to the
nudging scheme. This was found not to be significant at the 95 per cent
level.
The last result was somewhat disappointing given that the
variational procedure takes about an order of magnitude longer to produce
the initial field than does the nudging scheme.
It also is at variance
with the an earlier finding by one of the authors (LML) in which the
variational procedure was found to be clearly superior to the nudging
approach (Bennett et al. 1993).
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In addition,
one particularly long-lived Australian region tropical
cyclone (Rewa) was examined in detail, and it was found that the forecast
errors were directly attributable to the lack of data upstream of the
cyclone at the time this cyclone threatened the Australian coast. The
benefits derived from the inclusion of the high resolution data on the
track forecast of the cyclone out to 72 hours will be presented.
INTRODUCTION

Dynamical prediction of tropical cyclone motion is essentially an initialvalue problem, and defining the initial state of both the location of the
cyclone eye and the surrounding flow is very difficult.
Most of the
world's tropical cyclone basins are data-sparse areas owing both to their
location over the tropical oceans and to the fact that frequently they
also are located near developing countries.
Although conventional data
sources therefore are inadequate, there is an increasing amount of
satellite data, which will continue to grow in quantity and quality during
the second half of the 1990's.
A major component of the improved
satellite data is the so-called satellite-derived, or cloud-drift winds
(CDWs) .
At present, the most skilful forecasting techniques in the Australian
region contain statistical regression schemes that use a range of
predictors, such as CLIPER (Climatology and Persistence) (Neumann, 1972),
the current synoptic situation and output from an NWP model.
The most
accurate method, thus far developed, is an optimal linear combination of
CLIPER and the Australian Region limited area NWP model (Leslie and
Fraedrich, 1990) . In recent years, the performance of baroclinic and
barotropic numerical weather prediction models, used for tropical cyclone
track forecasting,
has improved considerably.
In addition,
improved
satellite-based data, such as high-resolution cloud drift winds, inferred
automatically from infrared and visibl.e imagery, have become available.
This extended abstract describes the first of a series of experiments in
which a barotropic forecast model and the generalised inverse is used with
these improved satellite data for tropical cyclone track prediction in the
Australian Region.
Regardless of whether the NWP model used to predict the motion of a
tropical cyclone is baroclinic or barotropic, it is necessary both to make
best possible use of the available data and to overcome the intertwined
initialisation and spin-up problems.
In this study, the primary data
assimilation technique used is based on the method of least squares where
the sum of the squares to be minimised includes errors (or residuals) for
the model, the boundary conditions, the initial conditions and the data.
In this approach, (similar to that of Bennett et al., 1993), the model is
imposed as only a weak constraint. In this study, the generalised method,
developed by Bennett and Thorburn (1992) for an inverse problem on a
periodic domain, has been adapted to the data assimilation forecast
problem for the barotropic vorticity equation and applied to the problem
of cyclone track prediction in the Australian Region. In this case, the
number of data, and hence the number of representers, were heavily reduced
by making use of empirical, orthogonal function (EOF) expansions of the
analyses. The data assimilation is carried out between times T = -12 to T
= 0, with initial data at T = -12 and with additional data at T = 0. The
wind data have been assimilated hourly. A first series of experiments will
contrast forecasts based on intermittent analyses with those using hourly
infrared winds (generated from triplets of hourly images and triplets of
half-hourly images which are produced every 6 hours) together with the
corresponding low and high resolution visible winds. It is then intended
to extend this study to involve the use of a 3-dimensional NWP model and
its generalised inverse. This will both quantify the utility of the
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generalised inverse and local cloud drift winds for forecasting in the
Australian Region and quantify their utility for tropical cyclone motion
prediction.
THE CLOUD DRIFT WIND SYSTEM
After reception at the Australian Bureau of Meteorology, the imagery is
navigated using orbit, attitude and landmark data from the header of the
GMS S-VISSR transmission together with other refinements. The current
operational system, which runs four times per day, uses 3 sequential IR
images, separated by half an hour. These images are typically 2500 x 2500
pixels, with 256 brightness levels. The imagery is searched for potential
target areas of 20 x 20 pixels by examining maximum and minimum pixel
values and brightness temperature gradient maxima. Selected targets are
tracked automatically using forecast winds from the RASP system as a first
guess, then a lagged correlation technique which minimises root mean
square (RMS) differences in brightness from successive pictures is used to
estimate the vector displacement.
Current real time test systems generate winds twice per day from
half-hourly,
5 km low resolution
(LR)
visible
image triplets
of
half-hourly images. They also provide twenty four, hourly IR wind data
sets and, typically six, hourly LR visible wind data sets. In addition,
selected areas are processed, using 1.25 km high resolution visible
imagery, to provide higher density wind data sets.
CDW height assignment uses the IR imagery at the central time of the image
triplet used for cloud tracking and temperature profiles provided by the
RASP. Determination of temperatures associated with various levels within
the cloud is presently done by fitting Hermite polynomials to smooth raw
histograms of brightness temperature around the target. This enables
estimation of cloud base altitude from cloud base temperature using the
RASP,
(assuming that the temperature difference between cloud top and
cloud base is twice the difference between cloud top and modal cloud
brightness temperatures) or one third of the cloud-top height where the
cloud base is not discernible. The cloud height assigned to the low level
winds is that of the estimated cloud base, determined as described above.
A typical indication of the utility of cloud base assignment, compared to
other fixed height assignment methods, can seen in the Mean Magnitude of
the Vector Difference (MMVD) between BoM low level winds and radiosondes
(within 100 nautical miles) after assignment to cloud base Pb and 850 hPa
for September October and November 1993, as shown in Table 1. In practice,
the clear gain demonstrated by this table in using the current height
assignment methods compared to the common fixed height assignment methods
may be reduced by a quality control system which eliminates vectors at
levels well removed from 850 hPa.
MONTH

LEVEL

NUMBER

MMVD at Pb

MMVD Verif.

Sept.

Low

1452

3.95

4.52

Oct.

Low

685

4.21

4.66

Nov.

Low

362

4.20

5.00

Table 1: Mean magnitude of vector difference (MMVD) in m/s between the Australian Bureau of
Meteorology low level winds and radiosondes within 100 NM, after assignment to cloud base
(Pb, column 4 of table) and to 850 hPa (column 5). Period is Sep~ to Nov. 1993.

Upper level cloud winds are assigned to the cloud top. The cloud top level
is estimated by an examination of the cold tail of the upper cloud
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population, assuming the cloud temperature for the winds to be just above
the coldest 5.5% of the cloud population. When using this method, a check
is made to ensure that the brightness temperature distribution increases
in a specified manner as the class temperature rises.
The height
assignment check is based on the smoothed histograms, obtained from the
Hermite polynomials, which are used to distinguish the contributions from
high cloud as opposed to those from lower levels. The height assignment
level for the COWs moves progressively from the estimated cloud base to
the estimated level of the cloud top as one progresses from low to high
cloud.
Quality control is fully automatic. Wind data are accepted and errors
assigned based on several criteria. These include the correlation between
the brightness temperature arrays of the search and target areas and the
differences in meridional and zonal wind components of the two vectors
from a tracer tracked in two adjacent image pairs which are usually
required to be less than 5 ms-1 for each component. The deviation of the
calculated wind vectors from the first guess field is also examined and
zonal and meridional wind tolerances are used to assign error estimates to
the vectors (based on previous collocation statistics) .
Quality control at the wind calculation stage is, to a significant degree,
a practical compromise as
an analysis
system should be able to
appropriately handle even poor data provided their error characteristics
accompany the observation. In practice, wind numbers generated and RMS
errors are related and the number of error categorised winds produced
needs to be optimal for both NWP and synoptic use.
The local IR CDW system provides 400 to 600 wind vectors from half-hourly
images and, typically, two thirds of that number from hourly data and
half-hourly low resolution visible data.
In cloudy situations, the
half-hourly, high resolution, visible images often produce ten times the
density of winds obtained from the corresponding half-hourly IR images.
The performance of the local IR system in recent months is seen in Table
2, which show's the Mean Modulus of the Vector Difference (MMVD) of the
half-hourly COWs and the NWP model's 6- or 12-hour forecast background
field from radiosondes within 100 nautical miles for the period for lower
error category vectors. The importance of providing error estimates for
the first guess fields and winds used in the analysis is highlighted by
their relative sizes at different levels.
METHODOLOGY AND RESULTS

A data assimilation system, based on a variational approach, has been
developed and applied to two tropical cyclone basins, the north-west
Pacific basin, and one of the three Australian region basins, namely that
centered on the Coral Sea.
By varying the frequency and amount of CDWs
used, the impact of the COWs was examined on the quality of the initial
fields and on the mean forecast position errors of tropical cyclone tracks
out to 72 hours ahead. In the next section, the results obtained thus far
for the Australian region only will be presented. The model has been run
in both development mode on the TCM-90 data set (Bennett et al. 1993), and
in real-time mode over the NW Pacific and the Australian region (Leslie
and Powers 1994) .
Brevity limits the results presented below to a small
subset of the total number of cases run, and only to the Australian
region. Results for the NW Pacific will be presented at the meeting.
Error Statistics: Australian Region, Coral Sea Basin

It is clear immediately from Tables that there is a notable improvement in
the mean forecast position errors with both the hourly and six-hourly CDWs
- 412 -

over the operational CDWs.
At most forecast times the improvement with
the hourly data is between 10 to 15 per cent over the operational CDWs.
The gains obtained from the 6-hourly CDWs is about half that obtained from
the hourly CDWs.
Other than at the 72 hour forecast time (not shown),
this improvement was shown to be statistically significant at the 99.9 per
cent confidence level for the hourly CDWs and at the 95 per cent level for
the 6-hourly CDWs, using the standard Student's t-test.
PROG

I

0
CDW

11

I

12

I

24

I

36

I

48

I
I

I

Operational

95

151

196

251

306

.

6-hrly CDWs

90

141

184

235

278

I

Hourly" CDWs

84

134

173

212

258

I

Table 2. Mean forecast position errors (MFEs) in km for the Australian Coral Sea tropical
cyclone basin for the period 1993-1994. PROG refers to the forecast period (hours).

Comparison of data assimilation schemes:

In addition, a comparison was made between three assimilation schemes, the
operational intermittent cycled scheme, a standard nudging scheme, and the
variational data assimilation scheme. Both the nudging and variational
schemes used hourly CDWs.
The differences between the nudging and
variational schemes proved not to be conclusive.
The variational scheme
was between about 2 to 5 per cent superior at most times.
This difference
was found not to be statistically significant at the 95 per cent level.
However, when compared with the operational regional intermittent data
assimilation scheme, which employs a 6-hourly analysis-forecast cycle,
there was a statisti~ally significant impact produced especially by the
variational assimilation procedure, using hourly CDWs.
The peak impact
was between 12 and 48 hours with a maximum improvement over the
intermittent assimilation scheme of about between 10 to 15 per cent.
PROG
ASSIM. METHOD

I

0

I

12

I

24

I

36

I

48

Intermittent

89

147

190

243

288

Nudging

86

141

178

224

267

Variational

84

134

173

212

258

I

Table 3: Comparative performance of three different data assimilation schemes.

DISCUSSION AND FUTURE WORK

The present study has described the automatic generation of local low and
high resolution infrared and visible cloud drift winds in the Australian
Region. The winds have been produced from half-hourly imagery, every 6
hours and also hourly, from hourly imagery. It has also described the 2-D
barotropic model and its generalised inverse used in this study. The IR
winds generated from half-hourly images have been shown to improve
forecasts in the BoM' s operational global and regional models over the
Australian region (Le Marshall et al., 1994) . In this study, IR and
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visible winds have recently been used in a variational assimilation
experiment with a 2-D model, initialised by a generalised inverse method.
The first of these experiments, where hourly IR data (derived from
triplets of hourly images) and 6-hourly data (derived from triplets of
half-hourly images) are being variationally assimilated, is reported here.
Early results from this and related studies (Bennett et al., 1993; Leslie
and Powers, 1994) indicate the potential for the methodology to reduce
tropical cyclone mean track forecast errors. It is intended to further
quantify the impact of this approach by using the full CDW data base (IR
and low and high resolution visible CDWs) during the 1994/95 tropical
cyclone season.
Subsequent to this, it is intended to commence a 4-D
variational data assimilation experiment over the Australian Region, using
a newly developed 3-D primitive equation model (described in Bennett et
al., 1994) .
In these experiments, it is anticipated that the full CDW
data base and water vapour wind data from GMS-5 may be assimilated, taking
full advantage of the variational methodology to, for example, include
pressure height assignment in the functional being minimised. Local TOVS
and DMSP observations will be used in these assimilations.
Planned improvements to the system itself therefore are intended to be of
two main kinds: enhancement of the model itself, and its incorporation in
a four-dimensional data assimilation system.
The model enhancement is a
change from the simple barotropic vorticity equation to a full threedimensional primitive equations model running over the entire globe.
The
data assimilation will be optionally a nudging scheme or the fourdimensional generalized inverse scheme developed by Bennett and Leslie
(1995).
Finally, the initialization procedure will be extended to include
satellite-estimated heating rates.
No vortex bogussing will be used in
the four-dimensional data assimilation scheme.
Instead, the scheme will
rely on running at very high resolutions.
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ABSTRACT
The Met Office is developing a variational assimilation for its Unified Model forecast .system, which contains
a grid-point model, run operationally in global, regional, and mesoscale configurations. Key characteristics
of the design are:
development path from 3-dimensional to 4-dimensional scheme
global and limited area configurations
variational analysis of perturbations
carefully designed, well conditioned "background" term
This paper describes the variational scheme, with some example results from a simple 2-dimensional variational
analysis which has been developed as a prototype.

1

Introduction

Over the past few years it has become apparent that variational assimilation schemes could be made practicable,
and that possibly they might make a significant improvement in forecast quality:
in the extraction of useful information from satellite radiances, by three-dimensional retrieval,
n
in diagnosing dynamically consistent baroclinic structures, given observations that a system is
developing.
iii
in using observations of quantities affected by "physical" atmospheric processes which are represented
in the forecast model.
Most of the benefit from (i) might be realised from a static three-dimensional variational (3DVAR) system,
while (ii) and (iii) probably need a four-dimensional (4DVAR) system containing a forecast model and its
adjoint.
The bulk of the effort in. developing a practical assimilation scheme goes in careful design and testing, and
attention to detail in the observation processing. The Met Office has a project to do this work, building a
practical variational assimilation facility for our Unified Model system, which contains a grid-point model, run
operationally in global, regional, and mesoscale configurations. We should have finished development of the
basic 3DVAR system by mid-1996, matching the performance of the currently operational "AC" scheme.
Implementation of 3DVAR will facilitate the developments necessary to get the benefits mentioned above; we
might have a feasible 4DVAR scheme by 1997.
As a prototype for critical aspects of this development, a simple 2-dimensional variational analysis has been
developed (2DVAR). This paper describes the full variational scheme, using illustrations from the 2DVAR
when appropriate.

2

Variational Analysis

The "standard" formulation of variational analysis (Lorenc 1986) is- find the model state x which minimises
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a penalty (1) made up from a background term (1b) and an observational term (10 ):
1(x)

=

~(xb-x)TB- 1 (xb-x) + ~(Yo-Y)T(O+Fr\Yo-Y)

(1)

where x b is a prior (background) estimate of x, with error covariance B, y 0 is a vector of observed values,
with error covariance 0, and y is a prediction of the observed values, given by:
Y

=

K(x)

(2)

F is the error covariance in the "generalised interpolation" K, which in our 2DVAR examples is a simple
interpolation, but which in 4DV AR includes an NWP forecast model.
For the practical solution of this problem we make two transformations; to increments, and to a preconditioned
control variable.

3

Analysis of Increments

Following Courtier et al. (1994), we solve instead for a model perturbation w' , which may be at lower
resolution than x. That is, we find the perturbation model state w1 which minimises:

1(w') = ~(w' b -w~TB~(w' b -w~ + ~(Y 0 -y)T(O+F)- 1(Y 0 -y)

(3)

where we use interpolation G to transform the background x b, and the outer-loop estimate x ol, to the lower
resolution of w1 :

w' b

=

G(xb) - G(xol)

(4)

y, the prediction of the observed values, is now given by the sum of a contribution calculated in an outer-loop,
and a perturbation calculated each iteration in the variational inner-loop:
y = K(X 0 ) + K(w')

(5)

This transformation to a variational problem in w 1 is based on the belief that x 01 +Hw 1 (where the interpolationH
transforms from the low resolution of w1 to that of x), will be a good approximation to the x which minimises
(1). It is possible to iterate this correction process for x, outside of the minimisation iteration which finds
w1. We use the suffix ol to denote the current outer-loop estimate for x.
Other groups working on 4DVAR have started from a full-fields approach, which needs the adjoint of the
linearisation of the full model about its four-dimensional trajectory - usually called the tangent-linear model.
A tangent-linear model is derived by differentiating the equations used in the full model. For a model with full
physical parametrisations this is difficult to do. Our approach is different. The first-guess estimate of the
atmosphere's four-dimensional trajectory is going to differ from the truth by a finite amount, with a spread
governed by the background error variance. So we are designing a perturbation forecast model which gives
an approximation to the evolution of finite perturbations. For instance if, in the trajectory of the full model,
it is not raining, but nearly saturated, then some finite perturbations will be such as to make it rain. Thus the
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perturbation forecast model, designed for the best average of
all perturbations, should allow for some latent heating.
Threshold processes, which can lead to difficulties in
differentiating in the tangent-linear approach, should be
smoothed in the perturbation forecast approach.
The
perturbation forecast model is designed from physical
principles, and can have different resolution and algorithms
from the full model. We use it, and its adjoint, to find the
'·increment which most reduces the misfit to observations (show
FULL FORECAST MODEL
---------------------··--···'
as y in figure 1) and the background. This is done using an
iterative descent algorithm; the process is shown using solid Figure 1 Incremental four-dimensional
arrows in figure 1. Adding it, we make a new full resolution variational assimilation.
four-dimensional trajectory (show using dotted arrows in
figure 1), and can then repeat the inner incremental variational step.

4

Pre-conditioned control variable

Secondly, we transform to a variable v designed to improve the conditioning of the Hessian matrix in the
minimisation process. The Hessian is a matrix of second order partial derivatives with respect to the control
variables. e.g. for (1) the Hessian is defined as:

&J -&J-axlax2

axlaxl

&J

( :;)

... -&J
axlaxn

X

&J ...

= j ax~ax 1

ax2ax2

&J
OXzOXn

(6)

X

'•,

&J- -&J
- ... -&J
axnaxl
"

For (3), if

K is linear,

axn~

"

axn axn
• •

the Hessian is given by

&J) = B~
(aw'z

+ KT(O+F)-IK

(7)

The generalised interpolation K in the second term in (7) depends on the positions of the observations being
used. It is hard to analyse its conditioning in a general way, so we concentrate on the first term, which
depends on the background error covariance. It has been observed that the errors in xb are usually balanced,
and smooth. We assume that x 01 is similarly balanced and smooth. This means that balanced and smooth
modes will correspond to small eigenvalues of B~ , while imbalanced, or rough modes will correspond to large
eigenvalues. This large range of eigenvalues means that B~ is ill-conditioned.
To alleviate this ill-conditioning, we use a filter U designed to reduce the power in unbalanced or rough modes,
and its inverse T. We design these such that, approximately:
B~ ~ TTT

Bw ~

uuT
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(8)

Then, defining a new control variable v such that

w' = Uv

(9)

our transformed variational problem is to find the v which minimises

J(v) = ~(vb -v)TB~ (vb -v) + ~(Y 0 -y)T(O+Fr\Yo -y)
1

(10)

where
Vb

=T

W 1b

(11)

and the estimates of the observations are now given by:

Y = K(X 01 ) + K(Uv)

(12)

( ~) = B~t + uTKT(O+F)-lKlJ

(13)

B~ ::::I

(14)

The Hessian of (10) is given by:

Because of (8)
1

so the first term in (13) is much better conditioned than in (7).

5

Variable transforms for the full model

As well as the above conditioning consideration, we need to be able to evaluate Jb and its gradient, for which
multiplication by Bv- 1 is needed, so again a simple diagonal form is desired. Note however that there is no
requirement that (8) should be exactly obeyed. Any discrepancy will lead to a discrepancy in (14), and the
background penalty term in (10) allows for this.
The transforms are to be constructed in stages: using simple physical ideas to transform parameters (Tp), and
zonal and seasonal-average statistics to transform into empirical modes in the vertical (T), and to allow for
different scales in the horizontal (T,). Statistics on the residual covariances Bv will be collected, and modelled
in a simple way for use in the background penalty term.
We know physical relationships between variables, such as the closeness to balance, and non-divergence, which
imply that elements of w' which are different physical parameters, e.g. temperature and wind, are correlated1•
We use these relationships to design parameter transform TP so as to separate w' into three-dimensional fields
of variables which are uncorrelated with each other. In the first version these will be: velocity potential, stream
function, the geostrophically unbalanced part of the hydrostatic pressure, and relative humidity.
Within each three-dimensional field there are still correlations between points close in space.

1

strictly, the expected errors are correlated
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We can

accumulate average vertical covariances within each three-dimensional field, for instance by comparing forecasts
valid at the same time. Making some assumptions we can design Tv so as to separate each three-dimensional
field into two-dimensional fields of EOF coefficient.
Finally we design T h to act on each two,-.- -,.,_7··-·
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j
--~.,~<;:i:~-~~\!
I
I
IJ'f..,or;.:.?:-~,}. 'I
'
(Lorenc 1992), or spectral filter. Using the
i!.. ~-t!f!~;4~~~\L~- ~-----1
., \
I'
l
~!
recursive filter method allows us to vary the
I
i\ '-<~~;~~/>:\ I
.10!
!-·--- L.~_>;_:~_:_::-~,~ ·-·- ·-ra
horizontal correlation scale smoothly in the
I
\
\
\\
I
horizontal, for example we can have different
L- ·.--r.i-.)vN.WP~m;·- ·- -1~ ·-·-.I
values in northern hemisphere, southern
hemisphere, and tropics. These two approaches Figure 2 Increments due to a single observation, for
were tested in the 2DVAR program for a limited various filters.
area grid. The spectral approach, using a doublesine FFT, proved to be more flexible; it could be
tuned to match the grid-point filter nearly exactly, or some other power spectrum could be modelled.
a

DLF!Il

1

1~0

.13 ... 2

KFIMIJ.._,

~---

........

~

11

P<l:l~

0111'111

.OJ2Gibo

.C18111X:

_,~·7·-·-·r·---

,SOOWIH-

.........

01

.....

,100

......17

,G1l:llws..

·'"'"'

<XI1>7

.~00111~

,IJ'III!i;IO:

-·~-- ·--~·-.-

:---

~o

I

,11!11l0

Xl'lllll. IIIo

~

r- ~: ~ j~-~:~r~-~~:}-~-~:

I

-:

~I

...

'

I

---,·-dr;ijv.L""<rl~.-- - - . ! - - -

0)1'B"'14 1J •• Q . . .

l<l

FOR EVALS WITH

l:FI,...."""

.a•"""~

.OJlll<lc

-

.:Klll<t~<z

.:!0 ~~-El

--~~-

<I

I

I

\1

I

I

0

"

-·--<·J-·--:-~r...::-

•

I

I

"ll"'ifflA.:~rrm~...!

t..l - l c lbi.S:rno.)I.QIIID312 .. ~~ HIQ\.IG Eoll'.T L\T·I<Ul

0LI14CJIIP1 . . .,.,.Ymc:e1G

DECREASING

def!!.Uit-RF
<:ble sin filter matchll'lCJ RF
lsot,.oplc db le sin fllte.-

1

•

110

I

.• 1

,

u-

- ___

,il:j

i

.15

·,

\\\~::-~·,;jl'-1

I

I

m'

I
.w ... -

- · · - · . . , . · - · · · - · · - · - , - · - ; - · ..... ---

,0

.2

.~

.a

,1

1,a

1.2

1.<

NLNBER OF PENALTY EVALUATIONS

This is illustrated in fig.2, which shows the analysis
increments due to a single observation, using the
recursive filter designed to match a SOAR (top left),
and a spectral filter designed to match the recursive
filter (top right). The recursive filter, as it acts
along the grid rows and columns, does not have an
isotropic response; it is easy to make the spectral
filter isotropic (bottom left). For this example all
methods converged in one iteration. In a similar test
using 1000 randomly placed observations, 18 penalty
evaluations were needed. Computational costs for
the two types of filter were similar.
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The system is designed to find the minimum of (10).
We also did experiments to instead find the
minimum of (3). This is referred to below as the Figure 3 Eigenvalues of an inverse filter proportional to
method without preconditioning.
the inverse error covariance.
It is possible to calculate the power spectrum, and
hence the eigenvalues of the covariance matrix,
without explicitly calculating the matrix. Figure 3 shows a plot of the relative eigenvalues for the recursive
filter which matches a SOAR (Lorenc 1992), for a 31by31 grid with a gridlength of lOOkm, and a horizontal
correlation scale of 400km. From the ratio of the largest and smallest eigenvalues we can see the contribution
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of B~ to the condition number of the Hessian. For our example this is larger than 107 , and it increases rapidly
as the grid-length is reduced below lOOkm. So if Jb dominates, the problem is badly ill-conditioned, and we
can expect convergence of minimisation routines without preconditioning to be slow.
This is demonstrated in a simple experiment with
a single observation, with value yo = 1. 0, at the
centre of the square grid area. The background
field, and first-guess, is zero everywhere. For
this case the preconditioning is perfect, so the
descent algorithm converges in one iteration
(which requires two penalty evaluations). The
method without preconditioning however needs
several thousand penalty evaluations before
nearing convergence, (Convergence is judged by
the approach of the norm of the gradient of J to
zero), as shown in figure 4.

Despite the many iterations, the method without
preconditioning has still not converged to the
exact solution. We verified that the method with
preconditioning was indeed giving the exact
solution by using it as first-guess for another
descent iteration. Neither method could improve
on it.

6

Figure 4 Solid line - norm of gradient of penalty function
evaluated each iteration during the iterative minimisation
(at convergence it should be zero). Dashed line & dotted
line - norm of contribution to gradient from Jb and Jo
terms.
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The impact of assimilating SSM/I precipitable water and rain flag data on a
mesoscale numerical weather prediction
Kazumasa Aonashi and Akira Shibata

Meteorological Research Institute! Japan Meteorological Agency
1. Introduction
The water-related data derived from microwave
radiometers aboard satellites, such as Special Sensor
Microwave Imager (SSM/I), have attracted attention
as information about humidity over ocean, where
conventional observation data are sparse.
The characteristics of SSMII are:
1) It gives quantitative measurements of variables,
such as precipitable water contents (PWC) and liquid
water contents (LWC) over ocean, even in the
presence of clouds.
2) The horizontal resolution of the variables are
several tens of kilometers.
3) Only column accumulated amounts of PWC and
LWC are available.
The present study developed an assimilation method
to incorporate PWC and rain flag data derived from
SSM/I into a Japan Spectral Model (JSM) which
can resolve mesoscale variation of water vapor. The
assimilation method consists of the following
procedures:
(1) Distributing difference between SSMII PWC and
PWC of JSM forecast to relative humidity (RH)
increments in observed rain-free areas. In the
distribution, the present study utilized the statistical
relation of JSM forecast error between PWC and
RH on each level.
(2) Raising RH in observed precipitation areas to the
critical relative humidity so that the model
precipitation schemes produce precipitation there.
To evaluate the impacts of the assimilation, the
present study executed forecast experiments on some
cases in July, 1988. At this time, We had SSMII
observations around Japan twice a day ( 09UTC and
21UTC).
2.Description of data and NWP model
2-1 Precipitable Water
The present study employed PWC data retrieved by
an emission-based algorithm of Shibata (1994). This
algorithm iteratively calculated PWC and LWC using
brightness temperatures at 220Hz and 370Hz.

Shibata and Aonashi (1994) estimated the accuracy of
the PWC at 3.3 kg/m2.
This algorithm, however, had difficulty in retrieving
PWC within precipitation areas because of scattering
effects of rain particles.

2-2 Rain flag
Shibata and Aonashi (1994) found that brightness
temperature at 850Hz (TB85) was capable to used as
the index of the scattering effect on LWC in rainy
areas, and that combining LWC and TB85 gave good
estimation of rain coverage.
Following them, the present study regarded that the
observed precipitation areas satisfied the conditions:
1) LWC > 0.5 kg/m2 (if TB85 < 263K),
2) LWC > 1.5 kg/m2 (ifTB85 > 263K).
2-3 Numerical weather prediction model
JSM is a 19-level spectral limited area model with a
horizontal resolution of 40 km. The detail is described
by Segami eta/ (1989).
3. Differences in PWC between SSM/I and JSM
forecasts
The present study examined differences between
SSM!I PWC at 09UTC (21 UTC) and PWC forecasts
for that time given by JSM initialized at OOUTC
(12UTC) with routinely-analyzed data. (Hereafter
referred as DPWC.SF)
As Hoffman,Liu, and Louis (1993) pointed out,
DPWC.SF was decomposed into 3 components:
bias of PWC, bands of positive and negative
anomalies due to displacement error, and small-scale
strong negative errors in the forecasted precipitation
areas with no precipitation observations.
Figure 1 shows statistics ofDPWC.SF in July, 1988:
(1) Monthly mean DPWC.SF was negative along the
east coast of China and over Sea of Japan, while it
had positive values Sea east of Japan. The maximum
amplitude of the monthly mean DPWC.SF was about
4kg/m2.
(2) Root mean square (RMS) ofDPWC.SF of July,
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Fig. 1
(a) Monthly mean DPWC.SF of July,1988.
Isolines are every 2 kg/m2.

(b) RMS ofDPWC.SF of July,l988.
Isolines are every 2 kg/m2.
Areas over 6 kg/m2 are shaded.
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1988 was greater than the monthly mean of
DPWC.SF. TheRMS ofDPWC.SF was even larger
than that of SSM/l PWC over Sea south of Japan and
Sea far east of Japan.
The above results suggests that JSM forecast had
large displacement error especially in data sparse
oceanic areas while bias of PWC forecast was small
in comparison with the accuracy of SSM/l PWC.
4. Forecast error of PWC and RH
To examine characteristics of JSM forecast error, We
compared the objectively-analyzed data in July, 1988
with the 12 hour forecast of JSM initialized with the
analysis data at 12 hour before.

4-1 Bias of JSM forecast
JSM forecast for this period had positive PWC bias
around Japan, while negative PWC bias was found in
the China continent.
Characteristics of bias of RH forecasts were:
(1) At Japanese radiosonde stations, RH had positive
bias above 800 hPa.
(2) Negative RH bias was found in lower
troposphere in the continent.

4-2 Forecast error correlation between PWC and RH
We checked JSM forecast error con-elation between
column-accumulated PWC and RH on each level in
July, 1988. The results were shown in Fig. 2b :
(1) The correlation had peak (about 0.8) in lower
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Fig. 2 Statistics of 12 hour forecast of JSM minus objectively analyzed data in July, 1988
(a) Monthly mean difference in RH(%) (b) Forecast error correlation between PWC and RH
(c) Root mean square enor of RH(%)
Solid, long dashed, dashed, and, dotted lines are at Wajima (37N,l37E), Kagoshima
(31N,130.5E), Chichijima (27N,l42E), and Shanghai (31N,l21.5E), respectively ·
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troposphere (700-800 hPa). The cmTelation had
parabolic vertical profile in pressure.
(2) The correlation at the surface were poor in most
radiosonde stations.
(3) The peak level of the correlation was around 700
hPa at stations north of 30 N where SSM/1 PWC had
large variation for the period.
The area south 30N had lower peak level (800 hPa).

4-3. Root mean square error of RH
As Fig.2c indicates, root mean square error (RME) of
RH increased with the height at most radiosonde
stations. The averaged RME of RH on pressure levels
were 5% on 1000 hPa, 7.5% on 850 hPa, 9% on
700 hPa, 12% on 500 hPa, respectively.
5. Data assimilation method
The assimilation method of the present study
consisted of the following procedures:
1) Execution of JSM forecast initialized at 00 UTC
or 12 UTC with routinely analyzed data.
2) Choice of the hourly JSM forecasts that had a
minimum time difference with the SS M/I observation.
This forecast data was used as the background data
for the next procedure.
3) Modification of the background RH using SS M/I
data. In observed rain-free areas, we employed
SS M/I PWC for the RH modification. In observed
precipitation areas, we adopted the physical
initialization procedure of Aonashi(1993). The details
will be discussed later.
4) Execution of a nonlinear normal mode initialization
with the precipitation process to attain an initial
balance including latent heat.
5) Start of the JSM forecast with the modified data.

5-1 RH modification in observed rain-free areas
First, we calculated DPWC.SF from SSM/I PWC
and the background data. In the present study, no bias
calibration was executed because of the smallness of
monthly mean bias of DPWC.SF.
Next, we distributed DPWC.SF to RH increment
(DRH) at model grid points. We utilized the
statistical relation of JSM forecast error between
PWC and RH on each level in this distribution . DRH
at a model grid point was prescribed as follows:
DRH= Constx(eopwc,enRH)XO'nRHXDPWC.SF, (l)
where (enpwc,enRH) is the forecast error correlation
between columnar PWC and RH at that point, O'nRH
is the RME of RH forecast at that point, respectively.
Const is a vertically-constant parameter which
-

satisfies the condition:

f DRHxq!- DPWC.SF'

(2)

where q is a specific humidity.
We assumed that (enpwc,enRH) had parabolic profile
in p coordinate:
(eopwc,enRH) = Cmaxx(1- ~P-Pmax) 2/DPhf2)

, (

3)

where Cmax=0.8, DPhf=250 hPa, respectively.
Since Pmax decreased as variation of SSM!I PWC
became large, we assumed :
Pmax = 800 hPa
(Rpwc < 0.1)
o~?~ (Rpwc-0.1) + 800 (O.l$Rpwc$0.24)
700 hPa
(Rpcw > 0.24) ,
(4)
where Rpwc=( RMS of SSM!I PWC)/
(monthly mean of SSM!I PWC).
We used the averaged RME of RH described in 4.3 as
O'nRH.

This procedure produced large DRH in 700-800 hPa
levels with small DRH near the surface.

5-2 RH modification in observed precipitation areas
We adopted a physical initialization method to the RH
modification. This methods use the precipitation
scheme of the NWP model to estimate initial fields so
that the precipitation scheme can produce rain in
observed precipitation areas at the initial time.
The assumption of the precipitation schemes of ISM
was that the scheme produced precipitation where the
model atmosphere satisfied "the equilibrium state",
which was expressed as the critical relative humidity
(RHc) in terms of the lapse rate. Hence, we raised
RH in observed precipitation areas to RHc.
6. The impact of the assimilation
We executed forecast experiments with assimilating
SSM/1 data (DA) and without the assimilation (ND)
for some cases in July,1988.

6-1. The case of09UTC 12thJuly,1988
As Fig. 3 shows there existed a displacement error
between SSM/1 PWC at 09UTC 12th and JSM 9 hour
forecast initiated with 00 UTC 12th over Sea south of
Japan. Accordingly, the predominant DPWC.SF
pattern in this region consisted of bands of positive
and negative anomalies along a high SSM/I PWC
area.
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Fig. 3: DPWC.SF for 09UTC 12th July,1988
Isolines are every 5 kg/m2. Dashed lines are negative.
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Fig. 4 b: SSM/1 PWC at 21UTC 12th July, 1988
minus PWC forecasted by DA (09UTC 12th)
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To check the impact of the assimilation, we examined
12hour forecasts ofPWC ofDA and ND using
SSM!I PWC at 21UTC 12th. As Fig.4 shows, the
difference between SSM/1 PWC and PWC ofDA was
smaller than that between SSM/1 PWC and PWC of
ND over Sea south of Japan where the assimilation of
the present study modified RH largely.
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Next, we compared the RH forecasts for OOUTC
13th with the radiosonde observation at Chichijima
island (27N,142E). Figure 5 indicates:
(1) The observed RH had the minimum (""60%) at
800 hPa with the maximum ("'80%) at 600 hPa.
(2) The forecast given by ND consisted of high RH
below 800 hPa and low RH above this level.
(3) Compared with ND, the forecast given by DA
had drier air below 7 50 hPa with the moister air
above. Thus, the assimilation reduced the forecast
error of RH profile at this point.
The above results indicates that the RH modification
in corresponded with the displacement error of PWC
improved the RH forecast in this case.

6-2 The case of21UTC 12th July, 1988
As shown in Fig. 6, DPWC.SF at this time also had
bands of positive and negative anomalies due to the
displacement error. Besides, there existed strong
negative DPWC.SF in observed rain-free area from
(24.5E, 140E) to (24.5E, 145E), where routine JSM
initialized at 12UTC 12th had strong model
precipitation (hereafter referred as Region A). On the
contrary, SSM/1 precipitation areas were found along
high SSM/1 PWC (27N,135E)- (31N, 145E)
(hereafter referred as Region B).
In comparison with the case for 09 UTC 12th, the
assimilation in this case modified. many areas with
small-scale DPWC.SF and observed precipitation.
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As Fig. 7 shows:
Fig. 6: DPWC.SF for 21UTC 12th July,1988
Isolines are every 5 kg/m2. Dashed lines are negative. (1) DA had no precipitation in Region A while ND
had strong precipitation there for several hours.
SSM/I precipitation areas are shaded.
Hence, the assimilation eliminated the imaginary
35 I y - •,_
~ lC::
1
precipitation in the observed rain-free areas.
(2) DA produced heavier precipitation than ND in
<>~ '
---·;
:c (, ( :
: ·--J : :--,'--~
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The above results indicates that the assimilating
small-scale DPWC.SF and rain flag data reduced
positional error of precipitation forecast in this case.
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The assimilation in this case improved the RH
forecast, similarly to the case of 09UTC 12th.
Moreover, the assimilation had a significant impact on
precipitation forecast over 12 hours.

7. Discussion
We found couples of large positive and negative
anomalies on a few kilometer scale in DPWC.SF over
data sparse, oceanic regions in most cases in July;
1988. The reason is that the displacement error
between the observation and the forecast was
predominant since PWC forecasted by JSM had sharp
patterns similarly to SSMJI PWC. We infer that the

. Fig. 7 Hourly precipitation forecasts starting on 21 UTC 12 July, 1988.
(a) Forecasts given by ND.
(b) Forecasts given by DA.
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use of these large amplitude DPWC.SF on mesoscale
resulted in the significant improvement of the RH
forecasts.
Strong negative DPWC.SF on small-scale were
existed in model precipitation areas with no observed
precipitation in some cases. We found that the RH
modification in these areas was effective to eliminate
the imaginary precipitation. We think that this is
because the precipitation scheme of JSM required
thick moist layer to maintain the precipitation.
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THE ROLE OF COMPLEX QUALITY CONTROL IN THE
DATA ASSIMILATION AT THE NCMRWF
Kaustubha Bhattacharya
NCMRWF, Mausam Bhavan Complex, Lodi Road, New Delhi-110003.INDIA
1.

INTRODUCTION

One of the persisting problems in Numerical Weather Prediction is
the quality control of input data for assimilation, and it is more
acute in the tropics because of data scarcity and observation
problems.
On the other hand, it is well known that the economies of
many of the tropical countries are very much dependent on weather and
therefore accurate weather forecasts are necessary. At the NCMRWF,
New Delhi we have embarked on a major programme of quantitative and
qualitative improvement of data, and better quality control is a part
of the overall requirement.
2.

THE NCMRWF SYSTEM

Operationally, NCMRWF receives all its data through the GTS,
which are decoded into several categories, packed into a single data
file, quality controlled, and finally fed into the analysis-forecast
system.
The quality control procedure begins at the decoder stage
where a bounds checking procedure is carried out and a confidence
limit is assigned to every observation. At the packing stage these
limits are translated into quality marks, and the quality control
procedure performs extensive tests to check these quality marks,
changing them if the outcome of the tests indicates its necessity.
In
addit~on, radiosonde heights and temperatures might also be changed to
conform them to hydrostatic principles.
This last procedure, called Complex Quality Control(CQC) (Gandin,
1988; Col1ins and Gandin, 1990) needs a little elaboration because it
follows a new concept and moreover has the potential for ameliorating
some of the known deficiencies associated with the Indian Radiosonde
observations. Quality Control, in the traditional way, performs
several tests in sequence. In contrast, the CQC carries out several
checks in parallel, and stores the results to be considered in
totality by a Decision Making Algorithm(DMA). The DMA decides whether
to accept an observation, reject it, accept with modifications, or
refer it to experts for manual checking. This last part utilises a
man-machine mix procedure which is being currently implemented at the
NCMRWF.
The CQC at the NCMRWF has four checks:
(1) the hydrostatic check
(2) the horizontal interpolation check (3) the vertical interpolation
check and (4) the baseline check.
The hydrostatic check, which
utilises the barometric equation, checks whether reported heights or
temperatures in a radiosonde profile mutually obey the hydrostatic
equation or not.
If the departure is more than a specified amount
then a hydrostatic error is detected. The distribution of such errors
determine what is the most likely cause, and appropriate corrections
are sought to be imposed.
The rough errors are of three types:
transmission, computation and observation errors. Of these the first
two types are detected(and maybe corrected) by the CQC. The procedure
first tries simple corrections assuming that a simple human error
caused the problem; if that fails then the mathematical correction is
imposed.
For
temperature however if the correction yields a
superadiabatic lapse rate then the correction is not imposed.
Those
corrections that can be imposed by using the results of hydrostatic
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check only are called confident corrections.
Other corrections for
which results of interpolation and baseline checks are needed are
known as non-confident corrections.
While the hydrostatic check might modify the data but does not
change the quality mark~ the interpolation checks might change the
quality mark but does not modify the data.
For a given datum the
horizontal interpolation check carries out a local analysis using
statistical interpolation method.
Here the database for analysis
consists of all the data around the given datum selected according to
some criterion, but without the datum itself being included.
The
difference between the analysed value at the observation station and
the value of the observation itself is appropriately normalized and is
compared with a 'rejection limit' which determines whether the datum
has passed or failed the horizontal interpolation check. The vertical
interpolation check follows essentially the same procedure except that
in this case only the levels immediately above and below the given
observation are considered.
The baseline check is actually a hydrostatic check for the
surface variables(in the radiosonde report). The check verifies the
consistency of reported 1000 hpa and 850 hpa heights with the reported
surface pressure and known station elevation.
The data assimilation at the NCMRWF
follows
a
Spectral
Statistical Interpolation(SSI) procedure(Parrish and Derber,1992).
This is a major departure from the earlier Optimal Interpolation(OI)
analysis procedure and has the following features:
(1) The statistical interpolation is performed on the spectral
coefficients of the analysis variables(which are same as the
model variables) instead of the grid point values.
(2) All the available data are processed at the same time,
therefore there is no need of cumbersome data selection
algorithms.
(3) Since the procedure does not analyze observed variables
directly, it is easy to use nonconventional data.
(4) A global linear mass-wind balance is imposed.
The forecast model is a spectral
model
with
triangular
truncation(Kanamitsu, 1989) at 80 waves, and 18 sigma layers in the
vertical.
The prognostic variables are:
virtual
temperature,
vorticity, divergence, specific humidity and the natural logarithm of
surface pressure. The physics package consists of boundary layer
physics,
radiation, convective processes, land surface processes and
gravity wave drag.
3.

EFFECTIVENESS OF CQC:

A SIMULATION STUDY

Table 1 presents a summary of the results from the operational
CQC for 3-17 September 1993. For these 15 days the total number of
land radiosonde reports received WMO blockwise are shown. Also shown,
WMO blockwise, are the number of the detected hydrostatic errors and
the percentage of the corrections that are confident in nature.
Next we present a study with a weather system which is very
typical of the monsoon circulations by following the system from its
genesis to its dissipation. We compared the manual analyses with the
operational assimilations, and also made a few forcast runs with these
initial conditions.
-
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During the week of 6-12
September 1993 the monsoon was
active over the Indian region.
A clearly d~stinguishable weather
system of low pressure was formed
on the 6th September over the
Head Bay(Bay of Bengal) at the
low levels, which is typical of
monsoon circulations. ThG low
moved inland west-northwestwards
(which is also typical), reached
west Uttar Pradesh by 11th
September and dissipated after
that. There was intense rainfall
during this time over a region
spread around the track of the
system.

TABLE 1
RESULTS OF COMPLEX QUALITY CONTROL OF
MANDATORY LEVEL HEIGHTS AND TEMPERATURES
FOR 3-17 SEPTEMBER 1993
Total Number of Reports for Land Stations by WMO Block (OOZ only)
0
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0
71
53
127
174
58
74
198
0
0

1
66
36
25
92
135
117
39
417
0
302

2
92
36
29
63
202
146

51
888
0
0

3
113
5
54
123
201
98

4

89
0
70
119
11

186

4

8

0

14
0
476

4

78

5
0
34
67
75
15
29
0
0
23
0

6
64

91
131
28
0
158
0
18
0
71

7
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43
382
203
30
0
14
55

8

95
0
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113
14
4

9
0
0
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0
0
117
0
0
87
0

Error Counts by WMO Block (all hydrostatically detectable error~
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0
0
0
3
8
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5
3
0
0
0

1
1
0
1
7
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11
0
4
0
12

2
1
0
0
3
42
7
9

3
0
0
1
3
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3
0
0
0
2

4
0
0
16
4
0
41
0
0
0
15

5

6

0
0

0
0
5
0
0
9
0
0
0
14

7
0
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0
7
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0
0
19
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0
0
3
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For each day during this
3
0
week, after the assimilation, a
4
5
five day forecast run was
7
0
1
0
6
performed with the OOZ initial
0
0
0
3
condition. Two days(7th and 9th
0
0
September) are chosen for
illustration. Fig.1 shows the
Percent of Confident Corrections by WMO Block
radiosonde observations over
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India at 850 hpa and the analysis
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0
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0
rejected at Nagpur(42867) and
0
0
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0
80
50
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0
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75
0
90
Trivandrum(43371) by the CQC. The
analysis at this level shows a
broad low pressure
1993 850MB T80 ANALYSIS
ooz 07 SeptemberTEMP
DATA
system at the
Andhra-Orissa coast.
Starting from this
initial condition
the forecast for the
the third day is
displayed at the same
level(fig.2) with
the corresponding
verifying analysis
(fig.3). It is seen
that simulation can
be said to be
reasonably successful
with both the diagrams
showing low pressure
systems over the
central India, with the
...... ~
analyzed system being
a little more intense.
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The next case is for the initial conditions of 9th September OOZ,
the analysis of which at 850 hpa is shown in fig.4. As before, the
corresponding radiosonde observations have been superimposed.
It is
seen that the CQC rejected the radisonde temperatures(marked T) at
Madras(43279), Hyderabad(43128), Aurangabad(43014)
and Patna(42492),
Radiowinds
were
rejected
(marked
W) at Machilipatnam(43185),
Vishakhapatnam(43150), Bhubaneswar(42971) and Chittagong(41977).
For
this
initial
conditions,
the
3-day
forecast(fig.5)
and the
corresponding
verifying
analysis(fig.6)
also
show
reasonable
agreeement.
The low pressure system has travelled across the country
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and has almost dissipated
making at the Myanmar
moved the system inland.
Tibet, but the system in
defined.

over the Arabian sea. Another low is in the
coast, although here the 3-day forecast has
Still another weak low is visible over
the verifying analysis is a little less well
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FIGURE LEGENDS

Fig.1 Analysis of 850 hpa fields from operational SSI over the
Indian region for OOZ 07 September 1993. Both temperature
contours and wind fields are shown. The temperature contour
interval is 2 degrees. The wind scale is shown at the upper
right corner. The corresponding radiosonde observations have
been superimposed.
Fig.2 Three day T80 forecast of the wind field for 850 mb,
starting from OOZ 07 September 1993 initial conditions.
The wind scale is shown at the upper right corner.
Fig.3 Analyzed 850 hpa wind field from operation SSI
for OOZ 10 September 1993.
The wind scale is shown at the upper right corner.
Fig.4 Same as fig.1, but for OOZ 09 September 1993.
Fig.5 Same as fig.2, but for OOZ 09 September 1993 initial conditions.
Fig.6 Same as fig.3, but for OOZ 12 September 1993.
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DATA ASSIMILATION AT METEO-FRANCE
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1. INTRODUCTION
Since 1985, the numerical weather prediction system at the French Weather
Service had been based on the global EMERAUDE T79 spectral model and on the
coupled limited area PERIDOT model. Each model had its own data assimilation
system, both based on the Optimal Interpolation (OI) technique to achieve the
merging of input information (observations, guess and climatology) and produce
analysed fields.
Since 1987, METEO-FRANCE and ECMWF have developed a new forecast system
called ARPEGE or IFS (Geleyn and Jarraud, 1988, Courtier et al, 1991). One of
the main issue was to obtain a streched model (Courtier and Geleyn, 1988).
In September 1992, EMERAUDE
change in the resolution. Then,
were replaced by a stretched
increase of the horizontal and
L24).

was replaced by a version of ARPEGE without any
in October 1993, ARPEGE (T79 C1 L15) and PERIDOT
version of ARPEGE (T95 C3. 5 L21) with a new
vertical resolution in December 1993 (T119 C3.5

In this presentation, we are first going to describe the main characteristics
of the or used for ARPEGE, called CANARI, especially the way to deal with
stretching. We shall show some results. Then, we shall describe our plans in
short and medium term development of 3D and 4DVAR.

2. CANARI : THE OI SCHEME FOR ARPEGE
CANARI is a classical Optimal Interpolation. We use a six hour cycling
intermittent analysis on the model grid (which may be stretched). We compute the
departure from the guess taking care of the structure of the boundary layer. We
carry out a quality control of the observations both on the departures from the
guess, and on the departures from an analysis made without the checked
observation.
We chain seven analyses :
a multivariate analysis of the geopotential at the guess surface pressure,
a multivariate analysis of temperature and wind,
a monovariate analysis of relative humidity,
a monovariate analysis of 2m temperature,
a monovariate analysis of 2m humidity,
a monovariate analysis of snow depth,
a monovariate analysis of SST.
We use a statistical model with gaussian structure functions for the error of
geopotential, streamfunction, velocity potential and humidity. The errors
covariances are derived using the hydrostatic relation for temperature, and
Helmholtz's theorem for wind components. The geostrophic relationship is
prescribed by the ratio between the streamfunction-geopotential correlation to
the streamfunction autocorrelation.
To deal with the variation of the mesh size, we prescribe a variation of some
characteristics of the statistical model with the local stretching. The
characteristic scale (a) and the standard deviation of geopotential (cr.p) are
assumed to decrease when the resolution increases, but the standard deviation of
the velocity potential (crx) is assumed to be constant. We consider the quantity
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exp (-a. * (m-1 /m))
then we have
a5 = a

*

where m is the local map factor and a. a

* SQRT(s),

Oq,

oxs =

ax

ous

au I SQRT(s)

=

and

s

=

Oq, 5

given constant,

01!Js = 011'

*

* SQRT(s),

OTs =

OT

* SQRT(s)

SQRT( (1 + (ox'o'l')** 2 Is ) I (1 + (O/O'Ijl)** 2 ) )

We use a dynamical evaluation of error statistics only for geopotential' s
variances. The analysed geopotential variances are obtained from analysed wind
variances, they are smoothed and increased to be used as guess variances.

3. SOME RESULTS
On the "Floyd" case : an explosive cyclogenesis on the 29th of September
1993, we compare the forecast of the low pressure in the three operational
suites described above, T79C1L15, T95C3.5L21 and T119C3.5L24. This case is very
sensitive to the initial conditions and also to the horizontal resolution.
Fig 1 show the evolution over several years of the model's fit of ground
pressure and two meters temperature observed at the French stations. We can see
an improvement of the forecast of such parameters.

4. DEVELOPMENTS FOR 3D AND 4D VARIATIONAL SCHEME
ECMWF had developed a 3D-VAR scheme in ARPEGE-IFS. We adapt it to our
operational context. More details on the current status are given by P.Moll in a
companion paper. We plan to use CANARI to check the observations, then 3D-VAR to
analyse the atmospheric fields, at least, in a first time, CANARI to analyse
surface fields.
We study the evolution of the covariances structures in stretched 4D-VAR, and
how to prescribe in 3D and 4D VAR the initial covariance matrix using the
knowledge of the most unstable modes.
We develop the surface analysis. For the time being we use a simplified
scheme to modify the soil temperature and water content with the increments of
boundary layer temperature and humidity. Some tests have been performed with a
more complex scheme called ISBA. The goal is to include such a scheme in the
variational context.
We shall also work on the satellite data
and ERS-2 data.

TOVS, ATOVS,

IASI, but also ERS-1

Acknowledgments to Pascal Marquet (SCEM/PREVI/COMPAS) who provides the figure.
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1

Introduction

In this study we describe the formulation of tangent linear and adjoint representations for a
storm-scale numerical model, and apply the tangent linear model (TLM) to examine the sensitivity
of numerical forecasts with respect to selected control parameters following the recent work of
Lacarr and Talagrand (1988) and Errico and Vukicevic (1993). The term TLM derives from the
linearization of a fully nonlinear model about a time-evolving state; therefore, the coefficients of
the linear model are defined by slopes of the tangents to the nonlinear model trajectory in phase
space. Unlike simple linear analytical models, TLM coefficients are generally time dependent and
are determined for realistic and complicated spatial structures.
The TLM has several important uses. Most directly, it can be used to determine the evolution of
small perturbations in a model forecast, thus lending insight into flow predictability provided that
the linearity assumption is not violated. More importantly, however, it can be used to propagate
error statistics in Kalman filtering, or for developing adjoint models for sensitivity and data assimilation studies. While the development of a TLM is not strictly necessary for many of the latter
applications, it is useful for understanding the inaccuracies of its corresponding adjoint because
both are strongly related. Further, it is usually easier to think of error growth in terms of a forward
prediction (as in a TLM) rather than a backward model of sensitivities (as in an adjoint).
If all of the nonlinear model terms are continuous and differentiable, and if the linearization
is performed properly, a TLM solution should asymptotically approach the difference between two
nonlinear model solutions as the perturbation magnitude tends to zero. For perturbations similar in
magnitude to those associated with analysis error in the input parameters, the TLM solution is only
a first-order approximation to the true sensitivities unless the model is also linear. In some cases,
the TLM and nonlinear model difference solutions may eventually diverge, and objective mehods
have been devised to measure this difference (e.g., Park et al., 1994).
Vukicevic (1991) and Errico et al. 1993 showed that the TLM of a mesoscale model was able
to describe fairly accurately the evolution of nonlinear perturbations. Most recently, Park et al.
(1994) studied the forward as well as the adjoint sensitivities of deep convection using a 1-D cloud
model. Their results showed that the TLM is capable of describing, with reasonable accuracy, small
perturbations, except near the regime change between steady and unsteady cloud behavior. To our
knowledge, no one has yet examined the accuracy of the TLM for a 3-D compressible storm-scale
model.
In this paper we develop the TLM of the Advanced Regional Prediction System (ARPS). Since
we do not at this stage wish to deal with the complexities and increased errors that result from
highly nonlinear and discontinuous moist processes, we confine our attention to the dry adiabatic
version of the code. We determine the sensitivity of model solutions to the magnitude and spatial
structure of the applied perturbation, the length of forecast period, and frequency of basic state
update. Only perturbations whose magnitudes are typical of analysis errors are used.
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2

Model description and initialization

The Advanced Regional Prediction System (ARPS) is a 3-D compressible, nonhydrostatic model
developed for storm-scale numerical prediction (CAPS, 1992). The base state used here follows that
described by Weisman and Klemp (1982) and is horizontally homogeneous, hydrostatic and time
invariant. The computational domain for all experiments extends 10 km in both the east-west and
north-south directions, and 10 km in the vertical, with horizontal and vertical grid spacings of 1 km
and 0.5 km, respectively. Convection is initiated with a buoyant thermal disturbance ("bubble")
placed in the boundary layer. The maximum amplitude of this "bubble" is 0.5 K. The centroid
location ( Xc, Ye, zc) above the ground, horizontal and vertical radius ( Xn Yn Zr) are 6 km, 6 km,
1.5 km, 2 km, 2 km 1 1.5 km, respectively.
Starting with this initial condition, we integrate the ARPS for two minutes and use the output
as the initial conditions for all subsequent experiments.
The TLM is tested by considering "analysis perturbations" as well as random perturbations.
The former are obtained by subtracting the base state from the nonlinear model solution at 2
minutes. These perturbations have magnitudes comparable to analysis errors if we assume that the
base state is a true solution. The random perturbations are generated by multiplying the analysis
perturbations by a random number selected from a uniform distribution between ±P, where P is
a common scaling factor.

3

The TLM and forward sensitivity

The current dry adiabatic version of the TLM includes the Coriolis force, total buoyancy, and
subgrid-scale turbulence mixing. All water substance and microphysical processes are ignored.
Because the atmosphere described by the governing equations of the ARPS is compressible, the
c?de supports meteoro_logically ~nimportant aco~stic waves that serve only to limit severely ~he
time step for an exphcit mtegration scheme. To Improve model efficiency, we employ the sphttmg
technique of Klemp and Wilhelmson (1978).
For a given state variable U, and a perturbation, U' on U, the real evolution of the solution due
to a perturbation aU' is given by M(U + aU') - M(U), where a is a scalar and M(U) represents
the numerical integration of the direct adiabatic ARPS starting from the initial conditions U. If
Tlm( aU') represents the numerical integration of the TLM model starting from the initial conditions
aU', then according to the definition of the TLM, one obtains

V;(a) =

IIM(U + aU')- M(U)II = 1. + O(aiiU'II).
IITlm(aU')II

(1)

According to linear perturbation theory, for a small but not too close to machine accuracy,
V;(a) should be close to unity. Figure 1 indicates that, for a between 10°-10-Io, this requirement is
satisfied and thus the TLM is verified.
Let us now write the forecast model in abstract form as

ax
= F(x),
at

(2)

X(to) = U,

(3)

where t is the time and F E C 2 is a function of X, with C 2 a set of twice continuously differentiable
functions. With U as a given initial condition, let X be the perturbation of the variable X resulting
from a perturbation, U', on the initial condition U. Using a Taylor expansion, one obtains

ax8F X
at - ax '
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(4)

Figure 1: Verifications of the correctness of the tangent linear model: (a) variation of 'ljJ with log a,
(b) variation of log l't/J - 11 with log a.
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Figure 2: Perturbations of pat level6 produced (a) by the difference between two nonlinear forecasts,
(b) by the TLM and (c) the difference between the two fields.

X(to)

(5)

= U'.

Eqs. (4)-(5) define the tangent linear model equations of Eqs. (2-3) and are linear with respect to
the perturbation U'. Eq. (4) is called a tangent linear model because the linearization is around
a time-evolving solution, and therefore, the coefficients of the linear model are defined by slopes of
the tangents to the nonlinear model trajectory in phase space.
Consider a dependent vector J describing forecast quantities at some verification time: J = X.
The sensitivity of J with respect to the model's initial conditions is given by
~J =

...

...

•

X(U + ~U, t)- X(U, t) =X=

f)J

•

_,
X(U, to)
8X(U, to)

(6)

The sensitivity of a dependent vector with respect to input parameters can be obtained by (a)
the differences of two nonlinear model runs, (b) a TLM run and (c) N adjoint model runs where
N is the dimension of the dependent vector J. Both (b) and (c) require one nonlinear model
run to generate the basic states. Methods (a) and (b) are called direct methods since only forward
- 439 -

integrations are involved, while (c) is called the adjoint method and involves a backward integration
in time.
In meteorology, forward sensitivity studies using direct methods are rare since, in general, the
major concern involves computing sensitivities of only a few scalar quantities with respect to all
input parameters. Hence, the direct method is prohibitively expensive. However, in operational
meteorology, forecasters are sometimes interested in the sensitivity of numerous forecast aspects of
measures, e.g., one may wish to examine how changes in wind, temperature and moisture fields at
all levels are related to the low-level wind field. Further, the impact on the forecast of particular
missing observations is also important (Chang et al., 1986), and in such cases, forward sensitivity
analysis through the direct method is very efficient (Park et al. 1994).
Adjoint sensitivity analysis is particularly suited to assessing the uncertainty of a single scalar
variable with respect to all possible control parameters. One usually knows which features of the
simulated atmosphere are important, but it is usually not known which specific aspects of the model
are principally responsible for causing the uncertainty.

4

Forward sensitivity-numerical results

The first steps in our sensitivity analysis are to investigate the ability of the ARPS TLM to
describe the evolution of nonlinear perturbations, and to specify the range of validity in terms of
time and perturbation amplitude.
The analysis perturbations described in Section 2 have two characteristics which make them
similar to true analysis errors: very good spatial correlation, both horizontally and vertically, and
a domination by nonhydrostatic dynamics, which is well described by the ARPS.
The differences in pressure, p, between a pair of nonlinear forecasts after one hour of simulation
(t = 1.02) are shown in Fig. 2a. The largest difference is 11.3 Pa. The corresponding field resulting
from the TLM model simulation is given in Fig. 2b. Note the qualitative similarity between the
two fields, even with regard to small details. The correlation between the two fields and V;( a) given
by (1) are 0.9994 and 0.9992, respectively. An error field computed as the difference between the
TLM and nonlinear difference fields is presented in Fig. 2c. The maximum relative error is less than
0.7%. Equivalent statements can be made for other forecast fields. In general, the evolution of the
perturbation as forecast by the TLM is very similar to that of the nonlinear model differences. If the
same experiment is repeated using perturbations having an amplitude 10 times greater than those of
the analysis perturbations, a greater difference occurs in p and w. The correlations between the TLM
and nonlinear differences in u, v, w, ()and pare 0.997, 0.995, 0.897, 0.9996 and 0.877, respectively.
For some purposes, a correlation of 0.877 may appear to be unacceptable; however, in our case the
two fields are still very similar (not shown). If the magnitude of the thermal disturbance is increased
to 5 K, the results are still similar to those obtained from above experiments (not shown).
The random perturbations described in Section 2 are not spatially correlated, either horizontally
or vertically. It is important for the TLM to accurately fredict the forward sensitivity of model
forecast with respect to random perturbations since initia fields may contain random errors. The
forward sensitivity fields of u, v, w, ()and y obtained by the TLM run and nonlinear model runs are
displayed in Fig. 3. It is very clear that the forward sensitivity fields of w, () and p obtained by the
TLM run are good approximations to these obtained by two nonlinear model runs. They have very
similar patterns, same signs and same magnitudes. Clear differences exist in the perturbation fields
of horizontal wind components although they have the same magnitudes. The correlations of u, v
as a function of time drop steadily. At 22 minutes, they are 0. 7 and 0.8, respectively. At time 62
minutes th~y are close to zero. The constant mixing coefficient with a magnitude of Smagorinsky
mixing coefficient is used in this experiment. This coefficient might not be big enough to supress
subgrid noise existine; in the random perturbaiton fields. If it is increased by a factor of two, the
variations of correlatiOns of u, v are significantly improved. The minimum values of them during
the period of one hour are bigger than 0.875. The vertical x-z slices of all perturbation fields are
very similar (results not shown).
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Figure 3: Perturbation fields of horizontal wind, u, v, w, p and (), at level 6 produced (a) by the
difference between two nonlinear forecasts (first two rows) and (b) by the TLM (last two rows)
starting from identical random perturbations.
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5

Summary and conclusion

We have demonstrated the usefullness of a tangent linear model in computing forward sensitivities for dry convection in a 3-D model. Our results show that the perturbation tendencies computed
by the TLM asymptotically approach those obtained by taking the difference between two nonlinear
model forecasts. The high correlations result from the characteristics of the analysis initial perturbations, which are both horizontally and vertically correlated. A greater relative error occurs in the
case where random initial perturbations are employed.
These preliminary results represent a first step toward the development of a moist TLM/ adjoint
system in the ARPS, the principal use for which will be in retrieving unobservable quantities from
single-Doppler radar data.
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THE APPLICATION OF STATISTICAL STRUCTURE OF METEOROLOGICAL
PARAMETERS FOR OBJECTIU AREA AUERAGE

L. Geyko, Ukraine, Kiev
State

Hydrometeorolo~ical

Committee of Ukraine

Methods of forecast mean productivity of agricultural plants for
re~ion
have a wide application for hydrometeorological
service of
agriculture of Ukraine. These methods based on the construction of dinamic
and statistical models. The area values of hydrometeorological indexes are
used in these models as an entranced parameters.
The objectiv method of evaluation of accuracy area value of
hydrometeorolo~ical indexes, which based on the space
statistic structure
of hydrometeorological fields, is presented in this work. The method of
area correlation function was applicated for study of statistic structure.
The area correlation functions of monthly mean air temperature Ct°C),
monthly amount of precipitation Cf,mm) and hydrothermal index CHTI=102f/Ltl
were calculated during warm period of year for Ukraine. The observational
date from 130 hydrometeorolo~ical stations have been used for this
calculation. Correlation functions are approximated such dependence:

rCJ) =

r(

0 )e

-JI

/fo

(1)

where j? - distence in thousands kilomertres: J'o- correlation radius Cthe
distance, where correlation decrease. in e time); rCOl- correlation
coefficient • whenJ' = 0. The parameters of correlation function are
presented in table Ni.
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Table Ni
The parameters of correlation function

~
X

Mean
value

t° C

17.2

f. mm

r c0 )

Quadratic mean
declination

0.99

.Pa , km
1540 .

58.6

1.5
34.0

0.85

340

1.2

0.3

0.84

440

HTI

The fields of all indexes have a clear expressing statistic
structure, the considerable correlation connections have traces to long
distances. Statistic structure of HTI, mainly, is determined of the
statistic structure of precipitation.
The evaluation of accuracy area average of pointed indexes, taking
into account different density of hydrometeorological stations, based on
the statistic structure of the fields temperature, precipitation and HTI.
The mean relative quadratic mistake of area average value X, according to
method of R.L.Kagan, is determined by the following equation, if it's
correlation function is discribed as the dependence C1):

6x
E=
X

1 - rCO)

0.23Vs
( 2)

+

rCO)n

_jo

n 3/2

where rCO) and jJo- parameters of correlation function of value X, S -area.
n - quantity of observational points on this area.
There were construct diagrams of the mean relative quadratic mistakes
of area air temperature, amount of precipitation and HTI for
all
considering territory. For example, one of this diagrams is presented on
fig.i
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The dependence of mistake E from the
quantity of observation points n and
area S for HTI
1 - S=1 00 km 2
2 - S=1000 km 2
3 - S=20000 km.a.
4 - 8=100000 km 2

It is easily to determine the necessary quantity of observational
points for area average, if the permissible mistake for amount of
precipitation and HTI is 10%. for air temperature- 0,1°C
The practical recommendations for objectiv -area average of air
temperature, amount of precipitation and HTI has been prepared for all
regions of Ukraine. accoding to administrative division.
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Impacts of SPECTRUM observations to Objective Analyses
and Tropical Cyclone Forecasts

Hirotaka Kamahori
Meteorological Research Institute
1-1, Nagamine, Tsukuba, Ibaraki, 305, Japan

1. Introduction
The Special Experiment Concerning Typhoon Recurvature and Unusual Motion
(SPECTRUM) was carried out in the western North Pacific area during August and
September 1990, with three other experiments (TCM-90, TYPHOON-90, and
TATEX). Using obtained special observation data, many studies were conducted, but
a comprehensive analysis has not been made yet. We made global reanalyses with
these observation data to study impacts of the special observations to objective
analyses and tropical cyclone forecasts.
In the experiments, target typhoons were as follows: Winona(9011), Yancy(9012),
Zola(9014), Abe(9015), Dot(9017), Ed(9018), Flo(9019), and Gene(9020). Out of 8
typhoons, we took Flo as an object of reanalysis, because it was the greatest and we
had much interest for the mechanism of its development. Flo formed near Guam
island on 13 September 1990, developed largely to minimum central pressure of 890
hPa at OOUTC 17 September, and landed on Japan with strong intensity of 950 hPa on
19 September. Unfortunately, the JMA operational model did not predict the large
development. To study the environmental situation in which this large development
achieved, is not only interesting, but important in an aspect to reveal the mechanism
of typhoon motion and development. As a first step of reanalysis, we studied impacts
of special observations on movement and development of Flo.
2. Model
The data assimilation system is the operational forecast-analysis cycle model of
the Japan Meteorological Agency (JMA). The analysis is an optimal interpolation
scheme on a 1.875 degree latitude longitude grid on the standard pressure levels. In
the analysis model, a typhoon bogus and a moisture bogus estimated from GMS TBB,
are introduced. The forecast model is the T106 global spectral model with 21 levels
and with full physical processes.
3. Data
The data was decoded data(DCD) operationally compiled by JMA. The special
observation data was described by Harr et. al.(1991) in detail, and classified into
TEMP, TEMP SHIP, TEMP DROP, AIREP, SATEMA, SATOB, and DRIBU. Out
of these data, only real time data (TEMP, TEMP SHIP and DRIBU) were contained
in the DCD file. As a first step of reanalysis, we studied an impact of the real time
data on the analysis.
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4. Results
As mentioned above, we took Flo as a target typhoon. Fig.1 shows an analyzed
mean sea level pressure and wind fields for OOUTC 15 September in the case that all
special observation data were eliminated (case A). We can understand case A as the
operationally obtained analysis when all experiments were not carried out. In this
figure, there were 2 typhoons Ed(9018) and Flo(9019). Ed was located east of
Philippines, and Flo was located east of Ed. In case A, Flo was analyzed as central
pressure of 1000hPa. Fig. 2 and 3 show the analyzed MSL pressure and wind fields,
in the case that only drifting buoys of special observations (case B) or only upper air
soundings from ships of special observations (case C) were eliminated, respectively.
In case B, the analyzed central pressure of Flo was 1000 hPa, and nearly similar with
case A, however, it was represented as central pressure of 1004hPa in case C and
somewhat weaker than case A or case B. The intensity of Flo became less when the
buoy observations were utilized in the analysis. This was a change in a sea level,
however, the temperature and moisture fields must change in lower troposphere
with the change of the MSL pressure.
So, we can expect a change of the
conditional instability field and its
to
movement
and
influence
development of the typhoon. Figure 4,
5, and 6 show the conditional instability
fields in the case A, B, and C,
respectively.
We defined the
conditional instability as the difference
between the moist static energy in the
boundary layer and the saturated value
at 700 hPa, and positive values mean
v 1d30E. , "o£"
1"
r150E
1
• 1~
unstable. In all cases, the central region Ea ·J 11\ 1oer · ' ~·'
12oE
16o
of Flo was not unstable in contrast that
Fig.l Analyzed MSL pressure and wind
Ed was embedded in the unstable region.
fields for 00 UTC 15 September, in the
In our analyses, the environmental
case that all special observations were
eliminated (case A) .
fields were against for development of
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Fig.2 As in Fig.1, except for the case that
the buoy observations were eliminated
(case B).
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Fig.3 As in Fig.1, except for the case that
the upper air sounding from ships were
eliminated (case C).
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Fig.4 The conditional instability and wind
field at 700 hPa for case A for OOUTC 15
September. The shaded areas indicate
conditionally unstable area.

Fig. 7 The predicted MSL pressure and
wind field for case A for 12UTC 17
September (kT=60h)

Fig.5 As in Fig.4, except for case B.

Fig.8 As in Fig.7, except for case B.

Fig.6 As in Fig.4, except for case C.

Fig.9 As in Fig.7, except for case C.
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Flo. In case C, this feature was most significant.
Figure 7, 8, and 9 show the predicted MSL pressure and wind fields for 12 UTC
17 September (T=60h) with initials of case A, B, and C, respectively. For reference,
Fig.10 shows a sea level weather map published by JMA for this time. The forecast
of case C which includes the special observations by the buoys, reproduced the real
atmosphere worst. In case A and B, the tendencies of development of Flo were
suggested, however, the large development was not achieved. In contrast with the
case of Flo, the forecasts of Ed were almost same among any cases. We can
understand that the special observations did not influence to the analysis of the
environment of Ed, because the observations concentrated east of Philippines and far
from Ed.

Fig.10 The sea level weather map for 12 UTC 17 September published by JMA.

5. Summary
The impacts of the special observations on the analyses of the environment around
Flo and the forecasts of Flo were investigated. Unfortunately, we couldn't find
significant positive impacts of the real time data. Instead, we found that buoy
observations had negative influences to performance of the analyses and the forecasts.
The results were improved by omission of the buoy observations, however, the
tendency of large development was not able to found in the forecast model with the
analyses in any cases. When a typhoon largely develops, we can expect that there is
strong conditionally unstable field, however, the environment of Flo was not unstable
in the analyses. Moreover, an influence of interaction between Flo and UCL(upper
cold low) located east of Flo was suggested as one of mechanism of development of
Flo. It is future problem whether our model can realize these suitable fields for the
typhoon development. And, because the vapor field must principally contribute to the

- 450 -

conditional instability field, it is also important problem to reanalyze the moisture
field with a remote sensing technique i.e. SSM/I.
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Validation study of objectively analyzed tropical cyclones
Chiaki Kobayashi and Toshiki Iwasaki
Japan Meteorological Agency
1-3-4, Ote-machi, chiyoda-ku, Tokyo, Japan

1. Introduction
Current operational numerical weather prediction (NWP) of tropical cyclone is, to a
considerable extent, subject to inaccuracy of initial condition. Thus, we are very much concemed
about quality of objective analysis. In this work, a statistical verification is made of the global
objective analysis at the Japan Meteorological Agency (JMA) against the US best track data on
positions and intensities of tropical cyclones.
The error characteristics of objective analysis is expected to have regional variances -due to
availability of observed data and to feasibility of NWP model. In particular, the JMA's data
assimilation system includes bogus circulation data for tropical cyclones occurred in the westem
North Pacific (hereafter, called TY bogus area, Ueno, 1989) and moisture bogus data derived from the
GMS infrared cloud imagery in the area of the GMS observation (hereafter called TBB bogus area,
Baba, 1987). Recently, it has been recognized that the TBB moisture bogus fairly improves forecasts
of tropical disturbance and solves in part so-called spin-up problem (Kuma, 1992). It is interesting
how effective the TBB moisture bogus is to representation of tropical cyclones in the objective
analysis. Tropical cyclones have regional characteristics by nature due to processes of their
generations and developments. These characteristics may affects the accuracy of objective analysis.

2. The effectiveness of the TBB moisture bogus
The operational objective analysis at the JMA is performed on an equal longitude-latitude grid
. .. . . -.
with a spacing of 1.875 degree. First, we pick up all of objectively analyzed depressions specified as
~

minima of mean sea-level pressure (MSP) within circles with a radius of 500 km and determine their
positions and minimum MSPs by fitting parabolic functions.
( 1) Position error
Figure 1 shows position errors of tropical cyclones in the objective analysis against the US best
track in 1990, where the horizontal axis indicates position errors in km and the vertical axis indicates
percentage of cases having errors every 50 km. Panels a, b, and care results forTY bogus area (1323
cases), TBB bogus (without TY bogus) area (390 cases) and the other (1649 cases, hereafter this area
is called 'no bogus area'), respectively. Of course, the objective analysis in the TY bogus area is in
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good agreement with the best track, because the MSP of the bogus circulation is handled in the same
way as observational data. Tropical cyclones in the TBB bogus area are represented more accurately
than those in the no bogus area. Percentage of cases of error less than 200 km is about 45 % in the
TBB bogus area but about 25 % in the no bogus area.
(2) Intensity error
The global objective analysis is too coarse to find maximum wind speed of tropical cyclone.
Instead, we regard the MSP depth as an indicator of cyclone intensity, where the MSP depth is
difference of minimum MSP from mean MSP within 1000 km from the cyclone center. Figure 2
shows the scatter diagram of tropical cyclone intensity only for cases whose position errors are less
than 200 km. The horizontal and vertical axes indicate the maximum wind speed in the US best track
and MSP depth of tropical cyclone in the objective analysis, respectively. Panels a, b, and c are
results forTY bogus area, TBB bogus (without TY bogus) area and the other (no bogus area). The
correlation between the objective analysis and the best track is much better in the TBB bogus area
than in the no

b~gus

area.

The JMA adopts an analysis-forecast cycle for 4 dimensional data assimilation system.
Although the TBB moisture bogus is not directly used for the MSP objective analysis, it may change
the MSP objective analysis through the first guess field of 6-hour forecasts run from the initial
conditions 6 hours before. The TBB moisture bogus data are concluded to be very effective to
improving representation of tropical cyclones in the objective analysis.

3. The error characteristics in the no bogus area
Among no bogus areas, we will further consider the regional characteristics of accuracy of
objective analysis, namely, the Atlantic Ocean (505 cases), the eastern Pacific (734 cases) and the
Indian Ocean (353 cases). In Figure 3, central distance error is found to depend strongly on the
region. The worst region is the eastern Pacific. Similarly, the intensity correlation between the
objective analysis and the best track is worst in the eastern Pacific (Figure 4). These indicate that
tropical cyclones in this region are hard to analyze in comparison with other regions.
As one of the possibility, the regional characteristics of objective analysis may come from
climatological difference in cyclogenesis. In GCM studies, tropical cyclones in the eastern Pacific
seems to be harder to simulate than in other regions (Broccoli and Manabe, 1990: Sugi, 1993). If it is
true in the JMA's global model, tropical cyclones in this area will be poorly predicted and then poorly
represented in the objective analysis due to the first guess field. Of course, the data density should be
taken into account. The observation data is the eastern Pacific is denser then that in the Indian Ocean.
In particular, satellite-derived cloud drift winds may be advantageous to the objective analysis.
Therefore, the data density seems to be hard to explain the above-mentioned regional characteristics.
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4. Another finding
Another finding is a large impact of upgrade of the NWP model from the T63L 16 to the Tl 06L21
in the end of 1989. The correlation between the MSP depth of the analysis and wind speed of the best
track is better in 1990 than those are in 1989 (not shown). The renewal of NWP model contributes
considerably to improving the objective analysis of tropical cyclones through the 4-dimensional data
assimilation system.

5. Conclusions
This study reconfirms effectiveness of the TBB moisture bogus data to representation of
tropical cyclones in the objective analysis. Even the MSP can be improved through the data
assimilation system. Further development of satellite-derived moisture analysis will be of great
benefit to NWP.
The objective analysis depends on region even among the no bogus regions. This seems to be
related to climatological difference in tropical cyclogenesis. To improve the NWP, further GCM
studies are required on tropical cyclone climatology.
The objective analysis was fairly improved in the end of 1989, when the global model was
revised. The NWP model is responsible for quality of the object~ve analysis. Possibly, further
revision of the model makes quality of objective analysis better.
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Comparison of two global atmospheric data assimilation runs using the
different cumulus parameterization.
Ken~ichi Kurna
Numerical Prediction Division
Japan Meteorological Agency

1 Introduction
We experimentally carried out the global atmospheric data assimilation using the

Economical Prognostic Arakawa-Schubert (hereafter called EPAS) cumulus
parameterization. The operational }MA global assimilation uses the Kuo's cumulus
parameterization. In this paper, we compare the two assimilation runs to evaluate
the role of the forecast model in the data assimilation.
Following the idea of Randall and Pan(1993), we developed the Arakawa-Schubert
type cumulus parameterization using the prognostically determined cloud mass flux
at the cloud base. The bulk treatment of cumulus downdraft is also incorporated in
the scheme. We made several simplifications of the scheme for the operational use.
Examining the performance of the forecast model using EPAS, we found that the
tropical cyclone's track forecast is remarkably improved. Experiment 1 is to carry out
the assimilation without Typhoon bogus data (manually analyzed data from satellite
image) and compare two assimilation runs using Kuo's scheme and EPAS scheme.
In this experiment, the position of tropical cyclone in the data assimilation is strongly
influenced by the forecast model. We discuss the analysis of the tropical cyclone
position in this experiment.
For the comparison to the operational model employing Typhoon bogus, we carried
out assimilation runs with the model using EPAS for Febrqary in 1994 and August
in 1994 (Experiment 2). Although the main purpose of this experiinent is to evaluate
the performance of the new model in 8 day forecast, we can discuss the difference of
the analysis using the same data and analysis scheme but diffeJ;ent forecast models.
2 Results
Experiment 1
Fig.1 shows the error (km) of the center position of Typhoon in 3 day forecast. It is
well seen that EPAS model gives better forecast (small error). At day 0, EPAS model
already gives better position than the model using Kuo's scheme. Since observation
is not dense near the tropical cyclone over the ocean, the forecast model has a large
contribution to the analysis of the tropical cyclone. As is mentioned before, in this
experiment, excluding typhoon bogus data might emphasize the difference of the
analysis. When we use Typhoon bogus data, although we may not find such large
difference in the position of the cyclone, we sometimes notice the strange structure
of the analyzed cyclone. If predicted cyclone center does not agree well with the
observed one, we will have two cyclone centers; one is from the first guess, the other
is from the bogus data.
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Experiment 2
The assimilation starts OOUTC of August 1 in 1994 and we will show the results at
12UTC from August 1 to August 16. We computed the RM5E between two analyses
for three domains, 90N-30N, 30N-305, and 305-905. We also computed the natural
variability at each grid point and averaged for three domains. We normalized the
RMSE with.this natural variability.
Fig.2 shows the time series of the normalized RM5E for wind at 200hPa. EPA5
assimilation starts at OOUTC of August 1 from the analysis of the operational one.
The difference of two assimilation runs increases in the first several days. After the
initial development of the difference, it keeps almost constant throughout the
assimilation period. The normalized RMSE is large in the tropics, as compared to the
extratropics. In the tropics, about half of the natural variability is altered by the
cumulus parameterization scheme.
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We made similar analysis for other fields and computed the 11 day mean of the
normalized rms in the later part of the assimilation. The result is summarized in the
TABLE.l
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TABLE.1
Region

90N-30N

30N-30S

30S-90S

0.234
0.165
0.053
0.494

0.463
0.506
0.161
0.861

0.119
0.081
0.047
0.286

parameter
wind 850hPa
wind 200hPa
Z500hPa
RH850hPa

As is clearly seen in Table 1, cumulus effect is the largest in the tropics, while it is
the smallest in the southern hemisphere (winter hemisphere). In particular, the large
effect is seen in the relative humidity field. The hydrological budget study will be
discussed in the conference.
Concluding remarks
We have developed the cumulus parameterization scheme (EPAS) and examined
its impact upon the atmospheric data assimilation. With this new scheme, we can
improve the analysis of typhoon center position.
In the preliminary study, we evaluate the time scale of "spin-up" of the assimilation
and the difference of each analysis using different assimilation model. The difference
is comparable to the natural variability particularly in the tropics.
Reference
Randall D. A. and D.-M. Pan, 1993, Implementation of the Arakawa-Schubert
cumulus parameterization with a prognostic closure. AMS Meteorological
Monographs Vol.24. 137-144.
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Diabatic Initialization with GMS Cloud Image
T. Matsumura (JMA), C. Tanaka GWA)

1. Introduction
In order to predict mesoscale disturbances precisely, the proper initial state for
the mesoscale model should be provided. For this purpose, it is important to assimilate
mesoscale data obtained from various kinds of remote sensing observations. Radar network
and satellites can provide dense, frequent and homogeneous atmospheric data with wide
coverage.
JMA operates a limited area model called JSM ( Japan Spectral Model ) to predict
meso-fJ disturbances. Details of the original JSM are described by Segami et. al. (1989).
The initial states for the JSM is prepared by the 12 hourly intermittent data assimilation
system in which the optimal interpolation method is adopted as the objective analysis.
Moreover, in this data assimilation system, implemented are the physical initialization of
water vapor as well as non-linear normal mode initialization ( NNMI ) with condensation
heating, incorporating the Radar-AMeDAS precipitation analysis.
JMA operates 19 digitalized radar sites and more than 1300 raingauges over
Japan. The fruit of the network is promptly integrated into the hourly accumulated
precipitation distribution around Japan islands with very fine resolution ( such as Skm x
5km ), which is called Radar-AMeDAS precipitation analysis ( here after RA data ) . The
implementation of the RA data enhanced the forecast skill of the spin-up of disturbances.
However, RA data covers only the partial domain of the model ( see Fig. 1 ) .
When mesoscale convective system over the sea is out of range of the RA at the initial
time, the JSM sometimes fails to predict such a cloud cluster.
Satellite data is expected to provide beneficial information on the precipitation
rate especially over no RA data area. Japanese Geostationary Meteorological Satellite
(GMS) loads the Visible and Infrared Spin Scan Radiometer (VISSR) and provides both
images every hour with about 5km resolution over the almost all domain of the JSM.
In this study, we introduce a feasibility of implementing satellite derived rainfall
rate into the diabatic initialization. In the unavailable area of RA data, precipitation amount
is estimated from GMS data with a regression relation. If the RA data is available, it is
chosen in preference to the satellite derived data. The precipitation data is assimilated
into water vapor field at the physical initialization stage and into divergence field at the
NNMI stage respectively.
Through some case studies of the forecast, we ascertained that the application of
the satellite derived rainfall rate improved the forecast skill of the JSM. We will present
the methodology of the initialization and its impact on the forecast skill in detail and
point out problems to be solved.

2. Satellite derived rainfall rate
We introduce a new method to derive the rainfall rate from satellite cloud image.
The GMS provides digitalized cloud data in each 0.5° x 0.5° latitude/longitude grid box
over the area 50° N- 50° S, 90° E- 170° W. The data consists of 8 kind of cloud characteristics,
which are cloud amounts at 400hPa, 500hPa, 600hPa, 700hPa and 1000hPa respectively
and grid mean TBB, standard deviation and maximum of TBB in a grid box. The method
consists of three steps. At first, no precipitation area is determined when one of following
empirical conditions is satisfied at least:
1. mean of TBB is greater than -20° C,
2. maximum of TBB is greater than -30° C,
- 463 -

Fig. 1 JSM forecast domain and the visual field of
Radar-AMeDAS precipitation analysis

Fig. 2 Mean TBB ("C) obtained from the GMS around
the target cluster and Kyushyu island at
12UTC, Aug. 18, 1993
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3. cloud amount at 400hPa is less than 50%,
4. cloud amount at 600hPa is less than 80%,
5. cloud amount at lOOOhPa is less than 90%.
Secondly, a virtual rainfall rate is calculated according to an empirical fourth
order regression relation. When the regression equation is solved, a certain period of data
is used. The RA precipitation data is set to the response variable, and the mean of TBB in
the RA available area and its horizontal Laplacian are set to independent variables
respectively. Then, the virtual rainfall rate at a desirable second is estimated from the
regression curve over the almost all domain of the JSM.
Finally, the virtual rainfall rate is modified comparing with the RA data, where
both of the average and standard deviation over each model grid are considered.
3. Initialization method
The initialization method used in the operational JSM consists of two stages.
The one is a physical initialization of water vapor proposed by Aonashi ( 1993) .
The JSM adopts the large scale condensation and the moist convective adjustment scheme
( Gadd and Keers (1970) ) as the precipitation process. The moist convective adjustment
scheme requires the lapse rate to be less than a certain critical value. The critical lapse rate
is determined by the relative humidity.
In the physical initialization, the analyzed relative humidity field is modified
referring the precipitation rate. We assumed that the condensation occurs at each model
layer in the hypothetical cloud over the area of rainfall. The lifted condensation level of
the surface air is regarded as the bottom of the cloud and the cloud top is estimated from
the TBB respectively. If the observed cloud top level is higher than the tropopause level
of the model atmosphere, the later is defined as the cloud top level in place of the former.
If the air is not moist enough in the hypothetical cloud , the relative humidity is increased
so that the critical lapse rate becomes equal to the actual. If the area is out of cloud or in
the cloud but moist enough, the relative humidity is left untouched.
The other is an NNMI with observed condensation heating. The vertically integrated
heating rate is estimated from the rainfall observation. The vertical profile of the heating
is assumed to be parabolic from the cloud top to the bottom with respect to sigma
coordinate.
Details of the solving procedures of the NNMI for the JSM are described by
Takano et. al. (1990) for the adiabatic case. In this study, we deal the NNMI including
condensation heating, as Takano and Segami ( 1993 ) have introduced, where other diabatic
processes (e.g. radiation, PBL) are ignored in the NNMI.
In order to satisfy the convergence condition of the iterative scheme, only first
four vertical modes whose periods are shorter than 6 hours are initialized. The iteration is
performed four times. The observed heating rate is assimilated only in the first iteration
step. After that, the heating induced by the model precipitation scheme is used in following
iteration steps. The divergence field associated with the observed rainfall is sufficiently
created during the first iteration step. Then, following three steps are executed so as to
relieve the difference between the observed heating and the predicted one at the early
stage of forecasting.
4. Forecast experiment

The target of this experiment is a cloud cluster near Kyushu district, western part
of Japan, on August 18, 1993. At 12 UTC, the cluster was found off the southwest coast of
Kyushu. It extended over 300krn in the horizontal and reached the tropopause level. The
radar network could not catch the reflection of that disturbance, but GMS detected it from
its genesis. Fig. 2 shows the mean TBB around the target and Fig. 3 shows RA data at 12
UTC.
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Fig. 3 Radar-AMeDAS precipitation analysis
(mm/hour) in the same region as shown in
Fig. 2 at 12UTC, Aug. 18, 1993. Thick solid
line indicates the border line of the visual field.

Fig. 4 Same as Fig. 3 but for the hybrid precipitation
data (mm/hour)
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FT= 6

Fig. 5 Predicted precipitation (mm/hour) at 6 hours
forecasts initiated at 12UTC, Aug. 18, 1993.
a) for the SATE: incorporating the satellite
derived rain fall ( see Fig. 4 ) .
b) for the CNTL: incorporating only RA data
( see Fig. 3 ) .

Fig.6 Radar-AMeDAS precipitation analysis
(mm/hour) around Kyushu island for the
verification of experiments ( see Fig.S ) .
a) at 18UTC, Aug. 18, 1993.
b) at 19UTC, Aug. 18, 1993.
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The cloud cluster moved northeast toward Kyushu. The forefront of the cluster
appeared in the radar coverage at 15 UTC and approached the northern Kyushu at 19
UTC. Precipitation over 20 mm/hour was observed around Nagasaki at that time. At the
later time, the cluster became weak moving northeasterly.
We performed two forecast experiments initiated at 12 UTC, Aug. 18. The
operational analysis of JSM was used for the initial fields before the initialization process.
Both forecasts incorporated RA data. Besides, one ( named SATE ) also incorporated
satellite derived rainfall rate, the other (named CNTL) not.
When we solved the regression equation for the satellite derived rainfall rate, we
used 12 cloud and RA data at 6 hourly intervals from OOUTC, July 27, to 18UTC, July 29,
1993. During this period, a stationary front was lying over Japan and a typhoon approached
to Kyushu. These disturbances are reflected to the coefficients of the regression. Fig. 4
shows the satellite derived and RA hybrid precipitation data applied to SATE, and the
CNTL used shown in Fig. 3.
Two 6-hour forecasts are shown in Fig. 5, where the predicted hourly precipitation
is illustrated. SATE predicted precipitation over 20 mm/hour associated with the target
cluster off the west coast of Kyushu, while CNTL failed. Comparing with the verifying
RA data shown in Fig. 6, the precipitation area by SATE slightly shifted to northeast. It
indicates that the predicted disturbance moved faster than the actual one. But SATE
couldpredict heavy rainfall around Nagasaki within the error of only one hour. On the
other hand, CNTL predicted no rainfall around there at all. It is evident that the application
of satellite derived rainfall rate produced significant positive impacts on the JSM forecast.
5. Conclusion
We introduced a satellite derived rainfall rate into the diabatic initialization in
order to enhance the forecast skill of the JSM. The hybrid precipitation data which consists
of RA and satellite rainfall rate was assimilated into the initial state of the JSM.
As the results of the forecast experiments, the forecast initialized only by the RA
data could not predict the cloud cluster approaching Japan islands since the radar network
could not catch the cluster. As the satellite can detect disturbances out of range of the
radar network, the forecast assimilating both RA data and the satellite derived rainfall
rate shows better prediction on such a cloud cluster.
The RA data has sufficient accuracy but is available only partial domain. On the
other hand, the satellite rainfall rate is given by wide coverage with acceptable accuracy.
The hybrid precipitation data makes good use of the advantage of each observation data.
The application of the satellite derived rainfall rate was ascertained to improved the
forecast skill of the JSM especially in the early stage of the forecast.
References
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Abstract
The interannual variability of the water budget in the Mississippi Valley from 1985 to 1992 is investigated using
ECMWF 4 DDA data, daily precipitation/temperature data and river discharge data. The analysis is carried out
using the initialized data from 1985 to 1988 and uninitialized data from 1989 to 1992, respectively. Vertically
integrated vapor flux convergence (-V ·Q) over the entire basin is compared with P-E from 1985 to 1988. The
comparison is also ma.de with runoff near the river mouth from 1985 to 1992.
From January 1985 to August 1986, monthly vapor flux convergence shows very good correspondence toP- E,
however, the former does not show a realistic value after September 1986. This discrepancy is considered to be
derived from the quality of the 4DDA data at that time which are subject to be affected by the modification of
the forecast model's/analysis scheme.
From 1986 to 1988, the calculated annual vapor flux convergence is considerablly different from the observed
annual runoff, however, their difference has been very small after 1989. Since the initialization procedure weakens
the divergence field of wind, the quality of the ECMWF data is considered to be different before and after 1989,
especially for the analysis of the water budget.
As far as the analysis is carried out with the ECMWF data available so far, the interannual variability of the
water budget should not be discussed even in the Mississippi Valley where many radiosonde stations exist. Instead,
the ECMWF re-analysis data should be used for this purpose in the near future.

1

Introduction

4DDA data is useful not only for investigating atmospheric phenomena but also for studying global/continentalscale water budget. That is, the river basin-atmosphere water balance method is a powerfol tool for the analysis
of the latter. After FGGE, 4DDA data has been available for this purpose. Using both FGGE III-b data, Masuda
(1988) investigated the atmospheric water budget of each continent. Matsuyama (1992) discussed the seasonal
rhange of the water budget in the Amazon river basin using the ECMWF FGGE III-b data along with the other
hydrometeorological data. Since both analyses are limited for only one-year, neither the representativeness of
their results nor the interannual variability cannot be discussed.
Due to the accumulation of the 4DDA data for longer periods from 1980's to 1990's, the average state of
the global/continental-scale water budget has been investigated using 4DDA data (Oki et al., 1994; Matsuyama
et al., 1994 ). These studies used the ECMWF data which are subject to be affected by the modification of
the forecast model's/analysis scheme (Arpe, 1991). Therefore they selected the period from 1985 to 1988 when
the data quality was considered to be homogeneous and used the data averaged over this period. As a result,
the year-to-year variation of the water budget cannot be discussed in both studies. In addition, these studies
had the defect that the analysis period of the atmospheric water budget did not overlap that of the terrestial
hydrological cycle mainly due to the difficulty of updating river discharge data. In order to investigate the
int~rannnal variability of the global/continental-scale water budget using 4DDA data, we should select the basin
whNe plenty of hydrometeorological data during the same periods are available.
For the authors so far, it is the Mississippi Valley (Drainage area: 3,248,000km2 ) that satisfies this requirement.
As for the large river basins in the mid-latitude of the northern hemisphere, it is already clarified that the longterm mean value of vapor flux convergence shows good agreement with runoff on the annual basis because many
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radiosondE' stations exist in these areas (Oki et al., 1992). As a next step, the accuracy of monthly vapor flux
wnvNgrnrr over t.hl' same areas should be investigated, which is possible for the analysis of the Mississippi Valley.
Considering thf' above-nwntioned problems, this study aims to clarify the following items. At first, the relationship between vapor flux convergence and P - E over the entire basin will be investigated on the monthly basis.
Next, the interannual variability of vapor flux convergence and runoff near the river mouth will be compared.
From these analyses, it will be possible to mention the probability whether the year-to-year variation of the
continental-scale water budget can be discussed with ECMWF data available so far. The results obtained in this
study will never fail to devote to the Mississippi GCIP as well.
The rl:'maining part of this paper is organized as follows. In section 2, the data used in this study are described.
The analysis method are explained in section 3. Section 4 shows some results and discussion. Conclusion will be
given in section 5.
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Fig. 1 The a.rea of Mississippi Valley, the map of drainage net and hydrometeorological stations. • is the river
discharge station (Vicksburg) and x corresponds to precipitation station.

2
2.1

Data
Vapor flux convergence and precipitable water

Vapor flnx convergence and precipitable water are estimated using ECMWF data from 1985 to 1992. The
of this data set are wind vector, temperature, geopotentia.l height and relative humidity of standard
],,·rls from 1,000 to 100 hPa.. The spatial and temporal resolutions are 2.5 degree latitude/longitude and twice
<iaily (0000 and 1200 UTC), respectively. The monthly average values of vapor flux convergence and precipitable
water covering the entire Mississippi Valley are calculated (Fig. 1).

nri<~bles
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ECMWF produced initialized 4DDA data named ECMWF /WMO from 1980 to 1989. From 1985 until now,
uninitialized 4DDA data named ECMWF /WCRP are available as well. In this study, the analysis is carried out
using ECMWF /WMO data from 1985 to 1988 and ECMWF /WCRP data from 1989 to 1992, respectively, due
to the data availability of the archive of University of Tokyo. Since the treatment of vapor was considerablly
changed in the beginning of 1985 (Hoskins et al., 1989), the analysis period is limited from 1985 considering the
homogeneity of the data quality.

2.2

Runoff

Daily discharge data at Vicksburg (Drainage area: 2,964,300km2 ) located near the river mouth are provided by
USGS (Fig. 1). Since the data from 1960 to 1992 are archived so far, it is possible to compare the interannual
variability of vapor flux convergence and runoff from 1985 to 1992. In this study, spatially averaged height of
runoff are calculated on the monthly basis.

2.3

Precipitation and evapotranspiration

Precipitation and maximum/minimum temperature are derived from the daily meteorological station data
archived by NOAA (Wallis et al., 1991). The data of 452 stations located in the Mississippi Valley (Fig. 1) are
selected from this data set originally consist of 1036 stations in the entire United States. The data are available
from 1948 to 1988.
In this study, daily mean temperature of each station is estimated as an average of daily maximum and minimum
temperatures. Monthly mean temperature is calculated every year as the average of daily mean temperatures.
Using monthly mean temperature, actual evapotranspiration is estimated according to Mintz and Serafini (1992).

3

Method

The terrestrial and atmospheric water balance equations are connected with the term (P - E) and can be
written as
dS
dt
+ Ro + R 9 = p _ E = _V' ·Q- _ dW
(1)
dt .
Where, S, Ro, R 9 , E, P are basin storage, surface runoff, ground water runoff, evapotranspiration, precipitation,
respectively. V' is the horizontal differential operator. Q and Ware the verth1ally integrated vapor flux vector
and precipitable water, respectively.
In this study, the groundwater runoff (R9 ) is neglected, assuming that it is observed at Vicksburg. In addition,
the ~easonal change of precipitable water ( dW/ dt) is not calculated since it is negligible in comparison with the
other water balance terms (Starr and Peixoto, 1958). The interannual variability of basin storage (dS/dt) is
considered to be very small, therefore, vapor flux convergence should be equal to runoff on the annual basis.
Jn the Mississippi Valley, potential evapotranspiration may be calculated using the Thornthwaite method
(Thornt.hwaite, 1948). Actual evapotranspiration is estimated explicitly, supposing the total-available water
holding capacity and profile of evapotranspiration efficiency /3. The total available water holding capacities of all
stations are set 150mm according to Manabe (1969), while /3 is expressed as the function of basin storage (S) in
the previous month (Nappo, 1975).
{3 = 1 - e-6.8(Sn-t/150)
(2)

'

where n is the number of the month (1 :$ n ::$ 12); In the case n is equal to 1, n- 1 is corresponded to December
of the previous year.
When potential evapotranspiration (PEn) is less than precipitation (Pn), actual evapotranspiration (AEn) is
estimated as
(3)
AEn =PEn.
While PEn is more than Pn,
AEn =(PEn- Pn) X /3

+ Pn.

(4)

The arithmetic mean method is employed to estimate the area! mean precipitation and actual evapotranspiration
on the monthly basis from 1985 to 1988. The calculated P- AE over the entire basin is compared with -V' ·Q
at first. Next, the annual vapor flux convergence is compared with runoff near the river mouth.
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4

Results and Discussion

The characteristics of the water budget over the Mississippi Valley have been already investigated by several
authors (Benton et al., 1950; Denton and Estoque, 1954; Rasmusson, 1966, 1967, 1968, 1971; Roads et al., 1994).
Their r!'snlt.s will be summarized in the next paragraph, therefore, this study will focus on the probability of the
application of the 4DDA data to the intera.nnual variation of the continental-scale water budget with the monthly
temporal resolution.
Jn the Mississippi Va.lley, three-fourth of annual mean precipitation is derived from evapotranspira.tion over the
basin while the quarter is transported from the Gulf of Mexico. This wet flow is stationary throughout a. year,
hein~ stronger/weaker in the northern summer/winter. Monthly precipitation shows almost constant value within
a year, while evapotrampiration is more than precipitation in northern summer. In northern winter, precipitation
is observed as snowfall in the mountainous regions, therefore, runoff at Vicksburg shows its maximum in March
reflecting the snowmelt in the Valley.
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Fig. 2 The seasonal change of vapor flux convergence
from 1985 to 1992 and P-E from 1985 to 1988
(unit: mm/month). The correlation coefficient
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Fig. 3 The relationship between annual vapor flux convergence and runoff (unit:
mm/year). The comparison is made according to the calender year. The numbers
show the corresponding years.

The seasonal change of P- E and -V · Q are shown in Fig. 2. Both estimations show negative values during
northern summer every year. That is, the seasonal change of the atmospheric hydrological cycle estimated by the
4DDA data is not unrealistic in a qualitative sense. Their correlation coefficient from 1985 to 1988 is 0.83 which
is significant at the 0.1% level. In addition, they show a very good similarity in a quantitative sense until August
1986.
The discrepancy between P - E and -V · Q has been large from September 1986. According to ECMWF
(1993), a new analysis system was implemented in September 1986 which makes better use of observations. As
a result, it is reported that the divergence field of wind has been weakened in the mid-latitude of the northern
lwmisphere after September 1986 (Trenberth and Olson, 1988). Even in the Mississippi Valley where the 4DDA
data is believed to be considerably accurate due to the high density of radiosonde stations, the characteristics
~nggested by Trenberth a.nd Olson (1988) can be applied without exceptions. P- E, surface runoff (Ro) and
-V · Q should be equal on the annual basis one another, however, when they are compared from 1985 to 1992
according to the ca.lender year, it is found that -V · Q is not realistic from 1986 to 1989 (Table 1) although all
of them show the decreasing trends.
The forecast model's scheme of the ECMWF is changed from year to year (Arpe, 1991) as well as the modification
nf t h!' analysis scheme. In May 1989, forecast mode cycle 32 was employed to intensify the water/ energy cycle
20/25 % stronger than before, respectively (ECMWF, 1993). Since the latest version of the forecast model
rrprndnres the global hydrological cycle more realistically, the annual vapor flux convergence shows very good
correspondence to runoff after 1989 (Fig. 2, Table 1). Of course, the utilization of uninitia.lized 4DDA data after
-
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1989 should affect the results, because the initialization procedure considerably weakens the divergence field of
wind.

Table 1 The annual water budget in the Mississippi Valley from 1985 to 1992 (unit: mm/year). The comparison
is ma.de according to the calender year. -\7 · Qis calculated using the initialized data from 1985 to 1988
and uninitialized data from 1989 to 1992, respectively
Year
1985
1986
1987
1988
1989
1990
1991
1992
Average
(from 1985 to 1988)
Average
(from 1989 to 1992)

5

p

E

895
887
806
690

627
656
623
521

P-E
268
231
183
169

819

607

212

Ro

-\i'·Q

219
197
151
132
156
214
218
147
179

216
130
88
2
201
208
188
137
109

184

184

Conclusion

The interannual variability of the water budget in the Mississippi Valley from 1985 to 1992 is investigated using
ECMWF data, daily precipitation/temperature data and river discharge data. Vapor flux convergence over the
entire basin is compared with P - E from 1985 to 1988. The comparison is also made with rmioff near the river
mouth from 1985 to 1992.
From January 1985 to August 1986, monthly vapor flux convergence shows very good correspondence to P-E,
however, the former does not show a realistic value after September 1986. This discrepancy is considered to be
derived from the quality of the 4DDA data at that time which are subject to be affected by the change of the
forecast model's/analysis scheme.
From 1986 to 1988, the calculated annual vapor flux convergence is considerably different from the observed
annual runoff, however, their difference has been very small after 1989 because the uninitialized 4DDA data are
used for the analysis. Since the initialization procedure weakens the divergence field of wind, the quality of the
ECMWF data is considered to be different before and after 1989, especially for the analysis of the water budget.
As far as the analysis is carried out with the ECMWF data available so far, the interannual variability of the
water budget should not be discussed even in the Mississippi Valley where many radiosonde stations exist. Instead,
the ECMWF re-analysis data should be used for this purpose in the near future. We are looking forward to their
appearance in December 1995.
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New data quality control system at the JMA
Hiroko Morooka, Kazutoshi Onogi and Hajime Komuro
Numerical Weather Prediction Division, Japan Meteorological Agency
Otemachi 1-4-3, Chiyoda-ku, Tokyo, 100, Japan
1. Purpose of improving on the QC system
New observation methods and devices are being developed in addition to those in use now.
Automatic air-report, ground based data and satellite data are reported at non-synoptic time and
at no-mandatory level. In order to use such data effectively, four dimensional continuous data
assimilation method is developed.
The new data assimilation system will start operationally at the Japan Meteorological Agency
(JMA) from the spring of 1996. This system is based on three dimensional multi-variate optimal
interpolation method on model grid. (Tada introduce that in this proceeding.) At the same time,
we plan to improve the quality control (QC) system.
The existing QC system are designed suitable for two dimensional intermittent assimilation
method on mandatory level. For example when data are reported frequently from same observation
point, one observation is selected depending on the difference between analysis and observation
time and reliability in very early stage of data processing. And the QC process are sequential.
That means that they consist of several checking methods applied in succession,the decision to
retain or to reject suspected data is taken immediately after each check.
2. Characteristic of the new QC system
The QC system consists of two processing. One is the internal consistency check used
observation data. The other is the comparison with first-guess field. Not only observation data
but also guess and QC informations obtained though these processing are saved in a new
database named CDA (Comprehensive Database for Assimilation). It supports to monitor the
performance of data assimilation. Using CDA, we would be able to get the assimilation statics
and the quality monitoring information of all observation. And the verification of forecast
models use CDA, too.
3. Improvement of the QC processing
Fig. 1 shows job and file system in the JMA assimilation system.
Two points are improved on our new QC processing.At first only after all checks have been
performed on all observation data, the decision is made to reject, correct or accept data that may
contain rough errors, using all of the available information.
The second point is that the change rate of guess field in space and time reflect on the
analysis parameter. Using three or six hours forecast field near the observation time, the observation
minus guess residual is calculated for every observation. In proportion to the change rate of first
guess field in time, tolerence limits change and in proportion to the change rate in space, forecast
error vary.
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METEOROLOGICAL DATA ASSIMILATION EXPERIMENTS
USING A LIMITED AREA MODEL

Ion Victor Pescaru
Natl. Institute of Meteorology& Hydrology,Bucharest, Romania

Meteorological data assimilation is performed in order to improve the knowledge of the state of the
atmosphere ,at a given time.
A numerical description of the atmosphere is needed for the initialization of a numerical forecast,
and one can say that the best analysis will produce the best forecast. At the same time, this description
could be used for the forecast verification, for the climatological diagnostic studies and of course, for the
validation of the observations.
Usually, the following data are taken into account :
- geopotential, wind, temperature and humidity at standard levels (TEMP, SIDP);
- wind at standard levels (PILOT) ;
-temperature, humidity and wind data from satellite observations (SATEM, SATOB).
Except for the last item, all the information is available at standard time intervals.
For each regional model, additional meteorological data which are not transmitted via GTS are
available. At the same time, because of the costumary delay that occurs when starting a regional model
(delay mainly caused by the preparing of the boundary data -in the case when these are not produced in
situ), some meteorological data from the next observational time have to be taken into account.
The main steps in performing the objective analysis are :
-preparation of the first-guess fields for the mass analysis (forecast and climatological fields are
needed);
- spatial consistency quality control of the mass field observations ,and objective analysis using the
optimal interpolation method for the observation deviations from the preliminary field ;
- adjustment of the geopotential and wind analysis ,using balance equations .
The optimal interpolation method was proposed by Gandin (1963). This method is an optimal one,
in the sense that the expected interpolation error and the observation error covariance are known with
enough accuracy. Because this is not exactly true, it is costumary to call it only statistical interpolation. The
interpolation formula is :
.,..A

JG

.,..P

N

~

0

P

= J G + L Pi (fi - fi ) ·
i=l

where:
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ft- analysed value in grid point G;
f~- preliminary field in grid point G;
.. ;
f io - fPi - deVIatlon

Pi- weight.
These weights are determined by minimizing the interpolation error, using the least square method.
Assuming that the preliminary and observation field errors are statistically independent and known ,we can
compute the weights ,by solving a linear system.
The observation data can be in three (four)- dimensional space, the 4-th dimension being the
time, therefore we can assimilate the observational data which are valid at different times.
The main problem is to determine the preliminary field error covariance ,and we used a simplified
model:
m12 = m(xl,Yl•Pl;X2,Y2•P2) = O'(Xl,YbPl) · O"(X2,y2,P2) · J.L(Xl,Yl>Pl;X2,Y2•P2)

= a"(xl,YI>Pl) · CJ(x2.Y2•P2) · a(JJI,p2) · /3(xl,yl;x2,Y2)
where a (x,y,p) is the standard deviation of the data forecast errors, depending on the horizontal and the
vertical position, level and season, and J.L(XI>Y!>Pl;x2,y2,p2) stands for the numerical forecast
autocorrelation.
In fact, we separate a horizontal component of the autocorrelation , and a vertical one.

Further on, we used the following assumption for the normalized autocorrelation function:
.U(Xl,Yt>tl;x2,y2,t2) = f3(xl,yl;x2,Y2) · r(tl,t2),

where t1 and t2 are the times of observation for the current, and for the supplementary data, respectively.
This relation is valid for each vertical level, in fact the data are assimilated separately ,on each vertical
level.
Some experiments were carried out ,using the Florida State University (FSU) LAM.
The code for PC FORTRAN was available ,and some numerical forecasts were produced. The
analysed field was quite homogeneous in the area of interest (Romanian zone) ,and the new observations
that were introduced did not produce significant changes in the predicted fields.
We expect that for other meteorological situations this method will be more efficient ,and will
improve the initial state of the atmosphere , in order to produce better forecasts.
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COMPARISON OF GLOBAL SST ANALYSES
FOR ATMOSPHERIC DATA ASSIMILATION
Patricia A. Phoebus 1 and James A. Cummings2
1

2

Naval Research Laboratory, Monterey CA 93943
Fleet Numerical Meteorology and Oceanography Center, Monterey CA 93943

Traditionally, atmospheric models were executed using a climatological estimate of the sea surface temperature (SST) to define the marine boundary layer. More recently, particularly since
the deployment of remote sensing instruments and the advent of multichannel SST observations,
atmospheric models have been improved by using more timely estimates of the actual state of the
ocean. Typically, some type of objective analysis is performed using the data from satellites along
with ship, buoy, and bathythermograph observations, and perhaps even climatology, to produce
a weekly or daily analysis of global SST. Some of the earlier efforts to produce real-time global
temperature analyses have been described by Clancy and Pollak (1983) and Reynolds (1988).
However, just as new techniques have been developed for atmospheric data assimilation, improvements have been made to ocean data assimilation systems as well. In 1988, the U.S. Navy's
Fleet Numerical Meteorology and Oceanography Center (FNMOC) implemented a global threedimensional ocean temperature analysis that was based on the optimum interpolation methodology (Clancy et al., 1990). This system, the Optimum Thermal Interpolation System (OTIS 1.0),
was initially distributed on a 2.5° resolution grid, and was later modified to generate fields on a
1.25° grid (OTIS 1.1; Clancy et al., 1992). Other optimum interpolation-based analyses (OTIS 3.0)
were developed by FNMOC to perform high-resolution three-dimensional ocean thermal analyses
in areas with strong frontal gradients and clearly defined water mass characteristics ( Cummings
and Ignaszewski, 1991 ).
The desire to merge the global and regional analyses into one software package has lead to the
development of OTIS 4.0 (Cummings, 1994), which is flexible enough to perform ocean temperature
analyses over a variety of grids at various resolutions. OTIS 4.0 has replaced OTIS 3.0 for regional
analyses and is also producing a global SST-only analysis. The purpose of this paper is to compare
the two global SST analyses, and to look at how they may impact the global atmospheric data
assimilation system and model forecasts.
The major features of each ocean thermal analysis system are given in Table 1. Even though both
OTIS 1.1 and OTIS 4.0 use the optimum interpolation (OI) technique to generate gridded SST
fields, it is apparent that there are many ways that such systems can differ. Where OTIS 1.1
performs the analysis grid point by grid point, potentially selecting a different set of observations
for the analysis at each adjacent grid node, OTIS 4.0 uses a volume technique similar to that used
for atmospheric analysis ( Goerss and Phoebus, 1992). The volume method results in many more
observations that potentially influence each analysis grid point-up to a maximum of 500 observations per volume. However, where the volume sizes and boundaries are fixed in the atmosphere,
in the ocean analysis they are determined from data density and data distribution, and vary from
one analysis time to the next.
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TABLE 1. COMPARISON OF GLOBAL SST ANALYSES
OTIS 4.0
OTIS 1.1
Function
Volume
OI
OI
Grid
Point
Analysis Method
500
15
No. Obs
Previous analysis
Climatology blended with a
First Guess
mixed-layer model forecast
12 hr
24 hr
Update Cycle
1.0 deg
1.25 deg
Grid Resolution
Spherical
Hemisphere polar stereographic
Analysis Grid
Correlation Function Negative Squared Exponential Second Order AutoRegressive
400 km
Correlation Scale
200-800 km E-W
100-400 km N-S
Buddy Check
Complex Q.C.
Quality Control
Data Window
12 hr
60 hr
MCSST, Buoy Superobs
Special Hand ling
MCSST Superobs
lee Edge
Analysis of SSM/I Ice data
Ice/no ice mask
updated weekly
every 12 hr

The newer analysis system pays more attention to how the data are utilized. In OTIS 1.1, a buddy
check is applied just prior to the analysis at each grid point. Thus, the unfortunate situation can
develop where an observation that is rejected by some grid points is used at others. In OTIS 4.0, all
the quality control is completed prior to the analysis, and no observation is rejected until a series
of checks have been performed on it and cross comparisons made. While both analyses superob
the satellite MCSST data to the resolution of their respective grids, OTIS 4.0 takes advantage of
a water-mass typing technique in the western Atlantic, western Pacific, and Greenland/Norwegian
Sea regions to ensure that observations from two different water masses are not used in the same
superob. For example, the analysis is able to distinguish an observation in slope water from one in
the Gulf Stream, even though they might be in close proximity to one another.
Perhaps one of the more substantial differences between the two analyses is how the problem
is actually posed. Since OTIS 4.0 is not yet coupled to any type of ocean model, the solution
is straightforward. The previous analysis is used as a first guess or background field. Thus, the
anomalies are, for the most part, small in magnitude and fairly homogeneous. These characteristics
result in correlation length scales that can be uniformly applied across the analysis grid.
OTIS 1.1, however, is coupled to an ocean mixed-layer model, but not in the traditional sense.
While OTIS 1.1 does provide the initial conditions for the model, the model does not directly
provide the first guess for the analysis. Instead, monthly climatologies are interpolated to the
analysis day to provide the first guess, with the 24-hr forecast from the mixed layer model inserted
as a special type of data point whose weight is a function of the analysis error from the previous
analysis. What this does, in effect, is to blend climatology with the model forecast in such a way
that in areas where no data is present for extended periods of time, the analysis solution decays
back towards climatology.
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An added complication is that the observed anomalies are computed relative to the climatological
background. Thus, they are sometimes quite large and the anomaly field is not very homogeneous
in areas of strong gradients. To account for this, the OTIS 1.1 correlation length scales vary all
over the grid, with smaller values near the coastal areas and larger values in the middle of the open
ocean basins. The length scales are also larger in the east-west direction than in the north-south
direction in areas where north-south currents are not present.
It is interesting to note that even though OTIS 4.0 uses substantially more observations per grid
point and somewhat larger correlation scales near the continents, the OTIS 4.0 analysis shows
considerably more structure than does OTIS 1.1, even though the grid resolutions are comparable.
See, for example, the tighter gradients in the OTIS 4.0 representation of the Gulf Stream (Fig. 1)
and the Kuroshio currents (Fig. 2). OTIS 4.0 also has a much better definition of the Gulf Stream
south of Cape Hatteras. In some cases, OTIS 4.0 analyses will even depict cold and warm core
eddies that are almost never observed in the OTIS 1.1 fields.
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Fig. 1. SST analyses (°C) of the western Atlantic at OOZ, October 6, 1994 from a) OTIS 1.1 b) OTIS 4.0.
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We surmise that the lack of detail in the OTIS 1.1 analyses is a result of the weight given to
climatology and to the repetitive use of 60 hrs of data in each analysis cycle, since it is clearly not
a function of grid resolution or of the statistical parameters specified for the OI. In any case, the
differences between OTIS 1.1 and OTIS 4.0 can be as nearly as large as the differences between
the analyses and climatology. Thus, if the atmospheric models are to be improved by using realtime SST analyses, careful attention must be made to the quality of that analysis. Scatter plots
shown in Figure 3 compare the results of the OTIS 4.0 analysis in the western Atlantic to as-yet
unassimilated moored buoy and MCSST measurements. Assuming that the RMS errors shown
here are typical, they are smaller than the RMS errors previously determined for OTIS 1.1 in the
western Atlantic ( Clancy et al., 1992).
GLBL OTIS 4.0

11 Oct 94 to 12 Oct 94 Fixed Buoy

....

C\l
1:'-

C\l

GLBL OTIS 4.0

11 Oct 94 to 12 Oct 94

MCSST

('")

m

a)

b)

1:'-

C\l

l{l

C\l
('")

C\l

('")

Ill
Ill
J..o

C\l

:::

....

0:1
J..o
QJ

Cl)

Ill

-

..., C\l

QJ
J..o

=-

::l

+>m
o:l
J..o
QJ

s

s

QJ l{l
e-o_

QJ 1:'-

E-o-

Ul

Ul

t=:

-

p..

P..-

!::!

l{l

0-

0

('")

.....

~

--

,...

RMS =
Bias =
N

m

9

11

=

13 15 17 19 21 23 25
Fixed Buoy Temperatures

0.62
0.41
662
27

-....
RMS = 0.45
Bias = 0.01
N = 6758

1:'-

29

('")¥---~----~----~----~--~----~--~

3

7

11
15
19
23
MCSST Temperatures

27

31

Fig. 3. Comparison of OTIS 4.0 analyzed SST at OOZ, 11 October 1994 to (a) unassimilated moored buoy
and (b) MCSST measurements made within 24 hours of the analysis time.

One area of interest that we are pursuing is the idea of a 12-hr update cycle. Experiments with
OTIS 4.0 indicate that, indeed, if the SST analysis is performed twice a day, we begin to analyze
some semblance of the diurnal cycle. Figures 4 and 5 compare a typical 12-hr change in the SST
field from OOZ to 12Z to the 12-hr change analyzed from 12Z to OOZ. There is clearly an oscillation
from positive to negative differences in two areas of the globe, roughly divided at 150W and 30E.
However, the oscillation is out-of-phase with the actual diurnal cycle that we would expect to see.
The source of this problem is related to the fact that the OOZ analysis is executed around 02Z,
and the most recent data available to that analysis are valid around 18Z. Thus, the OOZ analysis
is actually performed with 12 hours of data that range from 06Z-18Z. To remedy this problem, we
propose to add a "post-time" analysis in the ocean, mimicking the atmospheric data assimilation
cycle, where a re-analysis is performed 8 to 9 hours after the synoptic time to allow for late-arriving
observations.
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We will continue to monitor verification statistics for the two global SST analyses and will also
perform experiments with the atmospheric model to study the impact of the improvements that we
feel have been incorporated into OTIS 4.0. Results from some of these studies will be presented at
the meeting. Eventually, OTIS 4.0 will be extended to three dimensions and will likely be coupled
to an ocean mixed-layer model to better define the subsurface ocean structure.
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Use of synthetic data in tropical cyclone track
prediction with NWP model
by
K. Prasad
Meteorological Office
New Delhi, ·India
Extended abstract

1. Introduction
A major problem in the use of numerical models for operational cyclone
forecasting is inadequate observational data in the oceanic areas where the cyclones
develop. Due to deficiencies in the oceanic observing system, the cyclones are not
well resolved in the initial analysis. The vortex in the initial objective analysis fields is
often either completely missing or misrepresented in terms of intensity, size and
location. They may be too large and too weak. Not even the large scale flow in the
vicinity of the storm which acts as a steering current is properly analysed. Due to poor
initial an.alysis, the performance of forecast models in predicting tropical cyclones is
generally in large error. The spin up in such cases is slow and therefore forecasting of
the storm motion and intensity is not accurate enough.
·
The only way to get over this problem of poor initial data in the storm
field is to run a forecast model after artificially generating a tropical cyclone with a
realistic structure and incorporate it in a suitable manner in the initial conditions of
the model. The aim of this paper is to present the results of cyclone track forecast
experiments by a fine mesh limited area model using synthetic observations in the
cyclone field. The model is run from initial conditions where a properly analysed
vortex at the cyclone location is ensured by performing objective analysis after
incorporating the synthetic observations in the input data. The synthetic
observations are generated from an empirical structure of the cyclone and treated as
if they are conventional observations.
The grid point fields for running the forecast model are prepared from
the conventional and nonconventional data received through GTS. The input data
used for analysis consist of the surface SYNOP/SHIP, upper air TEMP/PILOT,
SATEM, SATOB and AIREP which are extracted and decoded from the raw GTS
data set. All the data are quality controlled and packed into a special format for
objective analysis. The synthetic observations in the cyclone field, generated by a
scheme, which is ihe subject matter of the present paper, are added to the input data
file.
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The objective analysis is carried out by three dimensional multivariate
optimum interpolation procedure (adapted from NMC Washington). The v:friables
analysed are the geopotential, u and v components of wind and specific humidity.
Temperature field is derived from the geopotential field hydrostatically. Analysis is
carried out on 12 sigma surfaces 1.0, 0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1, 0.07, 0.05 in
the vertical and on 1° x 1° lat./long. grid for a horizontal domain consisting of 91x51
grid points. The sigma fields are post-processed to the pressure surfaces for display
and archival.
The forecast model is a semi-implicit semi-Lagrangian multilayer
primitive equation model cast in sigma coordinate system and staggered Arakawa
C-grid in the horizontal (Krishnamurti et al. 1990). The present version of the model
has a horizontal resolution of 1°x1 ° deg. lat./long. with 89x49 grid points, and 10 equispaced sigma levels ( 1.0 to 0.1) in the vertical.
2. Results of analysis and prediction experiments

The synthetic observations are generated from the known empirical
structure of tropical cyclones. In this scheme, first, surface pressure field is
constructed at dense enough grid from the empirical formula proposed by Holland
(1980). Surface winds are obtained from the surface pressure by use of the gradient
wind relationship. Upper winds are obtained from the surface winds with the aid of
composite vertical wind shear factors following McBride (1986). A significant
improvement over the scheme originally developed (Prasad, 1990) are that
appropriate inflow and outflow angles are added to the computed winds to ensure
proper convergence in the lower levels and divergence in the upper levels. Humidity
field is prescribed as near saturation value within the field of the vortex. These steps
would ensure a proper spin up of the vortex during the course of integration of the
forecast model. In the current version of the scheme we provide only the bogus wind
observations and leave it to the initialization process to generate its own mass field.
The scheme has been designed to handle not only the tropical cyclones but also the
weaker disturbances- low pressure areas and depressions- so that the forecast model
can be run from the incipient stage itself. In the case of low pressure area/depression
the methodology is to compute gradient winds from the central pressure and the outer
pressure assuming a linear pressure profile. Remaining procedure is the same as in
the case of tropical cyclone. Data are generated only up to 500 hPa in these stages.
Experiments for track prediction were run in nine tropical cyclone cases
formed in the Bay of Bengal and Arabian Sea during the five year period 1990-94, Viz.
5-11 May, 1990; 24-30 April, 1991; 11-15 November, 1991; 3-6 November, 1992; 11-17
November, 1992; 15-21 November, 1992; 12-15 November, 1993; 1-4 December, 1993;
and 29 April- 2 May, 1994. The storm of 12-14 November, 1993 occurred in the
Arabian Sea and all others in Bay of Bengal. Initial analysis was corrected in all cases
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by supplementing GTS data with synth~tic data generated according to the above
scheme. The input parameters required for running the synthetic vortex program are
picked up from the synoptic analysis, the satellite information and the plotted
observations. Forecasts were run out to 24 hours and the predicted tracks were
compared with actual movements. The actual and predicted tracks are shown in Fig.
1 for westward moving storms and in Fig. 2 for northward moving storms.
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Forecast errorswere calculated in,. terms of the absolute displacements
between the actual and the model realized positions. The mean position errors work
out to about 1'72 km for 32 cases. These compare well with similar results for 24h
forecasts reported by some other workers, e.g., Mathur (1991) in respect of Atlantic
hurricanes by the NM C QLM, which are 182 km and 180 km respectively for the 1988
and 1989 hurricane seasons. Likewise, the 24 hr forecast errors reported by Japan
Met. Agency in respect of their Typhoon model are respectively 187 km in 1988 and
185 km in 1989, and for Asia spectral model, 182 km in 1989 (Kitade, 1990). In a
majority of cases the direction displacement (DD) errors are positive (predicted track
to the right of actual track), showing that there exists a poleward/rightward bias in the
model predicted tracks. The mean DD errors for positive and negative cases
considered separately work out to about..±.. 20°. The slow and poleward/rightward
bias that has been witnessed in the experiments reported here, seems to be a
phenomena common to some other models also being run at other centres. For
instance, in respect of the models run by United Kingdom Meteorological Office, a
similar slow and poleward bias has been reported (UKMO, 1993). The Japan
Meteorological Agency (JMA, 1992) have also reported similar biases in their models
used for typhoon forecasting and have attributed these errors possibly to cumulus
parameterization scheme and the typhoon bogus data. JMA have shown a positive
impact on typhoon track forecasts by changing the cumulus parameterization scheme
from KUO to Mass Convective Adjustment (MCA) type.
3. Concluding remarks

The problem of misplaced vortex in the initial analysis fields in the event
of tropical cyclones or other weaker vortices is handled well by the synthetic data
generation scheme designed in this study. The position and intensity of the vortices
and the forecasts of cyclone tracks are much improved by inclusion of synthetic data.
The performance of the forecast model in giving cyclone track forecasts is reasonable
as compared to observed tracks. The model is even able to show the intensity
changes, viz., intensification and weakening of the systems, though not to the extent
actually occurring. An important fact that emerges from these experiments is that the
forecasts of the changes in direction of movement from an initial westerly to northerly
are brought out well by the model. There is scope for improvement in the forecast
model performance by refining the model grid to a much finer resolution, by adopting
~n appropriate convection scheme,
by improving the bogusing scheme, and
introducing storm asymmetry etc., which remain the future work programme.
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ABSTRACT

This paper describes the direct use of TOVs radiances in
four dimensional variational data assimilation (4-D VAR) at the
National Meteorological Center/NOM (NMC) .The new version of NMC's
4-D VAR system has been 'developed using the NMC global spectral
model with 28 vertical layers and a ~3 wave triangular truncation.
A fast radiative transfer model and its adjoint are included in
the system. TOVs Radiances are used in conjunction with all other
observation. The results show that this approach can improve the
initial conditions used for numerical weather prediction.
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SINGLE-DOPPLER VELOCITY RETRIEV ALS IN CLEAR AIR, MICROBURST,
AND DEEP-CONVECTIVE FLOWS
Alan Shapiro, Scott Ellis and Stephen Weygandt
Center for Analysis and Prediction of Storms (CAPS) and School of Meteorology
University of Oklahoma, Norman, OK 73019 USA

One of the key challenges in mesoscale data-assimilation is determining the complete vector
wind field from single-Doppler radar data (radial velocity component and radar reflectivity). This
study presents highlights from a single-Doppler velocity retrieval algorithm (Shapiro 1993; Shapiro
1994; and Shapiro et al. 1995) applied to clear air, microburst and tomadic supercell storm data
sets. The algorithm estimates the cross-beam wind components (azimuthal and elevation angle
wind components) by making use of simple physical constraints. These constraints are: (i) a
conservation equation for the radar reflectivity (with provision for raindrop/hail fall speeds), (ii)
flow incompressibility, and (iii) the frozen-turbulence hypothesis as applied to the velocity field
(Gal-Chen 1982). Only three volume scans of radar data are required to derive the complete flow
field at one analysis time.
Encouraging results are obtained with all three data sets. The most important factor
affecting retrieval results appears to be the smoothing and hole-filling of the input data. For the
supercell dataset, application of the retrieval in a moving reference frame improved the performance
of the algorithm. In addition, the retrieval is able to deduce the correct sense of the divergence of
the cross-beam wind component and thus recover the supercell storm updraft. This marks a
tremendous improvement over simply taking the divergence of the radial velocity component, in
which case downward motion would be deduced everywhere. Detailed results from all three
experiments will be presented at the symposium.
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In this paper, studies are made of the limited area meteorological data. analysis and assimilation by means of a limited area mesoseale model using the
adioint model techniques.
The adjoint model method is a variationai method using the numerical
prediction model as the constrained condition and is a great improvement over
the traditional variational method. On the one hand, its integration is obvious.
The analysis and assimilation of data, the reasonable adjustmeut of value of the
element and the initialization of the elemeut field are integrated into a whole
system. On the other band, the control equations {Enlerian-Lanrangian (E-L}
equ.ati<>ns} are not directly solved by this method~ but rather the solution to the
optimal
problems
in the theory of optimal control is adopted.
.
..
In thi~ study, a preliminary investigation is performed on the design method of the adjoi,nt model system a.nd its main muct:ure. The system oon.sists of a.
basic numerical prediction model (also known as a forward model), ·a back: integrated adjoint mo~l, a control moduel used for coordinating the oontrol and
selecting the optimal iterative step length so as to adjust contiuu.ou3ly the first
gaess field, and some interface modules(sce Fig.l}.
·The flow of the system operation can be summed up as follows: First, data
for the initial Preparatory field is given in a way sim.ilar to the setting of the initial guess field in the case of general assimilation. Next, the above value is pro~
vided for the. forward model. whitili. is operated up to the. specified time so that
the obieetive function D can be calculated from the model solution and the
observational data at the corresponding time. Then, the ba.ek:ward model
(Jldjoint model} is operated, the obsenrational data at the corresponding time
and each integrate step solution of the forward model are read in during the operation ~of the model; and the gradient information V z' D of the objective

.-

.

function is calculated at the close of the model operation. Fmally, the control
<PTIIIs sn:.dy is. sponsored by
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module of the system can iu.dge whether the predetermined requirement has
been satisfied. If not, the module will automatically select the optimal iterative
step length and adjnst the first guess field, and then the foward ~odel will be
back: operated and repeat the above process. If the predetermined requirement
has been satisfied, the assimilation system is fmished with satisfactory results.
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The basic structure Of the adjoint model sys~em

Most of the work in the consqu.ction is to derive 'the adjoint model. In genc.nd, the process starts from the fo~ard model equations to derive their tangent
eqnations an.d then the conjugate equa.tions 1 from which the adjoint model cna
be constructed. For example, the simplified q coordinate baroclinic primitive
equations nsed in the forward model arc
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FOUR-DIMENSIONAL VARIATIONAL DATA ASSIMILATION OF
ATMOSPHERIC REFRACTIVITY USING A MESOSCALE MODEL
X. Zou, Y.-H. Kuo and Y.-R. Guo
National Center for Atmospheric Research•, Boulder, Colorado

1

INTRODUCTION

Radio occultation of the terrestrial atmosphere is now possible through use of signals transmitted by satellites of the Global Positioning System (GPS) and received by one or more satellites
in low earth orbit. A prototype low earth orbit
(LEO) satellite equipped with a GPS receiver will
be launched in the near future. Using the measurements of the bending angles for the rays passing
through the atmosphere, it is possible to derive accurate, high-resolution profiles of refractivity (Bevis et al., 1993). Assuming there are 100 LEO satellites, these profiles will have a vertical resolution of
~1 km in the upper atmosphere (~ 10 mb) and
100 meters in the lower atmosphere, as well as a
horizontal resolution of ~500 km in the upper atmosphere and ~200 km in the lower atmosphere
every 24-h. This represents an independent set of
soundings, and is potentially a valuable data source
for operational numerical weather prediction when
combined with the traditional upper-air and surface observations. Over the ocean where observations are sparse, such a dataset would be even more
valuable.
In order to realize the potential of GPS observations on operational numerical weather prediction, an effective assimilation of these data into a
numerical model is a crucial problem. A detailed
review of various data assimilation methods and
theories has been given by Lorenc (1986) and Ghil
and Manarizoli (1993). Two of the most frequently
used approaches are: (i) four-dimensional variational data assimilation (4DVAR) algorithms (Le
Dimet and Talagrand 1986, Navon et al. 1992) and
(ii) the Newtonian nudging method (Anthes 1974;
Kuo and Guo 1989; Stauffer and Seaman 1990).
Newtonian nudging data assimilation is easy to implement and computationally efficient. However,
it also has some well-recognized shortcomings. In
particular, it cannot directly assimilate variables
(such as refractivity) not predicted by the model.
With a sound theoretical basis, as well as the ability to accommodate exotic data sources, 4DVAR
has gained popularity in recent years. One negative
aspect of 4DVAR is its strong demand on computing resources. However, with the rapid advance in
computing technology, 4DVAR has become feasible
for operational implementation. Currently, 4DVAR
• The National Center for Atmospheric Research is
sponsored by the National Science Foundation.
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is being adopted by a number of centers for operational numerical weather prediction (Parrish and
Derber, 1992).
The retrieval of temperature and moisture
fields from refractivity observations has been attempted by Gorbunov and Sokolovsky (1994). In
that study, a dry atmosphere was assumed, and the
temperature was derived from the refractivity observations, neglecting the effects of the water vapor.
This retrieval process involved three steps: First,
the density profile from each refractivity sounding
was computed. Next, the vertical pressure distribution was calculated by integrating the density profile from the top of the atmosphere downward to
the surface, assuming hydrostatic equilibrium. Finally, the temperature was derived from the density
and pressure profiles using the equation of state.
In the lower troposphere, an interpolation scheme
was employed to obtain the temperature from the
derived temperature in the upper atmosphere and
the surface temperature. An iterative method was
then used to derive the specific humidity using the
temperature and refractivity. The accuracy of the
retrieved temperature and moisture was reasonably
good. However, because of the inherent difficulty
in separating temperature and water-vapor information in the refractivity profile, large errors could
appear in the derived temperatures in the lower troposphere. In 4DVAR, we directly assimilate the atmospheric refractivity observations into the model,
which does not require a priori retrieval oftemperature and moisture. Therefore, such problems can be
avoided. Assimilating refractivity observations into
a numerical model can be viewed as an alternative
retrieval method. Since the temperature and specific humidity profiles are obtained from fitting the
model solution to the observed refractivity, 4DVAR
produces a dynamically consistent meteorological
field on the mesoscale.
In this study, we utilize an adiabatic version of the Penn StatejNCAR mesoscale model version 5 (MM5 ), with most of the physical parameterization schemes turned off. We will name this adiabatic version of MM5 as MM5AD. For a detailed
description of MM5, please see Grell et al. (1994)
and Dudhia (1993). MM5AD includes model dynamics, diffusion, bulk planetary boundary-layer
(PBL) processes, surface friction, and the split,
semi-implicit time integration scheme. In a nonhydrostatic model, separate predictive equations
are required for the three-dimensional pressure _and
vertical velocity. In MM5, the pressure perturbation, p', is the predictive variable instead of the full
pressure. Thus, the model variables for MM5AD
are pressure perturbation p 1, the three momentum
components (u, v, w), the temperature T, and specific humidity q. The model uses a terrain-following
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a--coordinate defined entirely from a reference state
(po(z),1'o(z),po(z)),
o-=po-Pt

p•

'

p*

= Ps- Pt,

where p, and Pt (Pt=100 mb) are the surface and
top pressures of the model, respectively. MM5 uses
a flux form for advection, and its variables are
coupled with p•.
2

INCLUSION OF REFRACTIVITY INFORMATION
Atmospheric refractivity is defined as:

N = 77.6E._
1'

+ 3.73 x 10 5 1'2
p"'

(2.1)

where pis pressure in millibars, T is temperature in
Kelvin, and Pw is water-vapor pressure in millibars.
Using the relationship between the water-vapor
pressure and the specific humidity q:
(2.2)
we obtain
p
N = 71.6T + 3.73

X

5
pq
. (2.3)
10 1'2(0.622 + 0.378q'

To include the refractivity observations in
the 4DVAR, one additional step is required. Since
refractivity is not a model predictive variable, it
is necessary to include an operation of N, which
projects model predicted pressure, temperature
and moisture onto refractivity. In order to assess
the impact of GPS/Meteor data, an additional
term:
R

lp(:z:o)

=I: a (N(tr)- Nobs(tr))

2
,

(2.4)

r=O

is included in the cost function which measures distance between the model prediction and the direct
observations. Here a is a weighting coefficient for
refractivity.
3

EXPERIMENT DESIGN

The STORM-FEST (Fronts Experiment
and Systems Test) blizzard event of 8 March 1992
was chosen for this study. An upper-level trough
and cutoff low moved into the STORM-FEST
domain on 8 March 1992, coincident with the lowlevel intrusion of arctic air. A surface cyclone
developed on 9 March over southeast Colorado,
which produced thunderstorms in eastern Colorado
and Wyoming. By 1200 UTC 9 March, more than
two feet of snow had fallen over the front range of
Colorado. The surface cyclone continued to move
eastward after its development over Colorado. By

Fig. 1. The map indicates the model domain used
for the control run. Small box shows the region
used for OSSEs.
1200 UTC 10 March, it was located over the Ohio
valley with a broad area of precipitation. This is
a typical winter storm over the continental United
States.
Several OSSEs have been conducted to
test the 4DVAR system's capability in retrieving
temperature and moisture from refractivity using
different strategies. Previous OSSEs using global
models have shown that OSSEs tend to give overly
optimistic results, when the same model is used
to simulate the observations and to assimilate the
model-generated data (Arnold and Dey 1986). This
is known as the identical-twin symptom. In order
to partially remedy this problem, we used a 20-km
MM5 for the control experiment and a 60-km MM5
for the 4-D data assimilation experiments.
The control experiment was initialized at
0000 UTC 8 March 1992 (defined as t = -12h),
and was integrated for 24 h. It covers the United
States with a domain size of 2940-km x 4500-km.
The IC was obtained from an objective analysis
of rawinsonde and surface observations using the
NMC global analysis as the first guess.
The
lateral boundary conditions were obtained by linear
interpolation of these objective analyses at 12-h
intervals. The 4DVAR OSSEs began at t = Oh,
which allowed the control experiment to develop
mesoscale features prior to the start of the OSSEs.
Two domains with mesh-sizes of 31 x 31 x 10 and
50 x 76 x 10 were used in the OSSEs (see Fig. 1).
The larger domain (the same size as the con~rol
experiment) was used to compare the results with
the smaller domain and to examine the effect of
the lateral boundary conditions. We found that the
4DVAR results obtained using a smaller domain are
qualitatively similar to those of the larger domain in
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most important respects. The smaller domain was
therefore chosen for most of the 4DVAR OSSEs to
save computing resources. 4DVAR was conducted
during the two-hour window between t
Oh and
t = 2h. After the optimal initial condition was
obtained at t
Oh for each 4DVAR OSSE, it was
followed by a 6 h forecast.
Experiment 2, called the perfect experiment, was a 6 h forecast from a "perfect" re on
the 60-km grid at time t = Oh (1200 UTC 8 March
1992). The IC for this experiment was obtained by
extracting the results of the 20-km control experiment at every third grid point. Since no additional
errors were added to the extracted data, Exp. 2 can
be viewed as initialized with the "perfect" data on
the 60-km grid. It should be kept in mind that the
extracted data on the 60-km grid may not be in
dynamical balance (because the 20-km and the 60km model terrains are different due to differences
in grid resolution). However, this experiment provides a reasonable measure of the upperbound for
the 4DVAR OSSEs.
The initial guess fields for the OSSEs were
obtained by extracting a set of soundings at 360km intervals from the control experiment at t =
Oh. A random perturbation was added to the
extracted 360-km soundings. The random errors
are constrained to 6 m s- 1 at the top level of the
model and 1 m s- 1 at the bottom level for wind
fields, with a· linear increase between these two
levels. A temperature rms error of 1° C, a moisture
rms error of 10%, a pressure perturbation error of
1mb, and a vertical velocity error of 1 cm s- 1 were
also added to the 360-km data extracted from Exp.
1. A hi-parabolic interpolation was then employed
to interpolate these data to the 60-km grid. The
forecast from this randomly perturbed guess field
with no data assimilation (Exp. 3) served as the
benchmark (lowerbound).
Experiments 4-6 assimilated refractivity,
temperature, and horizontal wind field, respectively, during the 2 h assimilation window. In these
experiments, a set of vertical soundings were extracted from the control at 60-km and 5 minutes
resolution. (Note that the original time step for the
20-km control was 1 minute) No errors were added
to these extracted soundings before they were assimilated. All the 4DVAR OSSEs used the same IC
and LBC as that of Exp. 3.

2. 5 ·-

=

2.0

=

4

RESULTS

Fig. 2 shows the variation of the cost function and the norm of the gradient with the number
of iterations during the minimization procedure for
Exp. 4 (assimilation of refractivity). The functional decreases with increasing number of iterations and the minimization process converges to a
minimum in about 15 iterations. The norm of the
gradient of the functional decreases by two orders
of magnitude (figure omitted) during the minimization procedure. Actually, most of the data misfit
between the model and observations is reduced after the first three iterations. The minimization pro-
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Fig. 2. Variation of the values of the cost function
with the number of iterations in Exp. 4 where only
the refractivity observations are assimilated.
cedures for Exps. 5. and 6 exhibit a similar behavior. This shows that the 4DVAR system is quite
effective in assimilating these observations into the
model.
To examine the effects of 4DVAR, we show
in Fig. 3 the rms errors of the optimal IC for Exps.
4-6 in wind, temperature, and moisture fields at t =
0 h after 15 iterations. Also shown are the results of
Exp. 3. It is clear from the results that when wind
or temperature was assimilated, it had the lowest
error (closest to the true IC) in that particular field
(Exp. 5 had the smallest error in the temperature
field, and Exp. 6 had the smallest error in the
wind field). This is, of course, to be expected. A
comparison of Exp. 3 with Exps. 5 and 6 indicates
that the assimilation of wind field improved the
temperature field (See Fig.
3b).
However,
assimilating the temperature field did not bring
corresponding improvement in the wind fields. This
is consistent with previous studies in mesoscale
data assimilation (Kuo et al., 1987; Ramamurthy
and Carr, 1987, 1988; Kuo and Guo 1989), and
it is attributed to the relative importance between
wind and mass fields in the geostrophic adjustment
processes on different spatial scales (i.e., wind fields
dominate the geostrophic adjustment processes on
the mesoscale). A particularly encouraging result is
the improved moisture field in the lower and middle
troposphere as a result of refractivity assimilation
(Fig. 3c). The maximum difference in rms errors
between Exp. 3 (no assimilation) and Exp. 4
(refractivity assimilation) reaches 0.5 g kg- 1 at
around 900 mb. Fig. 3c shows that the assimilation
of wind field did not cause any improvement in the
initial moisture field, and the assimilation of the
temperature field degraded the moisture fields in
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Exps. 4 and 5. Results of the rms errors were
shown in Fig. 4. The increase of rms errors
in the upper atmosphere for the moisture field
after 4DVAR in Exps. 4 and 5 was eliminated,
keeping all other results the same. Therefore, the
implementation of a vertically dependent scaling
is shown to be quite effective in eliminating
upper level moisture degradation caused by the
temperature and refractivity assimilation.
Fig. 5 shows the time evolution of the
correlation coefficient of the divergence field and
the rms errors in all the model variables: wind,
temperature, moisture, pressure perturbation and
vertical velocity fields, for Exps. 2-6. Initialized
with perfect IC at t 0 , therms error of Exp. 2 (the
perfect experiment) increased almost lineady with
time during the first few hours of the integration.
The wind-field errors asymptote at around 2.0
m s- 1 , temperature errors at 0.5°C, and specific
humidity errors at 0.3 g kg- 1 . The divergence
correlation coefficient dropped steadily from 1.0 to
around 0.5 by the 4 h forecast, and then slowly
increa.Sed again. We noticed that the vertical
m<;>tion rms errors jumped from 0 to 5 cm s- 1
·in.. a few time steps, and remained roughly at
that level throughout the forecast. This shows
that the vertical motion responded very quickly to
changes in grid size and terrain forcing, and became
fairly stable and balanced with the horizontal wind
fields on the 60-km grid. The error growth in
Exp. 2 was driven mainly by the reduction of
horizontal resolution from 20-km to 60-km. With
differences in the details of the model terrain and
the horizontal resolution, the 60-km model cannot
maintain or generate the detailed mesoscale flow
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the middle and upper troposphere. In fact, a slight
degradation of the moisture field was also found in
the top three layers for the refractivity assimilation.
In seeking the reasons why the moisture
fields at high levels were degraded by temperature
or refractivity assimilation, we conducted two
additional minimization experiments in which a
vertically dependent scaling was used instead of
a constant scaling for each field, as was done in

Fig. 4. Distributions
specific humidity field
in experiments similar
5 (dotted line) except
scaling is used.
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Fig. 5: Temporal variations, over a 6 h period, of the (a) correlation coefficient of the
divergence field, and therms errors ofthe (b) wind, (c) temperature, (d) specific humidity,
(e) pressure perturbation, and (f) vertical velocity fields after assimilating the wind (double dots dashes line), temperature (dash double dots line), and refractivity (dotted line)
observations. Solid line is for Exp.2, where a perfect IC was used and the dash line shows
the result without data assimilation.
structures simulated by the control. Since a perfect
IC was used, and since all the OSSEs used a 60km model, the performance of Exp. 2 represents
a reference upperbound for the performance of all
the subsequent OSSEs.
Experiment 3 represents a regular forecast
without a data assimilation cycle, and serves
as a benchmark (lowerbound) for all the data

assimilation experiments (Exps. 4-13). The rms
error at t = Oh in Exp. 3 is 4.2 m s- 1 in the
wind field, 1.6° C in the temperature field, and
0.45 g kg- 1 in the moisture field. The divergence
correlation coefficient is as low as 0.2 initially,
and it decreases further a few hours into the
forecast. The rms error in the vertical motion was
more than 20 cm s- 1 a few time steps into the
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forecast. This shows that the poor initial conditions
of Exp. 3 resulted in significant errors in the
forecast, and clearly illustrates the precipitation
spin-up problem. Fig. 5 shows that after 2 h of
integration, the wind error of Exp. 3 increased to
6 m s- 1 and stayed at that level until t = 6h. In
contrast, the initial temperature error decreased a
little during the first 1 h, by approximately O.F C,
and stayed at that level until t=6 h. The decrease
in temperature error and the increase in wind
error early in the model integration suggest that
there was an adjustment of the wind field toward
the temperature field as part of the geostrophic
adjustment process.
The refractivity data assimilation (Exp.
4) reduced the rms error of specific humidity
q during the first 1 h and it reached a value
close to that of Exp. 2. The refractivity data
assimilation also has a positive impact on the T, u
and v forecasts. Since no direct observations were
assimilated in Exp. 4, changes in the temperature
and moisture fields had to be obtained through
the nonlinear relationship between these fields and
the refractivity observations. Changes in the wind
and pressure fields had to be achieved through
the model's dynamic processes during the forward
and backward model integrations. Refractivity
assimilation improves the temperature field, which
in turn improves the wind field through geostrophic
adjustment processes.
The temperature data assimilation (Exp.
5) produced a near-perfect temperature field and
improved the wind forecast as well, but it did not
improve the q field. The wind data assimilation
produced a very good wind field. In fact, the
divergence field is even better than that of Exp.
2. The reason that the wind assimilation produced
a better forecast field than Exp. 2 is that after
the 4DVAR procedure, the IC was adjusted to
produce a dynamic consistent model solution (on
the 60-km grid) which better fits the 20-km data
within the assimilation window.
All the data
assimilation experiments (Exps. 4-6) produced
very good forecasts of p' and w, although the
pressure perturbation and vertical velocity data
were not assimilated. One thing worth mentioning
is that the gravitational oscillations presented in
Fig. 5e for Exps. 2 and 3 are eliminated by
4DVAR procedures. This again shows that 4DVAR
is an effective initialization process, which produces
dynamically balanced fields at t = Oh.
We also conducted several additional
OSSEs to assess the impact of random errors in
observations, the added value of the atmospheric
refractivity to other observations, and the impact
of temporal and spatial resolution of observations.
The 4DVAR OSSE results were also compared to
those of the traditional retrieval method for the refractivity observations. These results will be presented at the conference.
5
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"A Reduced-Dimension, Static, Linearized Kalman Filter and Smoother"
lchiro Fukumori
Jet Propulsion Laboratory, California Institute of Technology
4800 Oak Grove Drive, Pasadena CA 91109 U.S.A.
e-mail: if@pacific.jpl.nasa.gov

OVERVIEW

An approximate Kalman filter and smoother, based on approximations of the state estimation error
covariance matrix, will be described. Approximations include a reduction of the effective state dimension,
use of a static asymptotic error limit, and a time-invariant linearization of the dynamic model for error integration. The approximations lead to dramatic computational savings in applying estimation theory to large,
complex systems. Examples of oceanographic applications will be presented analyzing altimeter data from
TOPEXIPOSEIDON, an ongoing joint U.S.-French oceanographic satellite mission.

THE PROBLEM
Practical applications of Kalman filtering are hampered by the large computational requirements
involved in the time-integration of the estimation error covariance matrix (Riccati equation). The error is a
square matrix of model dimension and evolves according to model dynamics, which requires the size-ofthe-model times more computational resources than a straight model simulation without assimilation.
Therefore, direct applications ofKalman filtering to state-of-the-art models will always remain unfeasible.
Yet various approximations to the filter that take advantage of certain aspects of the system can be effective. The difficulty of error integration stems from the size and continuous time integration of the error
matrix, for which approximations will be described in turn.
STATE DIMENSION
The grid size of a model and the resulting model dimension is often dictated by numerical accuracy
and stability. On the other hand, most energetic scales are typically much larger than the smallest grid
spacing, and available observations are often sparse. Then, extraction and assimilation of the measurements' large-scale information may be most effective in terms of the amount of improvements made in the
estimate for the amount of computations involved. The idea would be to approximate the model error
covariance with one with fewer degrees of freedom (Fukumori and Malanotte-Rizzoli, 1994).
For example, suppose there exists an approximation, x', with a smaller dimension than the original
model state (x),
x(t}-x:.::Bx'(t)
(1)
The approximation is defined, without loss of generality, around some prescribed state, x. Matrix B is a
transformation that defines x'. Then, the error covariance of x (P) may be approximated by the error of
x' (P') by,
P(t) = BP'(t)B T
(2)
which can be substituted into the Kalman gain for the original model of x. Owing to the smaller dimension, derivation of P' would be much easier than a direct computation of P.
The equation (model) for x', from which P' is computed, may be obtained by simply combining
B with the model for x. Denote the original dynamic model by a vector function F, which describes the
time evolution of model state, x(t);
x(t+ 1) =F(x(t))

(3)

x'(t+ 1) = B * F(X+Bx'(t))- B * x = F'(x'(t))

(4)

Then, substituting eq (1) yields,
where B* is the pseudo inverse of B.
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TIME INTEGRATION
When data are regularly assimilated, estimation errors often approach a steady-state limit. Using
such limit throughout assimilation eliminates the need for the continuous error integration. Storage
requirements for the smoother will be greatly reduced as well, as the time-varying error covariance need
not be saved (Fukumori et al., 1993). For time-invariant linear systems, the Riccati equation can be
shown under certain conditions to converge exponentially fast to a unique limit. In many situations, strict
convergence does not occur, because of time varying models (including nonlinear ones) and/or aperiodic
observations. However, experience shows that asymptotic errors, derived based on approximating such
systems as time-invariant ones, can still be effective when used in Kalman filtering and smoothing of timevarying systems.
Several efficient methods exist for deriving the asymptotic estimation error limit. One such method
is the doubling algorithm (Anderson and Moore, 1979), which allows integration of the error in increasing
time steps of powers of two. The doubling algorithm is a matrix recursion involving three matrices of
state dimension, and, for reference, is given below;
1

<l>(t+ 1) = <l>(tll + 'P(t)E>(t)l <I>(t)
-1

= 'P(t) + <I>(t)[I

T

+ 'P(t)E>(t)J 'P(t)<I> (t)
J + 'P(t)E>(t) <I>(t)
E>(t+ 1) = E>(t) +<I> (t)E>(tJLI

'P(t+ 1)

T

J-1

(5)

The recursion is started from,
<l>(l) =AT, 'P(l) = HTR- 1H, 0(1) = Q
(6)
where A is the state transition matrix and H is the observation matrix. Matrices R and Q are observation
and process noise covariances, respectively. Matrix E>(t) is the estimation error at time 2t.
NUMERICAL LINEARIZATION
For nonlinear models, the static filter may be derived using a time-invariant linearization of the
model, and the corresponding state transition matrix, A', can be computed numerically for use in the
doubling algorithm. For example, linearizing equation (4) around x,
x'(t+ 1)"" B * F(x+Bx'(t))- B * x

*

* aF

,

*_

"" B F(X) + B -Bx (t) - B x

ax

=B * F(X) + A ,x ,(t) - B * _x

(7)

Then, each column of A', ai, may be obtained by,
ai = A'ei"" B * F(x+Bei)- B* F(X)
(8)
where ej is the i'th column of the identity matrix, and the two terms on the right hand side can be evaluated
numerically using the model. Other system matrices may be constructed easily likewise. Similar construction for linear models also facilitate derivation of approximate filters and smoothers for large, complex
systems.
TOPEX/POSEIDON ANALYSIS
Results from an example of applying a static filter and smoother are shown in Figs 1 and 2. Fig 1
is a comparison of sea level anomalies along 12.5°N across the Pacific Ocean among measurements from
TOPEX/POSEIDON, an assimilated estimate with an approximate smoother, and a numerical simulation
without assimilation. The model is a linear reduced gravity shallow water model of the tropical Pacific
Ocean, with parameters typical of the first baroclinic mode, and is forced by 12 hourly winds of the
National Meteorological Center (NMC) analyses. The model has a 2° zonal and 1° meridional resolution
with a total state dimension exceeding 12,000 elements. An approximate filter and smoother was
constructed using a 10• by 5° grid and objective mapping as the transformation operator (Bin eq 1). The
coarse state has 831 elements and the assimilation required approximately 10 CPU minutes and 5 Mw of
memory on a Cray YMP. In comparison, a direct application of a Kalman filter would have required 150
Mw of memory and several hundred CPU hours.
The simulation has qualitative similarities with the satellite measurements (Fig 1), but quantitatively
accounts for only a few percent of the TOPEX observed sea level variance when averaged over the entire
model domain. In comparison, the assimilated estimate resolves many of the features in the measurements, and accounts for nearly 78% of the observed sea level variance. The seasonal change of sea level
- 504 -

600

600

600

,.... 500 41YI .... ~~·:·-:)o"·:•dl

('I

) /"'":""\~~

~i-

500-IV f\T

I 'd \f \ \ \

J \\\\\ I L\\\\ '\.1-

500

U i/ i .•:.:\\\)\\}-

400

0\
0\

......
.........

:><

Z§
~

U1

0

~

400-t::-·::-:·1·1";·· \tt"

:.... :

n- ..;u:\.irt~i:~

400-J...t• i•:..."'

ir':•-.,o''• t

U1

300

300

300

140

180
220
LONGITUDE (E)

260

140

180
220
LONGITUDE (E)

260

140

180
220
LONGITUDE (E)

Fig 1. Longitude vs time plot of sea level anomalies along 12.5"N. The three figures are
TOPEX!POSEIDON data (A), smoothed estimate (B), and model simulation (C), respectively. Contour
interval is 3 cm. Dotted curves denote negative: values. (A) was constructed by taking the raw data
between 11.5"N and 13.5"N, and averaging them in three day and 2" zonal bins. The values were further
smoothed for contouring purposes. Largest differences between (A) and (C) occur in the central Pacific.
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Fig 2. Zonal velocity anomalies (m/s) at O"N, 140"W; TAO measurement at 25m (solid
curve), smoothed estimate (diamond), model simulation (asterisk). Correlation coefficients
with the data for simulation and assimilation are -0.18 and 0.44, respectively.
at 12.5"N is associated with changes in the strength of the North Equatorial Countercurrent, and westward
propagating signals are associated with Rossby waves.
Fig 2 shows comparisons between estimated zonal velocities and current meter observations from a
Tropical Atmosphere and Ocean Array mooring (TAO; Hayes et al., 1991) at 140"W. Although assimilation was of only sea level data, current velocities of the assimilated result are closer to the observations
than the model simulation is.
·
·
SUMMARY
Approximate Kalman filters and smoothers can be constructed that require less computational
resources than otherwise and yet retain properties of the optimal solution to be effective. Examples of
applying such approximations to models in estimating ocean circulation from TOPEXIPOSEIDON altimeter data, such as the one above and others, will be discussed.
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The adjoint method is applied to the Geophysical Fluid Dynamics Laboratory Primitive Equation (GFDL PE) ocean model (Bryan, 1969) in a global configuration similar to that used in the
GFDL coupled ocean-atmosphere model (Manabe et al, 1991) in order to fit the model to climatological data and study model sensitivities.
Assimilation:
It is demonstrated that a successful assimilating of data into a fully complex OGCM critically
depends on three factors: model formulation, optimization problem formulation, and choice of the
initial guess for the optimization solution.
Model formulation: One of the main purposes of this study is to assimilate data into this
model in an effort to improve the model so it can be used in climate simulation runs with no data
assimilation. We therefore take the approach that the model used for the inverse/ assimilation
needs to be the sa:r•1e model that can be run independently in a simulation mode.
In coupled model studies, it is presently more crucial for the ocean model to get the SST
right than the heat flux, as the latter is corrected for using the artifieia.lly added flux correction.
This dictates a choice of boundary condition formulation that is different from what was used in
previous applications of the adjoint method to similar models. It is well known that ocean GCMs
give very poor results when driven by specified surface heat fluxes rather than using restoring to the
observed surface temperature. Previous applications of the adjoint method used flux conditions
in an effort to calculate the surface flux that results in a good fit to the observed SST as well
as interior temperature. Unfortunately, the results were not satisfactory, and a large drift of the
surface temperature from the observed one is found, up to 10 degrees at some places (Tziperman
et al, 1991). Marotzke and Wunsch (1993) suggested that this drift might be a result of the use of
a steady model which lacks the large seasonal signal in the SST, and that this problem might be
resolved using a. seasonal model.
We find here that (as might be expected) the use of restoring conditions in the inverse calculation eliminates the SST drift, while, of course, the fit to the heat flux is fairly poor. It is suggested
that an additional possible reason for the inability to fit both the SST and the heat flux data is
the known problems with the ocean model meridional circulation cell and the resulting problem
with the meridional heat flux in the model (Boning et al, 1993).
Optimization problem: The assimilation/ inverse is based on the formulation of a cost function
to be minimized, which measures both the fit of the model results to the data, and the dynamical
constraints. A given dynamical constraint can be formulated in many different ways. It has
already been shown for simpler GCMs that the ability of the optimization to minimize the eost
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function critically depends on the precise form of the cost function (Marotzke, 1991 ). We find that
a Primitive Equati..ms model is even more sensitive to the cost formulation. Several examples are
shown of cost formulations that seem to prevent reasonable convergence of the conjugate gradient
minimization algorithm in this model, as well as a more successful formulation for which the
optimization based on a PE model does converge.
Initial guess: The minimization of a cost function based on the equations of a. complex OGCM
as constraints is a highly nonlinear optimization problem prone to conditioning and local minima
problems which may slow the progress of the optimization or stop it alt.ogether (Tziperman et al,
1991, Marotzke, 1991 ). A good initial guess for the optimization solution can result in a. significantly
better performance of the gradient based minimization employed by the a.djoint method. We
show how simple assimilation methods (Sarmiento and Bryan, 1982, Tziperman and Bryan, 1993)
can be used to obtain an initial guess for the optimization that results in orders of magnitude
decrease of the cost function, thereby significantly improving the success rate of the gradient based
minimization.
Model Sensitivities:
The adjoint rnethod provides an efficient and elegant way of examining the linear sensitivity
of the model results on the various model parameters. The use of this tool for examining time
dependent sensitivities of various model outputs to specified model inputs will be demonstrated.
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Introduction

The Optimum Thermal Interpolation
System
(OTIS)
version
4. 0
has
been
implemented at Fleet Numerical Meteorology
and Oceanography Center (FNMOC) as part of
a data assimilation scheme designed to
produce
eddy
resolving
analyses
or
"nowcasts" of ocean mass structure.
The
objective analysis method used in OTIS 4.0
is based on the estimation theory known as
optimum interpolation (OI) , first described
in an oceanographic context by Bretherton
et al., (1976) . Direct application of OI
theory
requires
the
use
of
all
observational data simultaneously in the
analysis of each grid point. However,
computational
limitations
on
matrix
inversion
restrict
the
number
of
observations that can be incorporated into
a single interpolation step. The analysis
scheme implemented in OTIS 4.0 is derived
from the European Centre for Medium Range
Weather Forecasting (ECMWF) multivariate
volume analysis (Lorenc, 1981).
In this
scheme large numbers of grid points and
observations are gathered into volumes and
the OI system of equations is solved once
for all volume grid points. The process is
repeated at overlapping volumes in data
rich areas, but in data sparse areas,
typical for ocean thermal analyses, the
full grid is often analyzed in one volume.
This makes the scheme highly efficient for
high-speed vector processing computers, and
allows for the full potential of the OI
method to be exploited.
However, the greatest difficulty of
any ocean data assimilation system is the
lack of synoptic real time data coverage at
depth.
On a global basis, the daily
accumulation of bathythermograph (BT) data
routinely available to OTIS consists of
approximately 250 reports. This is clearly
not enough information to resolve mixed
layer and main thermocline variability.
Synoptic data are routinely available at
the surface in the form of satellite
derived
multi-channel
sea
surface
temperatures (MCSSTs),
but this presents
the further difficulty of effectively
coupling the abundant surface and sparse
subsurface data in the analysis without
producing
unrealistic
temperature
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inversions.
In OTIS 4.0, a real-time "ocean
bogus" data base is used in conjunction
with water
mass
climatologies,
ocean
feature models, and synthetic temperaturedepth algorithms to infer three dimensional
subsurface thermal structures from surface
patterns through the formalism of OI. The
ocean bogus is produced by subjective
interpretation of satellite IR imagery and
consists of a delineation of the surface
positions and characteristics of ocean
fronts and eddies.
The ocean bogus
provides OTIS 4.0 with dynamic water mass
boundaries, within which predictors of the
amplitudes of vertical empirical orthogonal
function (EOF) representations of the water
masses are estimated. The predictor fields
are then used in a canonical correlation
analysis (CCA) model to reconstruct full
surface to bottom water mass temperature
profiles at an adequate sampling density to
allow the or to resolve the thermal
structures
and
gradients
typically
associated with the front and eddy bogus
features, even in data sparse areas.
This
paper
gives
an
overview
description of the OTIS 4. 0 system, with
special emphasis given to the synthetic
temperature depth algorithms.
Analysis
examples and verification results for the
western
Pacific
and western
Atlantic
regional domains will be presented at the
meeting.
Synthetic Temperature Algorithm

Water mass climatologies in OTIS 4.0
are not defined in the classical sense of
temperature-salinity (TS) envelopes, but
rather as typical temperature profile
shapes.
This permits the majority of the
historical temperature profile data, which
have no associated salinity data, to be
used in the development of the water mass
climatology data bases. The techniques used
to define typical profile shapes are
designed to detect and exclude profiles
contaminated by transient events such as
meandering fronts and energetic eddies.
This is accomplished by a series of
objective techniques executed sequentially
in a processing protocol (Cummings and
Ignaszewski, 1994).

The water mass data sets created thus
far include: for the western Atlantic (20°N
- 55°N I 82°W - 40°W) ; Labrador Shelf Water I
Labrador Current Water, Mid-Atlantic Bight
Shelf Water,
Slope Water,
Gulf Stream
Extension Water, Gulf Stream Front Water,
Sargasso Sea Water, and Antilles Current
Water. For the western Pacific (20~ - 60°N,
140°E - 180°E); Sea of Okhotsk Water, Polar
Water,
Oyashio Front Water,
Subarctic
Water, Transition Water, Kuroshio Front
Water, Subtropical Mode Water, and North
Pacific Central Water. For the GreenlandIceland-Norwegian Seas (55°N - 75°N, 45°W 20°E), East Greenland Polar Front Water,
Icelandic Water, Southern Norwegian Sea
Water,
Northern
Norwegian
Sea
Water,
Norwegian Current Water, Norwegian Coastal
Current Water,
Western North Atlantic
Water, and Eastern North Atlantic Water.
EOF techniques are applied to the
analysis of vertical structures contained
in the water mass profile data sets. EOFs
decompose
the
water
mass
temperature
variability into a set of empirical modes
representing
vertically
coherent
structures.
The technique finds from the
data those functions of depth which most
efficiently describe the observations. The
modes of variability are ordered according
to decreasing values of EOF amplitude
variance, so that the t.otal temperature
variance,
given
by
the
sum
of
the
eigenvalues, is apportioned among the EOFs
such that the first mode accounts for most
of the total variance and higher-order
modes account for successively smaller
fractions of the variance. Effective noise
suppression and data compaction can thus be
achieved by allowing a reduced number of
EOFs to describe the data.
Canonical correlation analysis (CCA)
is used to isolate important coupled modes
of variability between the water mass
vertical EOF amplitudes (predictands) and a
set of predictor variables.
It has been
found that SST and normalized measures of
integrated heat content are, in general,
good predictors of the water mass vertical
EOFs tested so far.
The other predictor
variables used in the CCA models include
position (latitude, longitude) and day of
year. This set of predictor variables was
chosen because they are routinely available
in an operational OTIS 4.0 analysis. Other
predictor variables, such as sea surface
height from satellite altimetry, are under
investigation.
To
avoid
problems
of
highly
intercorrelated data fields in CCA, the
predictor variables are projected onto a
subset of the predictor EOFs before input
to the CCA. As pointed out by Barnett and
Preisendorfer (1987), this step allows the
predictor and predictand fields to be
filtered to eliminate noise and render the
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resulting canonical modes of variability
more stable with respect to sampling
variability.
The goal of canonical correlation
analysis is to calculate two new sets of
variables,
U and V,
that are linear
combinations of the original variables Y
and Z. Following Graham et al., (1987), the
required weights for transforming Y into U
are
found
by
solving
the
eigenval ue
problem,
[ (YYt) - 1 (yzt) (zzt) - 1 (zyt)

-

ui]

= 0

where
u are the eigenvalues of the
quadruple matrix product on the left side
11
and
give
the
squared
canonical
correlations 11 between Ui and Vi.
The
associated
eigenvectors,
R,
give
the
desired weights,
U

RY

=

The number of possible canonical
modes is determined by the rank of the
quadruple product. However, in many cases
the covariability may be accounted by a
much smaller number of modes.
Thus the
canonical
decomposition
allows
the
filtering of undesired variability much as
an
EOF
analysis
does.
Predictive
relationships for predicting Z from Y can
be calculated directly from orthogonal
contributions to Z from U,

z' =

SU

=

SRY

where
sij

=

<Ui zj >t

and z' is the estimated value of Z.
One other use of CCA in OTIS 4.0 is
the prediction of salinity from analyzed
temperature. In this model, vertical EOFs
of historical temperature CTD profiles are
used as predictors of vertical EOFs of
historical salinity CTD profiles.
In OTIS
4. 0, analyzed temperatures are projected
onto climatological temperature vertical
EOFs and CCA is used to predict amplitudes
of climatological salinity vertical EOFs.
The salinity field is then reconstructed in
the usual way. The derived salinity field
is thus more in agreement with the analyzed
temperature field than would be a simple
salinity climatology.
Ocean Bogus and Feature Models

In an OTIS 4. 0 analysis each grid
point
is
assigned
a
water
mass
classification
based
on
its
position
relative to the frontal paths and eddy
ellipses in the ocean bogus.
The water
mass classification in turn determines

which CCA model to apply at a given grid
node.
However, before the CCA models can·
be applied, SST and integrated water mass
heat content predictor fields are computed
in separate OI analyses using observed data
and
climatology or
previous
analysis
estimates as first guess fields.
In this
way, the synthetic temperature profiles
generated by the water mass based CCA
models are effectively coupled to the realtime data.
In addition, it is important
to point out that there is very little loss
of information of the predictor fields in
the final set of synthetic profiles.
The CCA model synthetic temperature
profiles can be further modified in OTIS
4.0 by front and eddy feature models. The
front feature models in OTIS 4.0 are
essentially orthogonal
cross
sectional
models that form expected frontal shapes
and gradients depending upon the location
of the observation relative to the frontal
paths. OTIS 4.0 calculates the orthogonal
distance and crossing point to each frontal
path in the bogus and transitions
water
mass temperature differences across the
front to the analysis location. Each front
is modeled by a separate feature model in
OTIS
4.0,
thereby
allowing
unique
parameterization of frontal widths, slopes,
and shapes. In the case of the Gulf Stream
and Kuroshio fronts this includes modeling
a warm core in the upper 200 m and a
frontal slope that is dependent upon depth
and curvature of the frontal path.
The eddy feature model in OTIS 4.0,
however, is truly generic.
The dynamic
topography of the eddy is calculated at any
location in the eddy ellipse by integration
of the gradient current balance assuming
the eddy rotates as a solid body (Joyce,
1984) . Synthetic temperature profiles are
derived within the eddy ellipse by solution
of a CCA model that relates dynamic height
and SST to vertical EOF amplitudes.
In
these models all of the historical ocean
profile data are used in computing the
EOFs, not just those profiles within a
water mass.
Optimum Interpolation

The analysis scheme in OTIS 4.0 has
been patterned after the volume method
(Lorenc, 1981).
Due to the variable
distribution of ocean data around the globe
with time, the volume boundaries in OTIS
4.0 are dynamically adjusted with data
density to ensure a sufficient number of
observations within each volume. Currently
the maximum number of observations allowed
in an analysis volume is 500. Each volume
overlaps one-half of the adjacent volumes
in all directions.
Thus, each grid point
is included within four separate volumes,
resulting
in
four
separate
analysis
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estimates at each point. The final result
is computed as a weighted sum of the
separate volume estimates, with the weights
varying from a maximum of one at volume
center to zero at volume edge.
The
overlapping volumes and averaging process
ensure a continuous analysis at the volume
boundaries.
Scales of variability in OTIS 4.0 are
based on the computation of space/time
covariance functions at the surface and at
permanent thermocline depths.
Covariance
functions are computed using a bin average
approach (Koblinsky et al., 1984), and
second-order autoregressive models of the
form,
<ti tj >

=

1- C 2 +C 2 ( 1+c1 rij) exp [ -c 1 rij l

where c 1 and c 2 are fitted coefficients, rij
is distance separating observations i and
j, and t is the normalized temperature
covariance, are fit to the covariance
functions using nonlinear least squares
procedures. While there is some variation
in the functions fitted for the surface and
permanent thermocline covariances, OTIS is
formulated to use the same covariance
function at all analysis levels.
The
covariance functions, however, were found
to vary among the OTIS 4 . 0 regional
domains.
OTIS 4.0 makes full use of the global
real-time observational data base that is
available at FNMOC.
Quality control of
observations prior to assimilation includes
a cross validation check of each suspect
datum against an analysis made at the
suspect observation location and time but
excluding the datum being checked.
Data
are initially flagged as being suspect by
comparisons with climatology,
previous
analysis fields, and local (1 degree bins)
time dependent variability limits.
Data
which are obviously in error are discarded,
while data which appear unlikely to be
correct are flagged for cross validation
and correction by manual intervention.
MCSST and buoy data are further
reduced in OTIS 4.0 by spatially averaging
observations and locations within grid mesh
length scales to form "super" observations.
The super observations are constrained to
be within the same water mass and of the
same data type, and are inverse time
averaged to emphasize the more recent data.
The synthetic temperature profiles,
modified by the feature models in the
vicinity of the front and eddy ocean bogus
features, and all real-time data sources
(BTs, TESACs, MCSSTs, ship SSTs, fixed and
drifting buoy SSTs) are referenced to the
first guess
field and added to
the
observational data base for the final data
assimilation run.
The first guess or
background field in OTIS 4.0 is the

previous analysis. However, when normalized
interpolation errors exceed 95%, profiles
from the Generalized Digital Environmental
Model (GDEM) temperature climatology (Davis
et
al.,
1986)
are
added
to
the
observational data base to slowly restore
the analysis to climatology in the absence
of any new observations. OTIS 4.0 assumes
a normalized error growth rate of 10% per
day.
One
other
important
source
of
information to the analysis system is the
location of ice covered seas.
This
information must be timely and not conflict
with the temperature data sources.
To
this end,
OTIS 4. 0 does an independent
analysis
of
SSM/I
ice
concentration
retrievals
(Cavalieri,
1991)
for
the
northern and southern hemispheres. The ice
concentration analyses are updated every 12
hours and provide accurate, contemporaneous
ice edge maps for the OTIS 4 . 0 thermal
analysis. Where ice concentration exceeds
a threshold value of 80%, supplemental SST
observations at the freezing point of
seawater are added to the observational
data base prior to the analysis. This
effectively produces realistic gradients of
temperature at the ice edge with freezing
seawater temperature values under the ice.
Analysis Verification

The quality of the OTIS 4.0 analysis
system is assessed through comparison of
newly received, yet to be assimilated
observations against the previous analysis.
This
provides
an
estimate
of
the
prediction, or persistence, error of the
analysis.
This is an appropriate measure
of performance since, essentially, this is
how the product is used operationally. In
addition to analysis prediction,
each
observation
is
also
compared against
climatology and the CCA water mass EOF
models. Other data about the observations
maintained in the data base include water
mass of origin and distances to bogus front
and eddy features.
This permits the
verification statistics to be stratified in
a
variety
of
ways
for
improved
interpretation of analysis performance.
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Introduction

The sea surface height (SSH) data from the satellite
altimeter are very attractive for physical oceanographers because of their global coverage and temporal
repetition. The potential use in monitoring the ocean
circulation (mesoscale to large scale) and improving
its predictability in numerical models is a subject of
increasing interest. Although several previous studies have shown this ability successfully using the 4D data assimilation model (Holland and MalanotteRizzoli, 1989; White et al., 1990; Melior and Ezer,
1991 ), there remain some problems that require further improvements for the modeling of ocean circulations and their variabilities: the most controversial one
is the estimation of the mean SSH field (e.g., Ezer et
al., 1993; Qiu, 1994). Due to the small ratio of the geographical changes in the mean SSH (1-2m) to those
of the Earth's gravitational field (~lOOm), the mean
SSH signal is usually lost when the unknown geoid is
removed. For oceanographic applications, however, the
mean SSH is required for determining the absolute SSH
field as an important forcing for ocean circulations, in
particular in the western and internal boundary current regions where spatial changes of the mean SSH
are comparable to those of the time-varying one.
Several methods have bee:n proposed in order to obtain the mean SSH field. Using different modeling techniques, Melior and Ezer (1991) and Melior et al. (1993)
showed several ways of reconstructing the mean SSH
from model averages. Kelly and Gille (1990) presented
an approach of estimating the mean SSH in the eastward flowing Gulf Stream on the basis of the kinematic
model, which was extended by Qiu and Joyce (1992) so
as to include the recirculation region. There is, however, some restriction in the application of these methods to the real ocean: for example, the use of the kinematic model is limited to the jet-like current regions
such as the Gulf Stream and the Kuroshio.
A different attempt was made to estimate the mean
SSH field based on the historical hydrographic data
(Tai and Wunsh, 1984; Tai and White, 1990). Since
mean SSH derived from climatological hydrographic
data can cover the global ocean, this method is more
applicable than others mentioned above. However, the
estimated mean SSH field could involve some error because of the uncertainty in specifying the reference ve-

locities, which may lead to significant errors in the velocity field (or the spatial change of the SSH). Several
studies were made to improve the mean SSH field estimated from the climatological dataset. For example,
Willebrand et al. (1990) used information from drifter
data to reduce the uncertainty of the altimetric SSH.
In this study, the model of Willebrand et al. (1990)
will be extended so that the mean SSH field from the
climatological hydrographic data can be well corrected
by assimilating the velocities derived from buoy data
into the model dynamics without any assumptions. To
focus on the construction of a new approach to estimate the absolute SSH from drifting buoy and altimetric data, the model is set as simple as possible: a 1.5layer primitive equation model is used as the numerical model, in which altimetric data provide the timevarying interface depths. Also, the nudging method is
adopted as an assimilation scheme of buoy data and
the optimal interpolation is used for the assimilation
of the altimetric data.

2
2.1

Assin1ilation model
Numerical model

The model basin is a rectangular ocean of 40° width in
both latitude and longitude that idealizes the western
part of the North Pacific. The governing equations are
familiar ones of a 1.5-layer reduced gravity model (not
shown). The boundary conditions are as follows. A noslip condition is imposed at land boundaries. At the
sea surface, steady wind stresses, 7), and r.p, are given
so as to force a double gyre system by

(rA, rq~)

= (rocos ( 21r (<P ~q~<Po)) , 0)

(1)

In order to conduct a twin experiment, random wind
stresses with magnitude of 20% of the standard deviation is added to the r;.. in the control run.
A 12-year spin-up integration is performed using a
grid spacing of 1/4°, followed by a 10-year integration
with fine (1/12° x 1/12°) grids. The last state which
is almost in dynamic equilibrium is used as the initial condition for the forecast and assimilation runs,
whereas in the control run the result of the additional
6-year integration with the random wind-stress components is used as the initial condition. Figure 1 shows
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these initial states (only for the interface depth). After 2.2 Obsrvation data
these treatments, a twin experiment is conducted for 1
The observation data in this study are introduced by
year. The values of parameters used here are summausing the result of the control run. The velocity data
rized in Table 1
are given from particle trajectories (regarded as observed buoy trajectories) which are tracked in the control ocean using a Euler-Lagrangian technique (Awaji
et
al., 1991 ). To examine how the assimilation. effimodelreg!On
( 40°' 40°)
(L>.,Lq,)
ciency
depends on the number of buoys, we test the
Latitude
of
1/Jo
following 3 cases. After dividing the model ocean into
15°
southern boundary
10° x 10° square regions (16 squares), one particle is
grid size
(d>., dq,)
(1/12°' 1/12°)
at the center of every region in case 1. In
deployed
2D.sin,P
parameter
Coriolis
f
case 2, 24 particles are deployed, of which 16 particles
8.4 x 10- 5 /s)
( at 35°N
are in the same manner as in case 1 and 8 particles
g'
1.96cm/s 2
reduced gravity
are randomly added near the western boundaries. In
6370 km
radius of Earth
R
case 3, 8 particles are deployed in the eastern domain
mean interface depth
600m
H
in addition to the particle deployment in case 2. Ushorizontal viscosity
5.0 x 10 6 cm 2 /s
AH
ing
these particle trajectories, the velocities at particle
amplitude of
ro
positions are observed every day by
the wind stress
l.Ocm 2 /s 2
a
40.8 km
Rossby radius of
u;(x;(n), y;(n)) = x;(n + 1)- x;(n- 1)
deformation
at 35° N
26.t
Table 1: Parameters in numerical model

v;(x;(n), y;(n))

= y;(n + 1)- y;(n- 1)

(2)

26.t

SSN

where 6.t is a time interval (1 day) and x;(n) and
y;(n) are the positions on day n of the i - th parti45N

(a)

cle. Errors of these velocities derived from buoy data
are about lOcm/s. The spaghetti diagram of the buoy
trajectories is shown in Fig. 2
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Figure 2: The spaghetti diagram of the drifting buoys.
The capital letters indicate the initial points for case 1
(A), case 2 (A, B), and case 3 (A, 8, C)

lBOE

Figure 1: The initial states of the interface depth
anomaly of the control run (a), and forecast run (b):
The contour interval is 50 m, and the shaded parts
represent the region of negative anomaly.
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The altimetric data are constructed every 17 days
from the interface depth anomaly along the Geosat
subtracks in the control run (Fig.3).

45»

following to Eq.5
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From Eq.5, the error of 'l)a is expressed as

E

=

(71-'l)a?
N

(}

(t{) 2 -

2L

L:ON

aki(t{ t!)

k=l

N

35N

N

+ LLak;aii(t[c{+e-%t()

30N

(6)

1=1 k=l

(~

The weight matrics ak is determined to minimize the
error of 'l)a by 8E/8ak; = 0, i.e.,

25Hl-20N

N

l SN W--'--''-.'-"'-'...!..-'
l40E

!45E

JSOE

JSSE

l60E

l65E

170£

l75E

+ c~cc0)
1 -

' \ ' CXJa·( c/ccl
f f
L...J

IBOE

0

f
E;f t 1

(7)

for each l

k=l

Figure 3: Point of the altimetric data along geosat
track

2.3

cl: t/

To assimilate the velocity data derived from buoy trajectories into the model, the nudging term is took into
account in the equation of motion as

=(Physics)- >.(u- u 0 )

r2

t - t0

T:exp( ~ )exp( ---y:-)

). =
{

a

nu.dgt.

(r

t[t{ = D 2 G~c1

(8)

is the Kronecker delta function,

rt)
= exp ( (r~cR
OI

2

)

The vaules of all parameters used for the assimilation
technique are listed in Table 2.

(3)

Rnu.dge

Q2jD·

~ 4Rnudge)

Ro1

(r>4Rnudge)

(4)
where r is the distance between the grid point in the
model and the observation point (buoy position), and
(t- to) is the difference between the observation and
assimilation time.
The reason that the nudging method is adopted is
simply to save computational time. In addition, the
buoy data assimilated in this study is not so many:
when considering Eq.3, we can obtain imformation of
at most one buoy nearby each grid point, suggesting
that the nudging method is favorable compared to the
optimal interpolation.
The absolute SSH, i.e., the estimated mean SSH plus
the time-varying SSH (71°) from the altimeter, is assimilated into the numerical model by means of the optimal
interpolation method (OI) (Marshal!, 1985; Melior and
Ezer, 1991; Ezer and Melior, 1994). Hence, the analysis value 'l)a is obtained from the model calculated value

nudging method
time scale
dumping time scale
dumping length scale

Ta
Td

d

0

= Q2 okl
G kl

where the terms of (Physics) represent all terms of a
1.5-layer primitive equation except for the time derivative terms. According to Holland and MalanotteRizzori (1989) and Haines et al. (1993), the nudging
factor >. is determined as
1

O~ci

where

Assimilation scheme

~~

In Eq.7, the model and observed error covariances
are assumed as

N

O.lday
1 day
40km

optimal interpolation
ratio of the model error to
observation error
correlation scale of
the model error
the number of
the assimilated data

1

160km
30

Table 2: Parameters used in assimilation

3

Assimilation of the buoy data

'vVe compare the assimilation result of each case to the
results of the control and forecast runs. To quantitatively assess the accuracy of the assimilation result, we
define the rms error and its reduction rate as
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(10)

where f represents each variable, and im and jm the
grid numbers in the longitude and latitude directions
respectively.
As shown in Fig. 4, the reduction rate of therms error for velocities in case 1 remains only 5-10%. In contrast, the reduction rate in cases 2 and 3 exceeds 10%
on average, in particular 25% during the last 100 days,
indicating significant improvement of the estimated velocities with increasing assimilated buoys. The reduction rate of the interface depth in cases 2 and 3 is beyond 10% after 100 days despite its indirect correction
(i.e., only due to buoy information). This shows that
the trade-off between the velocity and interface depth
successfully takes place.

A comparison of these results described above indicates an interesting fact that case 2 is much improved
compared to case 1, but case 3 with largest number of
buoys is almost equivalent to case 2 in improvement.
This suggests that the accuracy of assimilation results
strongly depends on the number of assimilated buoys
launched around the western boundary current.

buoy data
(number of buoys)
forecast
case 1
case 2
case 3
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interface depth

Assimilation of the altimetric
data

The altimetric data (time-varying S SH) is assmulated in conjunction with the estimated mean interface
depth. We make two experiments; case A with the
mean interface depth estimated from the forecast run
and case B with that of case 3. The buoy data are
incorporated to the experiment of case B.
Figure 6 depicts therms error and its reduction rate
in cases A and B, showing that the altimetric assimilation has effects for short periods after assimilation.
After 50 days the rrns error does not vary with the
reduction rate of about 40%. The most remarkable
feature about the interface depth is that the error does
not reduce to less than 45 m in case B. This might be
mainly due to the error in the mean interface depth
field (i.e., mean SSH).
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Table 3: rms error of the mean interface depth

reduction ratio or rms error of .velocity

,.., I

X

16
24
32

RMS error

by the buoy
(a) velocity, (b)

The improvement of the mean SSH (here, interface
depth) is one of the most important subjects in the
oceanic data assimilation. Figure 5 shows the maps
of the mean interface depth for control run, forecast
run, and case 3, the rms errors of which are shown in
Table.3

Summary

Using a simple assimilation technique, we demon-·
strated that estimation of the mean interface depth is
improved by assimilating buoy data into a model: the
mean interface depth is improved more than 10% by
using only 24 buoys. The present result also provided
some information about the buoys deployment system
to get better estimation of the mean field, but the detail remains as a future problem. A joint assimilation
technique combining the time-varying interface depth
(corresponding to altimetric data) with the buoy data
also was tested and compared using a twin-experiment
approach. The result showed that the accuracy of the
assimilation model is enhanced but it is restricted by
errors in the mean interface depth field. More sophisticated models such as those using the Kalman filter
or the variational method are required to solve these
problems.
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Assimilation of Data into the Hamburg Large
Scale Geostrophic OGCM
Ralf Giering and Ernst Maier-Reimer
Max-Planck-Institut fiir Meteorologie, Hamburg, Germany

We have assimilated data into the Hamburg LSG-OGCM [2, 3, 1] using the adjoint
data-assimilation method. A costfunction J has to be defined, which measures the distance between the data y and their model counterparts f (x) in dependence of the control
variables x.
J(x) = (f(x) - y)t E- 1 (f(x) - y)
In the present applications the error covariance matrix E is assumed to be diagonal. A
conjugate gradient algorithm minimizes the costfunction. For this purpose, the full adjoint
model of the OGCM has been constructed. Two different experiments are described.
In the first experiment, we assimilated sea surface temperature (SST) anomalies by
varying the boundary forcing. Three model trajectories have been calculated:
1. First, we calculated the wind stress anomalies from the ECMWF and the FloridaState-University data sets. These anomalies have been weighted with 0. 7 and respectively 0.3, and added to the climatological Hellermann wind stress. The integration
of the model forced by this combined wind stress yields to SST anomalies quite
different from the observed SST anomalies (RMS ~ 0.8°C). The time series of RMS
differences between model and data are shown by the line A in figures 1 to 3.
2. Secondly, we assimilated the Reynolds SST by minimizing the costfunction

J(r)

=

(SSTmodet(r) - SSTReynold)t E"n:ynold (SSTmodet(r) - SSTReynold)

The optimal wind stress anomaly has a RMS difference to the original wind stress
data sets of about 30mPa, while the RMS difference between model and Reynold
SST anomaly is only about 0.3°C (line B).
1

Corresponding author address: R.Giering, Max-Planck-Institut fiir Meteorologie, Bundestrasse 55,
D-20146 Hamburg, Germany
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J(I')

(SSTmodez(f) -

+
+

SSTReyno!d)t

(f -

fEGMWF)t

(f-

-1
WReynold

(SSTmodel(f) -

-1

W EGMWF (f-1

W FSU

fFsu)t

(f -

SSTReynold)

fEGMWF)
fFsu)

The optimal wind stress anomaly has a RMS difference to the ECMWF wind stress
anomaly of 10mPa and 15mPa to the FSU wind stress anomaly. TheRMS difference between model SST and Reynold SST anomaly is about 0.5°0 (line C).
In the second experiment we, assimilated XBT and MBT subsurface data by varying
the initial state I and minimizing the costfunction J(J):

J(I) =

(Tmodel- TxBT)t

+ (Wmode/

- Wmean

Y

ExkT

(Tmodel- TxBT)

-1
E mean

( Wmodel - Wmean)

The last term penalties deviations of the vertical velocities from the long term model
mean. Neglecting this term, the optimal initial state is unstable and the model yields
unrealistic high vertical velocities. The RMS differences between model temperatures and
XBT (MBT) measurements is reduced by about 20 percent. The remaining differences
are larger than the expected error of the subsurface measurements. The optimization of
internal model parameters and surface fl.uxes might reduce these differences.
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Assimilation of Altimeter Data in a Multilayer Quasi-Geostrophic
Ocean Model by Simple Nonlinear Adaptive Filter
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Abstract: Simple adaptive filtering approach in [1] is applied to design a nonlinear adaptive filter to estimate
the deep ocean current in a quasi-geostrophic (QG) ocean model. Due to nonlinearity of QG model the altimeter
data are assimilated into QG-model by a nonlinear filter with a gain estimated adaptively from observations. The
method, very simple in implementation and flexible in different situations is proved to be very promising in
solving the complicated assimilation problems for very high dimensional systems with unknown noise statistics.
Keywords. Data assimilation, altimetry, QG model, adaptive filter, stochastic optimization.

1. Introduction
In [1] a new adaptive filtering approach to parameter and state estimation in a dynamical
system
x(t + 1) = ci>x(t) + ru(t) + w(t), t = 0,1, .. .
z(t + 1) = Hx(t + 1) + v(t + 1), T = 0,1, .. .

(1)
(2)

is proposed where X ERn' u ERr' Z, V E RP. All matrices <I> ER nxn' rE R nxr' HE Rpxn are
supposed to be time-invariant. In (1,2) xis system state to be estimated, u is known force, z is
observation, w, v are model and observational errors which are white and mutually
uncorrelated and uncorrelated with x(O). The need to develop this adaptive filtering approach is
dictated by the two principal difficulties arising in practice of data assimilation in meterology
and oceanography: (1) very high dimension of system state (n is of order about 106); (2) poor
knowledge on process and observational noise statistics. The numerical experiment for onedimensional nonlinear advective model [1] shows a high performance of this approach which is
able to generate a nonlinear filter with estimation performance comparable to that of optimal
state estimate produced by Extended Kalman Filter (EKF) subject to perfect knowledge of
noise statistics. Moreover as demonstrated numerically the estimates obtained through the EKF
subject to wrong noise statistics are very bad in comparison with the adaptive filter estimates.
In this paper we present in detail a numerical experiment for altimeter data assimilation
in QG-model using the adaptive filtering technique. A nonlinear adaptive filter is designed
which is a solution of minimum prediction error (MPE) optimization problem in a class of
nonlinear filters of given structure. The numerical results confirm fully a high performance of
adaptive filter for QG model which is simple to implement, flexible to design regardless of
different types of model equations. Low-cost of adaptive filter, its capacity to work optimally in
asymptote without any a priori knowledge on noise statistics are very promising in future
studies concerned with an assimilation of data into complicated oceanic and meteorological
models.

2. Quasi-geostrophic equation
The dynamical model to be used in the assimilation system is a two-layer quasigeostrophic model which consists of L = 2 layers with the average layer thicknesses Hk and
the constant density in each layer pk. This model describing a conservation of potential
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vorticity can be discretized vertically and then we are given the L equations corresponding to L
layers [2]

a

(3a)

at ( Ll\j/- A\jf] == B
where \jl

=(\j/1····· VnLJT,
0
0
(3b)
-bnL -1
anL
ai-

f 02
f~
'
' bi---,
Higi-112
Higi+l/2

B=(Bt, ... ,BnL)T, Bk=J(ft,f2)+Fk+Dk

(3c)

fo
ft = Dyk + f + -(hk+l/2- hk-ll2),f2 == Yk
Hk
J(f,g) is the Jacobian operator, J(f,g) == (af I ax)(ag I ay)- (af I ay)(ag I ax). The notations k
and k+ 112 denote the centers of layers and their interfaces, hk+t/ 2 is the height of the interface
perturbation, which can be expressed as
hk+l/2 == fo

Yk+t-Yk

rk+l-rk
,g k+l/2 == g_::_;c..::.__~
g k+l/2
ro
I

I

(4)

with h 112 == 0, and hN+l/ 2 == hB the height of the bottom topography with respect to the bottom
of the lower layer; g is the gravitational acceleration. In Eq. (3) ~ is the horizontal Laplacian
operator, f == f o +by is the Coriolis parameter on the ~-plan, Dk represents a dissipation of
subgrid scale processes which is ensured by the use of a Laplacian lateral viscosity operator
Dk=A2D 2h,k==1, ... ,nL-l, and DnL=A2D 2ynL -CbDYnL in the bottom layer due to
bottom friction. The forcing term Fk expresses the wind forcing on the upper layer,
1 Ft == -k.Rott, and Fk == 0 fork> 1.
Ht

3. Nonlinear and reduced-order adaptive filters
3.1. Nonlinear adaptive filter
To perform a data assimilation into a QG model, we develop here a nonlinear adaptive
filter [1]. Write the equations (3a) in the following form:
x(t + 1) == f(x(t), u(t)) + w(t), t == 0, 1,2, ...

(5)

where f(.,.) is a nonlinear function. Usually, the use of a filtering technique is based on
linearization of function f around the mean vector E[x(t+l)]. This technique requires a
computation of equation for E[ x(t + 1)] which in turn depends on the higher moments of x(t).
Evidently that is a difficult task and such approach isn't advisable. One natural way to
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overcome a such difficulty is to introduce a closure for the first two moments as in the EKF
approach [3]. Then we have to neglect all the moments of third and higher order in the mean
equation and in the approximate equation for the propagation of the error covariance matrix
(ECM). As the latter is an (nxn) nonlinear matrix equation (like the Algebraic Riccatti Equation
ARE) we are faced with the same problem as arised in the implementation of the full KF which
should be avoided for the reasons as discussed in [1].
We outline briefly how the adaptive approach may be generalized to design the simple
nonlinear adaptive filters in which there exists no closure problem and no nonlinear matrix
equations must be solved. Introduce a family of the nonlinear filters
x(t + 1) = ~(x(t), u(t)) + Ks(t + 1), t = 0,1,2, ...
where s(t + 1)::: z(t + 1)- H~(x(t), u(t)),

~(.)is

(6)

a known function, K is a gain to be chosen to

minimize a prediction error I= E[sCtli:Ct)s(t)] where 1:(t) is a symmetric positive weight
matrix [1]. Construction of K will be described in next paragraph from which one can see that
its estimation normally requires a computation of the transition matrix of linearized QG model.
For computational reasons, the storage of this matrix can only be accomplished when the mesh
size is quite large. To do so let us introduce a class of so-called reduced order filters.

3.2. Reduced-order adaptive filter
The first step in numerical studying the meteorological or oceanic phenoments is concerned
with modelization, i.e. to develop a numerical model which results in obtaining a vector x(t) as
a system output. Using this computer code for a given x(t), a forecast x(t + 11 t) may be ·
calculated simply by integration of numerical model subject to x(t) as an initial condition at
instant t. Thus in evaluating the adaptive filter (6) (cf. [1]) with ~(.) = f(.) there is no difficulty
concerned with a computation of the forecast f(x(t), u(t)) and of the innovation vector
s(t + 1). The most computational load may arise in calculation of a gain K. One can see (cf.
[1]), a reduction may be accomplished by simplifying (reduction of dimension of) an adjoint
equation (AE) which participates jointly with innovation vector s(t) in numerical computation
of gradient of distance function. A reduction approach to be followed here concerns a
parametrization of K by a smaller number of unknown parameters which is based on reducedorder filtering method [4]. A closely related approach is performed in [5] to reduce a dimension
of ARE in approximation of the gain K. Formally suppose that a gain K is of a structure of a
product of two matrices
K=PKe

(7)

Pis a known projection matrix P:RP ~ R 0 of full rank (p << n) and Ke:RP ~RP is an
unknown matrix to be estimated. One can think of Ke s as an optimal correction part to a
reduced state estimate X.e(t + 1) which is updated in time by a recursive form
X.e(t + 1) = feCX.e(t)) + Kes(t + 1)

(8a)

and the operator P projects this "optimal" correction Kes in RP onto all components of
x( t + 1) in R n space. More precisely suppose that a class of nonlinear filters for producing
x(t + 1) consists of two equations: Eq. (8a) and
x(t + 1) = Pxe(t + 1)
Multiplying from the left of X.e(t + 1) by P yields
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(8b)

Pxe(t + 1) = PfeCxe(t)) + PKes(t + 1) = PfeCxe(t)) + Ks(t + 1)

(9a)

which shows that under constraints (8a,b) a class of filters (6) is specified as follows
s(x(t)) = Pfe(P+x(t)), Ks(t) = PKes(t)

(9b)

since for (nxp) matrix P of full rank, p+p = Ip and multiplication of p+ from the left of (8b)
gives xe(t) = p+x(t). Here p+ is a Moore-Penrose pseudoinversion for P [6]. The last
equation justifies PKes(t + 1) as a correction to be added to forecast f(x(t)) (for simplicity,
without loss of generality, let u(t) = 0) to obtain a filtered estimate x( t + 1). One way to specify
feCxe(t)) is based on requirement s(.) = f(.) or f(Pxe(t)) = PfeCxe(t)) from which the best
approximation for f e (xe ( t)) in mean-square sense is
(9c)

feCxe(t)) = p+f(Pxe(t))
Substituting (9c) into (9a) leads finally to the equation
x(t + 1) = s(x(t)) + PKes(t + 1), s(x) = pp+f(x(t))

(9d)

As P is determined a priori (for instance, as a spline operator) indeed we need to adaptively
estimate only pxp elements of Ke instead of nxp elements of K. Applying the method in [1] a
reduced-order adaptive filter is of the form (6)(7) where the elements Kij of Ke are updated by
S(t + 1) = S(t)- G(t + 1)[Velf(s(t + 1);8(t))]

(10)

where S(t) is a vector representation for Ke, G(t) is a factor chosen to ensure a convergence of
algorithm (10). As explained in [1], we have in turn
[d'I'[s(t);S(t -1)] I aKij] =

I <p \i, 't)s(j;'t -1;8(t -1)),

t = 2,3, ...

(11)

't=2

[(J\}/[s(1);8(0)] I dKijJ = 0

(12)

<p*(i;'t),s(j;'t) are the i-th andj-th element of vectors <p*('t),s('t) respectively, <p*('t) is a
solution of p-dimensional AE

* *('t+1)+pe('t),'t=t,t-1, ... ,1;<p *(t+1)=0
<p *('t)=Le<p
Pe (t) = -[ He<I>e]T L(t)s(t), p( 't) = 0, 't < t;
L; =

Li ,Le= [I- Ke(t -1)He]<I>e,

<I>e = p+[v x f(x(t)) ]P

(13a)

(13b)
(13c)

In the experiment the transition matrix <I>e is supposed to be approximated with [V x f(.)]
obtained by linearization process ofEq. (5) around a climatology xc. The i'th column of <I>e is
numerically determined by (see also [5])

<l>~ = <I>e ei = p+ f(xc + P ei)- p+ f(xc)
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(14)

where ei is the i'th column vector of identity matrix Ip.

4. Numerical results
4.1. Model discretization
We use a finite difference formulation for describing all the operators of equation (3a).
The Laplacian and dissipative terms are centered in space, the Jacobian is discretized with the
nine points potential vorticity preserving Arakawa's formulation [7]. For the computational
purpose, it is more convenient to diagonalize the matrix A in (3a) to solve the system in
uncoupled modes.
4.2. The experiment
The domain is a square box of 1875 kilometers side. The mean thickness of the two
layers is respectively 300 and 2700 meters. We chose the reduced gravity a such that the
external radius of deformation is of 16 kilometers.
Generation of the observation field_: The horizontal resolution is 181x 181. The model is applied
to the case of a zonal baroclinic jet on the beta-plane in a zonal channel with sponge layer
boundary conditions in x. The vertical structure of the jet is that of the first baroclinic mode,
with surface currents flowing eastward, and a counter-current at depth with velocities about
1110 of the surface velocities. The baroclinic mode is chosen to model the eastern
Mediterranean basin, and the jet to model the mid-Mediterranean jet. The jet is numerically
stable for more than one year in the model. We call it climatology. We generate observation
field in applying a zonal easward wind stress locally over the jet to force a northward meander.
Then the wind stress is stopped after two days. The assimilation problem consists in
assimilating observations of this perturbed field in a model of the equilibrium jet in order to
recover the full perturbed state.
The results: The matrix <l>e is built on a (2lx21x2) horizontal resolution grid. The filtered state
dimension is (10lx10lx2). Prediction vector is naturally generated on the same size grid. Gain
matrix Ke is chosen diagonal with the diagonal elements to be updated by Eq. (10). In Fig. 1 a
time evolution of a maximum value of elements of Ke is displayed. After 40 steps, a steady
state is reached. This is a good criteria for the evaluation of the convergence of Ke(t). Fig. 2
2

2

shows the evolution in time of llsnCt)ll -llsnrCt)ll - a difference between the square norms of
innovation vectors with ( Sn(t) -with observation noise) and without observation noise ( SnrCt)
- noise-free). The trace of the normalized observation error covariance matrix is of order about
6. This value is in good agreement with the curve plotted and depends on the particular noise
realization. The last picture describes the evolution of the normalized Estimated Mean Square
Error (EMSEF) for the Filtered estimate. According to formula (C2) (Appendix C, [1]) this
result illustrates almost unimprovable performance of filtered estimate.

5. Conclusion
We have tested an efficiency of a nonlinear adaptive filter to assimilate observation data
into a QG ocean model. The advantages of the method are: (1) A nonlinear filter is constructed
entirely on the basis of structure of QG model hence there exist no problems such as a closure
for mean equation in EKF approach; (2) Optimal gain is estimated directly from observations
without a need to specify any model and observation noise covariance matrices and solve the
associated ARE as in EKF which requires a solution of (10lxl01x2)x(10lxl01x2+1)/2 =
208131003 nonlinear equations for present example; (3) Although a great reduction of
estimated parameters in K (from (101x101x2)x(21x21x2) = 17994564 elements of K to
2lx2lx2 = 882 diagonal elements of Ke) is accomplished the adaptive filter is still capable to
produce the state estimate with quite good performance; (4) Method can be applied to any
oceanic or meteorological models without requiring specific numerical developments (like a
developement of adjoint code in adjoint technique for each particular model equation).
As a final remark, the following impressionnable fact should be mentionend: as adaptive
filter requires only matrix-vector multiplications [1], only about one minute and twenty seconds
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are required to run the QG adaptive filter over a two year time period of observations in IBM
Rise 6000 computer. Its efficiency for nonlinear QG system thus is well demonstrated. The
numerical results concerned with a scalar nonlinear advective equation [1] show that a
performance of state estimate produced by the adaptive filter is much better than one of EKF
subject to wrong noise statistics. The success of present experiment on assimilation of altimeter
data by adaptive filter into QG model is thus very encouraging and promising.
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Abstract
The variational data assimilation method using adjoint equations is applied to assimilating
simulated Geosat altimeter data taken from a nonlinear quasi-geostrophic, eddy-resolving model into
the same model. A meandering ocean current and dipole eddies are chosen as typical mesoscale
features, which influence feasibility of real altimeter data assimilation. Major concerns are on
horizontal (normal to satellite tracks) resolution, temporal resolution and reconstructing vertical
profiles. A two-layer model chosen here is simple but includes the essential mechanisms for current
meanders and eddy propagation such as baroclinic instability and interaction between surface and
subsurface layers. Assimilation is carried out for 2 repeat cycles (34 days). Results are shown after
40 iterations with initial and boundary conditions varied as control variables.
Using only ascending track data, the developed assimilation scheme successfully reconstructs
meandering current structures upto its maximum speed of 0.5 m s-1 • Meanders are not captured in the
faster currents, because they grow too rapidly. Dipole eddies are reconstructed for their lower-layer
structures as well, once they extend over two tracks. Reconstruction of the vertical profiles encourages
us as it would enhance usage of satellite altimeter data.
The feasibility study is extended to the further application of the present method to surface
velocity data collected with drifters. The velocity data are taken from a 450-krn long model of the
continental shelf at 5 points every 3 days. The assimilation is successful for reproducing simulated
flow field including an along-shelf current and mesoscale eddy features generated over a bank. Thus,
it is shown that the variational method has potential of detecting subsurface field from observations of
surface field.
1. Introduction
For utilizing satellite altimeter data further, assimilation of the data into numerical models is
attempted; e.g., assimilation has potential to interpolate the data dynamically and produce more
comprehensive flow field than objective analysis does. In particular, vertical transfer of surface
information to the subsurface ocean is a key factor to expand application of altimeter data and is
expected to be obtained for any type of satellite remote sensing. This problem can be solved in
principle, because sea surface topography certainly depends on subsurface structures: e.g., there is a
difference in propagation speeds between barotropic and baroclinic Rossby waves (Webb and Moore,
1986). Since altimeter data is collected along tracks at intervals of 50-200 km and repeat cycles of
10- 30 days, horizontal and temporal resolutions are the other concerns to be investigated.
A sequential updating (nudging) method has to rely on dynamical adjustment taking place in the
model, and has the drawback that long time is required before subsurface structures are reconstructed
well (Haines, 1991). Hence, assimilation at small time scales -wo days is unsatisfactory. Since the
variational methods make use of all the data available during an assimilation period, that drawback
could be overcome.
Investigation of the variational method in terms of the vertical transfer problem is rather limited.
Among application of the variational method to altimeter data, Moore (1991) used a feature model to
generate the subsurface structures. Schroter et al (1993) employed a one-and-half layer model with
no motion in the lower layer. These studies had no attempt to tackle this problem. Cong and Ikeda
(1994) investigated the vertical transfer using a linear Rossby wave model and pointed out its
feasibility in such a simple model. In this paper, the method used by Cong and Ikeda is extended to
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the nonlinear model. The results are first shown for the altimeter data, and then the application to
surface drifter data is presented.
2. A numerical model and altimeter data sampling
A two-layer version of the quasi-geostrophic model used in lkeda and Apel (1981) is chosen here:
meanders grow in an ocean current taking potential energy from the mean density field (baroclinic
instability), dipole eddies propel themselves by nonlinear interaction, and two vertical modes exist in a
Rossby wave. The governing equations express conservation of potential vorticity in two layers. The
upper layer with a thickness of 500 m overlies the 4500 m-thick lower layer. The density difference
is 1 kg m-3 between the two layers.
The Geosat data sampling scheme is as follows: the data were collected along tracks sequentially
from west to east at -no km intervals around -40 °N, with 3-day lags between two consecutive tracks.
This data set was repeated with 17-day cycles. Since the descending track data are often noisy in the
Gulf Stream region, only the ascending track data are considered here. The ascending tracks have
orientation angles of -20 o turning counter-clockwise from north. To focus on the vertical transfer
problem, a simple geometry is chosen: a channel model over a flat bottom is taken normal to the
tracks. The model domain has a length of 770 km, covering 8 tracks and a width of 220 km.
The centered finite difference scheme in time and the Arakawa's 9-point Jacobian in space are
used for stable computation with minimum horizontal viscosity. Viscosity should be reduced as much
as possible, because large viscosity would degrade propagation of error information. The grid size is
chosen to be 11 km (half internal deformation radius), and the time step is 1/16 day.
3. Assimilation method
An objective of the variational method is to find the minimum in a cost function, which measures
differences between a model solution and data, under the constraint specified by governing equations.
The cost function contains also regularization terms (the second derivatives of potential vorticity).
Here, the control variables, which are varied to minimize the cost function in an iterative procedure,
are initial and boundary conditions. In our system, the data points (on 8 tracks in 2 repeats) are much
fewer than the control variables. The regularization terms are effective in solving this ill-conditioned
problem.
The minimum point in the cost function is reached by descending along the directions of gradients
of the cost function with respect to the control variables. An efficient way to calculate the gradients is
to solve the adjoint equations, which are obtained by setting partial derivatives of the Lagrange
function (defined by the sum of the cost function and the governing equations multiplied by Lagrange
multiplier) with respect to the streamfunction to zero. The gradients of the cost function become equal
to the partial derivatives of the Lagrange function with respect to the control variables. The step size
to the minimum point in the cost function is searched from all gradients by the Polak-Ribiere-Polyak
conjugate gradient algorithm.
The procedure of the present data assimilation is as follows:
(1) the governing equations are integrated forward in time, starting with a first guess of the control
variables,
(2) the adjoint equations are integrated backward in time, by accumulating differences between the
solution and the data,
(3) the gradients of the cost function are computed,
(4) the optimal step size along the direction of the steepest gradient is determined,
(5) a set of new control variables are obtained from the optimal step size and the gradients.
The steps (1) to (5) are repeated until the cost function approaches zero.
The key component to efficient assimilation is the preparation step prior to the actual variational
method. In the preparation step, a ratio of streamfunctions in the two layers is chosen by optimizing
the cost function instead of the lower-layer control variables. In the variational method, this optimal
solution is used as a first guess, and the constraint by the constant streamfunction ratio is removed.
4. Results: altimeter data
The existence. of an exact solution enables checking convergence by global errors, which are
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gathered at all grid points and all time steps. Since reduction of the cost function does not guarantee
convergence to the exact solution in an ill-conditioned problem, the global errors are used to judge the
assimilation results.
A meandering jet is first studied. An eastward-flowing initial jet has a small-amplitude meander
in the domain with a 0.5 m s-1 maximum speed. The meander grows into a series of meanders due to
baroclinic instability and separated eddies in the assimilation period. The streamfunctions are shown in
Fig.1, being called as a control run. The simulated data are taken on 8 satellite tracks, the western and
the eastern extremes of which are on the upstream and the downstream boundaries, respectively. The
preparation starts with the straight upper-layer jet without the initial meander. The first guess field,
generated by the preparation step, contains major features of the flow patterns as shown in Fig.l. The
actual variational assimilation, starting with the first guess, is carried out with 40 iterations of step (1)
through (5). The solution in Fig.1 tends to approach the exact solution. The global errors are reduced
by a factor of ~0.6 by the preparation and then by a factor of ~0.3 by the variational assimilation: the
final errors are ~20% of the errors before the preparation.
It is clear that the assimilation is successful for reconstructing the simulated data both in the upper
and the lower layers. The convergence is commonly achieved in the cases with the maximum speeds
of the initial jets from 0.1 to 0.5 m s- 1• However, assimilation fails, once the jet increases its speed to
0.6 m s-1 : the errors reduce only by a factor of 0.8 through the entire procedure. The reason is that, as
the current becomes stronger, the meanders grow faster. Since the time scale reduces, and nonlinearly
increases, data assimilation becomes harder.
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Fig.1 Comparison of the streamfunctions in (a) the upper and (b) the lower layers among the control
run, the first guess and the assimilation solution in the case of the meandering jet with its initial
maximum speed of 0.5 m s- 1 •
Dipole eddies are investigated next, as shown in Fig.2. Two Gaussian eddies with e-folding radii
of 66 km are imbedded in a motionless domain at a distance of 77 km between the two centers. The
amplitudes in the lower layer are 10% of the upper-layer. The velocity between the eddies is ~0.3 m
s-1 westward in the upper layer, and the eddies move westward at a speed of ~0.03 m s- 1• The control
run is carried out in the full domain with 8 tracks, while the assimilation domain is limited to the
western portion covering only 4 tracks: the eddies partly appear initially and move into the assimilation
domain. The smaller assimilation domain is used to examine effects of the control variables at the
eastern boundary.
The preparation starts with zero field, reducing the global errors by a factor of 0.2. The global
errors reduce by a factor of 0.2 again during 40 iterations of the variational assimilation. Successful
assimilation is achieved with any vertical profile: the lower-layer amplitudes from 5% (nearly
baroclinic) to 100% (barotropic) of the upper layer. The most critical parameter is the eddy size: once
the eddy size is halved, assimilation becomes difficult. Thus, the assimilation is limited by the
horizontal resolution in this case.
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Fig.2 Comparison of the streamfunctions in (a) the upper and (b) the lower layers between the control
run and the assmilation solution in the case of the dipole eddies with their initial vertical profiles of
the lower-layer amplitudes 10% of the upper layer.
5. Assimilation of surface velocity data
Surface velocity could be the other source of information with regard to dynamical field in the
upper ocean. Data can be collected with drifters, where they are deployed. Without any instrument,
sea ice is available in the ice-covered ocean as a tracer. Once the direct effects of wind forcing,
which induces Ekman shear, are removed, the residual velocity data provides nearly geostrophic flow
field in the upper ocean.
Circulation over the continental shelf is considered in this section. The model has a domain of
450 km (along-shelf) x 180 km (cross-shelf), containing the shelf with a depth of 400 m and a width
of 150 km. There is one bank set on the shelf with a height of 80 m. The water column is divided
into two layers with the 100-m thick upper layer. The density difference is 1.5 kg m-3 between the
layers. The inflow through the upstream (to left facing offshore) boundary is fixed during the 12-day
assimilation, producing a typical along-shelf flow with a speed of 0.2 m s-1 • A wavy perturbation is
initially superimposed upon the along-shelf flow and evolves as time progresses. The data is taken
randomly at 5 points every 3 days: there are 20 data points.
The first guess field is taken to be a quasi-steady field generated by a long (100 days) calculation,
where the upstream inflow is identical to the control run, but no perturbation is given. The variational
method is employed, starting with this first guess. The control run solution and the assimilation
solution are presented in Fig.3. The streamfunctions are very well reconstructed mboth layers.
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Among all variables, the interface height variability has the slowest convergence, which is related to
low horizontal resolution of the velocity data.
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Fig.3 Comparison of the
streamfunctions and the
interface height between the
control run and the assimilation
solution at Day 12 in the case
of the shelf model.
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6. Conclusion
It has been shown using the simulated altimeter data that the present data assimilation method is
successful in reconstructing a meandering jet with its maximum speed of 0.5 m s-1 and dipole eddies
with their sizes comparable with the track intervals. The method has failed with the faster jet and the
smaller eddies. These two limitations are related with the temporal and the horizontal (cross-track)
resolutions of the data. Once the data resolutions are high, the vertical profiles are reconstructed well.
The present method is capable of assimilating surface velocity data as well. With the example
over the continental shelf, it has been shown that a barotropic component is better reconstructed than a
baroclinic component, which has smaller horizontal scales and is more seriously affected by horizontal
resolution.
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1. Introduction and motivation
Remotely sensed altimetric data show that the richest variability of oceanic circulation is associated with swift western
boundary currents (WBC), off the east coasts of the continents (Wunsch and Stammer 1994). The low-frequency variability
and, to some extent, bimodality of various WBCs are also well documented with either conventional or satellite data (e.g.,
Qiu and Joyce 1992 for the Kuroshio; Olson et al. 1988 for the Brazil Current; Roemmich and Cornuelle 1990 for the
East Australia Current, and Brown and Evans 1987 for the Gulf Stream). Because advection is of the essence in WBCs,
nonlinearities are thought to be important in causing their variability.
In a nonlinear system, multiple equilibria may exist, and the system can undergo abrupt transitions from one equilibrium
to another as parameters change. Such bifurcation phenomena have been observed in numerical ocean models (e.g., Jiang et
al. 1994; Cessi and Ierley 1994; Ierley and Sheremet 1994). As the nonlinearity becomes sufficiently strong, chaos eventually
arises, implying irregular behavior of certain systems governed by deterministic laws (Lorenz 1963). Chaotic wind-driven
circulations have been obtained in both a low-order barotropic system (Veronis 1963) and a full quasi-geostrophic (QG)
model (McCalpin and Haidvogel1994). The latter exhibits strong low-frequency variability of a double-gyre system between
high- and low-energy states. During the high-energy regime, an extended eastward jet is present and quasi-stable, while the
low-energy states are characterized by vigorous meandering and eddy activity. Transitions from equilibria to limit cycles and
- through period doubling- on to chaos were studied in a double-gyre, shallow-water (SW) model (Jiang et al. 1994; Speich
and Ghil 1994).
In the presence of WBC variability in both the observed data and numerical model, a challenging problem is to track the
nonlinear variability in detail. There are two steps to be considered in such tracking: 1) driving model states toward the
observations' attractor (fixed point, limit cycle, or strange attractor); and 2) matching the amplitude and phase of oscillations
on the attractor. The successful completion of both steps depends on many factors, such as the accuracy of model and data,
spatial and temporal coverage of measurements, and assimilation method.
When a nonlinear system is not perfectly described, the model error can distort solutions in any regime, steady, periodic
or chaotic. As a step in studying the interaction of model error with nonlinearity, we examine here how the periodic solution
of a deterministic nonlinear SW model is disturbed by stochastic noise. The noise is mainly attributed to the incomplete
knowledge of the system's dynamics, namely subgrid-scale errors.
Ghil and Malanotte-Rizzoli (1991) have reviewed a wide variety of data assimilation methods for both atmospheric and
oceanic systems. Advanced data assimilation schemes in very simple but strongly nonlinear systems have been studied by
Miller et al. (1994). Optimization of the updating interval in a nonlinear SW model has been discussed by Jiang (1994).
The Kalman filter (KF) assigns optimal weights to observations according to the system's dynamics (e.g., Jiang and Ghil
1993; Todling and Ghil 1994). However, its huge computational burden prevents this method from being directly applied
into the present model with n
15000 grid-point variables. As a compromise between optimality and feasibility, we choose
a suboptimal scheme, called improved optimal interpolation (IOI), to perform our data assimilation experiments. The initial
analysis error covariance is estimated empirically, as in conventional optimal interpolation (01) (e.g., Hao and Ghil 1994);
but with a more appropriate inclusion of model error, as in the KF.

=

2. The stochastically perturbed nonlinear model
The :fluid is assumed to consist of a single active layer of constant density p and variable thickness h( :c, y, t), overlying a
deep and motionless layer of density p + lip. The model domain is confined to a rectangular basin given by 0 ::; :n ::; L and
0::; y::; D, with equilibrium depth H, :c eastward and y northward Cartesian coordinates. The governing equations are

av
~
-a
+(V· V+ V· V)v = -g'hVh- k x fV + (aAAV 2 t

:r

R)V +a.,.-,
p

ah

-=-V'·V

at

'

(2.1a)

(2.1b)

where V= hv = h(ui + v]) is the horizontal transport, f = fo + {:Jy the Coriolis parameter, and g1 =(lip/ p)g the reduced
gravity. The model ocean is driven by a zonal wind stress f = r"'i; we choose r'" = -r0 cos(21ryj D), where r0 is the amplitude.
The bottom friction and the lateral viscosity are scaled by Rand A, respectively. No-slip boundary conditions are used. The
discretization by finite differences is described in Jiang (1994). The experimental parameters are listed in Table 1.
1
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Figure 1: Snapshots of noise-corrupted h :field (upper row) and the true :field (lower row) at: 6,-12, 18, 24, 30, and
36 months. Solid curves stand for h ;:: 500 m and dashed curves for h < 500 m; the contour interval is 5 m.

Table 1.
A=300m~
R 5 X 10- 8 8-1
To= 0.1 N m- 2
P = 1022 kg m-3

=

Model parameters.

fo = 5 x 10-lr$-1
{3 = 2 x 10- 11 m-1
91 = 0.031 m 8-2
flt 20 min

=

8 -1

=

L 1000 km
D= 2000km
H = 500 m
fl:c, y 20 km

=

By setting a, = 0.8 and a A = 1.0, we obtain a periodic solution (Jiang et al. 1994). Snapshots of the h field are shown in
the lower row of Fig. 1 at 6-month intervals for a total of 3 years (slightly longer than the basic 2.8-year period). The middle
panel of Fig. 2 shows the time-continuous h anomalies along a meridional section at :c = 80 km, where the two WBCs are
confluent near the maximum wind-stress line. The h anomalies are largest near the jet axis with alternating positive and
negative patterns and correspond to a perfectly periodic oscillation of the eastward jet.
One of our goals is to investigate nonlinear response to model noise (ut), assumed to be random. The model noise
ut contains the velocity components ut, and mass component u~. The velocity noise ut, is derived from u~ through the
geostrophic relations. We further assume that u~ is Gaussian and white in time, with zero mean and covariance matrix Q~c,
k being the time-step index. The correlation structure of Q~c in space is described by the Gaussian exponential function
(Jiang 1994). The noise ut is fed into the model at every time step, with an amplitude u~ equal to 2.45 m per 12 day, the
updating interval.
The upper panels of Fig. 1 show the h field produced by the noise-driven model at 6-month intervals. The divergence from
the purely deterministic model simulations in the corresponding lower panels is obvious. The shape, strength and position
of the recirculating gyres (e.g., at 12 months), eastward jet (e.g., at 18 months), interior eddies (e.g., at 30 months), and
downstream meanders (e.g., at 36 months) are all severely distorted. The difference of time-evolving h anomalies between
noise-contaminated (upper panel of Fig. 2) and true solutions is even more striking. The contaminated h anomalies are
irregularly distributed along the cross section at :c = 80 km, although the fluctuation is still strongest near the jet axis.
The periodicity of the solutions is lost after 10 months. Around the 18th month, negative anomalies occur near the
middle of the cross section, where maximum positive anomalies are supposed to occur in the unperturbed solution. Shown
in Fig. 3 is the 36-month evolution of domain-averaged root-mean-square (RMS) errors for h (thick solid), u (thin solid)
and v (dashed) (curves labeled "Mod"). The error growth is parabolic at first, as in linear noise-driven models. It saturates
in about one year, after which it fluctuates in time due to nonlinear effects. The loss of the system's periodicity and hence
predictability, due to model noise, incites our interest in tracking periodic and, eventually, aperiodic solutions using observed
data.
3. Tracking the periodic solution with altimetric data
Satellite altimetry offers the prospect of global coverage of surface height and geostrophic currents on synoptic time scales.
Altimetric data are used to perform the assimilation experiments here. In the absence of a sufficiently long stream of real
altimetric data, we use simulated data first. These are sampled from the unperturbed periodic simulation, with observation
errors added to account for uncertainties from geoid, tide, orbit, and atmospheric transmissivity. This approach is slightly
more realistic than the classical identical-twin assimilation, in which observations are assumed to be perfect. We summarize
the sampling strategy as follows: 1) Only one set of tracks, i.e., ascending or descending tracks, is used in the analysis; tracks
run south-north. 2) Along each track, data are sampled every 40 km (every other grid point). 3) Two adjacent tracks are
100 km apart. 4) The orbit repeating period is 12 days; data collected during each period are assimilated into the model
simultaneously at the end of the period.
The 101 method (Todling and Cohn 1994) is used to update the h field. The velocity fields can be also improved from the
updated h field using geostrophic relations, since oceanic motions at these scales and latitudes are vary nearly geostrophic.
The 101 scheme has two parts:
i) State update

[ ~~:: ] = w ( [

[;i] = [ ~~] +GK{

;i ]) '
01

(hk

ii) Covariance update
K1o1
_ stHT(H ks'HT
k-Ick
ick
s£+1

-H~ch0.

+ R l)-1
e'

= sk + Q~c

Sk =(I- K{ 01 Hk)S{

(3.1a)

(3.1b)

(3.1c)
(3.1d)

,

(3.1e)

where s{•a ::::: E(h£•"- ht}(h£•a - ht)T . The matrix W is the discrete dynamics operator describing the system (2.1);
the weight matrix K{ 01 , acting on the height measurements only, is multiplied by the geostrophy matrix G that projects
the h field onto the V field. The observation matrix H~: is constructed from the sampling network. The observation error
covariance Rk is a diagonal matrix with the variance for heights equal to 1 m 2 • Here, S 0 = 0 is specified since the model's
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Figure 2: Time evolution of h anomalies along x = 80 km for 36 months: upper panel for noise-corrupted h
anomalies; middle panel for true anomalies; and lower panel for assimilation of altimetric data every 12 days,
starting at 18 months. The solid and dashed lines are for positive and negative anomalies, respectively. The
contour interval is 5 m.
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Figure 3: The 36-month evolution of RMS errors averaged over the whole domain. h (thick solid), u (thin solid)
and v (dashed) are normalized by RMS errors at the 36th month (cf. ha, U 0 and V 0 in the inset), respectively.
"Mod" indicates the model's RMS error growth, without assimilating observations, while "IOI'' shows the RMS
error reduction when the model is updated by altimeter data every 12 days, starting at 18 months. The arrow
labeled "obs" marks the observational error level (in h only).
initial state is identical to the true solutions. The distinctions between this method, the truly optimal KF and operational
OI techniques are discussed by Jiang (1994).
We begin to assimilate altimetric data into the model at 18 months, as pictured in the lower panel of Fig. 2. Comparison
with the figure's upper and middle panels shows that the periodic solution is recaptured as observations are being processed.
The time evolution of the domain-averaged RMS errors is shown in Fig. 3 (curves marked "IOI").
When the initial observations are assimilated at 18 months, the RMS error of the h component immediately drops to
the observational error level, labeled by the "ohs" arrow on the ordinate. The RMS error quickly settles thereafter into a
nearly periodic pattern with the repeating interval of 12 days as the period. Within each period, a continuous increase of
the RMS error, due to the presence of model errors, is accompanied by an instantaneous reduction below the observational
error level at each observation time.. The RMS error of .the h field in this experiment is well controlled by the quantity of
data available. Furthermore, since the u and v fields are also updated via the geostrophic relations, the RMS errors of these
two fields are accordingly suppressed. Figure 4 shows snapshots for the updated h field at (a) 24 months, (b) 30 months
and (c) 36 months. By comparing to Fig. 1, we see that the large-scale circulation patterns track the unperturbed periodic
solution rather well, despite the noticeable difference at smaller scales.
4. Summary
We have examined how the periodic solution of our deterministic nonlinear SW model is disturbed by random model
errors. Due to nonlinear processes, the noise-corrupted system loses its periodicity and hence predictability. By assimilating
simulated altimetric data into this stochastically perturbed model with the IOI technique, we can faithfully track the system's
periodicity that had been lost.
Acknowledgment. It is a pleasure to thank Z. Hao, P. Malanotte-Rizzoli, D. Stammer, R. Todling and C. Wunsch for
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We describe a heat anomaly transport in the upper-ocean mixed layer in the Kuroshio
extension region and the subtropical gyre of the Northwest Pacific. Emphasis is on behavior
in the cool season (December - March) during the Asian Winter Monsoon. The heat anomaly
transport is estimated by using an inversion technique for the stochastic partial differential
equation for the heat anomaly balance of advection, diffusion, stabilizing feedback and
atmospheric forcing. The inversion consists in (i) derivation of a statistical parametric model
from the heat anomaly balance equation; (ii) fitting the derived statistical model to the sea
surface temperature (SST) anomaly covariances; (iii) calculation of the heat anomaly net
advection velocity, horizontal diffusion coefficient, feedback factor and atmospheric forcing
correlation from the parameters of the evaluated statistical model.
The heat anomaly balance of the upper-ocean mixed layer is governed by the following
averaged advection-diffusion equation (for derivation and discussion see Piterbarg [1987]):
()T

at+ (v,V)T = KV2 T -llT + e,

(1)

where T = T(t,r) is the temperature anomaly, by which we mean, the departure at time t
from the annual cycle at location r = (x,y).
The second term on the left-hand side of (1) represents the net horizontal advection of
the SST anomalies: v = (u, v) is the seasonally varying net advection velocity integrated over
the mixed layer and u and v are the zonal and meridional components of the advection
velocity.
On the right-hand side of (1) the first term describes horizontal mixing: K is the heat
diffusion coefficient varying with season. The diffusion is produced by subgrid turbulence,
mostly by mesoscale eddies, which are smaller in size than the data spatial resolution.
The second term on the right-hand side of (1) represents joint effect of (i) SST anomaly
damping due to the mean entrainment at the bottom of the mixed layer and (ii) atmospheric
feedback (see for details Frankignoul [1985]). The seasonally varying Newton cooling
coefficient is given by
(2)
ll = AE + /lQ,
where /lQ

=a~

<cpQph), Q is the net heat. flux anomaly across the air-sea interface, p and Cp

are the density and specific heat of water respectively, angle brackets denote ensemble mean
for given T, /lE= WE/h, WE and h are respectively the seasonally varying mean entrainment
velocity and the mixed layer depth.
Concerning entrainment, we follow the assumption that there is no temperature anomaly
in the seasonal thermocline (see Frankignoul [1985]). Though this assumption is not strictly
valid, the lack of data prevent us from explicitly describing the entrainment. However,
extension of the model is straightforward if time series of the seasonal thermocline
temperature become available.
Both the mean entrainment and the atmospheric feedback control decay of the SST
anomalies. The parameter /l-1 is called the decay or local relaxation time.
The last term on the right-hand side of (1) represents the effect of atmospheric heating,
anomaly entrainment, and anomaly advection of the mean temperature gradients. The source
e = e(t,r) is assumed to be a random process with zero mean.
- The solution of (1) can be written as follows
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T(t,r)

= exp(-ll(t- to))

J

<flv,K (t- to,r - r') To(r') dr' +
t

exp(-llt)

f R-!f exp(lls) <flv,K

(t- s,r- r') e(s,r) dr'ds,

(3)

to

where
<I\,K(t,r)

1

= 4nKt

exp(-

(r-vt)2
AV•

(4)

)

is the Gaussian kernel (Figure 1). The representation (3) follows from the fact that the
Gaussian kernel satisfies the equation
a<Pv,K

at

+ (v ,V) <flv,K = K V 2<Pv,K

with the initial condition
<flv,K(to,r)
where o(r) is the Dirac delta function.
K= 1000 m 1.- 1
1

(5)

= O(r),

(6)
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Figure 1. The Gaussian kernel of the solution for the heat anomaly balance equation. The thick arrow
shows direction of advection.

Figure 1 illustrates the behavior of the solution (3) with respect to different values of
both the advection velocity and diffusion coefficient in the four idealized cases. Notice that
the location and height of the Gaussian kernel shape are modified due to specific advection
and diffusion. Roughly speaking, the inversion procedure approximates the observed
correlations with a polynomial (a surface, such as in Figure 1) and estimates the advection
and diffusion from the polynomial coefficients (the shape of the fitted surface).
To apply equation (3) to the data we have to use its discrete time-space form (see
Appendix B). It is important to notice that we do not use time discretization, but instead
equation (3) is solved analytically.
Since the largest air-sea exchange of heat, momentum, and energy are due to the passage
of atmospheric cyclones and anticyclones with dominant time scale of about a few days,
Hasselmann [1976] suggested that SST anomalies lasting over a month could be considered as
a red noise response of the upper-ocean to "white noise" weather forcing. In this study we
analyze time series of 10-day SST anomaly data. The period of 10 days is close to that, at
which the atmospheric forcing spectrum becomes "red-like". Thus, a priori we should not
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consider the atmospheric forcing as a "white noise" process. Instead we suggest, as a first
approximation, that the forcing field be assumed to be a first-order Markov (autoregressive)
process.
For the time discretization, we assume that the forcing field en(r) =e(n6.t,r) depends on
the previous values cn-t(r), £n-2(r), .... We parameterize this memory in the simplest way by
considering the sequence {en(r)} to be first-order Markov process
en(r) = f3en-t(r) + hn(r).
(7)
In (7) f3 is a correlation coefficient and hn(r) is "white noise" in time but not necessary in
space.
Lack of information prevents a more specific description of the atmospheric forcing at
the period of 10 days over the Northwest Pacific. However, we believe that equation (7) is a
step in the right direction for the time-dependent representation of atmospheric forcing in the
statistical models of sea temperature. Additionally, it is noteworthy that this inversion is
adjusted to the winter conditions alone so the seasonal features of the atmospheric forcing are
retained. According to Cayan [1992], winter is the most appropriate season in which to
consider SST anomalies as a response of the upper-ocean to latent and sensible heat flux
forcing.
For spatial discretization, we introduce approximation of the observations Tn(r), Tn-l(r)
and en(r) over the space grid. The approximation scheme is probably neither unique nor
optimal. However, it is very convenient and easy to interpret, as well as accurate enough
under conventional assumptions about the main parameters.
These assumptions allow us to consider only neighboring grid cells in the approximation.
They are as follows:
• The space scales of the advection and the diffusion are small compared with the grid
steps lx and ly :
luiAt < lx and lvl~t < ly ,
(K6.t) 112 < lx and (K~t) 112 < ly .
• The grid steps are small compared with the space scale L of the variability ofTn(r)
(and, evidently, en(r)):
lx < L and ly < L .
·If we are able to control the scales of the space-time discretization M, lx and ly, then the
above conditions will be always satisfied. However, in practice we usually cannot attain this.
So, one important problem is to estimate the accuracy of the proposed approximation. The
approximation is very accurate (see Appendix C) if lul~t, lvl~t and (KM)l/2 are twice as
small as the corresponding length scales lx and ly and in turn these scales lx and ly are four
times smaller than the scale L.
The relative error of the approximation can be estimated as follows
22
4
1 2
8 CC 11) = 3 ~ 3 + {it exp(- 7J;;;f2)(317 + 77 2 ~ 2),
(8)
where the dimensionless variables are

~ =i

and 11

=.V ~6.t. A plot for 8 (~,17)

is shown at

Figure 2.
After some algebra we obtain the following model for the random fields T(t,r) and
e(t,r) taken at the specific time intervals and over the discrete grid on the surface
8

Tn(ro)

=L

m=O

amTn_ 1(rm)
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+ en(ro),

(9)

where rt= (xo.Yo + ly), rz= (xo + lx,Yo), r3= (xo- lx.Yo), r4= (Xo,Yo- ly). rs= (xo- lx.Yo + ly).
r6= (xo + lx.Yo + ly). r7= (xo + lx.Yo - ly), rs= (xo - lx.Yo - ly). The parameters am are
functions of the advection velocity, the diffusion and Newton cooling coefficients.
Substituting (7) into (9) we get the model
8

Tn<ro)

= :2,

m=O

am(Tn-t<rm)- {3Tn_z(rm)) + f3Tn-l<ro) + bn(ro),

(10)

which is the discrete time-space form of the stochastic partial differential equation for the
heat anomaly balance (1).
The schematic diagram in Figure 3
illustrates the spatio-temporal relationships
in the SST anomaly field governed by
10.0
equation (10). The SST anomaly at time n~t
in grid cell ro. depends on the SST
anomalies at two previous time steps in the
sunounding
cells. While the coefficients am
[J 5.0
are basically responsible for short memory
(10 days in this study), the products of the
coefficients
am and {3 are responsible for
0.0
prolonged memory (20 days in this study).
The coefficient {3 measures the difference
between the "red noise" and "white noise"
representations of the forcing term. If value
0.0
of {3 = 0, the "red noise" representation
Figure 2. The relative error oof the discrete
yields no improvement over the "white
time-space approximation of the heat anomaly
noise" representation.
balance equation.

A corresponding statistical parametric model is given by a system of nine nonlinear
simultaneous equations of the form:

rto = L am( YoJlm8

{3~Jlm) + f31QJ.Lo,

(11)

m=O

where

r/j = <Tn(ri )Tn-/I] )>, f.l = 0,

1, ... , 8,

(12)

is the covariance between the time series T11 (ri) and Tn-s(rj) with a time lags.
In summary, for the first time a statistical model, given by system (11), appeals to
physical processes through rigorous formulas which connect the statistical coefficients with
the pararp.eters of the heat anomaly balance equation (1).
The model (11) belongs to a group of autoregressive processes. There is an enormous
body of literature and software that identify, evaluate, and validate these processes
experimentally. The model compresses information effectively by using the covariances
between available observations. An advantage is that the model coefficients can be readily
translated with formulas into physical parameters.
The derivations of the estimates of the discretization errors are not trivial for inversions
of the stochastic partial differential equations. Formula (8) presents the discretization enor
for this inversion.
The inversion was applied to the COADS Compressed Marine Reports SST data averaged
at 1" latitude x 2° longitude boxes on a 10-day mean basis from 1965 to 1990. The CO ADS
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SST data were assimilated during the cool season. While SST anomalies T n(rz) are departures
from the 10-day norms varying along the annual cycle, we can evaluate their covariances at
the matched seasonal period 'l'
..

M

N

r:~' = d=2
L k=l
L T d+36k(ri )Td-s+36k(lj)M

N

L L

d=2 k=l

M

T d+36k(lf)

N

L L

d=2 k=l

(13)

T d-s+36k(lj ),

where M is the number of 10-day intervals in the matched season -r, N is the total number of
observational years, s

= 0, 1 is the lag in 10-day intervals. The value

r-r,sij

represents the

covariance of the available overlapped portions of the time series.
Notice that the seasonal covariance (13)
7
is not a function of the time lag s alone. It
depends on both the lag s and the season 'l'.
In other words, the covariance describes the
relationship between time series at different
geographical positions in the same seasonal
period.
The need to distinguish between the
seasons becomes evident if we take into
account the seasonal variations in the
contribution of the mean entrainment to the
heat anomaly balance of the upper sea
mixed layer. As long as we have no data on
the temperature anomalies in the seasonal
thermocline, it is better to consider only the
7
cool season when the upper-ocean mixed
layer is deep and, in the extratropics, the
anomaly temperature gradient below the
mixed layer is small or the seasonal
thermocline actually disappears. So, for this
/
_I
study we selected December, January,
February and March when the mixed layer
u, (J r•. z< rm)
u, r•. J(rm)
(am+/J) l;.J( ro)
bn ('0)
h, is grater than 100 m over region
depth,
--Fig'i:i"re 3. The spatio-temporal relati~ps in
of
the
Northwest Pacific far from the
the SST anomaly field governed by the model
(10).
equator.
The need to distinguish between the seasons becomes evident if we take into account the
seasonal 'variations in the contribution of the mean entrainment to the heat anomaly balance of
the upper sea mixed layer. As long as we have no data on the temperature anomalies in the
seasonal thermocline, it is better to consider only the cool season when the upper-ocean mixed
layer is deep and, in the extratropics, the anomaly temperature gradient below the mixed
layer is small or the seasonal thermocline actually disappears. So, for this study we selected
December, January, February and March when the mixed layer depth, h, is grater than 100
m over region of the Northwest Pacific far from the equator.
The inversion developed provides us with estimates of the net advection velocity rather
than the mean currents. The advection is basically attributed to all motions, which time and
space scales exceeding the averaging scales of the SST anomaly data, namely, longer than 10
days and larger than 1• latitude x 2" longitude. The net advection velocity also includes an

- 543 -

averaged drift due to the small scale fluctuating motions. Nevertheless, the estimates of the
net advection velocity (Figure 4) are consistent in magnitude and direction with the general
circulation in the surface layer of the Northwest Pacific in winter.
50

0. I m/s

40

30

20

120

130

140

150

160

Figure 4. Distribution of estimates for the heat anomaly advection velocity v(m sec- I). The eastward
transport is shadowed.

SST anomalies are transported to the west at ~0.15 m sec-t in the northern part of the
North Equatorial Current. Between 21° and 29° N in the recirculating region SST anomalies
propagate westward with the mean velocity less than 0.1 m sec-1. South and east of Honshu the
observed pattern of the SST anomaly transport agrees broadly with the circulations of the
Kuroshio current and its extension, and the Oyashio current. South of Honshu the eastward
transport is about 200 - 300 km wide; its absolute velocity is up to 0.2 m sec-t. One branch of
the transport separates from the coast near the large meander path of the Kuroshio currenl
and follows to the east-south-east direction. The second separation from the coast occurs
south of Hokkaido. Over the analysis domain the estimates of the diffusion coefficient are in
the range 3·1 03 to 6·1 03 m2 sec-1. The higher values of the diffusion coefficient confirm the
enhancement of the mesoscale eddy processes near the subtropical convergence zone. The
analysis supports Hasselmann's theory in which generation of midlatitude SST anomalies
lasting the dominant time scale of atmospheric processes is primarily attributed to the short
period stochastic weather forcing. However, the analysis indicates that the inertia of SST
anomalies to their "memory" of earlier winds can not be neglected in the vicinity of the
western boundary and in the tropics.
Cayan, D. R., 1992: Latent and sensible heat flux anomalies over the northern oceans:
Driving the sea surface temperature. J. Phys. Oceanogr., 22, 859-881.
Frankignoul, C., 1985: Sea surface temperature anomalies, planetary waves, and air-sea
feedbacks in the middle latitudes. Rev. Geophys., 23, 357-390.
Hasselmann, K., 1976: Stochastic climate models: Part 1. Theory. Tellus, 28, 473-485.
Piterbarg, L. I., 1987: Formation of features of the sea surface temperature field by the
action of synoptic atmospheric processes. Izvestiya Acad. Sci., USSR. Atmosph. Ocean.
Phys., 23, 48-53 (translated from Russian).
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4D-VAR SST DATA ASSIMILATION EXPERIMENTS WITH A
HYDRODYNAMIC MODEL IN COMBINED SHELF/DEEP SEA AREAS

M. Ouberdous and W. Eifler
IRSA/IST, TP 690, JRC Ispra, I-21020 Ispra (VA), Italy

1. Introduction
In the framework of its activities for promoting the use of remote sensed data, the "Marine
Environment" unit of the "Institute for Remote Sensing Applications" (IRSA) of the JRC
Ispra is developing "high level products" aimed at providing the most detailed information
regarding a regional marine system. They consist of a combination of all available
geophysical and observational knowledge - topographical, meteorological, in-situ measured
and remote sensed data - and a suitable model system. Assimilating the known data by the
model, the unavoidable gaps in space and time are closed by model computations. Since
the model is forced to reproduce as closely as possible the observed data, it is expected that
also the intermediate information is reliable. This expectation however, is only justified if
the model system is complete with respect to the ongoing processes, if these processes are
modelled correctly, if the used observed data is reliable and if the applied data assimilation
methodology is efficient.
In this paper an approach to assimilate remote sensed sea surface temperatures (SST) is
presented. First the choice of models and methodologies is illustrated. In paragraph 2 the
circulation model is descdbed, emphasising those features which are felt necessary for an
efficient assimilation of SST. In paragraph 3 the chosen assimilation technique and its
implementation is illustrated. In the final paragraph 4 the results of a number of numerical
experiments are presented, aimed at demonstrating the characteristics of the approach.

2. The Circulation Model (ISPRAMIX)
ISPRAMIX combines features of other models tested in a preliminary phase [see Eifler et al
(1991) and Schrimpf et al (1991)] and additional features felt to be necessary for creating a
tool which is adequate for the intended applications. The model may be described in
general terms as follows. It is a prognostic baroclinic model, for (combined) shallow and
deep sea applications, based on the pdmitive equations, the hydrostatic approximation and
the Boussinesq assumption with respect to the effect of variable density. The computation
of vertical transport by turbulence is based on a KL- turbulence model. A staggered grid is
used for the spatial discretisation. Time step splitting - which means here computing the
explicitly formulated water elevation in micro·-time steps, computing all (implicitly
fonnulated) vertical vadations in macro-time steps - optimises the required computer time.
For stability with respect to the Coriolis force, optionally a rotation matdx connection of
the two momentum equation components may be used, a procedure which is based on a
partial analytical solution. The computation of the baroclinic effects is based on separate
transport equations for heat and salinity.
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A detailed description of the spatial discretisation scheme, the spatial and temporal finite
difference approximations and of the solution procedure is given by Eifler and Schrimpf
(1992).
For the purpose of this paper the modelling of vertical heat transport through the air-sea
interface and within the mixed layer is of paramount importance. The turbulent transport in
the mixed layer is based on a KL-turbulence model similar to that proposed by Nihoul
(1984) for the Adriatic sea, which was tested by Eifler et al (1991). The constituent
components are the turbulent kinetic energy (K) detennined by solving the corresponding
transport equation, the mixing length L parametlised in function of the local conditions, and
a correlation providing the turbulent viscosity as function of the turbulent kinetic energy
and of the mixing length. For turbulent transport of heat, in addition a correlation function
between the turbulent viscosity and the turbulent conductivity is introduced. The
turbulence model includes the effect of turbulence damping and enhancing stratification of
respectively stable and unstable nature. The so-called temperature skin effect at the air-sea
interface is computed using a specifically developed intetface model (Eifler, 1993).
Principle areas of interest for the application of JSPRAMIX are parts of the North Atlantic
upwelling region off Northwest Africa. They have typical dimensions of 5° longitude by
10° latitude, ie of about 500 km by 1000 km. They may include near coast and open sea
surface structures characterised by length scales of tens of kilometers up to hundreds of
kilo meters.
For the numerical studies described in paragraph 4 a typical limited domain in the upwelling
region was chosen.

3. The Data Assimilation Procedure
Data assimilation progressed from simple polynominal function-fitting in the past to the
present idea of combining observations with input and/or output of models. Presently a
variety of efficient methods is available (see Ghil & Malanotte-Rizzoli 1991). This
evolution was leading mainly to two methodologies based on two different conceptions: on
one hand, Kalman filtering applications (see Ghil1989) based on estimation theory, and
on the other hand application of variational methods (Le Dimet & Talagrand 1986, Thecker
& Long 1988) based on vmiational method theory, combining optimisation (minimisation
methods) and optimal control (adjoint operators).
The work discussed in this paper concentrates on the assimilation of a specific parameter, ie
the sea surface temperature, choosing the second method. This method - also called the
adjoint method- provides a flexible working tool for analysing the system sensitivity with
respect to different model options and input parameters, and with respect to the properties
of the data to be assimilated.
The adjoint of a direct model computes the gradient of a cost function with respect to
control variables. The adjoint model of ISPRAMIX was developed by the direct coding
method. Since this method has the potential to considerably increase CPU time and
memory requirements, special cm·e was taken to limit these requirements to a minimum.
The computation of the cost function gradient must be exact. This requires a very severe
and systematic verification of the ajoint model (see Ouberdous 1991). For this reason a
formal protocol was applied: for each subroutine of ISPRAMIX the linear tangent was
detived and transposed to obtain the "adjoint" subroutine; each subroutine, together with
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it's adjoint, was tested and validated by a formal mathematical procedure. The adjoint
model was validated progressively by rebuilding the ISPRAMIX subroutine sequence in
successive stages and for different options. In its definitive form the data assimilation
procedure allows a choice of the control variable (variable of the minimisation) and of the
cost function (function to be minimised). This allows the determination of different model
parameters and variables, introducing different observations at the times and spatial
positions when and where they are available.

4. Numerical Experiments
The results of the numerical experiments obtained so far show that the chosen data
assimilation approach works well in quite different, significant cases. The experiments
started with randomly pe1turbed fields of control variables and artificially generated
observations. To find the minimum of the cost function in our experiments, two quasiNewton minimisation techniques were tested: VA15AD (Liu & Nocedal1988) and N1QN3
(Modulopt Library, Gilbert & Lemarechal1989). Different fonnulations for the cost
function were tested, depending on the nature of the available observations. The
experiments demonstrate that, for a specific set of observations, it is possible to either
determine the system initial conditions or, for prescribed initial conditions, to compute the
field characteristics of a specific vruiable.
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Assimilation of Topex/Poseidon altimeter data into a
circulation model of the South Atlantic Ocean
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Abstract
Assimilation experiments have been conducted using the first twelve months of TopexPoseidon (T /P) altimeter residuals of along-track sea surface height, during the year October
92- September 93. Data is assimilated into a numerical quasigeostrophic model of the South
Atlantic circulation between 16° S\and 65° S. The assimilation procedure used is an alongtrack, sequential, nudging techniqu_e.
The evolution of the model general circulation with assimilation is described, with special emphasis on the Agulhas Retroflection region, one of the most energetic region of the
southern hemisphere, and on the Brazil-Malvinas Confluence. The usefulness of assimilating T /P data is clearly demonstrated since the model predictions seem more realistic than
simulations realized without assimilation.

1

Introduction

Over the past fifteen years, the new satellite techniques for observing the oceans, and especially
the use of altimeter measurements, have greatly improved our knowledge of the oceans. However,
besides posing precision and accuracy challenges, satellite altimeter measurements are limited
by their surface nature and because the space and time coverage of satellite ground-tracks is
sequential. For these reasons, assimilation techniques have been developped to introduce such
data into ocean circulation models. The aim of the present paper is to report on an experiment
of assimilation of the first twelve months ofT /P GDRs and to study the behaviour of the South
Atlantic Ocean during the year October 1992-September 1993.
The model used is an adaptation and an extension of the two-layer quasigeostrophic model
presented by Holland (1978). The domain extends between 16° S and 65° S in latitude, and
between 68°11' to 32° E in longitude. The model is eddy resolving, with a horizontal resolution
of 1/6° in both horizontal directions. The stratification profile is schematized by a four-layer
representation : layer depths are 300, 300, 600 and 3800 m from surface to bottom. Realistic
topography is built into the model using the Synbaps II bathymetric data base. The ocean
circulation is forced by a climatological wind stress curl from Hellerman and Rosenstein (1983).
Open boundary conditions using relaxation towards a local mean climatology are introduced at
the northern, the eastern and the western model boundaries.
The satellite altimeter measurement is the sea-surface height (SSH). In a QG model, the
SSH appears to be proportional to an explicit variable, the surface streamfunction. The SSH
can be divided into a time mean MSSH and a residual part. With T/P data, the MSSH seems
much more reliable than with Geosat data, but due to some inaccuracies in the geoid correction,
we still use a composite dynamic height : Topex-Poseidon altimeter residuals with a mean sea
surface given by the model. The assimilation procedure in this study is a sequential, along
track, nudging technique. Thus, where observations are made in place and time, the model
surface streamfunction is relaxed towards residuals plus MSSH. The surface information given
by satellite data is transmitted to all the modelled flow, including deep layers, since it is projected
along normal modes in the process solving the system of QG equations. For more details about
the model and the assimilation technique see Verron et al. (1992), or Blayo et al. (1994).
The model was first spun up from the rest situation in a "free mode", driven only by the
wind stress curl applied to the surface without using external information for the SSH. Once a
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statistical steady state has been reached, after 10 years, the assimilation experiments are carried
out. The examinations of the model predictions in the free mode as well as in the assimilated
mode are still under way but a few interesting results can be already presented at this stage.

2

Results

Despite the fact that the South Atlantic Ocean has many singular features and is of dramatic
importance in the global ocean system, few hydrographic data is available in comparison with
the North Atlantic. The combination of the T /P data and of a numerical model is then a
unique opportunity to improve our knowledge of this ocean circulation. The main features of
this circulation are the Agulhas Retroflection, the Brazil-Malvinas Confluence, the Antarctic
Circumplolar current (ACC), and the subtropical anticyclonic gyre.
The southern edge of the subtropical gyre consists of the ACC, with differents fronts, among
which the subantarctic front and the polar front are the most important ones. The subtropical
front separates the subtropical gyre from the ACC. The northern limb of the gyre is a broad
current flowing towards the northwest and called the Benguela Current. The Brazil current
with its jet-like structure is a western boundary current and it flows south along the continental
slope of South America to a point near 38° S where it separates from the coast. There is no
general agreement as to the exrtct definition of the Brazil Current, but in general, reference to
this current is confined to the thermocline (Gordon, 1988).
After the Drake passage, a part of the ACC turns northward and follows the western side
of the Argentin basin, where it b~comes the Malvinas Current. This current meets the Brazil
Current in a region called the Brazil-Malvinas confluence, caracterised by a high variability level.
On the other side of the basin, the most characteristic feature is the Algulhas Retroflection.
The Agulhas Current flows down the east coast of South Africa, then it flows southwestward
into the South Atlantic, b.ut before entering the South Atlantic Ocean, it turns back on itself
and returns in the Indian Ocean: this is the Agulhas Retroflection, one of the most energetic
areas in the world ocean.
The general circulation is well reproduced by the model in the free-mode, but significant
changes occur with the assimilation ofT /P data. These changes concern the transports and the
geography of different currents, their energetic properties, the vertical structure, etc... All the
results presented in next sections concern the assimilation experiments.

2.1

Instantaneous activity

The fine horizontal resolution of the model (1/6° X 1/6°) allows the explicit resolution of the
mesoscale eddy activity. Other processes such as variable wind forcing, not explicitly included
in the model, are also introduced during the simulation thanks to the variability contained in
the altimeter data. A snap-shot of the surface circulation as predicted by the model on the 4
October 1992 is displayed in figure 1.
In the western part of the domain, the Brazil-Malvinas Confluence is well reproduced. The
Brazil Current separates from the coast at 38° S, despite variations of its mass transport. The
latitude of the retroflection of the Malvinas Current varies from 43° S to 40° S, but it remains
difficult to link these variations to the variability of the mass transport: the mass transport
of these currents can be strongly affected by recirculation cells and the values obtained may
change abruptly from one place to the other, depending on the presence of these cells which size
is generally about 200 km. The circulation of the Confluence is well reproduced and is similar
to descriptions given in other studies ( Matano et al. 1992, Gordon 1988)

- 550 -

-15
-20
-25
-30
-35
-40
-45
-50
-55
-60
-65
-70
-70-65-60-55-50-45-40-35-30-25-20-15-10 -5

I(J

5

10

15

20

25

30

35

Figure 1 : snap-shot of the surface circulation on the 4 October 1992 as predicted by the model (1 ci =
2 Sv). Two anticyclonic rings are featured near 43° S/55°W and near 40°S/20° E respectively. Fronts in
the ACC and main currents appear clearly.

The meandering of these currents and their instabilities lead to the formation of a certain
number of rings. Three of them, particulary intense, were observed over the one-year period.
Their diameters were more or less the same : about 300 km. However, their origins were
different. Two anticyclonic rings were shed, one in October 92 and the other in October 93, due
to southward extensions of Brazil Current meanders. The third one appeared in January 93,
generated by a meander of the Malvinas return Current. Their transport relative to the bottom
were 70 Sv and 60 Sv for the two anticyclonic features and 80 Sv for the cyclonic ring respectively.
They were reabsorbed in the Malvinas Return Current after 50 days approximately. Other
cyclonic and anticyclonic features have been observed during all the period of the experiment,
but much more smaller and ephemeral.
In the eastern part of the domain, the Agulhas Retroflection is well known for its shedding
of eddies. The eddies generated by the model were spawn irregulary and followed different
trajectories. Eight rings have been shed during the one-year period of the experiment, three of
them were reabsorbed by the loop. Their sizes are very different, ranging from about 100 to 300
km. All these rings are anticyclonic, except one, which has been generated farther south, in a
meander of the Return Current. One part of the Agulhas Current does not participate in the
retroflection and penetrates into the South Atlantic. It flows northwestward, making meanders
and generating eddies along the southwest coast of South Africa, generally smaller than those
spawn by the retroflection. In our simulation, it is difficult to distinguish these two kinds of
eddies and to follow them as they drift westward. However, none of them has moved farther than
5° E. One of the eddy generated by the retroflection, instead of drifting westward, has moved
southward and has been absorbed by the Subtropical Front. The loop of the Retroflection makes
zonal oscillations between 12° E and 21° E. Generally, one eddy or two are shed when the loop
has stretched westward, the first one during the westward stretching, the second while the loop
starts returning to its "rest" position, near 20° E. The behaviour of the Agulhas Retroflection
is in good agreement with other studies based on in-situ data, or on the analysis of Geosat data
( Quartly et al. 1992, van Ballegooyen et al. 1994, ... ).
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2.2

Mean Circulation

The mean surface circulation obtained during this experiment is displayed in figure 2. The
main features of general circulation are represented : the Brazil-Malvinas Confluence, the Agulhas Retroflection, the Polar Front and the Subantarctic Front of the ACC, the Subtropical
Front, and the Subtropical Gyre. The mean paths of the currents are correctly reproduced.
-15

"

-20
-25
-30
-35
-40
-45
-50
-55
-60
-65
-70
-70 -65 -60 -55 -50 -45 -40 -35 -30 -25 -20 -15 -10 -5 0
5 10 15 20 25 30 35
Figure 2: mean surface circl).lation from the one-year ( October 1992-September 1993) assimilation experiment. The mean paths of the currents are correctly reproduced. (1 ci = 2 Sv)

This model mean surface circulation is of course strongly influenced by the MSSH used for
the assimilation procedure. However several noticeable differences appear when comparing the
initial MSSH and the updated MSSH modified by the internal adjustement due to T /P data.
Most of these differences are due to the signature of important eddies which were formed during
these twelve months.
We can see clearly in figure 2 the intensification of the Brazil Current as it flows southward.
At 27° S, the Brazil Current is confined to the first 600 m, with a mass transport of 13 Sv. At
3F S, the depth of the current extends to 1200 m with a mass transport of 30 Sv. At 38° S, just
before the separation, the model predicts a mean transport in the upper 1200m of 42 Sv. One
part of the Brazil Current after the separation recirculates rapidly in the anticyclonic gyre : the
mean value of this recirculation is about 20 Sv above 1200 m.
There are still today uncertainties concerning the mass transport of the Malvinas Current.
Our model indicates high values as far as this current is concerned : near 46° S, we find a total
transport ( relative to bottom) of 63 Sv; near 42° S, this transport decreases to 4 7 Sv.
The separation of the Agulhas Current from the Africa coast occurs permanently near 21° E.
The transport of the current at the separation point is about 73 Sv in the upper 1200m. At
31° E, the transport was about 66 Sv. It reveals an intensification of this current as it flows
southward. A part of the Agulhas Current does not retroflect and flows into the South Atlantic.
This inflow of Agulhas water is reproduced by the model. It corresponds to a mass transport
above 1200 m of 20 Sv.
A comparison of these values with those obtained in the free-mode simulations shows that
the assimilation modifies the transport of the currents. For instance, without assimilation, at
27° S, the value of the transport of the Brazil Current above 600m was only 6 Sv. At 31° S,
the value of the transport above 1200m was 17 sv, and at 38°S, it was about 37 Sv. However,
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despite these variations, the latitude of the separation point was also at 38° S.

2.3

Eddy energy

The model surface eddy kinetic energy map is displayed in figure 3. The maximum values are
obtained in the area where the oscillations of the Agulhas Retroflection take place, with highly
localised areas of 1200 to 1700 cm 2 / s 2 • At the mesoscales, the values in the Retroflection Area
range from 200 to 1200 cm 2 I s 2 • We can see on the map the westward and the north westward
propagations of the high eddy kinetic energy (EKE) levels, illustrating the spatial scattering
of eddies, and the meandering inflow of Algulhas water in the South Atlantic. In the western
side, the Brazil-Malvinas Confluence provides the most intense mesoscale activity. The surface
eke values are from 200 to 1000 cm 2 I s 2 • The strong instability of the Brazil Current after its
separation can be seen as far as 35°tv: in the South Atlantic.
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Figure 3: mean surface EKE from the one-year (October 1992-September 1993) assimilation experiment.
(Units: cm 2 j s 2 )

The maximum levels of the mean eke in each layers were higher when we used the model in
free mode. We noticed a peak at 2300 cm 2 I s 2 in the surface eke in the Agulhas Retroflection
Region. However, this peak was highly localised to a point ( 2F E 140°S), indicating that the
oscillations of the loop were restricted to a more confined area. With the assimilation, the loop
makes larger zonal oscillations, and the spatial extension of the high-level variability is larger. If
we make the spatially average of the mean surface eke, we find a higher value with assimilation
( 70 cm 2 I s 2 ) than without assimilation ( 50 cm 2I s 2 ). The assimilation increases the overall
activity of the ocean in each layer (figure 4). On the western side, a similar comparison with
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the free mode shows that the effect of the assimilation is geographically different : it does not
modify strongly the mean levels of eke, but the regions of highest eddy activity are different.
Without assimilation, the Argentin Basin was the most active area in the western side of the
domain; with the introduction of altimeter data, the Brazil-Malvinas Confluence has higher eke
levels.
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Figure 4: zonal section of the eddy kinetic energy at 38° S. On each side of the Basin, regions of high
acitivity levels shows up clearly: on the western side the Brazil-Malvinas Confluence, and on the eastern
side the Agulhas Retroflection Region respectively. (Units: cm 2 / s 2 )
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1. Overview
Daily Geosat altimeter data were used to nudge the surface height fields of the 1/4°
Semtner/Chervin global model (referenced as the POCM_A run). Geosat data from
1986 to 1987 have been processed in the standard manner to form residual heights
which are combined with a mean sea surface field (from the previous 1/4 model run
refered to as POCM) to produce daily altimeter height fields. The nudging expression
includes a temporal weighting factor to account for the Geosat altimeter's 17 day
repeat pattern. Results of the initial model run with the inclusion of altimeter data are
We have chosen to use a
shown and compared to a previous 1/4° model run.
nudging method because of the need to limit the computation time of the assimilation
and also because of the spatial and temporal pattern of the assimilated data (Verron,
1992, Holland and Malanotte-Rizzoli, 1989 ).
2. Implementation
The model used for the assimilation experiment is the primitive equation 20 level
parallel ocean climate model (POCM) (Semtner and Chervin, 1992) with a Mercator
grid and an average cell size of 1/4°. Fluxes are computed by linear restoring to
seasonal Levitus temperature and salinity. The model has a prognostic free surface
(Killworth, et al., 1991) to easily facilitate the nudging of the sea surface height (SSH)
field towards the altimeter data. Initialized with the mean field of a previous model
run, the model has been run for about one year, mid Nov. 1986 to end of 1987 and
produced 3-day instantaneous fields. The model run was forced by ECMWF monthly
wind stresses interpolated to daily values and daily Geosat altimeter residual height
data. The Geosat sea surface height residuals (processed as in Tokmakian and
Challenor, 1993) are added to the mean sea surface height field from the previous run
of the 1/4° model to produce this daily field.
The nudging equation is shown in equation 1.

a hI at =G + R * exp (-A. day/t) (hobs- h)

(1)

where [R* exp (-A. day/t)] is the nudging factor, h is the sea surface height, t = time, G
represents the standard equality and A. day is the number of days since new altimeter
data was at that grid point. The surface height field is only nudged at those model grid
points where there is altimeter data. (Geosat having a cross track ground separation of
about 1 degree in longitude and with the model grid spacing of 0.4 degrees, there is
altimeter information about every third to fourth grid point.) The altimeter repeat orbit
period is 17 days, therefore, t is set to 17. Figure 1 shows the eddy kinetic energy
(EKE) for October 1987 in the POCM and POCM_A runs. Note that the POCM_A run
shows the familiar "Cn shape as has been seen in maps of Geosat EKE values
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computed for this region (Wilkin and Morrow, 1994) and on the same order as the
Geosat data.
POCM_A Oct. 87 eke

POCM Oct. 87 eke
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Figure 1: Brazii-Malvinas Region, POCM =run without altimetry, POCM_A assimilation run, contour line= 50. (cm/s)2

3. Statistical Tests
Statistical methods provide useful ways to evaluate large data sets. With this set of
paired runs, especially, statistics are very appropriate in determining the effectiveness
of the propagation of altimeter data into the deeper levels of the model. Two types of
statistical methods have been employed in an attempt to describe the differences
between the two model runs. The tests examine how the distributions over various
regions and depths are either the same or different. The Student-t test is used to
examine if there is significant difference in the mean of the distribution of one
prognostic variable in a given region. The second test, the chi-squared goodness-offit, determines if the two distributions (the data from the run with the altimetry
[POCM_A] and the data from the run without [POCM] ) are from the same theoretical
population.
Data from the averaged 1987 fields from the POCM and POCM_A have been
examined using the statistical tests, Student-t and x2, globally and by specific ocean
regions. These regions are 1) South Atlantic (Brazii-Malvinas) between 60W and 0
and between 50S and 1OS, 2) North Atlantic (Azores Current) between 45W and 0
and between 25N and 45N, and 3) tropical Pacific between 180E - 1OOW and
between 1OS and 1ON. The tests were computed for eta, the surface height and at
every other layer for the salinity and temperature variables (layers 0, 2, 4, 6, 8, 10, 12,
14, 16, and 18). Tables 1-4 contain the values of t and x2 for the various areas.
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Those data marked with an asterisk denote values that are not significant or are
marginally significant.
The results of the two tests when applied to the global data set {Table 1) show that all
values are significant except for layer 18 x2 for salinity and the t value for layer 18,
temperature. Globally, most of the t and x2 values are highly significant (relatively
large compared to the t 0.1% value of 3.29 and having x2 values over 100). This
shows the addition of altimeter data has significantly shifted the mean value of
temperature and salinity and has significantly changed the distribution of the variables
for all the layers, except for the bottom layer.
Tables 2-4 show the values of t and x2 for the different regions. All the regions show
that the variable's mean and, for the most part, the variable's distribution is unchanged
in the near bottom layers. This is in agreement with the global picture. However, there
are some interesting differences. In Table 2, the Brazii-Malvinas region, temperatures
have changed more than salinities and in Table 3, the Azores region, the changes in
temperature are relatively high at mid-depths than at the top and the bottom. And in
Table 4, the tropical Pacific region, temperature has been affected by the addition of
the altimeter data more than the salinity field in the top layers. This region shows a
larger part of the deep ocean has been unchanged with the addition of altimeter data.
variable
salinity

temp.

eta

layer

t
* 6.04
127.14
58.24
* 6.42
45.38
54.48
30.13
* 5.12
26.74
"7.57
45.00
35.15
27.33
* 7.41
55.18
50.34
24.29
12.59
26.37
* 2.19
50.43

0
2
4
6
8
10
12
14
16
18
0
2
4
6
8
10
12
14
16
18
0
Table 1. Global values oft and
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x2
1047
8263
3567
936
332
331
93
247
153
* 24
815
2560
1183
490
416
344
74
56
162
107
1325

x2

df
65
50
47
37
31
38
23
39
35
15
31
30
28
25
23
13
16
19
33
40
40

2

df

89
0
1985
2
1760
4
889
6
613
8
185
10
155
12
14
159
267
16
.. 35
18
113
0
825
2
650
4
233
6
516
8
429
10
231
12
14
202
278
16
*6
18
0
392
Table 2. Brazii-Malvinas values oft and x2

37
32
28
26,
39'
31
34
24
48
7
49
46
43
33
63
29
50
39
47
5
42

layer

variable
salinity

temp.

eta

variable
salinity

temp.

eta

-

layer

t
13.31
26.51
* 2.10
* 4.24
13.39
9.65
* 8.87
* 4.34
18.67
* 1.90
12.56
47.88
25.05
18.68
25.73
23.96
* 7.43
* 2.79
16.42
* 1.61
62.46

t
11.49
14.98
9.90
13.49
27.42
23.42
31.92
21.38
18.25
* 0.39
* 7.54
19.58
15.02
16.21
40.82
60.64
46.48
46.94
17.34
* 0.19
37.69

x2
219
0
315
2
4
191
6
548
8
358
10
190
12
61
14
134
16
194
18
*50
0
164
2
316
4
723
6
1184
8
645
10
1089
12
323
14
761
16
216
18
* 19
0
421
Table 3. Azores region values oft and x2
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df
23
15
16
12
20
15
9
30
20
24
20
17.
40
39
30
32
39
34
28
13
31

layer
t
x2
42.90
0
224
45.75
817
2
37.58
4
945
27.75
6
867
28.89
8
376
10
13.02
105
"6.75
*51
12
15.56
14
210
* 3.09
*58
16
* 7.40
* 48
18
* 5.50
0
697
temp.
9.55
406
2
105.75
4
4091
75.74
1051
6
37.00
458
8
14.39
10
515
20.16
12
198
19.35
14
131
* 4.71
*14
16
*5.46
* 31
18
139.52
0
2647
eta
Table 4. Tropical Pacific region values oft and x2

variable
salinity

df
39
28
30
47
46
32
26
32
30
38
34
461
51
36
27
40
27
25
11
21
56

4. Comparison to In Situ data
corr. coeff corr. coeff.
in situ &
in situ &
POCM
POCM A
0
0.60
0.50
temp
2
0.70
0.77
4
0.63
0.72
6
0.62
0.74
8
0.93
0.91
10
0.41
0.40
12
0.67
0.72
14
0.85
0.88
16
0.91
0.91
18
0.88
0.88
0
0.26
salinity
0.31
2
0.15
0.33
4
0.24
0.29
0.68
6
0.71
8
0.99
0.99
10
0.61
0.74
12
0.24
0.41
0.99
14
0.99
16
1.0
1.0
18
1.0
1.0
Table 5. Correlations between A11 and POCM and POCM_A
variable

layer

----

The January 1993 WOCE cruise A 11 (Saunders and King, 1993) provides an
independent in situ data set for the month of January along 45°8 between 60°W and
20°W that can be used to examine how representative the model is to the real world.
The hydrographic data collected are full depth CTD casts. Twenty-one A 11 stations

- 559 -

are at model grid points. Correlation coefficients for model depths were calculated
between the in situ data and the January 1987 mean field from each run of the model.
The values are listed in Table 5. Overall, the correlation coefficients for the
temperature values have improved in the POCM_A model run. Although the salinity
correlation coefficients have improved in the POCM_A run, only a few are over 0.5.

5. Summary and Future Work
The assimilation of satellite data by the nudging method, after preliminary analysis,
has been successful. Several investigators have also examined the vertical
propagation of height data. Haines (1991) using a direct insertion method with a 4
layer QG model found that information was propagated down from the surface layer.
However, Melior and Ezar (1991) found, using a PE model, that predetermined
correlations between sea surface height anomalies and subsurface temperatures and
salinities were required to translate surface information to the subsurface layers.
Future analysis and tests on these data will be done, including the assimilation of
vertical correlation information at the time of the altimeter assimilation.
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1. Introduction
Ocean Data Assimilation System (ODAS) consists of a dynamical ocean general circulation
model and a sea surface and subsurface temperature analysis system.
Ocean primitive equation model is integrated with air-sea interface flux data derived from
operational Global atmospheric 4-dimensional Data Assimilation System (GDAS), and observed sea
surface and subsurface temperature data are assimilated into the model simultaneously . The output
of this system is mainly used for climate monitoring such as ENSO events. One of the output is
seasonal and inter-annual variation of Ocean Heat Content (OHC) along the equator of the model,
which is a helpful index of onset and offset of El Nifio and La Nifia events. This ODAS has been
pre-operationally used from March 1994 at Oceanographical Division. The result of the ODAS will
also serve the initial conditions of a coupled ocean-atmosphere model aiming at seasonal forecast.

2. Ocean general circulation model
A global ocean general circulation model follows Bryan's (1969) formulation for its dynamical
framework. Salinity is included as a dependent variable. The horizontal resolution is 2.0° latitude
and 2.5° longitude except 20°S-20°N equatorial band, where latitudinal grid spacing is smoothly
decreased to a minimum of 0.5· in order to resolve complicated current system there. The model has
20 vertical levels, of which 13 lie in the upper 300 meters. The computational domain is global,
except for the Arctic Ocean. Topography and grid spacing of the model are shown in Fig. 1.
The model includes nonlinear horizontal diffusion (Rosati and Miyakoda (1988)) and vertical
convective adjustment processes. Currently, the sea ice is only crudely taken care of by setting a
minimum value for sea water temperature (-1.5°). The vertical diffusion coefficient, which is important
in simulating upper ocean, is determined by the Melior & Yamada level 2.5 turbulence closure
scheme (Mellor and Yamada (1974,1982)).
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Fig. 1. Topography and grid spacing of the ocean general circulation model.
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3. Ocean subsurface temperature data and Driving force
In the ODAS, currently, only sea subsurface temperature data are utilized. The subsurface
temperature data are collected as BA THY(TESAC/DRIFfER telegrams and some additional data in
the Japanese coastal waters observed by fisheries experiment stations are included.
Observed sea subsurface temperature reported at singular vertical levels are interpolated into the
model depth grid. Gross error check, horizontal consistency check and observation location check
are performed in order to remove erroneous or unrepresentative observations. The vertically interpolated
temperature data are at first interpolated to the model horizontal grid point by a statistical procedure
called optimum interpolation. These interpolation procedure are conducted every 5 days. Then, the
interpolated data are nudged to the model with a relaxation time constant of 10 days except for the
surface of the model. The temperature of the uppermost model level is forced to approach the sea
surface temperature, which is analyzed operationally and have been used for the lower condition of
GDAS.
External forcing, upper boundary condition of the ocean model, is obtained from the JMA
Global atmospheric 4-dimensional Data Assimilation System (GDAS). Wind stress that drives the
upper ocean currents is calculated from surface wind obtained from GDAS based on bulk formulas
with the coefficients proposed by Bunker (1976). Schematic diagram of these procedure is shown in
Fig. 2.
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Fig. 2. Schematic diagram of Ocean Data Assimilation System (ODAS).
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4. Result of the ODAS
Assimilation of ocean data has been performed using sea subsurface data from April 1986. The
sea surface current derived from the ODAS is compared with the one observed with TOGA-TAO
buoys and is shown in Fig. 3. This figure shows that intra-seasonal variation of the ODAS current
coincides well with the observed sea surface current, although no current data are assimilated into
the model. We are now also investigating the impact of TOGA-TAO buoys temperature data for
ODAS.
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Fig. 3. Zonal current at the equator 165"E derived from ODAS (thin line). Observed current with
TOGA-TAO array is also plotted after National Meteorological Center, NOAA for comparison.
Ocean heat content (OHC) along the equator, which is almost the same as the vertically averaged
temperature from sea surface to the depth of 280m, is known to as a good index of El Nifio. Figure 4
shows inter-annual and intra-seasonal variations of OHC. Along the equator, we can see several
Kelvin waves characterized by warm anomaly propagate to the eastern Pacific, and these eastward
wave propagation occurred more frequently in the periods of El Nifio. A little bit apart from the
equator, along either side of 6. north and south, we can see some Rossby waves characterized warm
anomaly propagate to the west and warm water is accumulated to the western Pacific. Monitoring of
these waves help us to find signs of El Nifio events.
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The adjoint technique can be viewed as a tool of controlling the inputs in a physical
model by seeking a model state which best agrees with observations. This technique is perhaps
the most promising and practical approach available today for combining complex ocean general
circulation models (OGCM) with large datasets. Much progress has been made so far in the
study of the large-scale mean circulation by the adjoint optimization approach using OGCM but
with simplified momentum equations (e.g., Tziperman et al., 1992a,b; Marotzke and Wunsch,
1993). Although the first application of the adjoint code with full momentum equations was
successful (Bergamasco and Malanotte-Rizzoli, 1993), the full implementation and utilization
of the adjoint Bryan-Cox primitive equation model in its complete generality still requires the
solution to many challenging technical problems.
Recently at MIT we have constructed an exact adjoint model for the time-dependent
and fully nonlinear Bryan-Cox primitive equation model which can be generalized to more
oceanic data assimilation problems. The present work deals with problems related to the inverse
modelling of the steady state circulation in theNorth Atlantic ocean. The use of steady dynamics
has two practical purposes. First, calculations of the exact adjoint primitive equation model can
be critically evaluated through comparisons with readily existing documents since the steady
state circulation is most studied by many ocean numerical simulations and by a number of
inverse models. Secondly this work can be viewed as an important initial step toward the
comprehensive understanding of time-dependent inverse modelling. As a result of the model
complexity and the existence of many types of unknown model inputs, the optimization problem
becomes more challenging. The experience and understanding gained in this study will certainly
help in evaluating and justifying the adjoint OGCM and in advancing toward time-dependent
data assimilation.
The scientific objective is to find a model state which is consistent with a steady state
circulation and is in agreement with available observations. The goal of this optimization problem is to search for values of the model inputs (e.g., steady state conditions of the prognostic
variables, surface boundary conditions such as heat and fresh water fluxes) that minimize a
cost function or distance between model and observations over the time interval considered;
Mathematically, this problem can be formulated as:

minimizing the cost function J
subject to the primitive model equation
Here the cost function is defined as:
J

= !2 L(x- dfW(x- d)+ !2

L(mf- m0 )TWs(mf- m 0 )

'
+ 21 "L.,.(FFd) T WH(F- Fd)
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(1)

where
d = hydrographic data of T and S
x = the modelled T and S
mf =the final state of the prognostic variables T, S, U, V
m 0 = the initial state of the prognostic variables T, S, U, V
F d = flux (heat and evaporation minus precipitation) observations
F = the estimated fluxes
W = Inverse of the error-covariance matrix of hydrographic observations
Ws = the weight of the steady penalty
WH = Inverse of the error-covariance matrix of flux observations
The :first term in the cost function measures the distance between the observation and
the corresponding model state; the second term penalizes the departure of the model state at
the end of the integration period from the initial state and the last term calculates the deviation
of the flux estimation from observed values. The model equation which is the constraint of
the optimization can be imposed by introducing a Lagrange multiplier vector. This in turn
forms a new equation, which in fact is the adjoint of the linearized form of the primitive model
equations. The integration of the adjoint equation model yields the value of the gradient of
the cost function with respect to the model input parameters. A subsequent application of the
gradient information with a minimization algorithm gives new estimates for the model input
parameters such as initial conditions and heat and fresh water fluxes.
The physics of the GCM has been well documented (Bryan, 1969; Cox, 1984) and will
not be described here. The model is con:figured with realistic topography, extending from l0°N
to 65°N and from 100°W to 0. The resolution is of 1.2° zonally, 2° meridionally and 22 levels
vertically. The northern and southern boundaries are closed with a restoring zone of 4° where
temperature and salinity are relaxed to the Levitus data with a time scale of 30 days. The
first guess of fields are taken from purely prognostic model spinup run of 250 days, started from
the Levitus climatology and forced by Hellerman and Rosenstein (1983) wind stress and Haney
(1971) flux boundary conditions.
A series experiments are conducted to examine the issues concerning the capability and
reliability of the adjoint approach with the Bryan-Cox model in recovering the state of the ocean
with regards to the data quality and type. The adjoint OGCM is applied to both simulated
data from Holland's CME calculations and real data from Levitus Climatology (1982) and from
Oberhuber's surface flux climatology (1988). It is known that Levitus data are able to represent
the large-scale water mass structure but the gradient in the :fields, particular in boundary layers,
has been substantially smoothed by the climatological averaging procedure. One of the problems
we are going to investigate is how much information the adjoint model can extract from the
smoothed field and how sensitive the results of the inverse model to such smoothed dataset.
In order to answer above questions, we first conduct a control run in which the CME
results (Figure 1) are regarded as the ((true ocean state" and our optimization procedure tries to
recover the CME results as much as possible. Because of the similarity of model physics between
the primitive equation model used in our optimization procedure and the prognostic CME, the
assimilation proves to be rather successful. We then apply a 9-grid averaging scheme, mimicing
the Levitus averaging procedure, to the temperature and salinity fields from CME calculations
(Figure 2). It is apparent from the Figure 2 that the new formed data set has a much blurred
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thermal front along the western boundary current. The sensitivity analysis performed with this
data set shows that the averaging scheme does have influence on the optimization.
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Figure 1.

The sea surface temperature from the CME calculations
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Figure 2.

The sea surface temperature after 9-grid averaging
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The adjoint OGCM is also applied to assimilate the Levitus climatology. Figure 3a
shows the meridional thermohaline circulation estimated through the adjoint. The sinking at
high latitude leads to the formation of North Atlantic Deep Water with a production rate of
19 Sv. The northward heat transport has a maximum value of 0.68 PW (Figure 3b ). The
optirnized surface heat flux is shown in Figure 4 which displays the major regions of heat loss
occurring along the western boundary current ("-' 300 W /m2 ). The flux pattern is quite noisy
in the northwestern model boundary which might be due to the inappropriate setting of the
boundary condition there.
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Figure 3. The results from the adjoint calculations. (a) The meridional thermohaline circulation
of zonally integrated flow, and (b) Total heat transport (C), the contribution of the time mean
flow to the total heat transport (A), and the eddy contribution to the total heat transport (B).
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Figure 4. The surface heat fl.ux computed by the adjoint method. (contour interval, 50W /m 2 )
Our results have demonstrated some initial successes in applying this very powerful
method to large scale data assimilation. However there are still much to be learned about
using this adjoint OGCM to fully utilize the ever expanding observational data. We are making
continuing efforts along this line.
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Decoding of Aeronautical Data in the METAR and SPEC/
Code, their Visualization on the Display Monitor

E. N. Alekseev
SANIGMI
Central Asian Regional
Research Hydrometeorol.
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72 Observatorskay str.
Tashkent, 700052, C IS
Republic of Uzbekistan
The complex of the programs on decoding of aeronautical weather data transmitted in FM
15-IX Ext. METAR and FM 16-IX Ext. SPECI Codes and the visualization of weather
conditions in the zone of storm ring of Tashkent airport in the form of map on the
display monitor of the personal computer was developed in Tashkent airport on the basis
of personal computer as a part of works on creation of automated working place of aviation
weather forecaster.
Decoding of weather report in METAR and SPEC! Codes consists in selection of data
on current weather, testing of it's truth and other operations. lt is made to serve data
base for uutomated system of short-term '.,veather forecast !n Tashkent airport and for
visualization of weather conditions in the zone of storm ring in Tashkent airport in the natural
time scale and carried out using technologies of artificial intellect.
Visualization consists in output of map which includes the points of storm ring on the
isplay monitor. The weather conditions (wind, line-of-sight distance, the distance of
visibility on the take-off and landing stripe, cloudiness, special occurrences of current
weather) are presented round the given point at user's request The information can also be
presented on display monitor for the points which transfer data in the text form. The points
transferring the data on presence of storm occurrances are marked by special graphical
means. For more comfortable perception of some part of the map the program provides
for the possibility to extract the right-angled area which includs this part and to display it to
the whole monitor. The graphics of temporal temperature trend, relative humidity, distance
visibility, altitude of the lower cloudiness limit in Tashkent airport for previous 24 hours can
be also displayed.
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THE IMPACT OF ERS-1 SCATIEROMETER DATA ON
GEOS MODEL FORECASTS
R. Atlas, R. N. Hoffman1, E. Brin2, P. M. Woiceshyn 3
Satellite Data Utilization Office, code 910.4
NASA/Goddard Space Flight Center, Greenbelt, MD 20771

INTRODUCTION
Consistent oceanic surface wind data of high quality and high temporal and spatial
resolution are required to understand and predict the large scale air-sea interactions which
significantly influence both the atmosphere and ocean. Surface wind data provide the primary
forcing for ocean and surface wave models. In addition, such data can be useful in the
verification of atmospheric models and in providing improved initial conditions for numerical
weather prediction (NWP).
Conventional observations over the global oceans are extremely limited. Ship
observations are limited by both their quality and sampling; buoys, while of higher accuracy, are
extremely limited in their coverage. As a result, much of the oceans, particularly in the Southern
Hemisphere, are not observed adequately by in situ observations. The surface wind field over
such regions is specified primarily by the four-dimensional assimilation of satellite temperature
soundings and cloud-track winds in conjunct1onwilh-llieavailable conventional data.
Remote sensing of the ocean surface provides a means to improve significantly analyses
of surface wind velocity in otherwise data sparse regions. Passive microwave remote sensing of
the ocean surface has demonstrated the capability of retrieving ocean surface wind speeds,
through the response of the microwave emissivity to the surface roughness, while active sensing
of centimeter scale capillary waves by means of a scatterometer allows the retrieval of ocean
surface wind vectors with some ambiguity.
The first satellite scatterometer was the SEASAT-A Scatterometer System (or SASS),
which operated for three months in 1978. SASS demonstrated that spaceborne scatterometers
could monitor the world ocean wind field. However, it was not until1991, that the second
satellite scatterometer was launched aboard ERS-1. To date only a limited number of
experiments to evaluate the usefulness of ERS-1 winds in data assimilation have appeared in the
literature. Hoffman (1993) reported on a preliminary study ofERS-1 winds on the European
Centre for Medium-Range Forecasts (ECMWF) Global Data Assimilation System (GDAS). This
study, which utilized an early version of ERS-1 scatterometer winds, found substantial
modifications to surface wind analyses. However, forecast impacts were neutral, with no
consistent improvement or degradation. Stoffelen et al. (1994) and Stoffelen (1994) studied the
impact of more recent (higher quality) ERS-1 winds on the ECMWF GDAS, and found similar
results with no significant improvement in forecast accuracy beyond 12 hours. In contrast, Bell
(1994) using the UK Meteorological Office (UKMO) GDAS obtained a substantial reduction in
rms errors in the Southern Hemisphere when ERS-1 wind vectors were assimilated.

1 AER Inc., 840 Memorial Dr. Cambridge, MA 02139
2 GSC, Goddard Space Flight Center, Greenbelt, MD 20771
3 Jet Propulsion Laboratory, 4800 Oak Grove Drive, Pasadena, CA 91109-8099.
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In this paper, we report on a series of data assimilation and forecasting experiments,
which are being conducted in order to evaluate the impact of ERS-1 scatterometer data on the
Goddard EOS (GEOS) model analyses and forecasts. The initial experiments that we perfonned
used the 4° lat. by S0 Ion. version of GEOS and were designed to assess the relative utility of
ESA and JPL ERS-1 winds and to evaluate the contribution of the directional information in the
JPL winds. Later experiments, using the 2° lat. by 2.5° lon. version of GEOS, were conducted to
evaluate the impact of several different pointwise retrieval methods, as well as the impact of
winds resulting from the direct utilization of backscatter measurements in a variational analysis.
EXPERIMENTAL DESIGN AND RESULTS
The experiments that we performed were aimed at assessing the relative utility of
different ERS-1 data sets and the relative contributions of ERS-1 directional and speed
information. All of the experiments to be reported herein utilized the GEOS-1 Data Assimilation
System. This system has been described in detail by Schubert et al. (1993) and has been used in
the generation of a five- year reanalysis data set.
The version of the GEOS DAS used in this study is similar to that described by Schubert
et al (1993) except that both 4° lat. by so Ion. and 2° lat. by 2.S 0 Ion. resolution versions of
GEOS are used here and additional modifications to the system were made to enhance the
influence of the ERS-1 surface wind data. Within GEOS, the influence ofERS-1 winds is
enhanced by: (1) a consistent process to create a first guess surface wind field at the level of the
observational data and then to bring the resultant analysis increments upward, (2) multivariate
sea level pressure/surface wind analysis, (3) the creation of pseudo observations of 1000mb
heights, which are used as a reference level for satellite thickness observations, and (4)
incremental analysis updating.
Five different ERS-1 scatterometer data sets were evaluated in this study. These included:
ESA operational ERS-1 wind vectors, JPL ERS-1 wind vectors generated by Freilich/Dunbar,
PNMC ERS-1 winds generated at GSFC using modified UKMO wind retrieval methodology
and the NMC analysis as a background, PGLA ERS-1 winds generated at GSFC using modified
UKMO wind retrieval methodology and the GEOS analysis as a background, and VAR ERS-1
winds generated at GSFC by direct utilization of ERS-1 backscatter measurements in a 2D
variational analysis, using the GEOS analysis as the background. All of the above data sets, with
the exception of JPL, used the CMOD 4 model function to relate backscatter to surface wind
velocity.
Table 1 summarizes the 4° lat. by so Ion. experiments that were performed. These were
our initial tests of ERS-1 in 1993 and were aimed at determining the relative impact of ESA and
JPL ERS-1 winds and the relative contributions of directional and speed information in the JPL
winds. Five assimilations with four forecasts from each were generated. These included the
"Control", which used all conventional data plus satemps and cloud track winds, "ESA", which
added ESA surface wind vectors to the control, "JPL", which added JPL surface wind vectors to
the control, "ALIAS", which added ambiguous JPL wind vectors, "Speed", which added JPL
wind speeds only.
Figure 1 shows the average impact of each of these data sets on GEOS SOO mb height
forecasts for the Southern Hemisphere extratropics. Both the JPL and ESA winds show a
substantial positive impact on GEOS model forecasts in the Southern Hemisphere, although in
general the ESA winds yield higher forecast accuracy. Comparison of the JPL, ALIAS, and
SPEED curves shows that both the directional and speed information of ERS-1 are contributing
to improved analyses and forecasts with GEOS. In the Northern Hemisphere and Tropics (not
shown) the impact of ERS-1 on GEOS model forecasts was found to be negligible.
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Table 2 summarizes the 2° lat. by 2.5° Ion. experiments. In addition to the "Control"
assimilation, four assimilations with four forecasts from each were generated which added either
ESA, JPL, PNMC, or PGLA ERS-1 scatterometer wind vectors to the Control. A shorter
experimental assimilation and a single forecast was generated in which the V AR winds, instead
of winds obtained by any of the "pointwise" retrieval approaches, were added to the Control.
Figure 2 shows the average impact of each of the above pointwise ERS-1 data sets on
GEOS 2° lat. by 2.5° Ion. forecasts of 500 mb height for the Southern Hemisphere extratropics.
Each of the ERS-1 data sets yields a significant improvement in forecast accuracy in this region,
but in agreement with the 4° by 5° results, no improvement in forecast accuracy occurs in the
Tropics or Northern Hemisphere.
A detailed synoptic evaluation of each of the above assimilations and forecasts was
performed in order to better understand the nature and significance of the above impacts. This
evaluation showed substantial modifications to ocean surface winds and baroclinic structure, that
resulted in a significant impact on Southern Hemisphere cyclone prediction. Overall, cyclone
displacement and development was improved significantly by the assimilation of ERS-1 winds.
However, occasional examples of significant negative impact were also observed. In an effort to
reduce the occurrence of negative impacts and improve the accuracy and spatial coherence of the
ERS-1 winds, we developed the 2D V AR and performed the limited assimilation and forecast
test, described above. Comparison of V AR and PGLA winds (not shown), which used the same
background field, reveals clear examples of improved wind directions in the V AR. Figure 3
shows the improvement in forecast accuracy that resulted from the use of the V AR.
CONCLUSIONS
The results of our experiments indicate that the use of ERS-1 data in the GEOS Data
Assimilation System yields substantial modifications to surface winds over the global oceans and
generally improved weather forecasts in the Southern Hemisphere. Initial results obtained using
backscatter in a variational analysis appear very promising . Further research is currently being
performed to optimize the V AR for the assimilation of ERS-1 backscatter measurements, extend
the forecast sample with GEOS, and combine the use of ERS-1 and SS M/I in the V AR.
ACKNOWLEDGMENTS
We would like to acknowledge D. Offiler for providing subroutines for ERS-1 processing and D.
Offiler, R. Bell, and R. Graham for information relating to the UKMO experiments. In addition,
we would like to acknowledge J. Ardizzone, J. Terry, D. Bungato and W. Gemmil for their
respective contributions to these experiments.
REFERENCES
Bell R.S.,1994: The assimilation ofERS-1 scatterometer winds. Forecasting Research,UKMO.
Hoffman R.,1993: A preliminary study of the impact of the ERS-1 C band scatterometer wind
data on the European Centre for Medium-Range Weather Forecasts global data
assimilation system,JGR, vol. 98.
Shubert S.D., R.B. Rood, and J. Pfaendtner, 1993: An assimilated dataset for Earth science
applications. Bulletin of the American Met. Soc.,vol. 74.
Stoffelen, A.,C.Gaffard and D.Anderson, 1994: ERS-1 scatterometer data assimilation, Proc.
2nd ERS-1 Symposium Space at the Centre of our Environment, Hamburg- Oct.1993,
ESA.
Stoffelen, A., 1994: Surface wind observations from the ERS scatterometers, ECMWF
Newsletter, No. 66.

- 575 -

Table 1
ERS-1 Experiments using the GEOS 4 x 5 model
Spinup:

February 25, 12Z- March 1, 03Z, 1993

Assimilations:

March 1, 03Z - March 21, 03Z

Forecasts:
Control:
ESA:
JPL:
Alias:
··Speed:

March 6, 11, 16, 21
All conventional data + Satemps + CIW
Control + ESA Scatterometer wind vectors
Control + JPL scatterometer wind vectors
Control+ Ambiguous JPL scatterometer wind vectors
Control + JPL scatterometer wind speeds

Table 2
ERS-1 Experiments using the GEOS 2 x 2.5 model
Spinup:

February 25, 12Z - March 1, 03Z, 1993

Assimilations:

March 1, 03Z - March 24, 03Z

Forecasts:
Control:
ESA:
JPL:
PNMC:
PGLA:

March 6, 11, 16, 21
All conventional data + Satemps + CIW
Control + ESA Scatterometer wind vectors
Control + JPL scatterometer wind vectors
Control+ PNMC scatterometer wind vectors
Control + PGLA scatterometer wind vectors

Assimilations:

March 1, 03Z - March 6, 03Z

Forecasts:

March 6

VAR:

Control + V AR scatterometer wind vectors
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Figure 1. Relative accuracy of 4° lat. x 5° Ion. CON1ROL, ESA, JPL, ALIAS, and SPEED forecasts averaged
over 4 cases.
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Figure 2. Relative accuracy of 2° lat. x 2.5° Ion. CON1ROL, ESA, JPL, PGLA, and PNMC forecasts averaged
over 4 cases.
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Figure 3. Relative accuracy of 2° lat. x 2.5°lon. VAR and PGLA forecasts from 0000 GMT March 6, 1993.
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Study of the impact of ERS-1 scatterometer wind data on numerical wave modelling
J.M. Lerevre, D. Le Meur, B. Fradon, H. Roquet
Meteo-France/SCEM, 42 av. G. Coriolis, 31057 Toulouse Cedex, France

Abstract- The impact of ERS-1 scatterometer wind data on
numerical wave modelling is investigated with the second
generation wave model of Miteo-France VAG over the North
Atlantic Ocean, in the framework of the SEMAPHORE
experiment. The driving wind fields from the french weather
model ARPEGE are re-analyzed with the scatterometer data
by optimum interpolation, and used to produce new hindcasts
with the wave model. The impact of the scatterometer data is
evaluated by comparing the hindcasts obtained with and
without wind re-analysis with the available measurements.
Clear improvements are found in the description or the
significant wave heights and the representation or the energy
spectnun.
l. INTRODUcnON

Since its launch in July 1991, ERS-1 satellite has
provided the scientific community with quasi real-time
measurements of the surface wind field over the oceans.
Because of their all-weather, continuous availability and
their global coverage, such data represent a great potential
for both weather and wave forecasting. Previous studies
[Stoffelen et al., 1991; Hoffman, 1992] have shown that
their assimilation can have positive impacts in numerical
weather prediction, specially at small scales or in regions
where conventional observations are scarce. But little has
been done in comparison concerning numerical wave
modelling : wave fields, having a relatively weak memory
of initial conditions, do not get much profit from an
accurate analysis; furthermore, the Significant Wave
Height (S.W.H.), being a non-prognostic variable, requires
restrictive assumptions to be processed. In fact, wave
forecasting is basically a boundary value problem and must
therefore benefit more from the assimilation done in the
atmospheric model producing the driving wind fields.
The present paper deals with the work carried out at the
marine forecasting department of Meteo-France concerning
the use of ERS-1 scatterometer wind data in that context.
With regard to wave modelling, these data exhibited
previously the particular interest to improve the wind lowlevel analyses and short-term forecasts. Prior to possible
operational applications, the issue here is to suit their
assimilation method in the wind fields driving a wave
model and estimate the impact that can then be expected on
the sea-state description. The wave model chosen for that is
an improved version of the french operational model VAG.
The study, before being extended to the whole North
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Atlantic Ocean with more than one year of data, is focused
on the framework of the SEMAPHORE measurement
campaign which took place in the region of the Azores
islands during October and November 1993, as a major part
of the SOFIA research program on air-sea interactions.
2. ANALYSIS OF SURFACE WINDS WITH ERS-l
SCATIEROMETER DATA

2.1 ERS-1 scatterometer wind data
ERS-1 scatterometer uses three antennae, pointing in
azimuths of 45°, 90° and 135° relative to the satellite
ground track. Those antennae measure the normalized
0
radar cross section CJ of the sea surface in C band (5.3
Ghz), at incidence angles ranging from 27° to 59° for the
fore and aft antennae, and from 20° to 4 7a for the mid
antenna. When the satellite moves on its orbit, they
describe a swath extending over 500 km at 225 km on the
right of the ground track, each point of which is seen under
three different azimuths within a few minutes. The
measurements are sampled every 25 km across and along
the swath with 50-km resolution cells, resulting in a regular
grid with a 25-km square mesh and 19-node width. The
0
wind is retrieved from the CJ triplets obtained in that grid,
by inversion of an empirical backscatter model relating the
normalized radar cross section to its speed and direction
with respect to the viewing azimuth.
The wind data are organized in the form of products
associated to squares of 19 by 19 nodes. 'Those considered
here come from off-line products provided by the french
processing and archiving facility (CERSAT).
2.2 The analysis method
The wind fields used to drive VAG are surface wind
analyses from the weather model ARPEGE [Courtier et al.,
1991]. Those analyses are obtained by updating the model
6-hour forecasts with the available ship and buoy
observations in taking into account their respective error
statistics, according to the method of optimum
interpolation. Because of operational concerns, and since it
appeared to be sufficient in the light of the previous
assimilation results mentioned above, the choice was made
to introduce the scatterometer data in them in terms of re-

analysis, that is to say without running again the data
assimilation cycle.
To that end, the representation of the scatterometer
observation error in optimum interpolation with classical
Gaussian models was first reconsidered, in order to better
account for the spatial correlations and incidence
dependencies inherent in the measurement geometry used.
A new error covariance model, defined with respect to the
swath of the instrument and in terms of differences to the
wind field used as a first guess, was proposed from a
statistical study of the departures between the scatterometer
data and ARPEGE's 6-hour forecasts.
A dedicated optimum interpolation scheme was then
implemented to re-analyze ARPEGE surface winds, with
the following features besides the previous model :
- multivariate analysis in zonal and meridional
components;
- use of classical observation error models for
conventional ship and buoy data;
-use of ARPEGE's guess error model;
- classical quality control by comparison with the first
guess and the analysis obtained without the considered
observation.
A selection process by influence spheres was chosen for
its better ability to adapt to the variable coverage of the
scatterometer data than a method using fixed boxes;
various tests were included in order not to use too
correlated observations bringing redundant information and
making the interpolation system ill-conditioned.

situation characterized by a marked cold front. The
mesoscale information brought by the scatterometer data to
the model field is particularly visible.
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2.3 Application in the framework ofSEMAPHORE
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In the framework of SEMAPHORE, the previous
scheme was applied in a grid with a 0.5° resolution in
longitude and latitude covering the whole North Atlantic
Ocean (-80° W, 10° E; 10° N, 70° N), for the purpose of an
accurate sea-surface wind analysis. Scatterometer off-line
products from the french Processing and Archiving Facility
(CERSA T) were used, and measurements from the
Marisonde buoys deployed during the experiment added to
the conventional ship and buoy observations. Those
different data were selected within 6-hour windows
centered on the analysis times.
Alike in ARPEGE ordinary analyses, the observation
errors of ships and conventional buoys were modelled
respectively with 3 m/s and 4 m/s standard deviations in
zonal and meridional components. Correlatively the
Marisonde were alloted 2 m/s standard deviations, and the
scatterometer was supposed to have also 2 m/s equivalent
standard deviations. In comparison, the corresponding
magnitude of ARPEGE's guess error model varies with
latitude between about 8 m/sat 30° North and 5 m/sat 60°.
An example of re-analysis is given in Fig. I, showing
associated observation and analysis increments in a
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Fig. 1. Example of wind re-analysis :associated observation increments (a)
and analysis increments (b). Only one gridpoint out of two is represented.
The arrow lenght indicates the increment modulus, with the same scale in
both cases (about 1 mm for 5 m/s)
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3. HINDCASTEXPmUMENTS WI1ll RB-ANAL'YZED WINDS

calibration of the model with a 1.5° mesh didft'fi,either·
indicate much impact of the sea-state analysis resolution.

3.1 The wave model
3.3 Comparison with significant wave height measurements
V AG is a second-generation wave model, of the coupled
discrete type. Its physics and implementation are fully
described in [Guillaume, 1987]. Apart from the application
of a JONSWAP spectrum to re~shape the windsea after
performing the propagation and the growth of energy, the
main features are the use of a second-order advection
scheme written in cartesian coordinates in a polar
stereographic grid, and of adjustable discretization
parameters. In the form in operation at Meteo-France, the
grid mesh is about 100 km at 60° North, and the energy
spectrum is discretized in 12 frequencies and 12
propagation bins.
The model considered in this study consists of a new
version, characterized by the use of spherical coordinates
and of a first-order upstream advection scheme reducing
the undesirable effects of the directional discretization of
the energy spectrum. This version, destined to replace the
current one, was validated in the frame of the work
presented hereafter [Fradon, 1994].

3.2 Hindcast experiments in the frame of SEMAPHORE
campaign
In the framework of SEMAPHORE, the new version of
V AG was run with the ARPEGE re-analyzed winds
described above, in order to produce an associated sea-state
analysis. The same 0.5° resolution grid was used for that,
together with a 22-frequency and
IS-direction
discretization of the energy spectrum.
A re-calibration was first necessary to adjust the physics
of the model to the new forcing fields. That re-calibration
was performed by applying multiplicative factors to the
energy growth and dissipation terms, so as to obtain the
same average significant wave height as with the
operational version of VAGATI.A driven by the ordinary
ARPEGE analyses.
Two parallel hindcast experiments were then carried out,
corresponding to the two main observation periods of the
campaign, that is to say October 11th to October 27th and
November 1Oth to November 18th. Each time the wave
model was run successively with ARPEGE ordinary
analyses and with the re-analyzed winds. The impact of the
re-analyzed winds was evaluated by comparing the
resulting hindcasts with the available measurements in the
SEMAPHORE area.
A third experiment was also achieved keeping only one
point out of three in the driving fields, but the
intercomparaison of the wave fields obtained exhibited no
significant impact of the wind analysis resolution in the
framework considered. Tests performed during the

The impact of the re-analyzed winds was first evaluated
in terms of significant wave heights (SWHs) by performing
comparisons with the altimeter measurements from the
TOPEX/Poseidon satellite. For that purpose, the wind
speed was also taken into account, retrieving altimeter
estimates from the SWH and normalized radar crosssection measurements with a dedicated algorithm [9]. As
well, the TOPEX/Poseidon data well averaged along the
satellite track over approximately 0.5° intervals to match
the wind and wave analysis resolution.
The results are given in Tz1ble I. They indicate an
improvement in both the wind speed representation and the
SWH modelling when using re-analyzed winds. That
improvement turns out to be significant at a 99.9%
confidence level for the wind spee~. Moreover, the
percentage of SWH variance explained is equal to 64%
with re-analyzed winds against 46% with ordinary
analyses.
Comparisons with buoy data also indicated a SWH
improvement in hindcasts obtained with re-analyzed winds;
however the amount of data was too small to demonstrate
the positive impact of the re-analysis.
3.4 Comparison with wave spectrum measurements
The impact of the wind re-analysis was then investigated
in terms of energy spectra, using the measurements from
the RESSAC airborne radar. This instrument offers the
advantage of providing a higher resolution than most
directional wave buoys and in particular the Wadirex buoy
implemented during the experiment. 37 wave spectra were
examined and significant improvements due to the reanalysis were observed in 20 cases. In the others cases, no
significant differences were found except in 3 cases where
the re-analysis had a negative impact. An example of
positive impact on the wave spectrum is shown on Fig. 2.
In the spectrum obtained with the ordinary wind analysis,
only one peak corresponding to wind sea is simulated. With
the re-analyzed wind, the wind sea is very weak and two
peaks corresponding to swells appear in agreement with the
RESSAC spectrum. It must be noticed that the wind sea is
not well represented in the RESSAC spectra because
wavelenghts under 50 m are not taken into account.
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Table 1. Slalislic:s o• SWHs aod wiod speeds (rom comparisons bcrwec:n
TOPEX/Poscidon measurements and model fields. 2.06 TOPEX/Poseidon
data were used. The meao altimeter wind speed ( U) and SWH (1-n were
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Fig . .!. Directional wave spectrum from the hindcasts obtained IISing
ordinary wind analyses (a), rc-analyzed winds (b) and (rom tbe RESSAC
(c). Arrows indicate the wind direction. The RESSAC spectrum is given
with a 180 degrees ambiguity.
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This work led to a reconsideration of the optimurr
interpolation of wind observations and the implementatior
of a dedicated re-analysis scheme for introducing ERS- 1
scatterometer data in ARPEGE surface wind fields.
It also called for a re-calibration of the wave model VAC
when using re-analyzed winds instead of ordinary analyze'
winds as input, and then exhibited a globally positiv<
impact of the scatterometer data on the sea-statt
description, both in terms of significant wave heights an(
energy spectra.
The results obtained are very encouraging. However tht
evaluation remained limited, and the improvement foun(
on the average didn't prevent certain neutral or negative
impacts locally. A better check will be possible in the nex1
investigation stage, when extending the study to the wholt:
North Atlantic Ocean.
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Assimilation of Satellite Water Vapor and Surface Temperature Data In a Mesoscale Model
Alan E. Lipton, George D. Modica, and Scot T. Heckman
Atmospheric Sciences Division
Geophysics Directorate, Phillips Laboratory
Hanscom Air Force Base, Massachusetts 01731-3010, U.S.A.
1. Introduction

This paper reports recent developments and experiments with a system for assimilation of satellite water
vapor and surface temperature data in a mesoscale weather prediction model. The system incorporates radiances
from the Visible and Infrared Spin Scan Radiometer (VISSR) Atmospheric Sounder (VAS) on satellites of the
Geostationary Operational Environmental Satellite (GOES) series. The assimilation method involves coupling
between the retrieval process and integration of the National Center for Atmospheric Research/Pennsylvania State
University (NCAR/PSU) mesoscale model. The purpose of experiments presented here was to evaluate variations of
the coupled system with regard to their performance as weather analysis and forecasting tools in the subtropical
environment of peninsular Florida. The moist Florida environment presents particular challenges to the use of VAS
data because cloudiness is extensive, whereas the infrared VAS cannot be used to sound in cloudy conditions. In
addition, the typically high values of total precipitable water are associated with relatively large uncertainties in
infrared atmospheric transmittance calculations and low sensitivity of window channels to ground surface
temperatures.

2. The assimilation system
The system used for these experiments evolved from the one developed by Lipton and Vonder Haar (1990a).
The primary change in the system was the replacement of the model component so as to enhance the system's
ability to represent synoptic-scale forcing of mesoscale weather. The current model component, the NCAR/PSU
mesoscale model version 4 (MM4), is a version of the one described originally by Anthes and Warner (1978) and is
summarized in Table 1.
An important aspect of the mesoscale assimilation system is its use of geostationary satellite data. The
geostationary orbit of the VAS enables it to observe a given region many times during a day, making the data
particularly useful for application to mesoscale phenomena with time scales on the order of hours. The VAS has 12
infrared channels sampled at 8-km or 16-km nominal resolution, depending on the channel (Menzel et al. 1983).
Our assimilation system has been configured to accept water vapor and surface temperature information from
the VAS. In water vapor assimilation, model output is used as initial guess data for retrievals, the retrieval results
are represented as increments (i.e., changes from the initial guess), and the increments are interpolated back to the
model grid and added to the model values. This process constitutes an adjustment of model water vapor
concentrations wherever satellite retrievals are available. The model then integrates forward to the next VAS
Table 1. Features of the NCAR/PSU Mesoscale Model, version 4.
Grid
horizontal

Two-way interactive nested grid (Zhang et al. 1986); coarse grid 50 X 50, A.x=30 km; fine grid
61 X61, Ax=10 km; centered at 28.55°N, 81.33°W (Orlando); staggered (Arakawa B) grid.

vertical

Terrain-following coordinate (u); variable resolution, 29 levels with -10 levels in lowest 1 km and 50
hPa spacing thereafter; p
=50 hPa; staggered grid.

Numerics

Hydrostatic; leapfrog, At=45 s (coarse), 15 s (fine); pressure averaging, time smoothing; 4th-order
advection and deformation-dependent horizontal diffusion; relaxation lateral boundary condition
(Davies and Turner 1977) on coarse grid.

Turbulence

First-order closure (K theory) for stable module, nonlocal plume scheme for unstable module; highresolution PBL (Zhang and Anthes 1982).

Convection

Modified Kuo (Anthes 1977).

top
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observation time (typically 90 min), and the adjustment process is repeated. Ultimately, several sets of VAS
observations are combined into a single four-dimensional assimilation (Lipton and Vonder Haar 1990a).
The surface temperature assimilation procedure involves using model fields as the source of initial guess data
for retrieving surface temperatures in cloud-free areas, after which a model background surface temperature analysis
is adjusted to bring it into agreement with the retrievals. The adjustment process includes horizontal interpolation
of retrieval-background increments from the retrieval locations to the model grid points. The temperatures are then
interpolated over time using cubic splines, providing values at every time step of the assimilation period based on
satellite data typically taken every 90 min. These gridded temperatures can directly comprise a bottom boundary
condition for the model integration during the assimilation period. This process is detailed in Lipton and Vonder Haar
(1990a) and Lipton (1993). A feature of the process that has been recently implemented is a specification that, in
regions of the assimilation domain far from cloud-free sounding sites, the surface temperatures revert to values
computed from the NCAR/PSU model's surface energy budget scheme. Additional changes were made to the
assimilation procedure to account for the presence of both land and water areas in the assimilation domain, given
that domains for previous applications had been entirely over land. These changes included separating processing of
land and water surface temperature data whenever horizontal interpolations were performed in order to prevent
smearing of land/water temperature contrasts when interpolating into coastline areas that were cloud covered. The
system also contains an option (not invoked in the present study) to incorporate satellite retrievals of cloud radiative
characteristics to account for shading of the ground within cloudy areas (Lipton 1993).

3. Test case meteorology
The test case for the current assimilation experiments was an instance with a distinctive mesoscale pattern of
convective cloud development in central Florida, which occurred on 19 July 1991, during the Convection and
Precipitation/Electrification (CaPE) experiment (Gray 1991). The sky was largely clear over the Florida peninsula
from 0500 through 0830 Eastern Standard Time (EST), although there were a few remnants of the previous day's
convective clouds (Fig. la). Shallow and deep convective clouds were widespread over the surrounding ocean areas.
As the day progressed, thunderstorms spread northwestward across the southeastern part of the peninsula and, by
1300 EST, deep clouds developed in the northwest peninsula area and along the coasts north of Tampa Bay and
Cape Canaveral (Fig. lb). Deep convection was prominently absent in a broad region across the center of the
peninsula.
Windflow at the surface was predominantly weak and from the southeast over Florida under the influence of a
broad high-pressure center over the western North Atlantic. Upper tropospheric winds were from the east-northeast
at about 10 m s-1, associated with the southern portion of an anticyclone centered over South Carolina.

4. Experimental design and procedures
Four 24-hr assimilation experiments were conducted: a control and three variations of the satellite-model
coupled system. The control (C) experiment was a model integration started from the conventional National
a

0830 EST

Fig. 1. Visible satellite images from GOES-7 taken just before (a) 0830, and (b) 1300 EST, 19 July 1991. The large
box indicates the assimilation domain boundary. The white markers in (a) indicate the centers of VAS sounding fields of
view used for water vapor assimilation. The black horizontal lines in (b) represent missing data.
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Meteorological Center global analysis valid at 1900 EST 18 July, reanalyzed with standard National Weather Service
(NWS) rawinsonde and surface data. No weather data were introduced after the starting time, except at the lateral
boundaries of the coarse grid. The Q assimilation incorporated water vapor mixing ratio increments from VAS data
taken about 0400, 0530, 0700, 0830, 1000, and 1130 EST. Until the first water vapor adjustment at 0400 EST, the
Q and C experiments were identical. The S assimilation contained surface temperature information from the same
six VAS data sets used in the Q experiment. The S experiment was identical to the C experiment until satellitederived surface temperature increments were phased in gradually from 0230 to 0400 EST. After the last set of data
was introduced at 1130 EST, the increments were reduced linearly to zero over 3 hr. The QS assimilation contained
both water vapor and surface temperature information from the VAS.
In addition to the four primary experiments, two experiments were made to help us evaluate the effect of
changing the frequency at which VAS data are available for water vapor assimilation. The QA and QB experiments
were identical to the Q experiment except that each used VAS data at 180-min intervals rather than 90-min: 0400,
0700, and 1000 EST for QA, and 0530, 0830, and 1130 EST for QB.
Changes in cloud cover during the day led to changes in the coverage of cloud-free VAS data from one
observation time to another. Most of the assimilation domain (Fig. 1) was sufficiently clear for sounding at one or
more of the observation times. Coverage was relatively scant at 0400 EST and at 1130 EST, when most of the
peninsula was too cloudy for sounding. Before the assimilation process was started, the VAS data were averaged
horizontally and over multiple, collocated samples to compensate for data noise. The result was resolution of about
40 km (Fig. la) for the water vapor input to the model and the atmospheric profile data for higher-resolution (8-km)
surface temperature data assimilation, as in Lipton and Vonder Haar (1990b).
5. Results and discussion

The water vapor concentrations in the Q and QS experiments evolved very similarly during the assimilation
period, as would be expected; however, the C run was very different. Differences were most pronounced near the
ground. By 1130 EST the low-level mixing ratios in the C experiment were primarily characterized by a land-water
contrast as a result of boundary-layer mixing over the heated land (Fig. 2a). The QS results at that time (Fig. 2b)
had large low-level water vapor gradients over the peninsula, with maxima in the northwest and southeast peninsula
areas and a minimum in between. These basic features were present as early as 0700 EST in the QS experiment.
For verification of the assimilation results we used data from special CaPE balloon-borne soundings taken in
central Florida, along with data from the two routine NWS rawinsondes flown during the assimilation period (Fig. 2a).
At no time during the assimilation period were there enough simultaneous balloon soundings over a broad enough
area to make it possible to draw maps against which to compare the C, Q, and QS results. As an alternative,
verification statistics were computed by comparing data from each of the 15 balloon soundings taken during the
a

b

Fig. 2. Water vapor mixing ratios (g kg-1 ) at 1000 hPa from the (a) C run and (b) the QS experiment at 1130 EST.
The markers in (a) are at special CaPE upper-air sounding sites (dots) and operational sounding sites (triangles) from
which data were used for this study.
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assimilation period with matching data from the model runs/assimilations. By ''matching'' we mean that data were
interpolated to the sounding site from the four surrounding grid points, using data from the nearest model output
time (i.e., VAS observation time).
Comparisons were made in terms of dewpoint temperatures averaged over layers (500 to 750 hPa and 750 to
1000 hPa). We chose this layering because it is compatible with the resolution one might expect to achieve with VAS
soundings. Difference statistics, with respect to the balloon soundings, were computed in terms of root-mean-square
(rms), bias, and rms difference remaining after correcting for the bias. The latter statistic indicates how well an
assimilation described the variability of dewpoint temperatures among the 15 verification soundings.
The Q and QS experiments performed better than the C run in the upper layer with regard to all the
statistics (Fig. 3). In the lower layer the C run was best. To help us interpret these results we also computed
statistics for the entire 500-1000-hPa layer, for which we found that the C experiment gave the largest differences
(Fig. 3). Together, these results indicate that the experiments that included satellite-model coupled assimilation of
water vapor outperformed the control in general, but the VAS input was not generally skillful at separating the water
vapor between the two halves of the lower troposphere.
The effect of changes in frequency of VAS input to the assimilation system was addressed by comparing
results of experiments QA and QB (not shown) with those of experiments C and Q. As we expected, the QA and QB
results became more similar to the Q results over time so that, by 1000 EST, they were all very similar with regard
to magnitudes and gradients of water vapor concentrations. The skill of the QA and QB experiments, relative to the
C run, was compared with the skill of the Q experiment by computing

5

=

[

(rmsc -rmsQA

)+

(rmsc -rmsQB ) ]

[2

(rmsc -rmsQ )

]-l

This equation was applied separately to the layers 500-750 and 750-1000 hPa and the skill values were combined,
giving a value of 0.8. When applied to the 500-1000 hPa layer the result was 5 =0.9. These results indicated that,
on the average, the experiments that used half the available satellite data sets had 80-90% of the skill of the
experiment that used all six data sets. These values, however, are not highly reliable because they are based on
differences and ratios of statistics generated from only 15 soundings. Furthermore, we have no way of knowing
whether these values are generalizable to weather conditions significantly different from those encountered in this
case study.
The different methods of handling surface temperatures in the assimilation experiments were evaluated by
comparing assimilation results with shelter temperature observations from surface observing stations and from ships.
Observations included some from standard stations (interpolated to half hours, as needed) and some from Portable
Automated Mesonetwork stations that had been deployed near Cape Canaveral for the CaPE experiment. It would
have been more ~ppropriate to verify against direct observations of surface skin temperature, but very few such
observations were available. To facilitate verification, the surface-layer parameterization in the NCAR/PSU model
was inverted so that we could compute shelter-height (2 m) temperatures from the assimilation experiment
temperatures at the surface and at the model's lowest atmospheric level.
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a

b

Fig. 5. Convective available potential energies, based on data from (a) the C experiment and (b) the QS experiment at
1000 EST. Contours are at. intervals of 1000 J kg-1 , with values above 3000 J kg- 1 shaded.

Figure 4 presents difference statistics for the C, S, and QS experiments. When computing these statistics,
the difference at each station was weighted according to the station's proximity to other stations, with the purpose
of compensating for the clustering of stations in certain portions of the assimilation domain. The S and QS
difference statistics were nearly identical early in the assimilation period, but later the differences were smaller for QS
than for S. This result indicates that assimilation of water vapor data led to improved accuracy of surface
temperature assimilation in the coupled system.
The QS assimilation generally outperformed the C run with regard to rms differences, with the benefit of
assimilation being completely attributable to the bias component of the differences. In fact, the C run outperformed
the S and QS runs with regard to bias-corrected rms values (not shown). These results are primarily representative
of land areas, since very few water-area surface observations were available.
We were not able to determine definitively why the shelter-height temperature gradients were better
represented in the control than in the runs with VAS data assimilation. A factor that appears to be important is
that the actual temperature gradients were weak over land in this case, and the energy budget computations that
generated the surface temperatures in the control experiment tend to give weak gradients in all cases (unless large
variations in surface types are specified). Meanwhile, the VAS input was subject to errors caused by imperfections in
cloud screening, computation of atmospheric transmissions, and specification of surface emittances. In this case, it
appears that these errors were large relative to the natural gradients: the shelter-height temperature signal-to-noise
ratio was small. These results suggest that VAS surface temperature information should be employed in mesoscale
assimilation only when viewing conditions are highly favorable (i.e., risk of contamination by clouds is small), when
large surface temperature gradients are expected, or when model-computed surface temperature values (the
alternative to VAS retrievals) are especially unreliable. Such conditions can occur when soil moisture is thought to
vary greatly, given that direct soil moisture data are generally not available; or in mountainous terrain, where
elevation dependence of surface temperatures might not be well modeled.
Atmospheric stability parameters were computed at each grid point in the assimilation experiments as a
means to assess the combined thermal and moisture influences on the potential for deep convection. In particular,
we computed convective inhibition (CIN) and convective available potential energy (CAPE) (Djuric 1994). The C run
values of CIN were very small throughout the assimilation domain at 1000 EST, while CAPE values corresponded
largely with land/water boundaries (Fig. 5a), with high values over water and low values where solar heating of land
led to vertical mixing and drying of the air near the ground. The QS experiment had substantial variability in CIN
and CAPE values (Fig. 5b), with similar patterns for both. Together, the QS buoyancy parameter plots indicate that
deep convection is relatively easy to trigger and potentially strong in the southeast part of the domain and in the
northwest portion of the peninsula, extending southward through Tampa Bay. These buoyancy results correspond
closely with the actual convective development over the following 3 hr, as illustrated in Fig. lb.
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The results of our case study for 19 July 1991 demonstrated potential usefulness of a satellite-model coupled
mesoscale assimilation system, as applied to a moist subtropical environment. The coupled system's ability to
incorporate multiple sets of satellite data allowed for more thorough analysis than could have been made with any
single set of data, given that cloud cover was significantly different at each satellite observation time.
We expect the quality of our assimilation products to improve in several respects as we take advantage of
advances in satellite instrumentation, such as the satellite sounder that replaces the VAS on the new GOES satellites
(including GOES-8, launched 13 April 1994). The new sounder has features that promise to make it significantly
better than the VAS for coupled mesoscale assimilation. In particular, the radiance noise is smaller, the horizontal
resolution is finer (facilitating cloud avoidance}, and the longwave window channel is spectrally narrower, making it
less sensitive to atmospheric absorption and a better indicator of surface temperature (Menzel and Purdom 1994).
Acknowledgments. The authors thank Steven Williams of NCAR for assistance in obtaining CaPE data,
Joseph Meli of Mission Research Corporation for computer programing support, and John Browne and Andy Hobgood
of the Phillips Laboratory Scientific Graphics Branch for assistance with figure preparation.
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Sensitivity of simulated soil moisture and heat balance
to initial soil wetness
Naofumi Masuko and Nobuo Sato
Numerical Prediction Division, Japan Meteorological Agency
1-3-4, Ote-machi, Chiyoda-ku, Tokyo, 100 JAPAN

Abstract
This is a sequel to the paper by Sato et. al. in this volume. In this experiment,
the sensitivity of simulated soil moisture and heat balance to different values of
initial soil wetness was examined. It was found that soil moisture gradually converged
to the same value, which was independent of the initial soil wetness, after nearly
4-years of time integration. If initial soil wetness were larger, the relaxation time for
convergence was shorter. Although longer relaxation time is needed for permafrost,
the surface heat balance after 3- or 4-years of simulation did not depend on initial
soil wetness.
Further study is needed to initialize soil moisture in permafrost soils because
the result may depend on the parameterization of percolation and runoff for them.

1. Experimental design
We used the same model as Sato et. al. in this volume. It is a modified version
of Simple Biosphere (SiB). The model was integrated under atmospheric forcing
taken from the operational6-hourly global four dimensional data assimilation (4DDA)
at JMA. Some validation of the 4DDA products and the model is shown by Sato. et.
al..
The period of simulation is 4 years. We repeated twice the period from
1991.7.l.OOUTC to 1993.6.30.18UTC. Four sites belonging to different climatic regions
were selected so as to represent variety of soil moisture character. The sites are as
follows.
Nanjing (32.1N, 118.5E), China mild and humid zone
Mombasa (4.0S, 39.6E), Kenya savanna
Jakutsk (62.1N, 129.8E), Russia subarctic zone
( seasonal frozen soil )
Dikson (73.5N, 80.2E), Russia tundra
( permafrost )
In this paper, we made a simulation at grid points closest to these sites. Total
soil depth and soil porosity were 2 m and 0.477, respectively. Vegetation type was
grass.

2. Results
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2.1 Soil moisture
Fig. 1 shows the temporal variations of soil moisture under four different
initial soil wetness; 0.99, 0.75, 0.5 and 0.3. In the case of initial wetness 0.75, the
simulated daily surface run off, evapotranspiration, amount of soil ice and snow
depth were also drawn on each figure. The precipitation used as atmospheric forcing
data was also shown.
(a) Nanjing (b) Mombasa
Soil moisture gradually approaches the same value and the same variation,
even if different initial soil wetness was given. This relaxation time scale is about 2
years to 4 years, which depends on initial soil wetness . If smaller initial soil wetness
.is given, the relaxation time is longer. And the relaxation time for Mombasa is longer
than that of Nanjing because the former site has less precipitation.
(c) Jakutsk
At a grid point close to Jakutsk, all the three soil layers are frozen in winter
but thaws from spring to summer. The amount of total soil moisture (water/ice)
does not vary during winter, because rainfall can not permeate through ground
surface. The soil moisture changes during warm season. If 0.3 is given as initial soil
wetness, the total soil moisture remains smaller. This is because the amount of
precipitation is not enough for soil to become wet.
We find from the three results (a)(b)(c) that we should give larger initial soil
moisture.
(d) Dikson
At a grid point close to Dikson, permanent frozen soil exists not only in winter
but in summer because ice in soil thaws only at surface layer even in summer. And
less evapotranspiration than precipitation makes soil moisture gradually increase.
When the integration time is further extended, soil moisture become saturated and
rainfall, which does not permeate through ground surface, is removed as surface run
off (not shown in figure). In our parameterization of permafrost, we did not allow
soil moisture percolation. So the above results may depend on the specific land
surface parameterization scheme (LSP).

2.2 Heat balance
By now we examined temporal variation of soil moisture. Next we examined
sensible and latent heat flux through the ground surface that affects atmospheric
heat/moisture balance over the surface. Fig. 2 shows the component of heat balance
at a grid point close to Jakutsk. Two cases of initial soil wetness 0.99 and 0.3 are
shown. From Fig. l(c), we see the surface heat balance depends on initial soil wetness
in the first and second year, but the difference is a few W /m 2 for daily mean values
and negligible after three or four years.
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3. Summary and Discussions
According to this experiment, soil moisture converge on the same value
independent of initial soil wetness within 4-year integration time. If larger initial soil
wetness is given, the relaxation time is shorter. But in case of permafrost, soil moisture
increases until it is saturated. We need further study on how to initialize soil moisture
in permafrost regions. However in all the cases, the simulated surface heat flux
approached the same value after three years of time integration. All the experiment
was done using 1-D version of LSP and the interaction is one way. Our conclusion is
that we should give larger value for initial soil moisture.
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Figure 1 Simulated soil moisture movement. Four initial soil moisture cases are plotted.
Thick line indicates 0.99, thin line 0.75, dashed line 0.5 and dotted line
0.3. In the case of 0.75, precipitation, surface run off, evapotranspiration
and snow depth are also plotted.
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Sampling error simulation study for TRMM observation
- its seasonal dependency Riko Oki and Akimasa Sumi
University of Tokyo, Cent er for Climate System Research
4-6-1 Komaba, Meguro-ku, Tokyo 153, JAPAN

Abstract
Sampling errors of rainfall retrieved by a low inclination, low altitude satellite, such as the Tropical
Rainfall Measuring Mission (TRMM) satellite, are estimated by using Radar-AMeDAS (Automatic
Meteorological Data Acquisition System) rainfall data around Japan. The data are composite radarderived rainfall maps calibrated with a dense surface rain gauge network(AMeDAS).
In this study, sampling errors of monthly rainfall have been estimated over 5°X5° and 2.5°X2.5°
domains using a 43 months time-series of Radar-AMeDAS data. For a 5° x 5° area the sampling error
around Japan would be about 16% with the swath width of the TRMM Microwave Imager(TMI) and
about 20% with the swath width of the TRMM Precipitation Radar(PR).
There was a strong seasonal dependency of sampling errors in Japan. For the 5°X5° area errors
in the summer rainy season were 13% and 19% in the dry season with the swath width of TMI. The
dependency on averaged area size was also investigated.

1

Introduction

TRMM satellite is planned to be launched in 1997. It is the first satellite where Precipitation Radar
is borne on the satellite and dedicated to the rainfall measurement. Its significance for meteorology
and details of instruments on it are discussed by Simpson et al.[1]. The main goal of the mission is
to produce the monthly mean rainfall averaged over 5° X5° boxes in the tropics. In the case of nonsun-synchronous orbit satellite, such as TRMM, the observing interval differs slightly from 12h, and it
can observe precipitation through the diurnal cycle in a few weeks. However, sampling error due to
intermittent observations is inevitable.
In order to estimate sampling errors various studies have been made. Shin and North(2] estimated
sampling errors by a simple stochastic model based on the first-order Markov process of the area averaged
rain rates. They showed that the monthly rain rate averaged over 5° x 5° grid can be estimated with
the sampling errors less than 10%. Bell et al.[3] made simulation in which a TRMM-like satellite is
flown over a two-dimensional area by using a stochastic model(Be11(4]). The model was based on the
statistics which was tuned to fit GATE rainfall data. The sampling error is found to be less than 10%
of the mean of rainfall averaged over a 5° x 5o area.
All these results above mentioned are based on the GATE data. Although the GATE data is valuable,
it is limited in time and space. Similar studies should be conducted in various regions and various
.
periods.
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2

Data and Procedures

Japan Meteorological Agency(JMA) is operating a network of digitized radars which cover the entire
Japan islands and make a composite chart every an hour from these digitized data. They are calibrated by rain-gauge data distributed over the Japan islands in 17km intervals. This Radar-AMeDAS
composite data is available over the entire Japan region since 1988.
These data are appropriate for sampling study of TRMM satellite to supplement the previous studies.
Therefore, we made direct estimation of sampling errors of TRMM around Japan, using the merits of
the extent in space and time of this data. First, we assumed a imaginary orbit of TRMM satellite. The
orbital parameter is the same for the real TRMM satellite. An example of the orbit for one day around
Japan is shown in Figure 1. If the swath of TRMM instruments passes over the Radar-AMeDAS
composite data area around Japan, it is assumed that the the rainfall at the grid points under the
TRMM swath are observed. Although TRMM's observation is a snapshot, we assume that 1-hour
precipitation can be accurately estimated by other algorithms.
From this imaginary observations, a monthly precipitation can be estimated over the several 5° x so
areas around Japan using the following equation;
P(x, y)
PTRMM(x,y) = N(x,y) x 24 x days

(1)

where PTRMM(x,y) is a monthly rainfall estimate at a grid point(x,y), P(x,y) is an accumulated rainfall
due to TRMM satellite and N(x,y) is a number of visits at (x,y). Area averaged monthly rainfall
observed by TRMM are obtained by integrating every grid point value(PTRMM(x, y)) in a certain area.
We assumed the missing data to be no rain. We compared the above estimation to the total accumulated
rainfall, and calculated sampling errors. Such computations were made for five validation areas and for
4 orbits and 43 months. We simulated for two different swath, PR(220km) and TMI(700km). Sampling
errors for smaller averaging areas were also examined.

3
3.1

Results
The simulated sampling of TRMM around Japan

The lower part of the Figure 2 shows the relationship between the number of sampling(N in equation
(1)) and the latitude. We used 220km for the PR swath and 700km for the swath combined with TMI
in the sampling simulation.
Around Japan, the number of sampling is extremely large because of the orbit inclination. In the
case of using only PR, around one visit can be expected per day. In case of the combination with TMI,
the number increases considerably with three times increasing in the swath.

3.2

The estimation of sampling error

Table 1 summarizes the results for the case of PR sampling and the case of TMI sampling. An ensemble
mean of biases and root mean square errors are shown. Sensitivity due to the domain size is also
examined. Same procedures are applied for 2.5° x 2.5° and 1.0° x 1.0° grid areas. We used 4 orbits
and 5 areas for each size during 43 months.
As the domain size is reduced, the sampling error becomes larger. The sampling error over the so x 5°
is about 20% using PR only and 16% using with TMI. For every area size, sampling error reduces to
about 80% while the swath increases by a factor of three. It can be suggested that 2.5° x 2.5° domain
may be acceptable if TMI can be used.
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Table 1 The statistics of sampling error. The values are the averages during 43 months by the 4
different orbits.
------

---

···-----

Truth
Area
Mean
(mm)
5.0° X 5.0°
189
2.5° X 2.5°
201
1.0° X 1.0°
212

---

Mean
(mm)
190
202
213

PR(220km)
Bias
rms.E
(mm) (mm) (%)
1
39
21
1
62
31
1
102
48

Mean
(mm)
189
200
211

TMI(700km)
rms.E
Bias
(mm) (mm) (%)
0
30
16
-1
24
48
-1
76
36

(mm) is actually (mm/month)
Similar computation with errors from TMI observation was conducted. In the case of combinateion
of PR with TMI, it can be expected that an observational error of TMI can be reduced by using
PR data. So, we assume that there is no observational error in the PR swath(110km in each side),
and observational error between llOkm and 350km from nadir for each Radar-AMeDAS composite
data area(5kmx5km). The random errors are made to have a normal distribution with the standard
deviation of 0.25 and no bias.
As a resu~, the differences between the cases with error and without error are negligible, because such
error is cancelled out by averaging for 1 month and over large region.

3.3

Seasonal dependency of sampling errors

In Japan, characteristics of precipitation vary with season. The sampling errors averaged over the five
5° x 5° areas for each month are shown in Table 2.
Table 2 The seasonal dependency of sampling errors, for the Precipitation Radar swath and the TRMM
Microwave Imager. The values are the average for 3 or 4 years, 5 areas and 4 orbits.
-----------

-

Area
Jan.
Feb.
Mar.
Apr.
May
Jun.
Jul.
Aug.
Sep.
Oct.
Nov.
Dec.

Truth
Mean
(mm)
125
153
181
138
195
296
223
200
348
143
127
56

---------

PR(220km,CASE1)
Mean
Bias
rms.E
(mm) (mm) (mm) (%)
126
1
26
21
40
26
155
2
174
-7
47
26
140
2
27
19
197
2
44
23
298
2
48
16
-5
42
19
218
206
6
36
18
351
3
59
17
144
31
21
1
18
129
2
23
56
0
18
32

TMI(700km,CASE2-A)
Mean
Bias
rms.E
(mm) (mm) (mm) (%)
26
21
126
1
25
16
153
0
-2
16
179
28
-1
21
15
138
35
18
196
1
37
12
297
1
17
38
223
0
-2
26
13
198
11
350
1
37
22
142
-1
31
15
127
19
0
-1
17
29
55

(mm) is actually (mm/month)
In the case of PR sampling, the average sampling errors in summer season( June-September) is 18%,
The sampling error in winter time(November-March) is 25%. In the case of TMI sampling, it is about
13% in summer and 19% in winter. Apparently, the sampling error in the summertime is lower than
those in the wintertime. The minimum values are realized in June(13%) and September(12%). June is
the month when the Baiu-front is located around Japan("'34°N). September has similar characteristics
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of rain to June. Figure 4 shows the monthly mean rainfall and the sampling errors for each month.
A good relationship between the both quantities. It might be thought that the monthly mean rainfall
related to the frequency of rain events rather than rain intensity and showed a good relationship with
the sampling errors.

4

Summary

Sampling errors associated with the TRMM rainfall measurements have been studied by using the
Radar-AMeDAS composite data. Although many studies are conducted, all are based on the GATE
data. It can be concluded that the sampling errors over the 5° x 5° are estimated to be about 20%
by PR only, however,other remote sensing sensors such as TMI and IR data will be available. If
rainfall estimate can be obtained by combining these different instruments, much wider region might
be observed, because the swath of TMI is much larger than that of PR. In this case, the sampling error
will decrease to 16%.
The estimated errors are larger than the previous estimates. The difference between our estimate and
GATE results can be considered to be due to the following reasons: (1) This case is in the mid-latitude
area over the East Asia, where various rain systems occurs, however only tropiral convection may be
expected in the GATE area. (2) Our estimate is based on the data over the larger domain (.-v1000km)
and the longer period( 43 months), (3) Partial visits are considered in the procedure. Previous studies
have used the approximation that the whole area rainfall was observed when only partial visits were
realized. This approximation contributes a reduction to estimate of sampling errors.
It should be noted that there exists a strong seasonal dependence in the present study. In summer,
sampling errors is smaller than those in winter time. These results are related to the characteristics of
rainfall systems.
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The Impact of Satellite-Derived Wind on the Numerical Weather Forecast
Hideyuki Sasaki
Numerical Prediction Division, Japan Meteorological Agency
Ote-machi, 1-3-4, Chiyoda-ku, Tokyo, Japan
Abstract
The resent improvements to satellite-derived Cloud Motion Winds (CMWs) are verified by
comparisons with collocated radiosondes. The collocation study also shows that a current
height reassignment for CMW s does not properly follow the improvement to CMW s in an
operational global data assimilation of the Japan Meteorological Agency(JMA).
Consequently two modified height reassignment methods are examined by impact
experiments. The forecast scores show a positive impact in the southern hemisphere and a
·
neutral in the northern hemisphere.
1. Introduction
Cloud Motion Wind (CMW) is a major product of operational meteorological satellite and is
valuable data for Numerical Weather Prediction (NWP) where no radiosonde data are
available. The components of CMW data are a velocity vector that is extracted by tracking
cloud pattern in successive images taken with an interval of about 30 minutes and a pressure
level of the velocity vector that is estimated by several methods suitable for the observational
functions of each satellite.
CMW vectors are representative velocity vectors of atmospheric volume with substantial
thickness. But CMWs have been used as a single level winds in NWP and some problems
have been indicated for utilization in NWP. A typical problem is a slow speed bias of high
level CMWs. To cope with the problems, CMW producers have intensively made an effort
to improve CMW retrieval systems such as height assignment system and quality control
system, and have achieved the remarkable improvements to CMWs ([1], [2], [3], [4], [5], [6]
and [7]).
In a current global data assimilation of the Japan Meteorological Agency (JMA), CMWs are
inputted into an objective analysis through a height reassignment processing. This
reassignment method was developed on a basis of assessments of CMW s when such
improvements hacrnot been completed [8]. The purposes of this study are to verify the
improvements to CMW s and to re-examine a current height reassignment method.
2. Height Reassignment in the JMA Global Data Assimilation
The major functional components of the JMA global data assimilation system are a
prediction using a forecast model(T106L21) and an objective analysis using two dimensional
multi-variate optimal interpolation method. A first guess field for an objective analysis is 6
hour forecast. A height reassignment to CMW is carried out in a pre-analysis processing
where another quality control processings are performed.
Two experimental height reassignment methods for CMW (Method I and II) are prepared to
re-examine a current method (Method 0). Three methods are summarized in Table 1.
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Table 1 Height Reassignment Method
Method

Reassigned Level

CMW Level

--------------------------------------------------------------------------------------------------------0

1000>P>650hPa
650>P>350hPa
350>P> 75hPa

--->
--->
--->

850hPa
Not Used
200hPa

I

lOOO>P>lOOhPa

--->

The standard level closest to CMW level
(the closest level)

II

1000>P>100hPa

--->

The standard level around CMW level where a
vector difference between CMW and 6 hour
forecast wind at the same point is minimum.
(the best fit level)

Standard level; Surface, 1000, 850, 700, 500, 400, 300, 250, 200, 150,
100, 70, 50, 30, 20 and lOhPa
The Method I is designed to follow original height assignments as faithfully as possible in
NWP. The Method II is designed to use CMW vector at the best fit level for first guess
fields. But a vertical search range for the best fit level is within three or two standard levels
around an original height. When an original height is a standard level, three level search( the
original level and just above and just below levels) is selected, and when an original height is
not a standard level, two level seacrhUust above and just below levels) is selected. The
vertical search ranges are substantially within 1OOhPa around the original height for low and
middle level CMW and within 50hPa for high level wind. These ranges are also within
RMS deviation for different height assignment methods [9].
3. Quality of Cloud Motion Wind
An assessment of satellite observation is generally performed by the verification against
collocated reference measurements. And not only satellite-derived products are compared
with collocated data, but first guess fields are also compared at the same point. In this study,
the quality of CMW s is verified by comparisons with collocated radiosondes where the
location area extends over 150km X 150km and is within a time interval of three hours. It is
assumed that radiosondes provide unbiased measurements of velocity vectors. But
radiosonde winds are rejected when the vector differences are more than 40m/s with
comparison to forecast winds at the same point.

The collocation data were selected from SATOB, TEMP and PILOT reports received
through the Global Telecommunication System (GTS) for two year period from July in 1992
to June in1994. And forecast wind profiles are calculated by interpolation of first guess
fields at the same point of each CMW observation. Collocation statistics are RMS vector
difference and mean speed bias (CMW-radiosonde or forecast-radiosonde). They are
calculated for three satellites (GMS, GOES and l\1ETEOSAT), three regions (60N-20N,
20N-20S and 20S-60S) and three levels (1000-650hPa, 650-350hPa and 350-100hPa).

In order to examine height reassignment methods, CMW vectors are compared with
radiosonde winds at three levels determined by the reassignment methods. Table-2 shows
collocation statistics of satellite versus radiosonde comparison for three height reassignment
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methods. Collocation statistics for high level CMWs using the Method I shows that speed
biases are 0.5-2.3m/s and RMS differences are 7 -9m/s. These statistics shows the
remarkable improvement of CMWs with a comparison to the previous assessment.[8]
Furthermore, when the Method 0 is used, the quality of high level CMW are evidently low.
It suggest that CMWs with slow speed bias are unnecessarily used for an analysis at 200hPa
height in a current global data assimilation. The Method II is relatively better than the
Method I.
Then collocation data are classified to three groups by the following criteria;
(1) Group-A is collocation at the closest level to an original height, when the closest level
and the best fit level are same,
(2) Group-S is same as Group-A, but when the closest level and the best fit level are
different,
(3) Group-M is collocation at the best fit level, when the closest level and the best fit level
are different.
Figure 1 shows comparisons of collocation statistics for satellite versus radiosonde for high
level wind over the northern and southern hemisphere extra-tropics. Group-A collocation is
obviously better than the Group-B. Group-M is also better than Group-B. It shows that
CMWs with large slow bias are more frequently classified to Group-Band the slow bias-es
are apparently reduced by the height reassignment from the closest level to the best fit level.
However, the results of verifications based on collocation statistics have to be evaluated
carefully because radiosonde sites are not uniformly distributed and first guess fields around
radiosonde sites are better than the other area.
3. Height Reassignment Impact Experiment
Impact experiments for height reassignment methods were carried out on a current global
data assimilation system. The Method I experiment was carried out for the period from
August 27 to September 5 in 1993 and the Method II experiment was carried out for the
period from January 10 to January 20 in 1994. The spin-up operation periods were five days
in both experiments.
Forecast scores for 8 day forecast were compared with operational forecast scores (the
Method 0). Figure 2 shows the mean anomaly correlations of 850, 500 and 250hPa height
over the northern and the southern hemisphere. In the northern hemisphere, the impact
seems to be neutra.hn both experiments, though there are no negative impact signs. In tlie
southern hemisphere, there are positive impacts after day 4 in both experiments, especially it
is more clear in the Method II experiment.
4. Discussion and conclusions
The recent improvement of the quality of CMW s is verified by comparisons with collocated
radiosonde measurement. The collocation study also shows that a current height
reassignment method does not properly follow the recent improvement to CMWs in the JMA
global data assimilation. Consequently two modified height reassignment methods are
verified by impact experiments. The forecast scores for the southern hemisphere show that
two modified method are evidently better than the current method and the best fit level
method is better than the closest level method. However, the forecast scores for the northern
hemisphere does not show clear differences in the three reassignment methods.
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In order to put CMWs to more practical use in the JMA global data assimilation, it is
considered to improve an quality control processing for CMWs. An optimal interpolation is
to calculate weight means of various observations and forecast fields. In this impact
experiments, an interpolation weight for CMWs is unique and all CMWs are equally treated
regardless of individual quality. So, if quality indicators for an individual CMW can be
received from CMW producers, they are very useful indicator to determine interpolation
weights in NWP.
The most effective contribution to the recent improvements to CMWs was improvements of
height assignment method. Japan and USA have a plan to use a new height assignment
method which is principally equivalent to a current METEOSAT method. The commonness
of CMW retrieval method is convenient to use the quality indicator. It is desired to
distribute coordinated quality indicators for CMW.
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Table 2 Collocation Statistics for Three Height Reassignment Methods for the Northern
Hemisphere Extra-Tropics

---------------------------------------------------------------------------------------------------------Satellite &
Low Level
Middle Level
High Level
Reassignment
MethoCl ---------------------------- ------------------------------------------------------------N
Speed RMS
N %>eed RMS
N Speed RMS
Bias Differ
Bias
Differ
Bias Differ.
-CJMS------------------------------------------------------------------------------------------------

0
I

4313
4313
4313

-0.2
-0.2
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4.0
4.0

0
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-1.7

6.5
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5.3
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0.9
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- 1948
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Figure 1: Scatter diagram of mean speed difference and RMS vector difference of
collocation statistics for satellite/radiosonde ("l\", "B" and "M") wind comparison
over the northern hemisphere extra-tropics( a) and the southern hemisphere extratropics (b) above 350hPa.
When the best fit level and the closest level is same, "A" is used. When they are
different, "B" is used for the comparison with the closest level wind and "M" is
used for the comparison with the best fit level wind.
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CHARACTERISATION AND ASSIMILATION OF ERS-1 SCATIEROMETER MEASUREMENTS
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Calibration and validation activities at ECMWF have
lead to the implementation of new transfer functions,
giving an improved description of the relationship
between backscattered radar power and the surface
wind vector. We have shown that backscattered power
can be interpreted by two geophysical parameters, and
that these parameters are well represented by wind
speed and wind direction. Scatterometer 10 m wind
vectors have an accuracy that is higher than the
accuracy of conventional surface wind data, such as
from ships and buoys, as measured against the
ECMWF analyses of surface wind. The retrieved
scatterometer winds have been assimilated in statistical
interpolation and variational data assimilation schemes
at ECMWF. Four dimensional data assimilation
techniques are best fit for the assimilation of surface
wind data.

C'm~d

1. cr0 MEASUREMENTSPACE
The ERS-1 scatterometer measures the normalised
radar backscattered power, cr0 , in three directions.
Thus, each node on the Earth's surface is illuminated
first by the fore beam, then by the mid and last by the
mid beam. By plotting the three measurements in a 3D
space the full characteristics of the ERS-1
scatterometer measurements can be observed. It was
found that the measured cr0 triplets ly close to a 2D
cone-shaped surface (see Figs. 1 and 2). The extension
of the cone in the 3D space corresponds to the sea
surface roughness and by implication speed, whereas
the opening of the cone is related to the anisotropy of
backscattering which can be related to wind direction
effects. Evaluation of the 3D space highlighted the
necessity to change the formulation of the transfer
function (CMOD2). It further reveals the close
ambiguity of the two wind vector solutions, and by
collocation to external data the dependency of
backscattered power to geophysical parameters can be
studied. The scatter of the cr 0 triplets normal to the
cone surface is also easily evaluated in this 3D space,
and was found to correspond to a few tenth of a m/s.
A small amount of anomalous ~ triplets are rejected
in a quality control procedure (see also Refs. 1-4).

Fig. 1: 3D Measurement space. Triplets of measured backscattered power are expected to lie dose to a cone-shaped
surface.
2. INVERSION

Given a measured cr0 triplet, the inversion problem can
be reduced to the problem of finding the most
probable "true" triplet on the cone surface. The cone
surface is highly curved and by consequence the
distribution of measured cr0 triplets is not easy to
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PRESCAT, that constrains wind vector consistency,
further improves the ambiguity removal. Initially, the
closest solution to the short term forecast is selected.
If the vector RMS difference between this solution and
the forecasted wind is large, then a low initial
confidence is given to that solution. This is also done
when the scatterometer wind direction accuracy is low.
If at a particular node the alternative solution has a
better wind vector consistency with its neighbours,
weighted by the confidence in the neighbours, then
this alternative solution is selected and the confidence
increased. Thus, information in areas with high
confidence is propagated to areas where the initial
confidence is low. The scheme is able to correct phase
errors in the short range forecast.

o.o5t------'-------'------'------+
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The ambiguity removal scheme used for the ESA Fast
Delivery product relies less on forecast information,
and uses forecast information with much lower quality.
Only in 30 % of cases ambiguity removal is perormcd,
and in another 5 % of cases the ambiguity removal
fails. These cases tend to be in areas of meteorological
instability, and therefore of great interest.

!

0.05

Cf·'

Fig. 2: Example of the distribution of measured triplets in a
crass-section across the cone. The expected cone surface.
can easily be identified. The collocated analysis wind speed
for the triplets plotted is roughly 8 m/s. • are "upwind"
triplets, according to ECMWF analysis wind direction, and
0 'downwind" triplets. The pre-launch transfer function
(CMOD2) and the transfer function derived at ECMWF
(CMOD4) are also shown (curves).
describe. Standard Maximum Likelyhood Estimation
(MLE) procedures use simple assumptions on the a
priori expected distribution of measurements, and are
therefore not valid for the scatterometer inversion
problem. We used Bayes probability theorem to pose
an optimal solution. For our assumptions it was
essential that the measurement geometry of the
scatterometer is symmetric. Therefore, for NSCAT for
example (asymmetric geometry), it will be much more
difficult to obtain an optimal solution (Ref. 6).

3. AMBIGUITY REMOVAL
Since two closely overlapping cones exist in the 3D cl
space, the inversion procedure will result in two,
almost equally probable, a 0 triplet solutions on the
cone surface. By using the transfer function
description of the cone surface, we can identify the
two ambiguous wind vector solutions they represent.
In the ambiguity removal of ERS-1 scatterometer
winds it was found essential to use weather forecast
information of the highest quality, i.e. with the shortest
possible forecast lead. Taking the closest to a 3 to 9
hour surface wind forecast gives the correct solution in
more than 95 %of the cases.
A filter developed at ECMWF, in a package called

4. QUALITY OF PRESCAT WINDS
PRESCAT winds were verified against the ECMWF 3
to 9 hour forecasts. Similar verifications are done
routinely for ship winds available from the GTS
network. Surprisingly, we found that the scattcrometcr
winds generally compare better to the ECMWF
forecast than ship winds (see Table 1). One of the
main reasons for this concerns the so-called
representativeness error. The current ECMWF model
represents spatial scales down to roughly 200 km. For
the ERS-1 scatterometer, the corresponding scale is 50
km (footprint), but for conventional wind data this is
less than one metre. The atmospheric turbulence on
scales between one metre and 200 km (with a general
wind vector variance of - 2 m/s) will make a
substantial contribution to the difference between ship
and forecast wind. It also follows from this that ship
winds will report more often extreme conditions than
the scatterometer or the ECMWF model will do.

Standaard
Non-automatic ship
Automatic ship
Scatterometer (node 11)

Deviation (m/s) Correlation
3.5
0.93
2.8
0.95
2.2
0.97

Table 1: The standard deviation and correlation of the wind
component departures for (non-)antomatic ship winds and
scatterometer winds (node 11) with the ECMWF forecast
winds. ship data are for March 1993 and mainly in the
Northern Hemisphere, and scatterometer data are global for
the second half of March 1993.
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Fig. 3: a) ERS-1 scatterometer winds (PRESCA T) close to New Found! and, b) the ECMWF 6 hour forecast , and c) the
difference of a) and (b). The scatterometer winds possess significant synoptic detail.
We further investigated the horizontal error correlation
in PRESCAT winds. We found that for scales larger
than 50 km no substantial error correlation is present
(Ref. 7). As a consequence significant synoptic detail
is present in the data, as illustrated in Figure 3.
Since 24 February 1993 the ESA FD product has
stabilised (introduction of CMOD4), and we verified
that the FD wind product is of similar quality than the
PRESCAT product, but only when the cases of a
failed ambiguity removal in the ESA product arc
ignored (see above).

5. SCATIEROME1ER DATA ASSIMILATION
Given the quality of the PRESCAT scattcrometer
winds it seems worthwhile to assimilate them into the
ECMWF model. The analysis is a compromise
between a short range forecast (e.g. 6 hour forecast)
and the observations received over the last few hours.
We have explored both the assimilation into the
current "optimal" interpolation (OI) analysis scheme,
and into the 3D- and 4D- variational schemes (3D-

VAR and 4D-VAR).
5.1 01

The assimilation of scatterometcr winds in or is
similar to the assimilation of conventional surface
wind data. However, a greater impact is expected
since the scattcrometer data are of better quality, more
numerous and spatially consistent.
We did indeed find that the scatterometer has an
impact on the analyses in the Southern Hemisphere. In
the Northern Hemisphere however, the effect of the
scatterometer on the weather analyses is less. The
changes in the Southern Hemisphere were verified to
be beneficial. Also the short range wind forecasts (up
to 12 hours) throughout the troposphere were found to
be improved (Ref. 6).
Scatterometer winds did not improve the medium
range forecasts at ECMWF. In fact, they were found
to be redundant with SATEM (satellite temperature
soundings).
In a data assimilation scheme,
assumptions have to be made on the structure of error
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a

-

Fig. 4: a) ERS-1 scatterometer winds (PRESCA T) for
93/03/26 0 UTC South of Australia, b) the ECMWF 6 hour
forecast , and c) the 30-VAR analysis using the information
in a) and b), which is a reasonable large scale compromise.
The horizontal resolution used in the experiment was at
spectral truncation T106 (- 125 km sampling) .
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of the forecast. This means for example that if the
forecasted wind at a certain location is found to be
wrong, then it is assumed that the forecasted wind,
pressure and temperature are also wrong in an area
above, below and around this location. So, when we
have only SATEM data, then we will improve on the
temperature fields of the forecast, and have an
accurate temperature analysis. However, because of
our assumptions on forecast error structure, we will
also adapt the forecasted wind field. By verification of
the operational surface wind analyses and forecasts
with scatterometer winds, it was found that the
changes to the forecasted surface wind field by upper
air SATEM data are not always beneficial (Ref. 7).
This implies that our assumptions on the structure of
the forecast error are not adequate. The most limilin g
assumption is probably that the forecast error structure
is assumed to be constant and independent of the
meteorological conditions. This assumption is used in

most current data assimilation systems. In 4D-VAR
experiments the weakness of this approximation has
already been shown (Ref. 8). It offers an explanation
for the neutral effect of the scatterometer winds on the
medium range forecast skill and the redundancy
between scatterometer and SATEM data.

product is of similar quality, except for the ambiguity
removal problem. This can be solved by making two
solutions accessible to the real-time users and provide
them with the software for ambiguity removal. ·
The operational value of scatterometer measurements
for Europe can be greatly enhanced by the provision
of more frequent measurements. Especially for short
range forecasting and in cases of extreme events this
is important.

5.2 3D- and 4D-VAR.

In a variational data assimilation scheme a penalty
function is minimised. At the minimum the most likely
"true" meteorological state of the atmosphere is found.
This state will be a compromise between the short
range forecast (6 hour forecast in case of 3D-VAR)
and the observations. In order to compute this
compromise properly we need to know what the
probability of an observed wind vector is, given the
"true" wind vector, in the case of a wind
measurement. In the case of conventional wind data
this probability simply depends on experience of how
well the observational system fits the 6 hour forecast
wind in general. Similarly, for scatterometer data it
has also been found that the observation error can
easily be described using the components of the wind.
In terms of back-scatlered power however the
observation error structure is very complicated. This is
due to the non-linear wind-to-radar relationship,
embodied in the transfer function, and the relatively
small detection error of the measured radar power.
Therefore, also in 3D- and in 4D-VAR, scalterometer
data are most easily treated like other surface wind
data (Ref. 9).
By defining an observation cost function with two
minima the ambiguity of scatterometer winds can be
taken into account. The constraint of geostrophy on
the resulting analysis will then be taken into account
for the selection of the proper wind direction solution.
This should result in a better ambiguity removal than
the constraint of wind vector consistency currently
used in PRESCAT. In this respect the first results
from 3D-VAR look promising, as illustrated in Figure

4.
It is expected that the best use of surface wind data
can be made within 4D-VAR.
Scatterometer
information will then effect the atmosphere in a
dynamically consistent manner that depends on
meteorological conditions.

6. CONCLUSIONS AND RECOMMENDATIONS
ERS-1 scatterometer winds as processed by PRESCAT
are of high quality as compared to conventionally
available surface wind data. The Fast Delivery ESA

The assimilation of scatterometer data in the ECMWF
global meteorological model has lead to noticeable
improvements in the analyses and short term forecasts.
A redundancy in the medium range forecasts was
found between scatterometer data and satellite
temperature soundings (from NOAA). The redundancy
can be explained by the simplifying assumptions on
the structure of the error in the forecast, as used in
most current meteorological data assimilation schemes.
It is expected that in a 4D-VAR assimilation scheme
these assumptions are less of a problem.
In a variational assimilation system geostrophy is used
to solve the ambiguity in scatterometer data. For users
that do not possess a full 3D variational assimilation
system, it may be useful to solve the ambiguity
problem by a similar 2D variational system. We
recommend this to be developed.
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Assimilation of wave spectra in an operational North
Sea wave model
A.C. Voorrips

Royal Netherlands Meteorological Institute (KNMI),
Department of Oceanographic Research, P.O. Box 201, 3730 AE De Bilt, The Netherlands
Many meteorological centres and research institutes over the world nowadays apply wave
models. These models calculate the evolution of surface waves for wave lengths roughly
between 10 and 1000 metres long. They are used in operational weather forecast cycles, as a
decision tool for ship routing and sea works. Also, they are used to study air-sea momentum
fluxes, wave/current interaction and other physical processes. Most modern wave models,
so-called third generation models (WAMDI, 1988) explicitly discretise the wave spectrum at
each position in several hundreds of spectral bins. These models therefore contain between
10 5 and 10 6 prognostic variables.
Data assimilation is in this field a rather new development. One important reason for
this is that in principle, the models can do without direct assimilation of wave observations.
Long-term evolution within a wave model does not depend critically on the initial conditions:
after some time, it is completely determined by the driving wind field. On shorter timescales,
however, the initial conditions can be crucial. Often situations arise when large swell systems, which are almost decoupled from the surface wind, travel for days over thousands of
kilometres over the ocean. In these cases, it is intuitively appealing that assimilation of
wave observations which "capture" these systems on their way, could help to improve swell
forecasts.
A problem in assimilating observed wave spectra is the large number of spectral components, of which the model error cross- correlations are highly time- and position-dependent.
Early methods (e.g. Lionello et al, 1992) circumvented these problems by assimilating only
observed wave heights, with a subsequent update of the whole model spectrum based on
the analysed wave height and the first-guess model spectrum. A large drawback of this
method, however, is that all spectral and directional information contained in some types of
observations (satellite SAR, directional buoys) cannot be used.
An efficient method which can make use of spectral observations and which tackles both
the problem of the large number of spectral degrees of freedom and the varying correlation
structure of the spectral components was presented by S. Hasselmann et al (1994). The
concept of spectral partitioning (Gerling, 1992) is applied to separate a 2-dimensional wave
spectrum in a small number of wave systems present (windsea and some swell systems). It
is assumed that within such a partitioning all spectral energy bins are fully correlated, and
that different wave systems are uncorrelated. The idea behind this is that every wave system
has its own history of generation and propagation to the present position, where they add
up to form the full wave spectrum. An optimum interpolation procedure is applied to the
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Figure 1: The model region. Indicated are the following wave observation locations: 1, North
Cormorant; 2, Auk Alpha; 3, K13; 4, Euro Platform; 5, IJmuiden; 6, Schiermonnikoog.
integrated parameters of each wave system (total energy, mean direction, mean frequency),
and afterwards the model spectrum is updated using the analyzed mean parameters and the
first-guess spectrum.
This contribution presents the results ofthe application of this technique to the North Sea
wave forecasting model NEDWAM (Burgers, 1990), which is a regional implementation of
the WAM model (WAMDI, 1988). This model is run operationally at KNMI, and the results
are used by Dutch North Sea authorities and oil platforms. Although the model behaves well
in many situations, one of the weaker points is the prediction of low-frequency swell coming
from the North towards the Dutch coast. The bulk of the observations which contain directional and spectral information comes from six WAVEC directional buoys (figure 1). Hourly
measurements of the wave spectrum are transferred on-line to KNMI. Especially measurements from the most northern stations, North Cormorant and Auk Alpha, could be valuable
for data assimilation, since they can detect swell systems coming from the Norwegian Sea
many hours before they reach the Dutch coast. A complication is, that these WAVEC buoys
measure not the full two- dimensional wave spectrum, but only restricted directional information. Therefore, to apply the above-mentioned technique, a new partitioning technique
had to be developed.
Figure 2 gives an indication of the benefits of this method. In a first experiment, WAVEC
data were assimilated only at the Auk Alpha platform, in the middle of the North Sea. The
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Figure 2: Significant wave height (H s) and low-frequency wave height (H s 10 ) at K13 from
1-20 October 1993. Plusses, observation; dashed line, reference run; solid line, run with
assimilation of wave spectrum observations at Auk Alpha.
impact of this assimilation is shown at platform K13, located almost 350 km to the South,
close to the Dutch coast. Whereas the impact on the total wave height is small (fig. 2a), it is
clearly visible in the quantity which is most important for shipping traffic, the low-frequency
wave height Hs 10 (fig. 2b). This can be explained by the smaller dissipation rates and the
weaker coupling to the atmospheric forcing that these low-frequency waves have, making the
sensitivity to the initial conditions larger.
We will discuss the merits of a new, dynamically varying model error correlation function,
based on the presence and direction of either swell or windsea systems at a certain time.
This is a first, crude step to a time-dependent wave assimilation system. Also, the quality
of analyzed wind fields based on the wave observations, will be assessed.
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A System for Assimilation of SAR Wave Spectra into an Operational Wave Model

by
Laurence J. Wilson1, Ewa Dunlap2, Richard Olson 3, and Sylvain de Margerie 2
1. Introduction
The Canadian Atmospheric Environment Service runs an operational ocean wind-wave forecasting program to
produce forecasts of wave height, direction, and period for the Western Atlantic and Eastern Pacific areas. The
wave model, called CSOWM (Canadian Spectra Ocean Wave Model), predicts the complete spectrum of wave
energy given boundary layer forecast winds from the operational atmospheric model. At present, the wave field
is not initialized, but simply updated from the previous 12 hourly run using the most recent wind analysis. Until
recently, there has been little observation data available for the initialization of wave models. With the launch of
ERS-1 in 1991, this situation has been changing. Data from the radar altimeter was the first satellite data to be
assimilated into a wave model (Francis and Stratton, 1990, for example), and a scheme for the assimilation of
ERS-1 altimeter data has been implemented at ECMWF (Lionello et al, 1992). Altimeter data gives information
only on the significant wave height, and assumptions must be made to distribute the wave energy over the
different spectral components and directions of a spectral wave model.
Data from the SAR instrument aboard ERS-1 provides the first opportunity to obtain estimates of the spectral
distribution and directional distribution of wave energy in real time. Furthermore, with the launch of ERS-2 and
RADARSAT in the near future, the volume of such data is likely to increase. This provides the impetus for the
project described below: To assess the potential of SAR data for initializing wave models, and to determine the
impact of the assimilation of SAR data on wave forecasts. If the impact is judged to be significant, the ultimate
goal is to set up an operational assimilation system that will operate in real time in conjunction with the thenoperational wave model.
Our strategy has been to develop first a prototype system that is simple, but contains all the essential elements
to determine the impact of the assimilation. The prototype was developed by the autumn of 1993 and described
at the Second ERS-1 Symposium (Dunlap et al, 1993). Since then, refinements have been made to the system,
most notably the integration of modules obtained from the Max Planck Institute, and the enhanced system has
been tested on a storm case. lt is this refined system and the results of the tests that are reported in this paper.
The assimilation system is described in the next section, which is followed by some sample results. We are
working to refine the system by tuning its parameters, focussing on making it more responsive to the data.
Results from these experiments will be shown at the symposium.

2. The assimilation system
For the prototype wave assimilation system, we opted for a sequential design, where the matching of the
observation data and the model counterpart of the data is done first on a point-by-point basis, then the
corrections to the wave spectrum are spread laterally within a pre-specified influence area. The assimilation
procedure is shown schematically in figure 1. SAR two-dimensional spectra are input to the system in their UWA
polar coordinate format. They are first interpolated to a cartesian system with axes oriented along the azimuth
and look directions, the spectrum is scaled to eliminate background noise, and energy corresponding to
wavelengths greater than 600m is set to 0. At this point, the spectra are ready to be inserted into the inversion
program.

1 Atmospheric

Environment Service, 4905 Dufferin Street, Downsview, Ont., M3H 5T4

2 ASA Consulting Limited, Halifax, Nova Scotia
3 Satlantic, Inc., Halifax, Nova Scotia
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Figure 1. Flow chart
showing the main
components of the SAR
data assimilation
system.
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S"obs is the observed SAR spectrum, Ssun. is the model counterpart (forward mapped) of the SAR spectrum, Smod

is the model first guess spectrum, and f.l is a weighting function that expresses the relative confidence in the
observed vs. the model spectrum. The first guess is needed because the SAR data contains some ambiguity,
that is, more than one wave spectrum can give rise to the same SARspectrum. The two main sources of
ambiguity are the 180° ambiguity in the direction and uncertainties associated with doppler shifting of the moving
scattering elements in the return (called velocity bunching). Reliance on the model first guess also means,
however, that wave trains that are missing in the model simulation cannot be entered even if they are wellrepresented in the SAR data. Serious mismatches between the model trial field and the SAR observation cause
the inversion to fail, and the data is not given any further consideration in the assimilation. Figure 2 is an
example of the inversion.
Once the "best-fit" spectrum is determined by the SAR inversion, differences between the inverted spectrum and
the first guess spectrum are used to correct the first guess spectra within the range of influence of each
successfully inverted SAR spectrum. This is the actual assimilation step, where the model spectra at gridpoints
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are modified according to these differences. For the prototype system, we chose to assimilate only the
integrated properties significant wave height (SWH), frequency, and direction of clearly separable wave modes.
Figure 2. An
example of the
inversion of a SAR
spectrum. All
coordinates are klook, k-azimuth
coordinates in
radlm. Upper left:
Model spectrum
(trial field). Upper
right: Observed
SAR. Lower left:
lnverled wave
spectrum. Lower
right: Best fit SAR
spectrum.
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The two-dimensional inverted spectra are separated into non-overlapping partitions associated with local energy
peaks. The following are the delimiting characteristics of the partition separation:
1. Each partition contains a local maximum of energy.
2. All wind-sea partitions are combined into one wind-sea mode, where "wind-sea" applies to all partitions
where the ratio of the phase speed of the peak frequency to the wind velocity component in the direction of
the wave is less than 1.5.
3. Partitions are merged if the separation of their peaks is less than half of the smallest within-partition
variance.
4. The minimum significant waveheight for a partition is 0.2m.
5. Two peaks are combined if the valley between them is not less than 0.85 of the lower of the two.
6. Peaks which are not wind-sea, but which lie in the two highest frequency bins are combined with the
nearest partitions at lower frequency.
Although the partitioning means rejecting some of the detail in the original SAR observation, it should also
eliminate any noise present in the inverted spectrum. The model spectrum is subjected to the same partitioning,
and the parameters total energy, mean frequency and mean direction are retained for both model and inverted
spectra.
Next, the inverted spectral modes are merged if necessary and cross-assigned to corresponding model modes.
Merging is necessary when there is more than one SAR mode that is "close" in wavenumber-direction space to a
single modelled mode. Merging was frequently needed in our experiments. Modes are then cross-assigned, that
is associated one-to-one with modelled modes. Two criteria must be met: The modes must be sufficiently close

- 621 -

0.1

(less than (0.0017 rad m·2) 112) in wavenumber-direction space and the relative energy difference must be less
than 50%. Modes of all model spectra within the influence region (about 11 model gridpoints) are scanned for
cross-assignment.
The corrections are spread laterally in the vicinity of the observation point by a simple interpolation method which
consists of calculating a net correction to each of the three spectral parameters for each cross-assigned mode
within the range of influence. The method follows that of Francis and Stratton, 1990. The corrected values P. at
grid point j are:
·
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new -
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U

1+
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where i denotes the spectrum at the observation point, and wu are weights that decrease with distance between
the observation point i and the grid point j.. The weights are the first order term in the series expansion of the
exponential spreading function. See Francis and Stratton (1990) for details.
To complete the assimilation, the modified modes must be recombined into a complete spectrum and put back
into the model.

4. Test results and discussion
The assimilation system has been tested in several ways, for a period from March 11 to 20, 1993, which is of
interest because of the occurrence of very high seas south of Nova Scotia. One buoy on the Scotian shelf
measured significant wave heights of 16.3m at the height of the storm ("Storm of the Century'), indicating peak
wave heights of the order of 30m. Two different runs were done for this period:
1. A hindcast run, which used analysed winds every 12 hours from the Canadian Meteorological Centre,
interspersed with three hourly forecasts from the operational Regional Finite Element model. The sequence
of windfields thus consisted of a mix of analyses and short range forecasts, Oh, 3h, 6h, 9h, Oh, 3h etc. In
this run, assimilation was carried out each three hours, using data within 1.5 h of the simulation valid time.
2. A forecast run, consisting of individual48 hour model runs, initialized each 12 hours, using wind analyses
for the first 12 hours, and assimilation during the first 12 hours, followed by a 36 hour forecast run with no
assimilation. This run was designed to mimic operational circumstances, to determine the effect of
assimilation on the forecast.
All runs were repeated with exactly the same winds, but without assimilation, to determine the effect of the
assimilation.
The wave model CSOWM used in the tests is the first generation model that is used operationally in Canada. lt
is a deep water model with a grid resolution of about 110 km, and is run for basin-sized domains in both Atlantic
and Pacific oceans. The Atlantic version was used in the tests. For each gridpoint of the model, the evolution of
the two dimensional wave spectrum is predicted with a resolution of 24 directions (15°) and 23 frequency bands.
The timestep is 1.5 h. lt should be noted that the spectral shape for growing waves in this model is constrained
to approximate the Pierson-Moskowitz spectrum. In complex wave situations, this constraint may cause
significant differences between observed and modelled spectra, and result in more frequent rejection of the
observed spectra. Current experiments are being carried out with a more sophisticated third generation wave
model (WAM).
Figure 3 shows a sample comparison between the modelled output and the SAR observations for a particular
hindcast run. The figure gives an idea of the spatial coverage of data with respect to the modelled wave field
(top two panels), then shows the modelled and inverted SAR spectral modes for comparison. Only the swell
modes are shown, since the SAR can see only the longest wave components of the wind sea. Since the track of
the intense low pressure area was essentially along the east coast of North America, through the Maritime
provinces of Canada, the winds were predominantly southwesterly before the valid time of Figure 3. Thus, a
southwest-to-northeast propagating swell has been generated by the model. The SAR data indicates more of a
south-to-north direction near the coast and west-to-east in the open sea. On the eastern satellite track, two swell
-
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Figure 3. Input data and assimilation results for March 15, 1993 at 15:00 UTC. Top left: Wind speed and
direction with locations of SAR data plotted. Top right: Modelled significant wave heights. Maximum is 9.9m.
Bottom left: Modelled swell modes at the SAR data points. Maximum modelled SWH iat a SAR point is 8.3m.
Bottom middle: SAR-derived (inverted) swell modes at the SAR data points. Maximum observed SWH at a SAR
point is 7.17m. Bottom right: Differences between the model SWH and the SAR-derived SWH. Maximum
difference is 0.4041 m, south of Newfoundland.
modes have been seen by the SAR at some locations, but the model has identified only one of these. The field
of corrections to the SWH resulting from the assimilation are also shown in the figure. The maximum correction
at the gridpoint closest to the observation point is 0.4 m. That is, the observation raised the model's SWH by 0.4
m in this case.
This example shows that significant changes can be brought about by assimilation of SAR data. Summary
results of the test of the assimilation over the whole grid for the whole test period reveal a rather modest average
impact, mainly because the SAR data is relatively sparse in space and time, and its impact is local. The tests
revealed nevertheless, that the impact lasts through an entire forecast run, and that the impact is accumulative in
the sense that assimilation of successive satellite passes increases the total impact. A simple wave model such
as the one used here allows greater room for correction. However, larger differences between the model's wave
spectrum and the observed spectrum increase the likelihood of failure of the inversion. We believe that the
percentage of successful inversions would increase with the use of a more sophisticated model, but the "room for
improvement" will be less.
One consequence of the incompleteness of the SAR data is that the assimilation system has been designed to
be conservative, to gently nudge the model toward the observation. As we gain more confidence with the SAR
processing algorithms, and more experience with assimilation tests, it will be possible to relax the constraints of
the assimilation, and increase the allowed impact of the data. There are many tunable parameters of the
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assimilation which are currently being analysed in sensitivity tests. Results from some of these tests will be
shown at the symposium.
The SAR assimilation system that has been described here is admittedly simple; we consider it a start of a much
larger effort to make optimal use of the increasing amount of satellite data that will become available in the next
several years. This system makes no attempt to account for potential inconsistencies between the altered wave
field and the windfield. As a first approximation, we believe this is acceptable because the swell components of
the wave field are not strongly coupled to the wind, and are the components of the spectrum that are best seen
by the SAR. However, it will be necessary to consider the wind in future assimilation. The ultimate goal of the
larger project is to have a fully coupled wind-wave data assimilation system which can ingest all relevent data
that is available in an optimal way, inserting it into a fully coupled atmospheric-ocean wave model. Such a
system will inevitably involve 4D variational analysis techniques, which are too costly to consider at present, but
should become computationally feasible in the future.
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Abstract
An offline land surface parameterization scheme (LSP) is integrated in time under
atmospheric forcing in order to produce global distribution of soil moisture, snow
depth and soil freezing depth. The forcing variables are surface temperature, vapor
pressure and wind speed, and precipitation, downward solar and terrestrial radiation.
They are taken from operational 6-hourly global four dimensinal data assimilation
(4DDA) atJMA.
Some of the forcing variables were validated against observations. The LSP was
run for some selected grid points over the globe to find out problems associated
with our methodology. It was found that the LSP is able to simulate snow depth
very well and the surface water balance is very sensitive to the vegetation type and
ti:ine resolution of forcing data.
The simulation is done for the global grids and the water balance over land
surface and its effect on atmospheric general circulation will be shown.
1. Introduction
The earth's climate depends on how the net surface radiation is partitioned into
latent heat flux and sensible heat flux. Over land, this partition is seriouly affected
by soil moisture.
There are some climatological global soil moisture data sets that show seasonal
variation (e.g. Willmott et.al., 1985). They have been derived giving atmospheric
forcing to a land surface parameterization scheme (LSP), and no soil moisture
observations are used. The soil moisture thus derived depends on the LSP and
atmospheric forcing employed. Validation of those data set is insufficient.
We are going to produce a global soil moisture/snow depth data set for the
period from 1987 to the present. The data set generation and validation for the year
1987-1988 is being carried out as a Japanese contribution to the Global Soil Wentness
Project/ISLSCP. The data set will be used for climate studies and initializztion of
soil moisture/snow depth for global NWP models.
There are a few methods to produce global soil wetness. In our study, we employed
a method to integrate a modified version of Simple Biosphere Model (Sellers,1986,
Sato et.al.,1994) in time, which is driven by atmospehric forcings. The modified SiB
(Sato et.al.,1994) allows for coexistence of ice and water in the three soil layers and
snow surface. Treatmnet of snow melt and snow albedo was modified to well simulate
snow depth.
Atmospheric forcings are wind speed, vapour pressure, temperature, precipitation,
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downward surface shortwave and longwave radiative fluxes. In the Sato et.al. (1994)
experiments, we used observed atmospheric forcings. In the present study, we mainly
use products from JMA operational 4DDA with calibration by observational data
(precipiation in particular) when and where available.
2. Reults
2.1 Some Previous Results with Observed Forcing
Sato et.al.(1994) intensively examined the performance of the modified SiB. Fig.1
shows the simulation of water balance at an observatory in Northern Japan. The
hourly observations of tempearture, wind speed, precipitation, solar radiation was
given. Vapor pressure was observed 6 hourly and interpolated to hourly values.
Downward terrestrial radiation was computed using observed surface
tempearture,vapor pressure and cloudiness. The ground was assumed to be covered
by grass. The simulation was carried out for two years from May 11985 (when there
was no snow cover) to April30 1987.
In Fig.1, simulated snow depth (snow water equivalent devided by 0.3) is shown
along with the observed one. The dates snow completely disappeard differed from
observed dates just by one or two days. The peak of snow depth seems to coincide
with the observed one, although before mid-February simulated one is less than
observed one, suggesting snow density may be less than 0.3 then. When snow melts,
there is large runoff as well as considerable increase of soil moisture, whose relaxation
time is a few month.
Fig.2 shows the result of the snow depth simulation in the second year for the
stations in Hokkaido. The melting and disappearance of snow is fairly well simulated.
2.2 Some resutls of simulation with atmospheric forcing taken from 4DDA products
2.2.1 Atmospheric forcings
At JMA, 6-hourly intermittent four dimensional data assimilation is operationally
carried out. The surface temparature, vapor pressure and wind speed fileds were
taken from 6-hourly surface analysis fields (1.875x1.875 degrees) and linearly
interpolated to hourly values. Precipitation is accumulated during 6-hour forecast
and archived on 2.25x2.25 degree (twice the T106 forecast model grid interval) grids.
It was bi-linearly interpolated in space to 1.875x1.875 grid. The amound was just
divided by six to give an hourly value. The cloudiness was diagnosed from relative
humidity in the atmospehre. Hourly surface solar radiation was computed from the
zenith angle of sun and the cloudiness. Downward terrestrial radiation was computed
from the surface tempearture, vapor pressure and cloudiness. Some parameters in
raidation computation were tuned so that their global mean values coincide with
the climtological ones.
2.2.2 Validation of atmospheric forcings
We validated some 4DDA products agaisnt observations. Fig.3 shows the
comparison of monthly precipitation from 4DDA with the observed one. Precipitation
from 4DDA is almost right although there are some scatters. In Fig.4, 6-hourly
precipitation from 4DDA is compared with the observed one (more than 40
precipitation observations within the 1.875xl.875 degree box were averaged). The
timing of precipitation is very well simulatd by 4DDA.
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2.2.3 Selected Examples
Fig.Sa shows the simulation of water balance at a grid point close to Krasnojarsk,
Russia. Initial soil wetness was set at 0.8. The maximum simulated snow depth is
around 30cm, which seems to correspond with observed one at Krasnojarsk surface
station. The stippled area is the simulated depth of ice. The total soil column (2m,
porosity is 0.477) is frozen in March. For this grid point, soil moisture is not a critical
factor of evapotranspiration.
Fig.5b shows the simulation of water balance at a grid point close to Dunde, South
Africa. Here, evapotranspiration lasts for several days when there is small amount of
precipitation in the wet season and it is limited by soil moisture stress.
At present, only simulation of snow amount was validated against observation.
We are going to validate other components of water balance using in situ observation
of soil moisture, satellite remote-sensing data, small river basin runnoff etc.
2.3 Sensitivity to vegetation type and temporal resolution of forcing data
We conducted a numerical experiment in order to test the sensitivity of water
balance to surface vegetation type and temporal resolution of forcing data. For the
ISLSCPproject period, we are going to use 2.5x2.5 degree monthly precipitation data
analyzed by GPCC.
For the case shown in Fig.1, we have hourly observations of atmospheric forcing
data. The forcing data was averaged over 6-hour, 1-day, 5-days and a month, and
hourly forcing values were reconstructed from them.
Fig.6 shows the simulated water balance for the two vegetation types, grass cover
and mixed forest, for the two year period (May 11985 to April30 1987). The evaporation
and runoff is sensitive to temporal resolution of forcing data. This is particularly
true for the case of mixed forest. One month mean forcing means precipitation is in
the form of drizzle and interception loss by canopy becomes extremly large. It is
also found from the simulation by hourly forcing that vegetation type considerably
affects surface water balance.
3. Summary
The soil moisture/ice and snow depth was simulated for some points oyer the
globe integrating the off-line SiB in time with atmospheric forcing taken from 4DDA
products. The validity of this methodology was checked and the sensitivity of simulated
water balance on vegetation types and, in particular, temporal resolution of the
forcing data was studied.
We are producing global distribution of soil moisture/ice and snow depth for the
years 1987-1994. Simulated water balance over continents and some validation and
it,s impact on global NWP will be reported at the symposium.
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1.

INTRODUCTION

Research on, and the development of, assimilation schemes for wave data is at a relatively early stage of
development, certainly when compared to atmospheric data assimilation. There are two reasons for this.
In contrast to the atmospheric problem, ocean waves are more sensitive to boundary conditions such as the
forcing by wind than to the initial conditions. Thus if one forces a wave model by means of analyzed winds
from an atmospheric model, already a reasonably reliable 'analyzed' wave field may be obtained. The
second reason for the slow development of wave data assimilation schemes has been lack of global wave
data. This situation has changed dramatically in recent years with the launch of satellites such as Geosat
and ERS-1. For example, ERS-1 now provides a wealth of data on the sea state (wave heights (altimeter)
and wave spectra (SAR)) and the low-level wind (scatterometer).

In this lecture we shall try to summarise recent developments in wave data assimilation where we start with
simple OI schemes for wave height data. It should be realised, however, that one then faces a problem of
indeterminacy because the basic quantity in a wave model is the wave spectrum which has typically
300 degrees of freedom while only one piece of information is supplied, namely the wave height which is
related to an integral over the wave spectrum. Initially, the many degrees of freedom problem was solved
by using some simple scaling laws which follow from our knowledge of wave evolution. This approach
works well for wind sea (waves under the direct influence of wind) but may not be reliable for swell
(because no simple scaling laws exist). Nevertheless, both UKMO and ECMWF have been running the
simple OI scheme operationally since the middle of 1993. Because of the strong coupling between wind
and waves in case of wind sea, the ECMWF scheme also provides an estimate of the local wind speed
which is consistent with the waves and which is used to drive the ocean waves.

Another way of circumventing the many degrees of freedom problem is by supplying more observed
information, for example by using the two-dimensional SAR spectrum. This is a recent development at
MPI, Hamburg and first results are already interesting enough to discuss.

Finally, perhaps the most elegant way to solve the many degrees of freedom problem is the use of a
variational approach which takes the wave model dynamics into account (de /as Heras, 1994). We will
show that wave data may provide information on the surface wind speed and surface stress. Combined with
the recent results of Thepaut et al (1993) it follows that wave data may even give beneficial information
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on the atmospheric state throughout the troposphere. In order to enjoy this benefit, however, a coupled
wind-wave model is required. In closing, we also discuss an alternative method (the Green's function
technique), to obtain the minimum of a cost function in a more efficient way.

Many of the developments discussed here may be found in Komen et al (1994).

2.

OPTIMUM INTERPOLATION

The optimum interpolation method described in this Section was developed for the WAM model (Komen

et al, 1994) and is operational at ECMWF. Similar single-time level data assimilation techniques have been
applied by Esteva (1988), Thomas (1988), Janssen et al (1987, 1989), Hasselmann et al (1988) and Francis

and Stratton (1990).
The method, developed by Lionello et al (1992), consists of two steps. First, a best guess (analyzed) field
of significant wave height is determined by optimum interpolation (Lorenc, 1982) with appropriate
assumptions regarding the error covariances. Then, this analyzed field is used to retrieve the full twodimensional wave spectrum from a first-guess spectrum, introducing additional assumptions to transform
the information of a single wave height spectrum into separate corrections for the wind sea and swell
components of the spectrum. For both the wind sea part and the swell part of the wave spectrum the
analyzed spectrum, Fan(/,8) (where f is the frequency and 8 the direction of the waves) is computed from
the first-guess spectrum Fltl(/,8) and the analyzed wave heights Hs.an by rescaling the spectrum with twoscale parameters A and B:
(1)

F an(/,8) - A Fltl(B/.8).

Different techniques are applied to compute the parameters A and B for the wind sea part and the swell
part of the spectrum. For details we refer to Komen et al (1994). We shall only discuss the wind sea case
to emphasize the strong coupling that exists between wind and waves. For wind sea it is known since
JONSWAP (1973) that the wave spectrum has a universal shape which is determined by a single parameter,

namely the wave age

x - c,fu.

(where cP is the phase speed of the peak of the spectrum). For the non-

dimensional energy e. - g 2 efu! (where e is the wave variance

[4fde

F(/,8)) the following empirical

growth law for wind sea exists

e. - const

x'

(2)

Since the first-guess friction velocity was used to generate the waves and the first-guess peak phase speedcP
is known, the first-guess wave age xltl may be obtained. Assuming that the wave age is correctly estimated,
the analyzed wave height then yields a best estimate of the friction velocity u •.an and the peak frequency

/p,on·

For example, with the significant wave height H8

-
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4{i,

u *,12/1

-

fiC
H.;;

(3)

u •Ji~

The best-estimate wave height and peak frequency then determine the two scaling parameters A and B from
Eq (1) as follows
2

A •

(H',GII] B and B -

/p,1211

/p.fl

H,Ji

The analyzed winds "•,1211 are then used to drive the wave model. In a comprehensive wind and wave
assimilation scheme, the corrected winds should also be inserted into the atmosphere assimilation scheme
to provide an improved wind field in the forecast. This step has not been implemented yet as it requires
the development of a coupled wind-wave model.
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This 01 scheme has been operational at ECMWF since August 1993. Extensive pro-operational tests with
the scheme revealed that the assimilation scheme works satisfactorily. Fig 1 shows the impact of data
assimilation on model forecasts in the Northern and Southern Hemispheres and in the Tropics for March
1992. As can be seen, the impact of data assimilation on forecast wave heights decays most rapidly in the
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wind sea regions in the North. The reason for this rapid loss of measured information is most likely that
the corrected winds are not used in the atmospheric assimilation. On the other hand, the impact on the
forecast in the tropics (this area has mainly swell with longer memory) can still be clearly seen after five
days.

3.

ASSIMILATION OF SAR DATA

It should be emphasized that, although the present 01 scheme is based on a number of assumptions which
are difficult to justify, it seems to work reasonably well. Nevertheless, improvements to this scheme seem
desirable. A way to try to circumvent the many degrees of freedom problem is by supplying more observed
information, e.g. the two-dimensional SAR spectrum. This approach started at the Max-Planck Institut fiir
Meteorologie in Hamburg and the assimilation scheme is an extension of the 01 scheme but now applied
to many observed parameters. The information in the SAR spectrum is reduced by identifying a number
of dominant wave systems which are labelled by means of wave energy, mean wave direction and mean
wave length. An example of wave train separation is given in Fig 2 where the bars refer to different wave
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systems in the spectrum (here direction and length of the bar refer to the mean wave direction and mean
wave height of a system). Similarly the modelled wave spectrum may be decomposed and, by rescaling
and rotation, an analyzed spectrum may be obtained. If observed and modelled wave spectrum differ, then,
in case of wind sea, this will imply a correction to the wind speed. The resulting increments for wind speed
are shown in Fig 2 as well and may be up to 5 m/s. This result suggests the usefulness of wave data for
the atmospheric state over the ocean.

4.

ON VARIATIONAL WAVE DATA ASSIMILATION

The most promising way to avoid the problems of wind sea, swell separation and to avoid the many degrees
of freedom problem seems to be a variational approach which takes the wave model dynamics into account.
This approach was followed by de las Heras (1994), who studied wave data assimilation in the relatively
simple case of the generation of ocean waves by wind. As the control variable, the wind speed at 10 m
height was taken. The cost function was quadratic and penalized deviations between observed and analyzed
wind field under the constraints imposed by the WAM model (this, of course, required its adjoint). True
and first-guess wave spectra were obtained by running the single grid point version of the WAM model for
one day with a wind speed of 18 and 12 m/s respectively. Wave heights of the 'tme' model run were
regarded as observations which were assimilated every 3 hours. No wind data were assimilated. Fig 3
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shows the resulting analysis. and the comparison with the first-guess and the truth for a number of
parameters. The agreement is impressive for wind speed, friction velocity and the mean frequency. The
approach was equally successful for turning wind sea cases (provided the mean wave direction was used
in the assimilation) and for cases of simulated observed wave height not generated by the WAM model
itself. The work of de las Heras (1994) therefore shows that a variational approach seems promising.
Clearly, wave data alone may provide information on the surface wind and surface stress. In the context
of a coupled wind-wave model, wave data may therefore even give beneficial information on the
atmospheric state throughout the troposphere.

The variational approach needs to compute the cost-function gradient and to integrate the wave model
equations a large number of times in an iterative search for the cost-function minimum. This expensive
approach is avoided by the Green's function approach advocated by Bauer, Young and Hasselmann (cf

Komen et al, 1994). Here, the perturbed wave model equations determining the response of the wave
spectrum to small perturbations of the forcing wind field are inverted explicitly. The wave spectrum
perturbations are thus expressed in terms of the wave-spectrum impulse response or Green's function as a
space-time integral over the wind field perturbations. The cost function is thereby reduced to a function of
the forcing wind field only, and its minimum can be readily computed.

Unfortunately, the exact

determination of the Green's function of the perturbed wave model equation is, in practice, an insoluble task,
so that the approach can be carried through only after several approximations have been introduced. The
advantage of the Green's function technique, however, is that the required computation time, in contrast to
the adjoint approach, is of the same order as integration of the model itself, so that it can be readily
implemented operationally.

The success of this approach therefore critically depends on the above-

mentioned approximations of the Green's function. Results where the Green's function is assumed to be
highly localised in space and time are discussed in Komen et al (1994).

5.

CONCLUSION

We have reviewed recent developments in wave data assimilation. Although this is a relatively young field,
considerable progress may already be reported. Presently, 01 schemes using altimeter data are operational
at a number of weather centres. In the near future, it is expected to utilise the wealth of data from the SAR.
These satellite data are beneficial for the. quality of the analysis of the ocean wave field. However, wave
data also have the potential to provide useful information on the weather over the oceans because of the
strong interaction between wind and waves. Optimal benefits for the atmosphere are expected in the context
of a coupled wind-wave model.
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1.

1

Introduction

The techniques of variational data analysis provide a framework for effective and consistent assimilation of
meteorological observations of widely differing types, and they allow us to overcome some limitations of earlier
analysis methods. In particular, observations which are related in a nonlinear manner to the variables to be analyzed
can be handled without the approximations inherent in linear analysis methods. Also, through the concepts of an
"observation operator" and its adjoint, we obtain a means of projecting information from the space of the analyzed
variables into that of the measured variables, and back, in a consistent manner. Both of these aspects are important
for many types of remotely-sensed observation where the links between the measured and analyzed variables are both
complicated and nonlinear (sometimes very nonlinear).
In principle, the variational approach allows us to consider assimilation of observations close to their "raw" form,
reducing the need for various forms of "pre-processing" or "retrieval" operation. In this way, the error characteristics
of the observations themselves are usually simpler and more easily described. However, this approach requires more
complex observation operators, which are themselves sources of error. Thus, for each observation type, we are faced
with a compromise between the complexity of the pre-processing (prior to assimilation) and the complexity of the
observation operator within the assimilation scheme. This problem is discussed in section 2, following a description
of the general features of variational assimilation of observations. In section 3, examples are presented for a range
of satellite observations; assimilation options and associated compromises are discussed. In section 4, the potential
of four-dimensional variational data assimilation (4DVAR) to exploit more fully the information in remotely-sensed
observations is described. Recent work at ECMWF illustrating several of these issues is referenced.
This paper addresses principally the assimilation of observations of the atmosphere, with emphasis on the troposphere.
However, many satellite instruments intended for tropospheric monitoring are also sensitive to changes in surface (land
or sea) variables. Therefore it is not usually possible to pose the assimilation problem as one involving purely
atmospheric variables; surface variables must be considered simultaneously.

2.

General considerations

2.1

The variational approach

The variational approach to the assimilation of data into a numerical weather prediction (NWP) system has been
described by a number of authors (e.g. Lorenc, 1986; Le Dimet and Talagrand 1986). It takes the following form: we
try to minimize a penalty function J(x) with respect to a control variable x (containing our description of the
atmospheric state to be analyzed), where J(x) measures the degree of fit to the observations, to background (a priori)
information, and possibly also to other physical and dynamical constraints. If observations and background information
have unbiased, Gaussian errors, then the maximum likelihood penalty function is given by:
J(x)

= V2 (x-xb)TB- 1 (x-xb)

+ V2 (y-H(x))T (0+F)" 1 (y-H(x)) + Jc

(1)

where y is the vector of observations, H(x) is the vector of equivalent values corresponding to the state x, 0 is the
1
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expected error covariance of the observations, F is the expected error covariance of the "observation operator" H, xb
is the background state (e.g. a short-range forecast), B is its expected error covariance, and Jc (optionally) represents
other constraints. T and -1 denote matrix transpose and inverse respectively.
The expression for J(x) is general regardless of the dimension of x: this analysis method can be applied to a onedimensional, vertical problem at a single horizontal location (analogous to conventional "retrieval" of a vertical profile),
to a 2-dimensional problem (e.g. analysis of a surface field), in 3 dimensions (e.g. to analysis of the state of a global
or regional atmospheric model), or in 4 dimensions (i.e. to 3 space dimensions, but with the observations distributed
over time). This leads to descriptions of the variational technique applied to such problems as "lDVAR", "2DVAR",
"3DVAR" and "4DVAR" methods respectively.
The optimal solution is found by minimizing the J(x) with respect to x or by solving its gradient equation:
VxJ(x) = B- 1 (x-xb) + VxH(x)T0- 1 (y-H(x)) + VxJc = 0.

(2)

The evaluation of this expression involves either the computation of a Jacobian matrix, VxH(x), or else the application
of the adjoint operator which effectively performs the multiplication by VxH(x)T without the need to evaluate the full
Jacobian matrix.
In order to apply these methods we need, for each observation type, an appropriate observation operator, H. This will
involve a set of operations for "interpolating" the state x to the observation "location". For conventional observations
of variables contained in x, the concepts of "interpolating" and "location" can be interpreted literally. However, for
remotely-sensed observations they have to be generalized to include a projection from the space of the control variable
to that of the measurement. For example, part of the observation operator for satellite radiance measurements is a
radiative transfer model. Other remotely-sensed observations involve equivalent models as described below.
Eq.(l) applies to Gaussian errors. This arises because the penalty function appropriate to the maximum likelihood
solution can be associated with the logarithm of a probability density function (PDF); the log of a Gaussian PDF leads
to a quadratic term in J(x) (see Lorenc 1986). However if the PDF defined by the error characteristics is known to
have some other, non-Gaussian form, then a corresponding form for J(x) can be derived. Such approaches are
appropriate both for objective quality control (e.g. see Ingleby and Lorenc 1993, and its references) and for the direct
analysis of observations for which the errors are known to be non-Gaussian.

2.2

Limitations and compromises

For each observation type we need an observation operator, H. In calculating a value H(x) we must simulate
accurately the characteristics of the observation at the point that it is presented to the assimilation system. This
includes the simulation of any pre-processing that the observation has undergone. It is therefore very important that
the observation operator and the pre-processing are correctly matched.
Observations create special problems if their simulation involves variables not represented in the control variable.
This can be a particular problem for remotely-sensed data which tend to contain non-local information; although the
measurements are sensitive mainly to changes in the atmospheric state in the domain to be analyzed, they may also
be sensitive to changes outside this domain (e.g. to the atmosphere above the top of the NWP model, or to surface
variables not represented in the model, or at least not in the control variable). Also, the measurements may be
sensitive to "difficult" variables such as cloud; such variables may be difficult to include in the control variable and,
even if they are included, it may be impracticable to represent the spatial scales that significantly affect the
measurement (even though we may have no desire to analyze them).
Examples of these problems, and of the approaches we may take to address them, are given in the next section for
some specific observation types.
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There is a further problem, primarily of a logistic nature but nevertheless important: the development and maintenance
of complex observation operators and matched pre-processing requires expertise specific to each observation type. We
have yet to devise a strategy whereby all centres active in data assimilation for NWP or climate analysis can have
effective access to this expertise. It will certainly not be feasible for all centres to duplicate expertise for every
remotely-sensed data type in this rapidly-growing field. New networks are required whereby "satellite centres", and
other centres of observational expertise, develop and distribute appropriate observation operators, together with
information on the error characteristics of the observations and their operators. In the meantime, it may be necessary
to restrict the assimilation of remotely-sensed "raw" observations to those data types where most benefit is expected.
This point is illustrated further in the examples considered below.

3.
3.1

Some examples
TOVS radiances

Operational satellite sounding radiometers (for which the TOYS instruments constitute the current implementation on
the NOAA satellites - see Smith et al., 1979) are sensitive to atmospheric temperature and humidity (and other
variables - see below). Recent moves to assimilate TOYS radiances directly, rather than retrieved profiles of
temperature and humidity, have resulted from difficulties experienced in obtaining consistent positive impact in NWP
using the latter approach. There are many sources of practical problem with both approaches, but the fundamental
problem in assimilating retrieved profiles is that their error characteristics are very complex, highly dependent on the
atmospheric state, and not amenable to representation through simple covariance matrices. This problem originates.
from the fact that the retrieval problem is ill-posed; the retrieved profiles are "pseudo-observations"; they contain not
only observed information but also components coming from the background or prior information used to constrain
the retrieval (see Eyre et al. 1993). The problem of "prior-dependence" is common to many quantities retrieved from
remotely-sensed data. However it is sufficiently acute for TOYS data to warrant significant investment in methods
for assimilating radiance information more directly.
Such methods have now been implemented or are under development in several NWP centres. At the time of writing
(October 1994) we are using operationally at ECMWF a 1DVAR scheme (Eyre et al. 1993) as the interface between
TOYS cloud-cleared radiances and our "optimal interpolation" (OI) analysis scheme. The prior-dependence problem
still arises at the 1DYAR/01 interface, but since both systems are under our control we have more ability to control
this problem and to limit its effects. Nevertheless we have developed (and plan to implement soon) a 3DYAR system
for TOYS radiances and other observation types, in which the interface problem is removed (Andersson et al. 1994).
However, in 3DYAR we have to address different problems in relation to TOYS; the control variable contains (at
present) only the NWP model's prognostic atmospheric variables (wind, temperature and humidity). The radiances
are partially sensitive to temperature above the model top and to surface variables. A practical solution to this problem
is to use the 1DYAR as a "pre-processor" to supply information to the 3DYAR on these additional variables. (Within
lDYAR, it is technically simpler to extend the control variable to include all parameters required for accurate solution
of the associated radiative transfer problem.) Within the same framework some experiments have also been conducted
on the impact of TOYS radiances within a 4DYAR system (see section 4).
In all the systems developed so far at ECMWF we have made use of cloud-cleared radiances. These have undergone
substantial pre-processing, and it is worthwhile to ask whether there would be advantage in assimilate the "raw",
potentially-cloudy radiances. Indeed such schemes have been developed and tested with 1DYAR (e.g. Eyre 1989).
However there is a significant obstacle to extending this approach to 3D and 4DYAR. The problem is that the cloud
fields within the NWP model not only have significant deficiencies at the scales they represent but also do not attempt
to represent the horizontal scales observed by the TOYS instruments. Cloud must be simulated on these scales if
cloudy TOYS radiances are to be interpreted. At present the only solution evident for this problem is to include in
the control variable a representation of cloud cover at the specific TOYS observation locations - a rather cumbersome
and unattractive approach.
Therefore, for the time being, the compromise adopted for TOYS is to treat clouds as a pre-processing issue and to
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present cloud-free or cloud-cleared radiances to the assimilation scheme.

3.2

Satellite winds and cloud imagery

At present we assimilate "winds" (motion vectors) derived by tracking features in cloud imagery from geostationary
satellites. Should we attempt to extract such information directly from the imagery within a variational scheme? The
answer at present is clearly no: NWP models (certainly global and regional models) cannot represent the cloud features
that are tracked. Thus no appropriate forward operator can be constructed, and the pre-processing of the imagery to
"winds" remains essential. Models of much higher resolution would be required before it would be possible to
simulate the features that are tracked. However, there are other features of much larger scale apparent in satellite
images, both for conventional window channels and for water vapour channels. 4D variational techniques may well
be able to extract wind information from sequences of such images. In future "ozone channels" may also contain
similar information on winds around the tropopause and in the lower stratosphere.

3.3

SSM/1 data

Preliminary experiments have been undertaken at ECMWF with 4DVAR to assimilate total column water vapour
(TCWV) retrieved from SS M/I data. These are discussed below. Here it is pertinent to ask: would we do better to
assimilate the radiance information directly? Theoretically, the answer is yes, for the same reasons as for TOVS.
However in practice the advantage may be negligible for TCWV. This is because the prior-dependence is very much
less for this retrieval problem than for TOVS temperature profile retrieval. However this may not be so for other
SSMII products such as sea-surface wind speed and cloud liquid water. At ECMWF we are experimenting with a
lDV AR approach to the simultaneous retrieval of several variables to which SSM/I is sensitive with a scheme similar
to that described by Prigent et al. (1994).

3.4

Scatterometer data

The assimilation of scatterometer data from the ERS-1 satellite has received considerable recent attention. Work has
focused on two main problems: how to represent the observation operator, i.e. the transfer function through which
the backscatter coefficients (cr0s) are related to the wind vector near the sea-surface; and how to resolve the ambiguity
between the two wind vectors, separated by roughly 180 degrees, that fit the measurements. We have identified three
options for the assimilation of these data into a 3D/4DVAR system: (a) to assimilate the cr0s directly (as for TOVS
radiances), (b) to assimilate "ambiguous" retrieved winds, allowing other constraints within the variational analysis to
resolve the ambiguities in optimal way, or (c) to assimilate winds for which the ambiguity has been removed through
a pre-processing step. Option (a) is theoretically attractive (Th6paut et al., 1993). However we have found that the
highly nonlinear nature of the transfer function leads to error characteristics that are very difficult to represent
satisfactorily in the cr0-space. Also the retrieval of ambiguous wind from cr0s is rather direct (not significantly priordependent). Our current preference is therefore for option (b); it is theoretically very close to (a), and recent
experiments suggest that in some critical cases it can avoid ambiguity removal problems encountered with (c). Recent
work at ECMWF in this area is reported by Stoffelen (1994) and Stoffelen and Anderson (1994).

3.5

Radio occultation data and other limb sounding data

Measurements of the refraction of radio waves passing from one satellite to another through the limb .of the Earth's
atmosphere contain information on the gradients of refractivity, and hence on the gradients of temperature and humidity
along the path. With the advent of the Global Position Satellite (GPS) system, such measurements for the Earth's
atmosphere are close to reality (see Hardy et al. 1992). Measurements of refracted angle can be pre-processed, using
certain assumptions, to retrieve vertical profiles of refractivity and further to retrieve the temperature profile (if
humidity effects are negligible or known) or the humidity profile (if the temperature profile is known). An analysis
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of the assimilation problem (Eyre 1994) has shown that there may be advantages in assimilating measured refracted
angles directly, rather than via intermediate retrieved profiles, particular when strong horizontal gradients are present.
Similar arguments can be applied to other measurements which make use of a limb-sounding geometry.

4.

The potential of 4DVAR

Compared with assimilation studies using 3DVAR, experiments to date using 4DVAR have been rather simplified in
a number of respects, including their spatial resolution and limited model physics. However these experiments have
already suggested that 4DVAR has the potential to extract information from observations in new ways.
Assimilation of TOYS radiances over a 24-hour period gave rise to significant (and unexpected) impact on the tropical
wind field. Investigation revealed that most of the impact came from the TOYS water vapour channels. Although
the precise interpretation of the results is difficult, the effects noted are consistent with the assimilation system
extracting dynamical information from the time-changes in the radiance fields in water vapour absorption bands
(Andersson et al., 1994). Similar impacts on the wind field were found when total column water vapour derived from
SSMII data were assimilated (Filiberti, 1993). Thus 4DVAR offers hope that we might be able to use humiditysensitive measurements to improve wind analyses, and also that we might achieve humidity analyses dynamically
consistent with their associated mass and wind analyses.
The other promising development with 4DVAR has been in the assimilation of scatterometer data (Thepaut et al.,
1993). Typically, in 30 assimilation experiments, the impact on the analysis of low-level wind is clearly positive but
the impact is not retained for long into the forecast. The main weakness appears to be in the inability of the 3D
assimilation to project information from the boundary layer to higher levels in a dynamically-consistent manner, which
the NWP can then retain. Preliminary experiments with 4DVAR have shown the ability of surface wind data to affect
the analysis up to the jet stream level through the flow-dependent structure functions implicit in the 40 system. This
is a hopeful sign, particularly for more effective exploitation of scatterometer data, but also for other surface
observations and single-level data.
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The system of meteorological satellites is currently under review by satellite operators.
Tire next century presents a new challenge especially for applications in numerical
weather prediction models. New and improved observations are required to satisfy the
needs from the nowcasting to the climate scale. The presentation will address the plans
and projects for the beginning of the next century.
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EXTENDED ABSTRACT
Forecasting had continued in the past to be a problem in
Zambia especially when
it came to forecasting
climatic
anomalies e.g drought,
floods and Weather associated with
synoptic features such as Angolan low and easterly waves.
Since most of the practical forecasting was mostly subjective~
little progress had occurred. This was due to
(i) lack of
upper air data over Zambia. As such we were relying on the
upper air data from o~r neighbouring countries. Cii) It was
due to the lack of computing facilities. However, since then
automation has been introduced in the department.
The objective of this paper is to examine satellite
images and try to incorporate the inherent details into charts
that have been objectively analyzed and these charts may be
either
(i)
the ECMF forecast data or (ii)
the real
time
surface chart.
In the case of the ECMF products it is
important to find out if a link exists between the forecast
position of the synoptic systems and that of the satellite
image together with the actual
real
time surface charts
depicted at a given time.
The main weather systems considered in this discussion
are intertrcpical convergence zone
<ITCZ>
and the frontal
systems in the Atlantic and
Indian oceans.
The satellite
images and corresponding surface charts have been examined fer
similarities in
position of the above mentioned weather
f:~ y~.:; t (~IH5iJ."

Although Zambia lies entirely within the tropics,
it's
weather is influenced to a large extent by the migratory
synoptic systems of the southern mid-latitude <Mumba et .••
1984). During the wet season the intertropical convergence
zone is the main dominating weather system responsible fer
meteorological and hydrological
events over most countries en
the sub-continent.
However, during our synoptic surface analysis several
types of small
scale features are very important to cur
weather forecasting. It is found that, though ECMF forecast
data when compared with real time analyzed surface chart, only
the major weather systems are depicted en the ECMF forecast
charts. On the real time surface chart both small and large
features are depicted.
This is.attributed to
<Cattle,1989)
findings on GCM models that a particular and important problem
is hew to represent the effects of atmospheric phenomena
associated with different physical prccessei on scales smaller
than that of the mc~el grid.
Even though these model are being
used in operational for~casts? prediction of lows
over
the
subcontinent are good, sometimes for 24 hrs forecast if
correct position are
considered within two grid
points
difference <El- Shahawy et .•• 1992).
Moreover, similarities with satellite images and real
time surface charts correspond very much.
In addition the
small scale features are depicted en the satellite image as
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seen on surface chart.
The ITCZ,
a zone of convergence between northwest and
southeast trades,
is well defined in the northern hemisphere
over west Africa but? however,
it's structure is much more
complicated in the southern hemisphere as three air streams
flow into central africa during the southern summer season
<Kumar,1974). On the satellite picture a continuous cloud band
would appear across the subcontinent extending into the Indian
ocean. Accompanying this ITCZ, is narrow east-west band of
vigorous cumulonimbus clouds on surface chart. This is shown
as a dotted line. With evidence of both satellite images and
surface analyzed charts it is easier to describe and redefine
the ITCZ in more details.
Satellite pictures have been found
to be more valuable
when comparing the weather features indicated on the surface
chart. A striking example is the manner in which satellite
images and
surface charts
have established a
definite
connection between the two weather systems, the linking
up of
Zaire
air boundary
and intertrcpical
convergence
zone
<Bhalotra~1973)
and sometimes a cold front associated with
high latitude depression.
The
other weather system is
the tropical
latitude
depression associated with frontal
systems over the south
atlantic ocean travelling eastward, which is easily identified
clearly with its position on both satellite image and surface
chart.
It is found that the details on a satellite images
correspond very much with these en the analyzed real
time
surface chart fer the same period of time. This is due to the
fact that satellites have the ability to observe such weather
features in both space and time.
This includes the whole
complete cloud system associated with a synoptic scale storm
and as well as details of
local mesoscale cloud distribution
<Essa 1 1968).
It is in
this regards
that environmental
satellite
data
and
surfaca analysis
data
hava
been
assimilated.
Satellite images have established a definite
similarity of weather features as these shown on the surface
chart
and this
has improved
our forecasting.
Lastly~
assimilation of anvircnmental satellite images and surface
charts have been very valuable indeed considering their actual
accuracy in measurement and assimilation of weather analysis.
F([J::·E:I:~E 1\!C E G

Bhalotra Y T R (1973)
Lecture notes en meteorology,
Zambia
meteorological dept. unpublished.
Cattle H <1989) Modelling the impact of climate change on the
ocean
paper at WMO conference on Climate and
water, 10-15 september 1989, Helsinki, Finland.
Chipeta G, Mumba Z L S (1984) Synoptic aspect of weather over
Zambia, Zambia meteorological dept.
Kumar S (1974) The WMO/IMD Training course in monaccn
meteorology vcl.II, WMO/TD-496 page 252-285.
U.S.
Dept.of
Commerce
(1969)
ESSA direct
transmissicm
system= suspera~des APT user guide, pp 47-80.
Dh<:tho:l.l.rJy [ 1
(1.99:?> D~?V<~Dlt::ipment. o·f i:':l.ppl:i.c;;,~t:.ion of ~" l:i.m:i.t:(;:,,d
area numerical
model.
page 17-8.
of proceed.
of
ICS/ICTP/WMO
workshop
on meditterean
cyclones,
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METEOROLOGICAL AND OCEANOGRAPIDCAL OBSERVATIONS IN VIETNAM

Summary - Hoang Due Thinh
Network Operation Department- Hydrometeological Service ofViet Nam
1. In the last decades the climate in Viet N am has tendencies of changing and abnormal

appearances.
- The number of typhoon increases. At the beginning and ending of typhoon season, there are
abnormal characters. Duration of the typhoon season becomes longer.
- The temprature in summer months has an increasing tendency.
- Abnormal rain phenomena are expressed at the time of beginning and ending of rain season, at
the maximum amount of daily rain.
- Frost appears in some places. In the high molmtain areas there are hail and snow fall. In some
places tornado, storm etc. appeared in the last years.
- Averaged value of sea level has rising tendency. For example at HON DAU station, during
the period from 1957- 1990 sea level has raised 2.24 mm/year in average.
2. Nowadays there are 161 meteorological stations in VietNam, 80 of which have 8 ohs/day to
serve weather forecasting, the other stations have 4 ohs/day. 21 stations are participating in the program
ofWWW. Meteorological stations of VietNam are distributed unevenly. In flat areas the density of
stations is rather high, but in mountainous and sea areas - more scarcely.
In addition there are 3 radiosonde stations, 4 stations measure wind speed at high level and 800
stations measure rainfall.

The following parameters are measured at meteostations: wind (speed and direction), rain,
cloud, temperature, humidity, horizontal visibility, weather phenomena, soil temperature, evaporation,
atmospheric pressure, sea level and sea temperature etc.
The equipments used at stations in Viet Nam are obsolete and not frequently calibrated.
Sometimes these equipments are broken down but they have not been replaced immediately, especially in
radiation and wind measurements.
Telecommunication system between stations and operation network centre are based on
radiotelephone system and public telephone system. Data codes are used in the network of
meteostations of VietNam as follows: FM-12-IX-EXT-SYNOP, FM-32-IX-PILOT, FM-35-IX-EXTTEMP, FM-71-VI-CLIMAT, FM75-VI-CLIMATEMP, other codes including FM94-IX-BUFR are not
used. The last one should be studied and applied in the next few years.
Although observation system of H.M.S. of VietNam is out of date, it has contributed
actively in the prevention and preparedness of natural disaster, serving national social-economic
development. In the last years the Govemment of VietNam has paid more attentions to H.M.S.
activities. The Government has increased investment to consolidate and develop hydrometeorological
observation system.
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THE RESPONSE OF DRY TENDENCY IN SUMMER
IN NORTH OF CHINA TO GLOBAL WARMING
Huang Jiayou .

Department of Geophysics. Peking University
Beijing.100871
Abstract
Using the data of summer( June- August) amount of precipitation
during the period of 1951-1990 in 14 stations in North of China, the
wetness probability (WP) series based on Gamma distribution have been
built. Main temporal and· spatial characteristics for the series of
WP in the stations are extracted using empirical orthogonal functions
(EOFs). The spatial patterns show that the dryness/wetness variations
in the stations in the area are consist with each other and can be
representative of main characteristics by the WP series in BeiJing.
Having analyzed for the WP series of 120 years( 1870- 1989)
in
Beijlng, the results show that it has a dry tendency associated with
the global warming. The variation of the dryness/wetness situation in
the stations relate to the temperature variation in the
north
hemisphere. There is a negative relationship between them.
Using the correlation moment analysis. it is found that The degree
of the reliance on the response of dry tendency in the area to global
warming was associated with the century variation of the temperature
in north hemisphere. There were rapid variations occurred in the
1920s and the 1950s. It shows that the global warming have an
influence on climatic change in the area.
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PACIFIC OCEAN SEA-SURFACE TEMPERATURES AND
EAST AFRICAN SEASONAL RAINFALL
MATAYO INDEJE
IRICP,Lamont Doherty Earth Observatory, New York, USA.
or
*Drought monitoring center, Kenya Meteoro2ogical Department, Nairobi, Kenya.
INTRODUCTION:
East Africa l.ike most devel.oping countries in the tropics depends on agricul.ture
for food and export for foreign currency earner. Accurate seasonal. to interannual.
weather forecasting is therefore crucial. for proper pl.anning for the national
agricul.tural. production, water resources, hydro-el.ectric power suppl.y, Tourism
among others. East Africa incl.udes three countries namel.y Kenya, Uganda and
Tanzania. The region is encl.osed by latitudes 5"N - 12°S and l.ongitudes 29"E 42"E, Fig. 1. The seasonal. rainfal.l patterns in East Africa are control.led by the
seasonal migration of the inter-Tropical. Convergence Zone (ITCZ) . Figure 2 shows
mean annual rainfal.l. over East Africa from the period 1951-1990. The compl.ex
topographical. patterns, the existence of many l.arge l.akes, and meso-scal.e
circul.ation of thermal. origin modify the wind patterns in the region, which in
turn give high spatial. and temporal. variation in the precipitation. There are
basical.ly four rainfal.l. seasons, namel.y March-May ("long rains"), June-August,
September-November ("short rains"), and December-February. Figure 3 displ.ays some
exampl.es of the mean seasonal. patterns of rainfal.l. over East Africa. Other
factors which are known to infl.uence precipitation over East Africa incl.ude
tropical. storms, Easterl.y waves, Jet streams, the continental. 1owl.eve1 trough,
and extra-tropical. weather systems (Ogal.l.o, 1988).
Several. attempts have been made to study the interannual. variability of rainfa11
in East Africa (Rodhe and Virji 1975, Ogal.l.o 1983,1988, Barring 1988,) among
other. Barring (1988) anal.yzed the dail.y rainfal.l in Kenya using 73 stations for
the period 1971-1985. Al.though the period considered was short, he showed four
principal. regions 1 (the Coast, the Highl.ands, the l.ake Victoria area, and the
dry Northern and Eastern areas). Ogal.l.o (1989) studied rainfal.l variabil.ity with
the Rotated Principal Component Analysis to (RPCA), to characterize the seasonal
rainfall over East Africa for the period 1922-1983. The results indicated
seasonal. shifts in the patterns of the dominant RPCA modes that were simil.ar to
the seasonal. migration of the rainfal.l. patterns associated with the ITCZ. Twenty
six regional groups were delineated from the seasonal characteristics of the
eigenvectors for the different seasons of the year. The first two eigenvectors,
which general.ly represent the dominant wet and dry episodes, accounted for a
maximum of 58 percent of the variance. Rodhe and Virji (1976) anal.yzed the trends
andperiodicities for annual. rainfal.l. East Africa. Spectral. anal.ysis of the time
series reveal.ed major peaks centered around 2-2.5, 3.5 and 5.6 years. Ogal.lo
(1980) showed the existence of four major peaks, centered around the Quasibiennal
Oscill.ation (QBO) of 3-3.7 years, Elnino Southern Oscil.l.ation (ENSO) of 4.8-6
years and the Sunspot cycl.e of 10-12.5 years.
ENSO phenomena is known to be a fundamental. and periodic part of the oceanatmosphere system, with periodicity of seasonal. to about 8 years (Rasmusson and
Carpenter 1983) . Several studies have attempted to rel.ate ENSO and rainfal.l. in
East Africa. Extreme rainfal.l. anomal.ies in East Africa have been associated to
ENSO (Ropelewski and Hal.pert 1987, Ogall.o 1988). Ropel.ewski and Halpert (1987)
on their study of rel.ationship between the global rainfal.l. and Southern
Oscil.l.ation Index (SOI), concl.uded that al.though the statistical. association
between the rainfal.l. over East Africa and the SOI was weak, there was a high
probabil.ity of abnormal.ly wet conditions in the region during Elnino Years. They
did not cl.assify the seasons and areas within East Africa which were wet during
the El.nino years. Ogal.l.o (1988) observed significant teleconnections between the
SOI and seasonal. rainfal.l. over parts of East Africa, especial.l.y during the
* 7he authors permanent affiliation.
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northern hemisphere and autumn and summer seasons, with the strongest
relationships being observed along the Kenyan Coast during the autumn season.
Janowiak (1988) showed evidence of association between rainfall anomalies during
the austral summer over Eastern and Southern and both the warm and cold phases
of ENSO events. Not much has been done to relate the Pacific ocean Sea-Surface
Temperatures (SSTs) and the se~sonal rainfall over East Africa.
In this study, attempts are made to study the space-time variability of seasonal
rainfall over East Africa for the period 1951-1990. The study will further
investigate the teleconnections between East African seasonal rainfall and the
Pacific ocean SSTs as to classify seasons and regions which are wet/dry during
the ENSO and non-ENSO ( "Lanina") years. The existence of teleconnections between
the Pacific SSTs anomalies and seasonal rainfall is useful in the interseasonal
climate prediction in the region.
:DATA AND ANALYSIS
This paper reports an analysis of rainfall records at 35 stations scattered over
East Africa (Fig. 1). The data consists .of the monthly rainfall totals covering
the period 1951-1990. The seasonal rainfall (March-May, June-Auqust, SeptemberNovember and December-February) records were extracted from the monthly totals.
The sea surface temperature records were obtained from the Comprehensive Ocean
Atmosphere Data Set (COADS) for the period 1951-1.987, and Climate Analysis Center
Blended data for the period 1988-1.990. The SST data was averaged for the Nino1+2
(0"N-10°S, 900W-85"W) , Nino3 (5"N-5°S, 1500W-1200W) and Nino4 (5"N-5°S, 160~-1500W)
regions in the Pacific ocean. The anomalies of the SSTs and the rainfall were
computed by subtracting the long-term monthly means based on the 1951-1990 period
from the individual monthly means for each year. The records were then normalized
by dividing each record by the corresponding standard deviation in order to have
zero mean and unit variance. The data was subjected to Statistical data quality
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controls before using it. Mean seasonal composite maps were perfor.med for Elnino
and Lanina years (as defined by Rasmusson and Carpenter 1983, and Ropelewski and
Jones 1986) which were observed in the period 1951-1990. The rainfall anomaly was
then correlated with the Paci~ic ocean mean SSTs. The correlation parameters
included simultaneous zero lag, and the lagged correlation coefficients. The
significance of the correlations were tested by t-test.
COMPOSITE MAPS OF RAINFALL PATTERNS FOR LANINA AND ELNINO YEARS
Composites of seasonal rainfall for the Lanina and Elnino years were performed
to study the regions and seasons which are wet/dry during these years. The years
1951, 1953, 1957, 1965, 1969, 1972, 1976, 1982, 1983, and 1986 were classified
Elnino years (Rasmusson and Carpenter 1982) and 1955, 1956, 1964, 1970, 1971,
1973, 1975, and 1988 classified Lanina years (Ropelewski and Jones 1987). The
resulting composites for Lanina years shows below normal rainfall over the lake
basin of Kenya, south western Tanzania and parts of the northern Kenya and
Uganda, during the spring and summer seasons (Fig. 4a). Normal rainfall was
observed over the rest of the region during these seasons. Above normal rainfall
was observed over most parts ·of the eastern, northeastern, and the coastal
regions of Kenya and Tanzania during the boreal autumn season. Above normal
rainfall were also observed over a few parts of the lake region of Kenya and
Uganda. Below normal rainfall was observed over the South eastern lowlands during
the winter season, all the other areas normal rainfall. Composite maps of Elnino
years shows below normal rainfall over the northern, eastern, southern lowlands
and the southern coastal regions during spring and autumn seasons. Above normal
rainfall is shown over the lake basin, The central highlands of Kenya, northern
parts of Uganda and Tanzania, during the northern hemisphere summer (Fig. 4b) and
winter seasons. Above normal rainfall was also observed over the highlands areas
of Kenya during the boreal autumn season. Results obtained from this study have
indicated that there exists areas/seasons within East Africa which experience
above/below normal rainfall during the Elnino and Lanina years. The results
classify in detail the earlier work by Ropelewski and Halpert (1987) . These
results are important for seasonal prediction of rainfall. in the region based on
the ENSO events.
SEA-SURFACE TEMPERATURES AND ZERO LAG CORRELATIONS WITH RAINFALL
Using a time series of 40 years tests of significance indicated that correlation
values greater than (0.31 were statistically significant at 95 percent
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significant level. The highest positive correlations between the SST (Nino1+2,
Nino3 and Nino4) were obtained during the boreal autumn season (Fig Sa) . The
spatial patterns of correlations between Nino1+2 SSTs and seasonal rainfall
indicated significant negative correlations centered over the coastal, eastern
and lake basin of Kenya, Uganda and Tanzania, during the March-May season.
Significant correlations between Nino3 and seasonal rainfall were observed over
the eastern and coastal areas of Kenya and Tanzania, and the lake basin of Kenya
and Uganda during the boreal autumn season. Nino4 SSTs correlates significantly
with the winter and summer seasons with the spatial patterns centered over
coastal, lake regions and northern Kenya. The main rainfall season in East Africa
is centered within March-May season. From the correlations analysis obtained
above, the SSTs in Nino1+2 and Nino3 could be used as a predictor for this
season. During June-August season, the western, lake basin and coastal areas of
East Africa receive good amount of rainfall. SSTs in Nino3 and Nino4 correlates
well with this season at zero lag. September-November is generally the peak
period for the short rains in East Africa. The duration and amount of rainfall
is however, shorter than the main rainy season. SSTs in Nino1+2 and Nino3 (Fig.
Sb) correlates significantly with this season at zero lag. December-February is
the peak rainy season for central and southern Tanzania, and parts of western
Kenya and Southern Uganda. Nino3 SSTs correlates significantly with this season.
Low correlations were obtained with the annual rainfall records, even in regions
where significant values had been indicated. Results from this study indicates
that although the correlations between Pacific ocean SSTs and seasonal rainfall
over East Africa are low, the ocean SSTs could be used to give an outlook of the
seasonal rainfall in the region with some skill.
LAG CORRELATIONS
The temporal patterns of lag correlations between Pacific ocean Sea-Surface
Temperatures in Nino3 region and rainfall for some selected stations in East
Africa is shown in Fig. 6. The maximum negative/positive correlations were
centered around the months of August to December. Significant correlations were
observed to 3 months before and after the zero lagged months. The spatial
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Fig.4 Composite maps for (a) Sept.-Nov. season ("Lanina years")
precip. (b) June-August season ("Einino" years), (loadingx100)
- 658 -

patterns of lagged correlations between August SST and September rainfall shows
significant negative values concentrated over the lake basin and the western
parts of the region, with positive correlations centered over the eastern and
coastal regions. Significant positive correlations were observed between the
October SST and November precipitation. The observed significant lag correlations
are of great significance to seasonal forecasting.
CONCLUSIONS
Results from this study indicated that not all areas/seasons of East Africa are
wet/dry during the Elnino/Lanina years. Relatively wet conditions were observed
in the region during June-August and December-February seasons of the Elnino
years. Similar conditions were observed during September-November season of the
Lanina years. Dry conditions dominates March-May and June-Auqust of the Elnino
years and the three seasons (March-May, June-August and December-February) of the
Lanina years.
Results further indicated some evidence of teleconnections between the Pacific
ocean Sea-Surface Temperatures and rainfall over parts of East Africa. Peak
values were concentrated along the coastal regions and some western parts of the
region. Significant lag correlations were observed during the months of
August-December. Apart from the migration of the ITCZ, the western parts of the
region also get some of the rainfall from the incursion of moist westerly
unstable air from the Congo/Zaire basin. The Coastal areas also receive part of
its rainfall from the coastal Near Equatorial Troughs (NET) which penetrates the
mainland in the form of Easterly waves. These waves have been observed not to
penetrate further inland due to the lowlevel diffluent nature of the winds
inland.
Monsoonal wind systems are the major transport of moisture in the East African
region. The characteristics of these winds are controlled by the location,
intensity, and orientation of the major semi-permanent anticyclones of Africa.
A more detailed study of the regional cl.imatic anomal.ies is still being
undertaken, and hope to reveal. the relationships between the ENSO and the
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A Study of the Formation of Low SST Anomaly
over the North Pacific in 1993 using an OGCM
M. lshii*, M. Kimoto**, and I. Yoshikawa*
*Japan Meteorological Agency, Tokyo, Japan,
** Center for Climate System Research, University of Tokyo

1. Introduction
In the first half of 1993, a mini El Nifio condition developed in the equatorial Pacific ocean
and surface westerlies were strengthened in the North Pacific. Concurrently with this, a large area of
low sea surface temperature (SST) anomaly developed rapidly over the North Pacific along 3YN in
boreal spring (Fig.l) and persisted till summer. The formation of this extratropical SST anomaly is
studied using an ocean general circulation model (OGCM) forced by surface meteorological variables
produced by an operational atmospheric data assimilation system.

2. The OGCM and the simulation
The dynamical frame of the ocean model follows Bryan ( 1969). The model used in the
current study covers the global oceans except for the Arctic ocean. The horizontal resolution is 2.0
degrees latitude by 2.5 longitude except for the equatorial belt where the latitudinal grid interval is
decreased to a minimum of 0.5· on the equator. The model has 20 vertical levels, most of which are
located in the upper 500 meters. We adopt a nonlinear horizontal diffusion scheme and level 2.5
'

closure for vertical diffusion. The OGCM was driven by daily-averaged surface momentum and heat
fluxes since 1984. The forcing fields were calculated by using surface meteorological variables in the
operational data assimilation system of Japan Meteorological Agency (JMA). Empirical formulas are
used for the flux computation. The OGCM reproduces both spatial and temporal SST variations over
the North Pacific in early 1993 very well. Therefore, the oceanic processes responsible for the
formation of SSTA can be realistically studied.
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Fig. 1. Observed SST anomaly in May 1993.
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Figure 2a shows SSTA in May 1993 produced by the OGCM. The spatial distribution is smoother,
but agrees well with the observation in Fig. 1. The zonally elongated anomalies of negative and
positive anomalies in the north and south of 30.N, respectively, were formed in May and persisted
thereafter both in observation and in the model. It is likely that the anomalous westerly stress
observed in the previous
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Fig. 2. a) Model-generated SST anomaly in May 1993. Contour interval is O.S"C
and negative anomalies are shaded. b) Observed wind stress anomaly in
April 1993. c) Net heat flux anomaly in April 1993. Downward positive.
Contour interval is 20W/m 2• d) The same as a except that it is produced by
integration with climatological heat fluxes.
months (Fig. 2b) contributed to the formation of the negative SSTA belt through the southward
Ekrnan transport of climatological cold waters in the north. Anomalous heat flux (Fig. 2c), on the
other hand, did not appear to be so effective in forming the negative SSTA, but was largely responsible
for the positive SSTA in the subtropics. Reduced latent heat flux due to the decrease in wind speed
contributed most in the anomalous heat flux into the subtropical ocean (Fig. not shown). Figure 2d
shows simulated SSTA in May but with climatological heat fluxes given to the OGCM. The magnitude
of the negative SSTA becomes larger compared with Fig. 2a. The negative ·anomaly extends further
south and the subtropical positive SSTA belt disappears, confirming the importance of surface heat
flux in its formation.
The predominance of anomalous Ekman transport in the formation of negative SSTA centered
at 35·N is assessed quantitatively by computing heat budget of the run shown in Fig. 2a in the upper
50 meters. The results averaged in an area from 30.N to 45"N between 140.E and 160"W are shown
in Fig. 3a. The averaging domain corresponds to the negative SSTA in Fig. 2a. The budget terms
shown in Fig. 3a are the deviations from a 6-year model climatology and are smoothed by a 4-month
lowpass filter. Over this region, the tendency and magnitude of SSTA change (dSSTA/dt) are
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dominated by the (3-dimensional) advection between February and April of 1993. Figure 3b shows
the decomposition of the advection term into zonal, meridional and vertical components. It is seen
that in the early months of 1993 the total advection term (reproduced from panel a) is dominated by
the meridional component. In the model, the anomalous southward Ekman transport increases about
two months prior to the formation of the negative SST A.
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Fig. 3. (a) Heat budget of the OGCM run in the upper 50 meters of the negative
SSTA region of Fig. 2a. Four-month running averaged values are
plotted. The unit is k/day/m 3•
(b) Decomposition of the three dimensional advection in panel (a) into
zonal(X), meridional(Y) and vertical(Z) components.

- 663 -

3. Concluding remarks
By driving an ocean general circulation model by surface meteorological variables of an
operational atmospheric data assimilation system, the formation process of a large and persistent
surface oceanic anomaly could successfully diagnosed. An objective of data assimilation is to fill
data-sparse regions with the aid of physical models. Such aspect is potentially very important in
climate monitoring since observations are not sufficient in climatically important subsystems such as
oceans and land surfaces. Results of the current study encourage us to pursue a more realistic system
in which the OGCM is improved and subsurface oceanic data are also assimilated into it.
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METEOROLOGICAL i~.SPECTS OF
WINTER WHEAT PRODUC'I'ION IN UKRAINE
:bY
OU~a

KarPova, Kiev. UKraine

state conmlltte of Uls.ralne for HYdrometeorolOSY
Agricultural ProductivitY dePends on the land,the weather
and farming Practlce.Climate factors such as solar radiation,
temPerature,rainfall,wind and ·evaPoration determine what Plants
can survive and
thrive.The
sustainabilltY
of
productive
agriculture rests on such basic questions as how we use the land,
what crops we grow,how often we croP,how we use water resources
and fertilizers and others factors.
The territorY of UKraine has mainlY favourable climatic
conditions for agriculture.But,according to agroclimatic division
into dlstricts.conditions can change from redundant moistening in
Nothern-western Part UP to arid in t11e southern stePPe.
Thus,the territory of UKraine in accordance with climatic
conditions
divides
into
tlwee
zones,such
as
woodland,
forrest-stePPe,stePe. Indices of agroclimatic conditions in zones
are Presented in Table 1. It is very imPortant to Know the
influence of climatic
factors
UPon
Placins.volume.srowing
conditions and croP ProductivitY.Knowleadge about climatic and
weather conditions in different soil-climatic zones of m~aine
Permit to maKe a general assesment of asroclimatic resources in
the countrY
..
--- . .. -Climatic Zones

Agroclimatic
Data

Fore steppe

Woodland

Steppe

Sunshine
Duration (Hours)

1600 - 1800

1700 - 2200

Evaporation, mm
(warm period)

470 - 500

385 - 470

Precipitation, mm
(Warm period)

360 - 600

240 - 340

200 - 300

Duration of
growing season
(days)

190 - 210

190 - 240

200 - 240

Duration of
frost out period
(days)

150 - 170

160 - 170

190 - 220

Duration cover
snow period
(days)
1---..-

2200 - 2400
<335

!

60 - 110
-~---·-~--------·------·----·--
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60 - 110

20 - 60

------·----

....-Maximum air
temperature,
July

35°C

36°C

38°C

Minimum air
temperature,
January

-25°C

-26°C

--26°C

--

Average air
temperature,
April - October

13 - 14°C

14 - 15oc

15 - 17°C

Average air
temperature,
November - March

-4- -1oC

-4- -1oc

-4 - +1°C

Table L
The data Presented in Table 1 demonstrate that agroclimatic
conditions in UKraine are favourable for winter wheat Production.
but data also Point to some essential values variation in
different zones. PeculiaritY of the PhYsico-geosraPhical position
of UKraine and unsteadiness atmosPheric Processes have also
influence on climatic conditions.AvailabilitY of unfavourable
weather conditions and such Phenomena as droughts,hot drY winds,
light frosts,hail.heavY showers, ice covered ground and others are
observed frequentlY enough.But intensitY and duration severe
weather Phenomena change from year to year.Results of analYSis
severe weather conditions in UKraine are Presented in Table 2.
Unfavourable
weather
Phenomena
and its indices

Soil - Climatic
woodland

ForeststePPe

Zones
StePPe

-----------------------------------------------------------------1-10
11-60

Drought
PrObab111tY,I.

1-14

Number of daYs
With hOt drY Wind
(warm Period)

1-4

1-15

5-20

15

5-40

Number Of daYS
1- 2
With hail,Per year

1- 4

1- 3

Number Of daYS
w1 th thaw
<cold Period>

25-60

30-50

Max number of
daYs with dust
storm, Per Year

5

25-50

-----------------------------------------------------------------Table 2. Assessment of unfavourable weather Phenomena
in UKraine
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considering relationshiP between winter wheat Yield and a
number of climatic factors in agroclimatic zones of URraine, it is
evidentlv.that maJor environmental factors influencing
UPon
Phenological develoPment and croP veild are temPerature regime.
amount of PreciPltatlon.dav lenth.availabilitY of soil 1no1sture
and severitY of the winter season.
The atteiDPt to maRe a brief review of the effect two major
factors onlY, e. g, air temPerature and amount of PreciPitation is
iiven below.This descriPtion based on the
Ions-ter-m
data
analYsis. The oPtimum values of air temPerature and amount of
PreciPitation required for the growth period of winter W11eat,
survival Plants in the winter have been calculated using resime
data for 40-Years Period of observations from sites.
Period
(Phenolosical
stage>
sowing-germinating
t!llering
chill ins
<vernalization>
head develoPment
flowering
Yield formation

Stage
duration
( daYS)
10-15
15-25
80-100

Required
air temperature <C >

•

18
13
-2.5
8
14,5
18,5

40-50
15-20
30-35

Required
amount of
PreciPitation

cnun>
130
170
160
170
90
70

Table 3.Calculated oPtimum values air temPerature
and amount of PreciPitation required during
Phenological stage
Results of the estimation are Presented in Table 3 and
demonstrate the Phenological stage,stage duration,required air
temPerature and amount of PreciPitation in certain stage croP
develoPment. It is necessary to taKe into account, that winter
Wheat requires a cold Period or chilling <vernalizatlon> during
earlY growth for normal heading under long davs.Winter wheat ln
its earlY stage of develoPment exibits a strong resistance to
frost.But the resistance is lost in the active growth period in
sPring and during head develoPment and flowering Periods frost
may lead to head ster!litv.Because of this, sometimes more damage
is done to the winter croP bY sPring frost than bY winter frost,
that in turn to lead the Yield failure.

The good correlation has been obtained between total amount
of PreciPitation and winter wheat Yield for a number of 5·-Years
Periods. RelationshiP between amount of PreciPitation and winter
Wheat Yield durlns 50-Years Period demonstrates 1n Table 4. It ls
evident from this Table that increasing in harvest dePend on
increasing amount of PreciPitation.
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Harvest

Total amount
of PreciPitation

Years

centner Per hr

nun

572
596

1956-1960
1951-1965
1956-1970
1971-1975

15.9
18. 4
23.6
28.4

7i2

721

Table 4.RelationshiP between amount of PreciPitation and
winter Wheat harvest
The croP Yield data were obtained from the "Statistical
bulletin of UKraine",national averase data and disrtict croP Yield
were available from the besinnins of 1950 Years.The climatic data
was obtained from the Asrometeorolosical DePartment of state
committee for HYdrometeorolosY.
AnalYsis available data for twentY-Years Period show that
the sross Yield of winter wheat srain dePend a larse extent on
favourable or unfavourable weather conditions from Year to Year.
The deviation of sross Yield from trend can has a fluctuations
aPProximatelY UP to 501. and more in some years.Results of
analYsis mentioned above for different resions of m~aine are
Presented in Table 5.
D e v i a t i o n from
r a t e
Reslon: Year:Deviation
:sross
:Yield
Air temPerature
: Amount of PreciPi·:from
c
: tation, mm
:
~
.
- - - - - ·- ·- - ·- - - - ·- - - - - - ·- :trend
:VII-X XI-m IV··V VI-VIT:VTI-X XI-m IV-V VI-VIT

I.

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

m~raine

1954
totallY 1965

35
-21

Unfavourable weather conditions
4 -22. 9 -2. 5 3. 3 -68 -105
3
-1.2 -11.2 1.0 1.2 ·-31
26 23

8
··48

Kherson 1972
TernoPol1956
Chernigov1965

-50
-42
-20

0. 1 - 4. 1 4.8
2. 1 - 9. 2 -1.5
-2. 0 -12. 1 0. 7

25
·-55
-44

1.

3. 8
0. 1
0. 5

-49
167
48

·- 10 13
- 40 ·-27
- 55 -35

Favourable weather conditions
UKraine 1955
totallY 1973

49
25

4.6
1.5

6. 1 -4. 7 - 1. 3
5.8 0. 9 -1. 8

Kherson 1955
TernoPol1972
CherniSOV1973

92
21
27

7. 3
-0. 5
3. 9

9.8-3.8-1.4
3. 7 3.0 2. 3
7. 1 1. 2 -0. 9

63

10
59

13
31

37
24

-26
13
-71

46
28
27

4
15
24

10
11
23

3

---------------------------------------------------··------------·-

Table 5.The deviation of sross Yield from trend due to weather
conditions

The effect of climate and weather on winter wheat Yeild has
been of sreat interest for a long time.AtteiDPts to relate Wheat
Yeilds to a number of climatic and weather factors have been made
bY a number of research worKers from UKralne.nowever.relatlonshlP
beetwen croP Yield and weather hasn't been comPletelY understood.
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MINIMUM AND MAXIMUM TEMPERATURE TREND PATTERNS
OVER EASTERN AFRICA.
S. M. KING'UYU
KENYA MET. DEPT, P.O. BOX 30259, NAIROBI, KENYA.
Fax:254·2-567-888; E·Mail:dmc@arcc.kaact.kenya-net.org

ABSTRACT.
This study investigated trends in the surface minimum and maximum temperature values over the Eastern Africa region and
their potential causes. The daily minimum and maximum temperature records for 53 stations whose records fell within the period
1939-1992 were used. Time series were then prepared for the four seasonal representative months of the year, namely, January,
April, July, and November. Graphical and statistical techniques were used in the delineation of trend in the time series,
whilst spatial coherence was investigated using PCA.
Results from the study showed that most locations to the north of the study area experienced night-time warming and daytime cooling in recent years. The patterns were however reversed at coastal and lake areas. The Mozambique channel region
was shown to have generally experienced minimum and maximum temperature decreases in recent years. The observed
warming/cooling signals however showed a lot of geographical and temporal variations with some locations experiencing
opposite trends during some periods.
Results of PCA showed that a maximum of eight eigenvectors could adequately describe the temperature characteristics
over Eastern Africa. The potential causes of the observed temperature patterns included ENSO, QBO, and prevailing cloudiness
(OLR). Over major urban centres however, urbanisation could be a major causative factor.

1.0

Introduction and literature review
Climate change and variability issues have gained a lot of scientific,
political and socio-economic attention in recent years due to the
dependence of the space-time distribution of global water, food, and other
natural resources on that of the global climate. Recent studies have
delineated significant signals in the global climate using minimum and
maximum temperature records. These studies show warming signals in minimum
temperature over various parts of the world. Such signals have been
relatively negligible in the maximum temperature series at most locations.
The warmin~ signals have been more pronounced in the Northern hemispheric
land mass 1• ' 3 • 4 • 5 • 6. The observed warming/cooling patterns however show much
spatial and temporal variations 3 • 4 • 6 .
Various
researchers
have
attributed
the
observed
climate
changejvariability patterns over Eastern Africa to teleconnections with
global and regional scale systems in the general circulation like ENSO,
~BO, Intra-seasonal waves, and cloudinessjOLR amongst others 6· 7 • B, 9 • 10, 11 · 12 ·
1 . Pan and Oort 14 observed that peak global maximum temperatures tend to
occur 3-6 months after the peak warmth of the El-Nifio.
Recent volcanic eruptions like that of Mt. Pinatubo in June, 1991,
have been associated with the recentl~ observed surface and tropospheric
cooling, and stratospheric warming6• ' 16 . The mean global tropospheric
temperatures have however since peaked up and 1993 saw higher mean
tropospheric temperatures than those of the 1980-91 base period. Tendency
towards higher lower-atmospheric temperatures has also been observed from
radiosonde data1, 2, 3, 4, s.
Man's impacts on the environment may have reached alarming stages as
revealed by Ozone levels over the Antarctica 16 • 17 • It is however, still not
possible to separate natural and human-induced climate components using the
current trends of climate variability. Katz and Brown 18 have observed that
changes in the climate variability are more important than those in the
mean climate.
This study investigates recent minimum and maximum
temperature trend patterns over Eastern Africa and their potential causes.
Below is a brief review of the data sources and analysis methods used.
2.0

Data sources and analysis
The data used in this study were the daily maximum and minimum
temperature records for 53 stations with record lengths of 22-53 years
within the period 1939-1992. These records were used to construct monthly
extreme temperature series for the four major seasons of the year, namely,
the long rains of March-May represented by April, the SE monsoon season of
June-August
represented
by
July,
the
short
rainy
season
of
September-November represented by November, and the NE monsoon season of
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December-February represented by January.
The normalised pressure difference between Tahiti and Darwin (SOI) and
the phases of upper air winds over Nairobi were used as proxies for ENSO
and QBO respectively 11 • Observed cloudiness data for Nairobi and Lamu and
OLR data elsewhere, were used to quantify cloudiness and rainfall patterns.
These records were used in the investigation of the potential causes of the
observed temperature characteristics.
Missing records were estimated using correlation methods, before being
subjected to homogeneity tests by use of cumulative mass curves. Double
mass curves were used to adjust heterogeneous records 6 • 19 • 20 •
statistical and graphical methods were used to examine trend in the
time series. The Spearman rank correlation coefficient was used in the
statistical approach, where
N

E

rs

(di)

2

(1)

= 1-6 _i_=l_2__

N(N -1)

di = k;-i, where k 1 is the rank of the series X; and N the number of
observations. The s1gnificance of r 8 for N>8 was tested using the statistic
t 9 , defined by

tg

m

=r s

.

.

( 2)

s

which may be compared with the probability of the Students' t-distribution
for N-2 d. f. 6 • 19 •
PCA was used to investigate the spatial coherence in the temperature
patterns 21 • 22 • 23 • 24 • Interrelated variables normally cluster around similar
eigenvectors. The ordinates of any point in the vector space may be
described by use of factor coefficients as
(3)

Zi=ai1Fl +ai2F2+ · · · · +aimFm+diUi •

Z; is the standardized variable, F; the common orthogonal vector, and U; the
unique factor for variable Z;. aii are standardized multiple correlation
coefficients of the variable in the common factor (i.e. factor loadings) 25 •
Techniques for determining the choice of eigenvectors for rotation have
been discussed by various authors 21 • 22 • 26 • 27.
The maximum entropy method (MEM) of spectral analysis was used to
investigate cyclical characteristics in the time coefficients of the
dominant factors. The MEM (or AR) spectral density function may be given as
f(-".)

02

-- I1-L!
~
., I . . • • • • . •
<l>ke -21u"

<4 >

are the filter coefficients and a 2 the error variance 28 • 29 •
Relationships between the observed temperature values and their
potential causes were investigated using Simple correlation analysis and x2 tests for individual and grouped records respectively6 •

where

cf>k

3.0

Results and discussion
Temperature records within Eastern Africa were found to be generally
homogeneous as most of the mass curves were nearly linear. Fig. 1
is a
typical example of the results obtained.
3.1

Trend analysis
Trend analysis results showed a lot of geographical and temporal
variations in the observed trend patterns. Most land stations to the north
of the study area between latitudes l5°N and 5°S and some other locations
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elsewhere, showed significant positive
uoo----,1
night-time warming and day-time cooling
for all the four seasons of the year as 0 10111
indicated by significant positivejnegative ~
minimum/maximum temperature trends at the ~ aoo
,00
95%
c.l.
(Fig.
2ia).
The
diurnal
w
temperature range within this zone is
therefore shown to have decreased in ~ 'fo•
recent years (Fig. 2ii). The global scale ::>~
warming
signals
of
the
1980's
were
discernible
at
most
locations.
Most
'"' -iftot -1Pfj - 1h1 ifSi fnJ
'(t:,A'R
Coastal an? ,la1ke, and some other locations
to the south of the study region showed Fig. 1: Cumulative temperature curve for Ka5&ala,
Sudan (15 28 N, 36 24 E)
opposite trends (Fig. 2ib).
The observed trend patterns were
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Fig. 2i: Observed temperature trend patterns

suggestive of decadal variability, with the _"
1950's to the 1960's decades being generally ;Ju.
warmer than normal at most locations whilst the v
late 1970's to the 1990's were generally cooler
than normal. A more elaborate study may however
be necessary to delineate any distinct decadal
variability signals in the observations. The
Mozambique channel region generally experienced
11)S5 11i&o Hi'-'J 1'7o 1,iS 17So 1'85 11'9<1
negative trends in both minimum and maximum
. YEA~.
temperature (Fig. 2ic). such changes have in the Fig. 2ii: Jiiilt:Cop:--range--series
for
past been associated with a weakening of the Daooretti(01 18S,36 45E)
30
Mozambique warm current • Further studies will
however be necessary to ascertain if the current may have weakened in
r7cent YE7ars r The spatial distribution of warmingjcooling is given in
F1g.J.
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3.2

Principal component analysis
PCA
revealed
that
temperature
characteristics over Eastern Africa can be
<1,-.
described adequately-using a maximum of eight
factors which explain up to 80% of the total
temperature variation (Table 1). Only the
first two eigenvalues were however found to be
faithful representations of the eigenvectors.
The two explained
40-46%
of the total
temperature variation with the first factor
alone explaining about 25% of the variation.
The spatial distribution of the first two
dominant factors is given in Fig. 4.
The first most dominant factor for
January
(NE monsoon)
generally describes
locations ·to· the north of the study region
whilst the second one describes locations to
the south. During the other seasons of the
year, however, the most dominant factor is the
one describing locations to the south. The
spatial patterns for the second dominant
factor for April and November (long/short
rains over near-equator areas respectively)
were similar.
Spectral
analysis
of
the
time
coefficients of the significant modes revealed periodicities centred around
2.0-2.9, 3.0-4.0, 4.5-6.5, and 10-12.5 years. The first cycle was
attributed to QBO, the second and third to ENSO, and the last one to
Solarjdecadal variability.
The solarjdecadal variability cycle was
generally indicated by a 10.67 years cycle and its higher harmonics of
5.33, 3.56, and 2.67 years. Some of the results are presented in Fig. 5.
·~IQ"'s,

~~.

Table 1: summary of the eight dominant factors
----

------

Season

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

·~~--~~-------------------------------

% variance explained by factors 1 to 8 (upper/lower figures are actual/cumulative)

I

fac 1

fac 2

fac 3

fac 4

fac 5

fac 6

fac 7

fac 8

Jan

24.7

15.7
40.4

11.3
51.7

10.8
62.5

6.9
69.4

4.5
73.9

3.8
77.7

3.4
81.0

Apr

25.2

18.2
43.4

9.4
52.8

8.0
60.8

6.6
67.4

4.9
72.3

4.5
76.8

3.8
80.6

Jut

27.0

18.9
45.9

12.4
58.3

7.5
65.8

5.4
71.2

4.3
75.5

3.7
79.2

3.1
82.3

Nov

23.3

22.9
46.2

9.2
55.4

7.4
62.8

5.8
68.6

4.5
73.1

4.0
77.0

3.4
80.5

3.3

causes of the qpserved temperature characteristics
Preliminary investigations revealed that some small urban centres with
populations of less than 2, 000 people registered significant positive
minimum temperature trends, whilst others with higher population figures
did not register significant changes. This may be indicative that other
than urbanisation, a larger-scale phenomenon may be responsible for the
observed minimum and maximum temperature characteristics. Urbanisation is
however, a major causative factor at urban locations.
Simple Correlation coefficients between temperature and 9LR were
statistically significant for some locations. Morning cloudiness was
negatively correlated ~ith minimum and maximum temperature and the
subsequent diurnal range. x2-tests between the grouped records revealed
significant relationships at most locations. Locations to the north of the
- 672 -

AP" F1
study area showed
statistically
significant/no
significant
relationships·
between grouped·
records of OLR
and maximum/
minimum
temperatup~. 1Some
of tha
temperature
trends could be
explain~d using
~ 1
- ,
'I
.-,. ·'t
'-!i"·r · -(
11
approprlate
f2.
.
0
~~
-~ •.•~.!!:
a
\
t
. .....
"
trends in OLR.
2-tests
further revealed
significant/no
significant
correlations
between maximum;
minimum
temperature and
QBO phases as
indicated by
confidence levels
greater/less than
95%. The easterly
;westerly phase
of the QBO was found to coincide with below/above normal maximum
temperature
values.
Other
researchers 11
have
observed
that
the
westerly/easterly QBO phase generally coincides wetjdry atmospheric
conditions. The results from this study may therefo~e be indicative of the
association of the easterly1 westerly QBO phases with subsidence/moist
convective activities over the study region.
a
_ b
c
d

I

.

x

•r---------------------,

I.

i

I

I

I
Fig. 5: Spectral density functions
for b: Jan., d:· Jul.

of_th~

I

time coefficients of the first dominant foetor for a: Jan., c: Jul.; second factor

Simple correlation coefficients between temperature . and the SOI were
statistically significant only for some locations at zero time lags. When
temperature and SOI were lagged however, most of the computed Simple
correlat~on coefficients were statistically significant at the 95% c.l. for
time lags of 2-9 months. Peak correlations were observed for time lags of
3-6 months. These results generally agree with other documented works 14 • The
results were further confirmed by those of 2 - tests between the grouped
records.

x
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3.5 conclusions
It may be concluded that temperature records within Eastern Africa are
generally homogeneous. Some locations especially those to the north of the
region have experienced significant positive minimum temperature trends and
either no change or negative trends in maximum temperature in recent years.
The trends were reversed at ocean, lake, and some other locations to the
south of the region. The Mozambique channel region has experienced
decreases in both minimum and maximum temperature over the same period. The
observed trend patterns however showed a lot of geographical and temporal
variations with some locations registering either opposite or no trends at
all during some decades.
Although urbanisation is a major causative factor in warming/cooling
over major urban centres, a larger-scale phenomenon may be responsible for
the trends elsewhere. Simple correlation analysis and x2-tests revealed
significant relationships between the observed temperature characteristics
and ENSO, QBO, and cloudiness. These systems may therefore be used to
explain some of the observed temperature patterns. Further studies will
however be required to delineate urbanisation effects. MSU records are
recommended for areas where data was missing in the current study.
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RAINFALL PROBABILITY FORECASTING
AT NINOY AQUINO INTERNATIONAL AIRPORT STATION
(PHILIPPINES)

by
CARINA G. LAO
EXTENDED ABSTRACT
At airport stations, rainfall prediction is very essential for aircraft departures and arrival. Many airport
accidents which happened have been due to poor visibility, for which rainfall is a main factor. Accurate and
timely rainfall prediction is alt:() very necessary in aeronautical navigation, water and energy management
and agriculture. Yet, short term rainfall forecasting (that is, up to 12 hours ahead) in the tropics is still one of
the most difficult prediction problems in meteorology.
The main objective of this study is to develop a statistical model to forecast rainfall probability in some
selected airport stations in the Philippines like the Ninoy Aquino International Airport (NAIA). This statistical
model attempted to produce short term rainfall probability forecast three (3) hours ahead, which will have an
important advantage over the currently used worded forecast (e.g., mainly fine, isolated showers 8tc.),
because they quantify the degree of the certainty of forecast. Using the observed predictor data at OOOUUfC
and 0300UTC, the probability of rainfall can be computed using the forecast equation for each month.
In the model, four mutually exclusive weather states are defined, i.e. state 1 is when there is 0-2
oktas of total cloud cover and no rain has fallen in the previous 3 hours; state 2 is 3-5 oktas of total cloud
cover and no rain; state 3 is 6-8 oktas of a total cloud cover and no rain; state 4 is when 0.1 mm or more of
rain has been recorded at the station in the 3-hr period since the previous observation. The weather states
have been chosen to characterize the progression from clear, fine conditions to rainy weather situations in a
reasonable manner.
A sixteen-year (1970-1985) three hourly surface climatic data at NAIA station is used to develop the
Markov model and data from 1987-1989 for validation. The probability that rain will occur was determined by
performing linear least squares regression on 14 covariates, namely; W- previous weather states (wh!re W
has a value of 1-4, 8P- the station pressure minus 1000, hPa, pp- the change in station pressure in ihe last
three hours, hPa, Tdb- the dry bulb temperature, oc, ATdb- the change in dry bulb temperature in the last 3
hours, Tdep- the change in wet bulb depression, oc, ATdep- the change in wet bulb depression in the last 3
hours, ac, U - the east-west component of the wind, mps, V - the north-south component of the wind, mps, A
ff- the change in total wind speed in the last 3 hours, mps, N1 - the amount of low cloud cover, AN,~ ~the
change in the amount of low cloud cover in the last 3 hours, Nm - the amount of middle cloud cover, 11and. A
Nm - the change in the amount of middle cloud cover in the last 3 hours.
The probability of rain Pr, as a function of the month m, the time of the day t, and the forecast period
(the number of hours ahead for which the forecast is valid) h is given by:
14

Pr (h,t,m)

= a(h,t,m)

+

L

bk (h) xk

k=1

where a (h, t, m) is the intercept, bk (h) are the regression coefficients, and Xk are the covariates.
Linear least squares regression is used to fit the data. With linear model, it is possible to calculate
probabilities less than zero or greater than unity. To exclude the possibility all negative probability were
explicitly set to zero and probabilities greater than and equal to unity.
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Monthly forecast equations which will predict the occurrence of rainfall three hours ahead were
formulated for Ninoy Aquino International Airport Station. From the results it is seen that six of these
equations have multiple correlation coefficients above 55%, meaning, their predictors are more correlated to
rainfall probability than the others. And using the F-test, the equations for February and March were found to
be insignificant at 95% level of confidence.
Table 1.

Table of multiple correlation coefficients for each month

January
February
March
April
May
June

0.2425
0.1340
0.1881
0.4037
0.6663
0.5762

July
August
September
October
November
December

0.6454
0.6594
0.4767
0.6313
0.5796
0.4406

The computed probability of rainfall using the forecast equations was found to be very low. For this
reason, a threshold value which serves as the limit of forecast was established for each month. A com:-'11ted
probability Pr' greater than equal to the threshold value means rainfall is probable for the forecast periou anc
a value less than the threshold values means dry forecast.
The accuracy of the probability forecasts is judged by the half-Brier score (Brier 1950), defined as
N

Br = (1/N) +

2:

(Pi - Pq' )2

i=1

where Pi is the observed probability for the ith day (Pi=1) rain occurred within the forecasts period; otherwise
Pi= 0, Pq' the forecasts probability for the ith day, and N the total number of days. The haft-Brier score can
be interpreted as the mean square error of the probabilistic forecasts. The scores range from zero (perfect
score) to unity with lower scores indicating more skill.
The validity of forecast for each equation was first tested, using dependent data (same data utilized t
the formulation of forecast equations). Table 2 indicates that the percentage of correct rain forecast for all
months are above 65% except for January. On the other hand, rain forecast for February and March are
100% correct but both of them have only one (1) rainy day observed in 16 years.
Table 2. Forecast verification results using dependent data
Month

ThresholdV
alue

%Correct
RR Fcst.

January
0.10
30.0
February
0.02
100.0 *
March
0.02
100.0 *
April
0.10
85.7
May
0.15
91.1
June
0.20
77.6
July
0.30
74.4
August
0.30
82.4
September
0.20
67.2
October
0.35
68.0
November
0.15
74.6
December
0.20
68.0
Average
76.6
* - only one (1) rainday observed in 16 years
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%Correct
Dry Fcst.

96.7
96.1
93.4
93.2
81.0
79.3
88.0
75.5
80.0
94.7
64.4
95.0
86.4

Another forecast verification was done using a 3-year set of independent data. For ten months, the
forecasts accuracy which is also based on the established threshold value is above 65%. The ff'~ca:st
equation for May however is only 45% accurate in forecasting dry period. In the case of April, where1n r.o
rainfall was observed for the period, a 12.5% rainfall overforecasts was reported.
Using the half-Brier score, the accuracy of probability forecasts is further verified. The results showed
greater skill since the scores are considerably low.
Table 3. Table of intercepts and regression coefficients of the fourteen (14) covariates of the
forecast equations.

JUN

JUL

AUG

OCT

0.7425
0.1232
-0.0324
-0.0468
-0.0093
0.0402
-0.0036
0.0253
-0.0037
0.0025
0.0071
0.0250
0.0037
0.0069
-0.0136

1.5474
0.0927
-0.0521
-0.0444
-0.0417
0.0433
-0.0045
-0.0020
-0.0093
-0.0002
0.0260
0.0534
-0.0061
0.0090
0.0059

0.7694
0.1055
-0.0065
-0.0444
-0.0730
0.0511
-0.0158
-0.0008
-0.0100
-0.0473
-0.0014
0.0021
-0.0005
0.0181
0.0112

0.3904
0.0825
-0.0057
-0.0488
-0.0205
0.0011
0.0008
0.0066
0.0009
-0.0249
0.0455
0.0430
-0.0210
0.0176
-0.0117

MAY
a

w
Tdb
~Tdb

Tdep
~Tdep

u
V
Ll.ff

aP
pp
N1
~N1

Nm
~Nm

0.5644
0.0064
-0.0211
-0.0039
-0.0058
-0.0029
-0.0037
-0.0115
-0.0021
0.0039
-0.0103
0.0522
0.0269
0.0281
-0.0106
-

"-

NOV
1.2310
0.0350
-0.0406
-0.0353
-0.0137
0.0275
-0.0004
0.0019
0.0021
0.0029
0.0270
0.0049
-0.0025
0.0120
-0.0039

--

Based on the correlation coefficients and performance of the model, it can be concluded that six
forecast equations can be used to predict rainfall occurrence three hours ahead with a higher degree of
accuracy. These are the equadons for May, June, July, August, October and November. However, the. use of
this statistical model should be supported by subjective analysis.
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HYDROGRAPHY OF CHWAKA BAY
MAURICE A. MGENDI
DIRECTORATE OF METEOROLOGY
BOX 3056,
DAR-ES-SALAAM
PAPER SUBMITTED TO THE WMO INTERNATIONAL SYMPOSIUM
ON ASSIMILATION OF OBSERVATIONS IN METEOROLOGY AND
OCEANOGRAPHY

Tokyo, Japan, 13-17 March 1995
ABSTRACT

Sea level, velocity and temperature data from recording instruments
were used to study the tidal regime in Chwaka bay; a shallow tidal
marsh on the east coast of Zanzibar. One month of continuous
measurements indicate that the tide is semi-diurnal with a form
ratio of 0.19 and a spring tidal range of 3.22m. The inner, SW
tidal creek surrounded by mangroves features tidal asymmetry with
long ebb periods and high ebb velocities in combination. The net
heat flux out from the bay is calculated from sea level and
temperature observations and fits nicely with an independently
established heat budget. There is a considerably larger heat flux
from the bay during spring than during neap tide, indicating a less
effective exchange in combination with (probably) less efficient
heat uptake.
INTRODUCTION

The East African coast has experienced a limited interest
concerning its physical oceanography particularly in its shallow
waters. The present study is probably one of few efforts to fill
some gaps, by using a set of light~ modern equipment for continuous
observations of sea level, temperatures and current velocities in
Chwaka bay, Zanzibar. Because of it's shallowness (the mean depth
at MSL is approx. 1m) the water movements and exchange in Chwaka
bay are entirely caused by tidal motion. The tide in this region is
mainly semi-diurnal with a tidal range of the order of 3m (see e.g.
Lwiza & Bigendako, 1988). The bay was subject to a one day
intensive hydrographic study during a workshop training held in
Zanzibar in 1988 (see Wolanski, 1989). Wolanski applied a numerical
model by which predicted tidal flow was compared to observations of
velocities and tidal heights. Simultaneous salinity measurements
taken at the mouth of the south west mangrove creek indicated to us
surprisingly low salinities indicating fresh water supply to the
mangrove swamp. The observations; however were made in June during
the end of the long rains, a factor which may have influenced the
salinity. Our study is based on data from three tide gauges and two
current meters positioned in different parts of the bay during one
month in August- September 1992. The resulting data are used to
determine the dominating tidal constituents (harmonic analyses) but
also to determine water and heat exchange and to study tidal
asymmetries.
STUDY AREA

Zanzibar

Island

is

part

of

the
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United

Republic

of

Tanzania,

situated between latitudes 5°40'S to 6°25'8. Chwaka bay is situated
on the east coast of the island. The bay is everywhere shallow. It
is fringed by a coral reef off-shore. Dead corals, now vegetated
with mangroves are found at its southern end. There are extensive
inter tidal areas that have recently attracted sea weed farming,
the main specie cultivated in the area being Eucheuma spinosum. The
major ecosystem in the bay therefore includes mangrove swamps,
coral reefs, sea-grass and sea weed meadows. Chwaka bay is the only
larger sheltered area on the east coast of Zanzibar. The mean depth
at MSL is roughly lm, but the{e are several deeper tidal creeks. It
has an area of approx 17* 10 m2 at HWS. A detailed bathymetry map
is lacking but during his study Wolanski (1989) carried out echosoundings in the bay forming the background for the bathymetry map
used to determine the surface area and the volume ~f the bay as
functions of depth. The volume at MHWS is approx. 3*10m3 , while the
bay is almost completely drained at low water.
MATERIALS AND METHODS
Three tide gauges (TG:microtide) and two recording current meters
(RCM sensor-data SD-6000) were deployed in the bay from August 17
to September 21, 1992. The tide gauges are referred to as TG-1,
TG-2, and TG-3 while the two current meters are referred to as
RCM-1 and RCM-2. TG-1 and RCM-1 were deployed at the entrance of a
mangrove creek in the south western part of the bay. TG-2 and RCM-2
were positioned in the middle of the bay while TG-3 was located at
the mouth. A set of manually operated pendulum current meters
(PCMs) were used separately to study the circulation within
different parts of the bay. Both RCMs and TGs were equipped with
temperature sensors. The instruments were deployed within the tidal
creeks to ensure that the sites were not drained during low water.
The RCMs were positioned lm above the bottom. Both TGs and RCMs
recordings were made in 10 minute intervals. The gelatine pendulum
current meters were used to obtain an instantaneous map of current
speed and direction from measurements in several points within the
bay. Measurements were undertaken at different occasions from 199294, with a concentration to periods of maximum ebb or flood
velocities (i.e. 3 hrs after high and low tide respectively).
WORK UP OF RAW DATA
The total pressure recorded by the TG was recalculated to actual
sea level variations by subtracting the mean air pressure. Plots of
the res u 1 t i n g se a 1eve 1 records for TG s 1 - 3 cover in g the f u 1 1
period were made and Fig. la shows the original record at stn 1. A
program for harmonic analysis (Cederlof, 1993, written in Matlab)
was used to calculate amplitudes and phases for six main tidal
constituents (M 2,s 2 ,o.,K 1 ,P. and N2 ,). The computed tidal curves
including the residua~ wer~ observed and Fig.lb shows the computed
curve for TG-1. To highlight some details, observations of sea
level and temperatures for a period of four days were made.
Velocities along the main axis were calculated and the length
components plotted. Fig. 2(a-b) shows the variations of observed
velocity with time at stns 1 and 2. For more details, a four day
sequence of simultaneous velocity and sea level data from Stn 1 and
were plotted.
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RESULTS AND DISCUSSIONS

It can be seen from sea level data at stns 1-3 that the outer
stations are almost identical while stn 1 data indicates (Fig.1a)
a "cut off'' at low tide, particularly during spring. This means
that harmonic analysis on data from this station is not quite
reliable for this innermost station, which is seen by comparing
observed and computed data Figs 1(a-b).
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Figure l.{a-b): Observed and computed sea level at stn 1.
The amplitudes of the diurnal components for Chwaka bay, K1 and o1
are 0.20 and 0.11 respectively with corresponding data from
Kunduchi
and Dar
as
follows:
0.15(0.11)
and
0.17(0.11)
respectively. The sea level data indicates a form ratio (Defant,
1961), F=(K 1+o 1 )/(M 2+s 2 ) equal to 0.19, which defines the tide in
Chwaka as semi-diurnal, dominated by M2• The spring tidal range as
defined from H=(M 2+s 2) is 3.22m (based on average of stn 2 and stn
3 data). This is equal to the yearly based average range at Dares
Salaam, but slightly greater than the range found at Kunduchi.
Kunduchi area is as shallow as the inner part of Chwaka bay, which
may confine the tidal range. The maximum spring tidal range during
our study period was nearly 4m and the minimum neap range less than
lm. Due to its shallowness the inner parts of Chwaka (eg.the SW
creek) will experience considerable phase lags implying asymmetries
in both velocities and tidal heights. The velocity asymmetries are
readily seen from the velocity-direction plots. The velocities at
stn 1 are higher during ebb , while the situation is reversed at
stn 2. A rough calculation of the duration of ebb and flood based
on six consecutive high waters centered around spring tide was made
and the results are shown in Table 1, showing that the ebb period
is longer also in the middle of the bay. This type of asymmetry is
expected in shallow tidal areas like Chwaka bay, also pointed out
by Wolanski (1989), although his conclusion was based on current
meter data, and the fact that the velocities were higher during
ebb. Two different reasons are suggested for the longer ebb
periods; one is that there are sills (one or several) outside stn
1 which restrict the outflow during low water, the other is that
the flow during ebb in the innermost areas is restricted due to
friction, which
actually means that there are different flow
patterns during ebb and flood. During ebb, the water first finds
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its way to the tidal creek and flows out thereafter, while during
flood, the water is " flooding" over a larger area through only
part of the creek. Nonetheless, both current meter and sea level
data support its existence.
At stn 1, the maximum velocities at spring are approximately 25
cm/s during ebb and 20 cm/s during flood Fig. 2(a-b).
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Figure 2(a-b): Observed current velocity at stns 1-2.
At neap,
the maximum velocities decreases to approximately 10
cm/s. There is relatively long period (of up to 2 hrs) during low
tide when the velocities are near zero, a feature which supports
the existence of blocking sills outside stn 1. Ideally, zero
velocities would occur simultaneous with average low water inside
stn 1. The fact that low water occurs earlier indicates an even
greater phase lag further into Mpopwe creek area which has vast
mangrove in its inner region. The mangrove areas in this case are
known to cause this effect (Wolanski, 1990).
The sea level and velocity from stn 2 on the other hand follows the
expected features perfectly. Zero velocity occurs simultaneous with
lowwater at this station, and the velocities mirror almost exactly
the prevailing phase of the tide.

VOLUME AND HEAT FLUXES
Concerning the water exchange between the bay and the ocean it is
obvious from the volume/depth curve that the major part of the
volume is shifted during each tidal cycle.
Further it is
reasonable to assume that water which once leave the bay across the
fringing reef will not enter again but will be flushed away by the
northward flowing EACC. During spring the exchange during each
tidal cycle is therefore more than 95% but even during neap, with
a range of the order of 1m, the exchange exceeds 50% per day. This
implies that any constituent or contaminant, that is supplied to
the bay will be rapidly removed except possibly during neap and in
the SW creek. Simultaneous temperature and sea level curve Fig.Ja
show that at stn 3 the temperature cycle is purely semi-diurnal
with low temperatures during high tide. Stn 2 features a typically
mixed temperature curve with traces of both the diurnal cycles of
stn 1 and semi-diurnal variation of stn 3.
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Figure 3{a-b): Sea level and temp. observations at stns 1&3
The above mentioned diurnal variability in temperature could be
entirely caused by solar heating during day time (max. seems to
occur at 1600 hrs) balanced by evaporation, heat lost through long
wave back radiation during night time.

[1

Station

11

-[ Me:n Flo~d
Period
(Hrs)

stn 1
stn 2
stn 3

I

._,__

Mean Ebb
Period
(Hrs)

'

Form
Factor
(F)

Mean Tidal
Range
(m)

4.9

7.2

0.197

2.84

5,6

6.4

0,170

3,28

5.9

6.0

0.202

3.26

I

Table 1: Flood and ebb durations at stns 1-3.
CONCLUSIONS
Harmonic analyses based on the tide gauges indicated that the tidal
regime in Chwaka Bay is semi-diurnal with a spring tidal range of
about 3.22m. There is a considerable asymmetry in the SW part of
the bay with ebb currents being greater than flood currents. The
flood periods are also considerably shorter in the SW creek than
the ebb period. The temperature observations indicate that
variations are mainly diurnal in the inner part of the creek while
near the mouth the temperature variations are semi-diurnal.
Exchange of water with the ocean (residence time) occurs within
less that 2 hr during spring and within 2 days during neap. The
heat flux computations show that the heat budget in Chwaka bay can
be studied with reasonable accuracy by using a combination of
temperature and tide gauge measurements.
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THE FORMULATION OF A

Nl~ICAL

MODEL FOR

SYNOPTIC - SCALE FORECASTING IN THE TROPICS
PATIPAT PATVIVATSIRI
Meteorological Department
Bangkok, Thailand

1.

Introduction

Most tropical countries have predominantly agricultural economies which are very
dependent on rainfall so that accurate predictions of rainfall occurence and amount
are of particular value. In dealing with
synoptic precipitation prediction,it is no
doubt that the inclusion of atmospheric
heat sources and sinks into tropical models
would require greater computing time in
order to solve the complex system of equations that will be formulated. However, it
is worth-while to attempt the development
of reasonably simple and accurate atmospheric ntmerical models for use in tropical
prediction in order to meet the economic
demand for these models on an operational
basis.
In the present study, a regional primitive equation model for the tropics using
the semi-implicit scheme was used. The baroclinic model was developed and applied
for a limited region in the South China Sea
and surrounding areas.The parameterization
of cumulus convection and the large-scale
release of latent heat were also incorporated in the present formulation. Investigations were particularly conducted to
quantitative precipitation forecasts <QPF)
generated from the formulated model. The
objective of the present work is the fea-

-

sibility study with the existing limited
computer facilities, in formulating the
numerical model applied to synoptic-scale
prediction in the tropics.
2. Model Design
The fundamental equations used in the
development of the model are the primitive
equations of hydrodynamics.The basic equations utilized are written using pressure
as the vertical coordinate. The present
model is structured to have two layers and
dependent variables are introduced at the

100 mb

WO = 0

300mb

ul, v1' ~1

500mb

wz

700 mb

u3, v3,<)>3

900 mb

w4

SURFAC~Jn..'lo//M(V//~N$~~71/~~'ft

Fig. 1 Vertical structure of the twolayer semi-implicit primitive
equation model
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FIG.2 Domain of Integration
levels designated in Fi.g.l. The vertical
motions at mid-tropospheric level and at
the top of the boundary layer were derived.
The parameterization scheme employed in the
model has basically followed that of Kuo
(1965, 1974).
The complete details of
"physical processes" formulation were also
derived. This formulation requires only
conventional data from presently existing
observational network since highly specialized sets of initial data are difficult
to obtain operationally.
3. Data and Domain of Integration
The area of interest in this study is
the South China Sea and surrounding regions

with particular attention focused on the
Thailand Area of Responsibility, shown
within the closed broken line in Fig.2 The
figure shows the domain of integration
bounded by 90°E and 136°E longitudes and
0°N and 34°N latitudes with a 220-km grid
spacing.The synoptic precipitation forecast
area in the network was divided into regions
coinciding with the grid squares and numbered for identification shown in Fig.3.
Rainfall data were limited to a number of
synoptic stations represented by the black
dots also shown in Fig. 3.A total of 10 synoptic cases during the rainy season of
1978,1980;1981,1986,1991 were studied and
only one case was selected to perform the
experiment.
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Initially, wind data from operational
weather maps at the 700-, 500-, and 300-mb
surfaces were extracted from
manualLy
analyzed streamline and isotach charts,
using conventionally techniques.
Surface
isobars were also analyzed.In addition,air
temperature as well as dew point temperature data were extracted from the wind
analyses. Six-hourly accumulated precipitation observations from 50 synoptic stations of Thailand were spatially averaged
and integrated during each forecast interval. The accumulated regional
average
precipitation is then specified at the
center of the grid square area. Isohyets
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Fig.3 The grid network showing
regional division of QPF area
and selected synoptic stations
represented by dots.

'\4

Ia

were drawn as well as precipitat,ion values
at grid points over the QPF area were
determined and numerical computations were
also carried out in the domain of study.
4. Numerical Scheme
Midtropospheric vertical motions arising from the differential advection of
vorticity and the Laplacian of thermal
advection were calculated. The omega equation was later solved including the latent
heat released due to cumulus convection.
A relatively simple method of lateral
boundary formulation developed by De Las
Alas (1973) was used in the present model
for the initial streamfunction field. The
non-divergent streamfunction fields computed from the wind observations are used
to generate the initially balanced geopotential field. This is done through the
non-linear balance equation.All prognostic
and diagnostic equations are evaluated at
each time step < t> of 20 minutes of the
present model.
All horizontal space linear ~fferen
tials needed in the numerical solution
of the equations are evaluated by means of
finite difference method which make use of
a nine-point cantered differencing scheme.
The Laplacian formulation followed that of
Miyakoda (1960)
while the Jacobian was
after Arakawa <1963). All horizontal space
non-linear differentials appeared
in
the numerical solution of the equation,
Shuman's semi-momentum technique is used
which proved most satisfactory among
Shuman's advection schemes CHaltiner,1971>.
The procedure employed to solve the Poisson
and Helmboltz equations arising during the.
development of the model may be done
through sequential relaxation technique.
Filtering is also desirable both in time
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and space to remove high frequency and
short wavelength noise. Time filtering
described by Haltiner and Williams <1980)
has been investigated and adopted in the
numerical integration.
5. The Experiment and Results
Observation for tropical cyclone "Kelly"
(July 3-5, 1981) was selected and the
initial state of the atmosphere analyzed
for 0000 GMT 3 July 1981 was presented and
use in the experiment. Synoptic investigations on this day indicated that the
inter-tropical convergence zone was lying
across the gulf of Tonkin towards South
China Sea and Philippines Island in the
direction of northwest to southeast. Tropical storm "Ke lly" was embedded in the
ITCZ showing the well-organized cyclonic
circulation in the upper-flow level. Experiments for the present formulation of the
model were performed. Many trials had been
made.
Serveral useful and encouraging
results have been produced by the model.
In general at 700 mb, the systems in
the observed field can be traced in the
computed chart although slightly moved
equator-ward. At 300 mb, the initial field
shown that the observed main synoptic features are also well represented in the
corresponding computed field at this level.
The generated geopotential is found to be
in very good balance with the wind fields.
In ,general, the main synoptic systems at
300 mb in the observed patterns are well
represented in the computed geopotential.
and wind fields.
The model was integrated from the
initial wind and geopotential fields using
a 20 minute time step. Integration were
carried out up to the 18th iteration where
precipitation was predicted and also veri-

fied from actual data.
The results of forecast shown that in
general, there is a high degree of correspondence between the heating field and the
computer vertical motion field and these
two fields seem to compare reasonably well
with the satellite picture for the same
period. It is interesting to find that in
general, the distribution of the field of
computed precipitation amount per six
hours in shown to follow the overall
pattern of the fields of the heating and
vertical velocity. It is also evidently
shown that the band of .dense cloudiness is
corresponding very well with the areas of
maximum rainband,rising motion and heating.
In general, the regions of zero precipitation are also well represented in the
satellite cloud picture as cloud free
areas.
The rainfall rates in a point by point
comparison over the entire QPF area
<see
table 1) show that the 18 points out of 48
points the computed rainfall and observed
estimates are equal and the 14 out of 48
points the computed values are lower than
the observed values while the 16 out of 48
points the computed amounts are greater
than the observed estimates. The different.
values between the computed amounts and
observed estimates are in the range of 0.1
to 0.3 mm and the maximum different value
(0.3 mm> appears at two grid points,i.e.,
(12°N, 100 Eo) and (14°N, 100°E).
On the
whole, it may be concluded that the comparison of the computed rainfall rates and
the observed estimates over the QPF area
shows no remarkable difference. The amount
of the observed rainfall estimates at the
grid points are well represented in the
corresponding grid points of the computed
precipitation rates produced by the model.
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Table 1 Comparison of observed and computed precipitation
rate per six hours in mm over the QPF area
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6. SUmmary and Conclusions
The formulation of two-layer, semiimplicit, primitive equation model with
parameterization of cumulus convection and
the large-scale release of latent heat for
synoptic-scale prediction in the tropical
atmosphere has been presented.The formulation of the model with the
existing
limited computer facilities has been shown
possible from the present study and the
moderately successful 6-hr forecasts have
also resulted from the integration of the
model.
The model provides forecast of wind
fields and geopotential heights at 700 mb
and 300 mb pressure levels and it also
computed the respective mid-tropospheric
heating and vertical velocity fields. The
main objective results are the computed
precipitation rates produced by the model.
The synoptic scale systems both at 700
and 300 mb in the verification charts can
be traced in the computed initial wind

:
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fields,although the systems slightly moved
equator-ward and eastward, respectively.
The generated initial geopotential heights
have been found in general agreement with
the observed and initial wind patterns.
The clusters of high and low pressure
areas are generally represented
in the
observed and the computed wind fields. The
comparison of the computed vertical motion
and heating fields has shown that areas of
rising<sinking) motion coincide with areas
of heating (non-heating) to some degree of
accuracy.
Both the vertical motion and
heating fields have been comparable to the
satellite picture. It has been found that
areas of rising motion and heating correspond well to area of cloud coverage, while
areas of sinking motion
and non-heating
generally correspond with cloud-free areas.
It has been found that the vertical velocity and heating fields are consistent
with the predicted 700 mb wind field.
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The calculated rainfall rates
are
generally in good agreement with satellite
cloud picture as well as the observed patterns. The comparison of the computed
precipitation rates and the observed estimates over the QPF area has shown no
remarkable difference and are in general
agreement between each other.
The quality of the forecast made from
the present model indicates its suitability
for operational weather forecasting in the
computational domain together with more
systematic data assimilation are needed to
produce more dynamically consistent set of
variables.
This experiment has demonstrated the
necessity of a better formulation of the
lateral boundaries. The size of the domain
as well as the boundary conditions imposed
oftentimes limit the viability of the forecast. The experiment has also shown the
early deterioration of the wind field when
very rigid set of boundary conditions were
imposed. However, the expansion of the
computational domain and the boundary condition adopted from the global model as
well as better systematic data assimilation
are under implementation.
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AN OVERVIEW OF AND RESULTS FROM NASA'S REANALYSIS
PROJECT
S. Schubert, R. Rood and C.-K. Parkl
Data Assimilation Office
Goddard Laboratory for Atmospheres
Greenbelt, MD 20771

The Data Assimilation Office (DAO) at Goddard Space Flight Center has
produced a 5-year (March 1985- Febmary 1990) global assimilated dataset with version 1
of the Goddard Earth Observing System (GEOS-1) Data Assimilation System (Schubert et
al., 1993). One of the main goals of this project, in addition to bench-marking the GEOS
system, was to produce a research quality data set suitable for Eatth Science applications.
By making the data available to the general scientific community, it is hoped to learn more
about the deficiencies in the data assimilation system, the usefulness of various diagnostic
quantities, and the required resolution (in both space and time) which will satisfy the
majority of researchers.
The list of quantities available from the assimilation include all the prognostic
fields and a large number diagnostic fields such as precipitation, surface fluxes, clear sky
radiative fluxes and three dimensional latent heating fields, generated by the GCM during
the assimilation. The output also includes estimates of the analysis en·ors provided by the
optimal interpolation scheme, and the analysis increments (analysis minus first guess) to
allow the user to better assess the quality of the assimilation as it is affected by data
coverage. A subset of the complete data archive, in a time series format and on pressure
levels, is accessible through the Goddard Distributed Active Archive Center's (GDAAC's)
on-line Information Management System (Goddard DAAC, 1994). For more information
on access to the 4-D Assimilated Data Set, contact the GDAAC User Services Office at
(301) 286-3209, or via email at daacuso@daac.gsfc.nasa.gov.
The GEOS-1 system provides significant improvements in the representation of
the short term fluctuations of the hydrological cycle over previous versions of the system.
These improvements are largely due to the introduction of the incremental analysis update
(IAU) procedure, which has virtually eliminated the large shocks normally associated with
data insertion (Bloom et. al., 1991). With the IAU approach, a small fraction of the
analysis increment is inserted at each model time step in such a way that the full increment
is realized at the end of the analysis (six hour) period.
The production of assimilated data sets expressly for climate studies presents a
new challenge to the data assimilation community to consider the accuracy of not only the
prognostic (directly assimilated) fields, but also the quality and consistency of the various
diagnostic fields needed to help understand climate processes. Figures 1 and 2 show an
example of the ability of the GEOS-1 assimilation to capture the interannual variability of
the tropical and subtropical rainfall. Figure 1 shows the rainfall anomalies (the difference
between 1988 and 1987) from the assimilation. This is compared in Figure 2 with NOAA
outgoing longwave radiation (OLR) anomalies, which provide an independent satellite
estimate of the precipitation anomalies. Note that the major tropical OLR and precipitation
anomalies agree quite well; these appear to be primarily associated with the transition from
an El Nino to a La Nina period. The signature of the Spring 1988 drought over the United
States is also evident in both estimates. Figure 3 shows the divergent component of the
1 Joint Center for Earth System Sciences, University of Maryland, College Park, MD 20742

- 691 -

vertically-integrated moisture transport superimposed on evaporation minus precipitation
(E-P) time averaged for June-August of 1985-86. The large moisture sinks associated with
the regions of strong boreal summer precipitation over the western Pacific and central
America are clearly evident, as are the major moisture sources associated with the
subtropical highs. The flux vectors are consistent with the distribution of E-P, and
highlight the strong moisture flux necessary to offset the large sink of moisture from
precipitation over the western Pacific.
As suggested by the above results, the focus on ciimate applications of
assimilated data requires a renewed focus on the quality of the GCM's physical
parameterizations and their suitability for data assimilation. Climate applications require
that consistent and meaningful budgets can be computed from the assimilated data. Thus,
for example, any bias in the first guess fields must be eliminated since it introduces artificial
source terms in the mean budget equations, and introduces ambiguities in the role of the
various physical terms. These issues will be addressed further, with examples from the
assimilation and a parallelS-year GCM simulation, at the conference.

Bloom, S. C., L. L. Takacs and E. Brin, 1991: A scheme to incorporate analysis
increments gradually in the GLA assimilation system. Ninth Conference on
Numerical Weather Prediction, Denver, CO.
Goddard DAAC, 1994: DAO 4D Timeseries Dataset Guide. Available via MOSAIC,
(http://daac.gsfc.nasa.gov/DATASET_DOCS/dao_dataset.html).
Schubert, S. D., R. B. Rood and J. Pfaendtner, 1993: An assimilated data set for Earth
science applications. Bull. Amer. Meteor. Soc., 74, 2331-2342.
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Comparative Energetics of the Old and
Recent ECMWF Analyses using
the Normal Mode Expansion
H. L. Tana.ka, K. Kimura and A. Hasegawa
Institute of Geoscience, University of Tsukuba
Tsukuba 305, Japan

1. Introduction
One of the main purposes of FGGE (First GAR.P
Global Experiment) was to improve the medium-range
weather forecasting. Improving the data assimilation
system as well as the dynamical forecasting models was
the main objective of FGGE. The FGGE III-b datasets
were produced by two central institutions: the European Center for Medium Range Weather Forecasting
(ECMWF) and the Geophysical Fluid Dynamics Laboratory (GFDL). After the release of the FGGE III-b
datasets, numerous diagnostic studies have been conducted to evaluate a.nd compare the data assimilation
systems of different institutions (e.g., Kung and Tanaka
1983; Lau 1984; Rosen et al. 1985; Holopainen and Forterius 1986; Paegle et al. 1986; Bengtsson et al. 1982;
Hollingsworth et al. 1985).
By the results from those comparative studies, the
characteristics of different FGGE datasets by different
institutions became apparent. It was noted that the
GFDL analysis of the FGGE data is noisy containing excessive small-scale structures and is unbalanced for the
mass and momentum fields. Arpe et al. (1985) noted
that the ECMWF analysis was more faithful to the available data than the GFDL analysis in that the analyzed
data by the ECMWF better fit to the observation. The
poor fit in the GFDL is, to a. large extent, attributed
to the small-scale irregularities due to the continuous
data insertion. On the other hand, the ECMWF analysis is criticized to have major defects in tropical data..
The vertical velocity is weaker in the ECMWF than in
the GFDL (Kung and Ta.naka 1983), and the divergent
wind is damped by a factor of two due to the adiabatic
version of the nonlinear normal mode initialization (NLNMI) (see Paegle et al. 1986).
After the production of the original FGGE analysis,
the ECMWF has undergone many improvements in the
assimilation and initialization technique. The day-today operational experience has provided invaluable information on the performance of the system. There has
been a continuous process of modifications and improvements, including a diabatic version of NLNMI. With
these accumulated knowledges about the defects in the
former analysis methods, both of the ECMWF and GFDL
conducted the FGGE III-b l'e-analyses based on the improved analysis techniques.
The main changes of the ECMWF re-analysis are
summarized by Uppala (1986). The results from the
new scheme show an intensified divergent and convergent winds in low-latitudes and a better fit of the analysis field with the observed data (see Uppala 1986). Although the FGGE re-analysis for the ECMWF was released for public in the mid '80s, the completion and
the public release for the GFDL re-analysis was not
achieved until quite recent in '90s. The revised assimi-

lation system for the GFDL is described by Stern and
Ploshay (1992). The major improvement is summarized
by Ploshay et al. (1992) comparing the original and reanalyses of FGGE Ill-b data in reference to those by
the ECMWF. It is noted by Stern and Ploshay (1992)
and Ploshay et al. (1992) that the new assimilation system shows a significant reduction in the level of noise,
improved consistency between the mass and momentum
analyses; and a better fit of the analysis field to observations.
In order to assess the achievement of the FGGE
project, especially for the improvement in the data assimilation system, Tanaka and .Ji (1994) conducted comprehensive comparative studies between the FGGE original analysis and the re-analysis produced by the two
central institutions of the ECMWF and GFDL, using
the normal mode energetics developed by Tan aka (1985)
and Tanaka and I<ung (1988). The normal mode energetics is an extension of the standard spectral energetics
by Saltzman (1957) to three-dimensional (3-D) spectral
domain. The atmospheric energy spectrum is plotted
as a function of the 3-D scale index, and the nonlinear
energy interactions among the different scales of motion
are examined. This diagnostic analysis is especially useful in comparing the amount of high-frequency gravity
modes which are closely related to the divergent field
and are most sensitive to the assimilation technique employed.
With this analysis scheme, Tanaka and Ji showed
that the Rossby mode energy levels are virtually same
for these FGGE data.sets. However, a notable discrepancy is found in the gravity-mode energy spectrum between the ECMWF and GFDL analyses. They showed
that the gravity mode energy has increased by 50% for
the GFDL re-analysis compared with its original analysis, whereas it has decreased by 10% for the ECMWF reanalysis. Hence, the discrepancy in the gravity mode energy between the ECMWF and GFDL has grown rather
than reduced by the re-analyses. Since the FGGE reanalysis by the ECMWF is already 10 years old, it is
anticipated that the recent ECMWF analysis might have
improved substantially during t.he last 10 years. Hence,
another comparative energetics analysis is needed for the
old and recent ECMWF analyses using the same normal
mode energetics analysis.
The purpose of this study is to compare the energetic characteristics of the latest ECMWF global analysis for winters of 1988/89 and 1993/94 with those of
the FGGE re-analyses. A special attention is payed
to the energy spectra of the Rossby and gravity modes
over the 3-D scale index. The difference in the highfrequency gravity mode energy between the old and recent ECMWF analyses is presented. Finally, an assessment is made of how the data analysis is modified by
the latest assimilation systems.
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An element of a total energy norm is simply defined
by an absolute value of the expansion coefficient:

2. Data and analysis scheme
The FGGE rc-ana.lyses by the ECl\lWF and GFDL
for the Special Observing Period 1 (SOP-1) and the
ECMWF TOGA global analysis me obtained from the
National Centcr for Atmospheric Research (NCAR). Twice
daily (0000 and 1200 UT) meteorological variables of
horizontal wind vector V = (u, v ), vertica.l p-vclocity
w(= dpjdt), temperature T, geopotential height Z, and
relative humidity Rare defined at 12 mandatory vertical levels of 1000, 850, 700, 500, 400, 300, 250, 200, 150,
100, 70, and 50 hP a. For the GFDL dataset, the top two
vertical levels are given at 50 and 30 h Pa rather than
the aforementioned levels. The ECMWF TOGA global
a.nalysis during the winter three months from December to February are examined for 1988/89 and 1993/94.
Those are uninitialized gridded data.
The analysis scheme of the norma.! mode energetics has been detailed in Tanaka (1985) and Tanaka and
Kung (1988). The brief description of the scheme is
summarized here. First, the vertical structure functions
and the Hough harmonics are computed, using a reference state of the global mean temperature. Applied to
a sequence of vert.ical, Fourier, and Hough transforms,
the primitive equations become a system of ordinary, dimension less diJferential equations in tenus of the spectral expansion coefficients in the 3-D spectral domain:

~tun/m+ iO'n/mtDn/m =

(1)

bn/m + Cu/m + dn/m,

where the complex variables of w,.rm, l>,.rm, en/m, and
dnrm represent respectively the expansion coefficients for
a dependent variable vector (u, v, Z), nonlinear term
vector for the momentum field, for the mass field, and for
the diabatic processes. The symbol O'n/m is a dimensionless eigenfrequency obtained as a solution of Laplace's
tidal equation with a basic state at rest. The subscripts

n, I, m are for the zonal wavenumber, meridional index, and vertical index, respectively. The vertical indices m=O and m fO represent barotropic (external)
and baroclinic (internal) modes, respectively.

1

Enrm = 2J1shm[Wntrn[ 2 ,

wht're the dimensional factors 1'• ond h,.. are respcct.ivdy
a constant pressure near the smface and an equivalent
height of m-th vertical index. The corresponding energy
balance equation is given by different.iating (2) with respect to time and substituting (!) in the time deril·atives:
d
.

Ji Enlm

=

Bnlm

+ C'nlm + Dnlm ·

Hesults of the energetic.~ analysis presented in this
study are of the global va.riables. The energy spectrum
expressed as a function of O'n/m represents the 3-D spectral energy distribution. By snmming the energy terms
with respect to all indices but n, the result describes
the zonal energy spectrum a.s in Saltzman (1957). It. is
unique in the normal mode energctics t.hat the energy
summation ca.n be sepa.rately taken for Rossby and gra.vity modes. Therefore, we can examine the energy levels
and the interactions separated in Rossby and gravity
modes.

Fig, 1. Spect.ra.l distributions of atmospheric total energy (.Jm- 2 ) in the frequency domain for ECMWF
(left) a.nd GFDL (right) re-analyses for barotropic component. (m=O). The dimcnsionless eigenfrequencies lad
in Eq. (I) are used in the abscissa to represent the
meridional sc«lc of atmospheric motions. Rossby and
gravity modes a.re plotted in the low- and high-frequency
ranges, respectivery, for zonal wavenumbers n=1 to 6
(after Tanaka and Ji, 199,1).
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(3)

According to Eq. (3), the time change of the element. of
the total energy, Enrm, is caused by the three terms in
the right hand side: i) nonlinear mode-mode interaction
of kinetic energy B,.r,.., ii) tl1at of ava.ilable potent.ial energy Cnlm, and iii) a net energy source and sink due to
the diabatic process Dnrm, which includes both generation and dissipation of energy. The diabatic process is
evaluated as the residual balance of Eq. (3).

~,,-----------------,

+-

(2)

;~E

~~~

~o·
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Similar energy spccb·a arc illustrated in Figme 2
for the winters of 1988/89 and 1993/94. For these recent.
EC!V!WF analyses, we can notice that the gravity mode
energy spectrum has modified so that the spectral distribution becomes similar to that of GFDL. The largest
energy levels for the westward gravity modes have increased, exceeding 300 Jm- 2 which is ten times larger
than that of the re-analysis. The energy spectrum now
indicates some power law characterist.ics.

3. Results of the analysis
Figure 1 illustrates the energy spectra of the ECMWF
and GFDL re-analyses expanded in the 3-D NMFs (see
Tanaka and Ji 1994). The energy elements of En/m
in Eq. (2) are plotted as functions of the scale index
jtTniml for 50 meridional indices I, zonal wavenumbers
n=1-6, and vertical indices m=O. The 50 meridional
indices include 26 Rossby modes in the low-frequency
side and 24 gravity modes in the high-frequency side.
These two kinds of distinct modes are connected by
the mixed Rossby-gravity modes (i.e., the largest-scale
Rossby modes) which have the highest-frequencies among
the Rossby modes. The largest-scale gravity modes are
referred to as Kelvin modes, which appear at the lowestfrequency gravity modes.

Figure 3 illustrates zonal energy spectra for re-analyses
by the ECi\1WF (dashed lines) and GFDL (solid lines)
for n=1-15. The results are compared separately for
Hossby and gravity modes. The Rossby mode energy
level for the ECMWF is slightly higher than that for
the GFDL, but the difference is relatively minor. The
gravity mode energy level is, however, substantially different between these two re-analyses. The energy levels
by the GFDL are consistently higher, especially for large
n. For planetary waves of n 54, the eastward gravity
modes are greater than the westward gra.vit.y modes clue
to the dominant Kelvin waves at the baroclinic components. The spectral features are basically same for for
the FGGE origina.l analysis as documented in Tanaka
and Ji (1994).

As is shown by Tanaka (1985), clear energy peaks
appear at the intermediate meridional indices within t.he
Rossby modes. Separated by these peaks associated
with each zonal wavenumber, the energy levels decrease
toward the Rossby mode regime at the low-frequency
side indicating a. -3 power law and toward the gravity
mode regime a.t the high-frequency side.
The comparison of the external modes of m=O for
the ECMWF and GFDL re-analyses shows similar energy spectra for the Rossby modes. However, a marked
discrepancy is found in the gravity-mode energy spectrum. The gravity mode spectrum for the GFDL exhibits a. -3/5 power law with respect to the scale index O'nlmo The larger the modal scale is, the higher the
energy level is. The largest-scale gra.vity modes indicate their energy levels higher than 200 Jm- 2 • In cont.rast, the gravity mode energy levels for tl1e ECMWF
are lumped together near 10 Jm- 2 , and the power law
is not recognized. The low-frequency (i.e., large-scale)
gravity modes are obviously damped for the ECMWF.
The energy level is one order of magnitude lower than
the results of the GFDL.

Figure 4 compares the zonal energy spec.tra for the
winters of 1988/89 and 1993/94. Rossby mode energy
spectra are similar for all cases compared with the reanalysis. The intera.nnua.l variability seems to be quite
small for the Rossby components. On the other hand,
we can find by this result that the gravity mode energy spectra in the recent ECMWF analysis are still
lower than that of the GFDL reanalysis. It should be
noted that we can not concluded that one is superior to
the other because we do not know the true energy level
for the gravity modes in the atmosphere. Nevertheless,
indicating the evident differences by different analysis
techniques should be meaningful.

Fig. 2. As in Fig. 1 but for the winters of 1988/89
and 1993/94.
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using another datasct produced by different assimilation
tequnique.

Fig. 3. Zonal energy spectra (.Jm- 2 ) over n=115 for ECMWF (dashed) and GFDL (solid) re-analyses
(after Tanaka and Ji, 1994). Dots, squares, and circles
denote Rossby modes and westward and eastward gravity modes, respectively.

Fig. 4. As in Fig. 3 but for the winters of 1988/89
and 1993/9'1.

Zonal Energy Spectra

Total Energy

10'

ECMWF 88/89 winter mean
LEGEND
o ~ Rossb/' l.iodto
o = Vies I Gravity Mode

jQ6 r-...~r--"'-......,.......,r-""-.--...,.......,~~-

= (as I Crovi!y Mode

r1

m=0-11

10' ·-

'"\·.,,,3"'"·
jQS

"\.

"\

(;j'

=~o,

~

~

•,<•,_

a:
w

if]
__, 10' ·~

0

1--

\'u~ '8::::::n:---o'--'

•,-o-...._
ty"'.

b.._o,

10'

~

o"";o.,

--

~

o'(:···o,

c:

'0'-::

cr--o --o- .o

'u.

E. Gravity mode

{!.

··~-o~~

0

·.'o-:-e:::~:·n..

104

w
]i

0~~~0
~~

103

~::~ :~ •. o.

'·<::=::::~:::&:::~
10 2 ~~~~~-L~~~J-~~~L-~

0

10'

2

4

6

9

12

6

8

10

12

14

16

Zonal wavenumber

L..._~...L....c~__L_~_,__i_~~'-'--~..J.......,j

15

WAVENUMBER
Finally, the nonlinear energy transformations of kinetic energy Bnrm, available potentia.! energy Cnrm, and
the diahatic process Dnrm are presented for the recent
ECMWF analyses in Fig. 5. The results are compared
for Rosshy, westward gravity, and eastward gravity components. It is evident that the basic characteristics of
the energy transformation are determined by the Rossby
modes, and the contributions from the gravity modes
are relatively small. The large positive values of Cn/m
indicate the energy supply from the zonal available potential energy to the individual zonal wave. The negative values of Bnlm show the barotropic conversions from
waves to zonal motion. The results are consistent with
the traditional zonal spectral energetics by Sa.ltzman. It
is important to mention that the zonal wavenumher 1
obtains kinetic energy by the nonlinear interactions for
1993/94 as originally discovered by Saltzman.
Figure 5 presents the energy interactions not only
for the Rossby modes, but also for the gravit.y mods. Although the magnitude is substantially small compared
with that of Rossby modes, the gravity mode energy
interactions show interesting features. The westward
gravity modes obtain energy by means of the baroclinic
conversion, and lose the energy by the barotropic conversion as in the case of Rossby modes. In contrast, the
eastward gravity modes obtain energy by the barotropic
conversion and lose the energy through diabatic process.
Those results should be investigated further, comparing
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EMPIRICAL
STUDIES OF DISTINCTIVE FEATURES
OF PRESENT-DAY CLII1ATE: CHANGES IN UKRAINE
ON THE BASIS OF HYDROUETEOROLOGICAL OBSERVATIONS

Dr. I. Trofimova
UKrainian State corrunittee for HYdrometeorolosY
Kiev, UKraine
At Present the role of the information on climate dYnamics
in every specific region of UKraine is increasing for needs of
agriculture, power consumption, water resources
management.
construction. urb~h operational services.
In Ul\raine, under conditions of tense ecological situation.
climate changes can cause essential socio-economic consequences.
AnalYtical overviews of studies of Present-daY regional
climate chanses over the territorY of the former soviet Union
indicate that regional climate changes resulting from global
warming have the considerable sPatial variations.
In view of the above, it was reasonable to study the
forthcoming regional climate changes bY using various methods and
long-term series of meteorological data.
In these studies of regional climate changes in UKraine
three statistical methods have been used:
1. Assessing Parameters of the relationshiP between changes
of regional climatic characteristics and mean annual
surface air telllPerature. The ralationshiP between f:Oobal
(f) and regional
(Y~J
climatic characteristics has been
assumed as linear equation:

Yi- = d.A.:r + fo-i ,
2. Assessing differences in climate conditions between
continuous Periods characterized bY high and low values
of the slobal mean annual surface air
temPerature
respective! Y.
3. Assessing differences in climate conditions between
the groups of extremelY warm and extremelY cold Years.
The time series
of global
mean
annual surface air
temPerature (VinniKov et al., 1991) have been used as global
climate characteristics. The emPirical basis for
examining
resional climate changes in m~raine h.as included time series of
the mean monthlY amount of PreciPitation averaged over the
UKrainian administrative districts, time series of the mean
monthlY amount of preciPitation for the carPathians and Crimea
stations and time series of the mean monthlY surface air
temPerature for 30 stations over UKraine.
statisticallY sUmificant estimates obtained bY each. of
meth.ods were comPared.
AnalYses of estimates obtained for PreciPitation changes in
UKraine under conditions of global warming to 0,5() c indicated
the following:
- Annual PreciPitation trends to increasing bY 5··8~~.
- In winter, PreciPitation maY increase to 20X in the south
of UKraine and to 10-15 x in the central and eastern
districts CFis. 1).
- 703 -

- In summer. estimates obtained bY all of the Inethods
indicate a Possible decrease in PreciPitation over the
territorY of UKraine (Fig, 2).

- 704 -

In seneral. global warming results in coniPlex changes o£
PreciPitation Patterns over Ul\ra.t.ne.
The following
distinctive
features
of
surface
alr
temPerature chanses 1n Ul~raine as a consequence of slobal warming
have been found:
- In winter, surface air teuiPerature maY increase under
conditions of global warming, and scale of re£Honal
warming in U""Kraine is twice as large as slobal one.
- Si8nLHcant estimates have not been obtained for summer.
However, all the estimates are of negative sisn. 1. e.
sur·.face air te111Perature in tm.raine may decrease s lif~ht 1 Y
in swnmer under conditions of global warming.
AnalYsis of obtained estimates indicates tl1e
POsitive
relationsh.lP between changes of annual surface air teuwerature in
Ul\raine and averaged globallY temPerature; Annual surface air
temPerature changes are in line with t11.e scale of 1Hobal warmirHL
Thus. it can be noted, using above-mentioned statistical
methods has allowed to obtain the schematic sPatial Patterns of
distinctive features of Present-daY climate cbaru~es in UI~raine.
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RELATIONSHIPS BETWEEN PACIFIC OCEAN SEA"SURFACE TEMPERATURE ANTJ
SEASONAL RAINFALL IN SOUfHERN AFRICA
W. Zhakata

IRICP, LDEO of

Columb:l~ .. university,

P.O. Box ·1000, Palisades,

New York 10964 USA

INTRODUCI10N
Southern Africa has its: economy strongly based on agriculture,therefore,
~ainfall is a key element.for the entire subregion.
Jl.nomalous climatic ev.ents such as floods and droughts through the years
have caused enormous losses "in crops as well as the population.
'l'housands of deaths and more· than $13 billion in damages worldwide were
attributed to an El Nino in 1982-83. It led to widespread drought in
Southern Africa and Eastern ·Aus·tralia1 forest fires in Indonesia;
rampant flooding, agricultural devastation, and destruction of houses
and infrastructure in Brazil .and Peru, etc, (LDEO newsletter, Fall 19941 .
Prior to the advent of .·the 1981-84 drought..,.,.twater was not news in
Southern Africa. It was taken for granted and its abundance and frequency
appeared to be infinite.Rainfall studies were mostly;::diagnostic in nature
•;;ith estimation and forecasting playing secondary r6les. The 1981-82
El Nino-Southern Oscillation,{ENSO) .event which happened to be the largest
in this century led to the urgent need to address reaserch issues on the
causes and the possibility of forecasting of the oceanographic El Nino
events and the related atmospheric phenomena, known collectively as the
Southern Oscillation.(SO).
A number of studies have. revealed correlations between ENSO and seasonal

rainfall over the tropics.and middle latitudes (McBride and Nicholls, 1983;
Rasmusson and Carpenter, 19821 Ogallo, 1988; Matarira, 199.0, etc.). 'l'his
study attempts to further investigate teleconnections between El Ninu and
seasonal raih'fall. 'in Southern Afric.a with a special emphasis on Southeast
Southern Africa, using correlation'methods and other statistical techniques.
The term Southern Africa will be u~ed here to refer to four countries namely
Zimbabwe, Zambia, Mozambiqu.e .and 'the Transvaal area of South Africa. The
region under study is loc.a.ted between latitudes ·26 deg S-14 deg s and
longitudes 22 ·deg E-38 deg·E (Fig.lr. Rainfall station names are presented
in Table I.
I

0

,'.

I

o

'l'he rainfall peaks over Southern Africa are centred around December-February
representing the major rainfall period (season) for the subregion associated
vJi th the annual movements of the· Intertropical Convergence Zone ( ITCZ) which
migrates seasonally with the sun. This zone is characterized by the
convergence of inter~hemispherical monsoonal wind systems.

DATA AND METHODS OF ANALYSIS
The data used here were·mo.nthly Sea Surface Temperature (SST) index and
r·ainfall records for the. period 1951-1990, for the study of teleconnections
between the Southern African seasonal rainfall and SST.
'....

'!'he sea surface temperature records were .obtained from the Comprehensive
Ocean Atmosphere Data Set (COADS)· (S1utz·et al., 1985) .Some problems
associated with the COADS have been discussed by Jones et al., ( 1986) . '!'he se
include the scarsity of data at some locations, duplication of the SST
records at some locations·, etc. • Blended SST ·data obtained from the
International Research·Institute for Climate Prediction (IRICP) databank,
New York, was also .used ·.in . this study. Rainfall data was obtained from
Drought Monitoring Cent~r.:.(!Jarare), and updates from Nati.onal Centre for
Atmospheric Research ,·(NCARL.: Colorado, USA. Inorder to obtain uninterrupted
t.ime series, a few gaps i~ precipitation were 'filled by a multiple
-
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regression technique .. Th_;i.s method uses the monthly values at stations well
correlated to rainfall'atnQ.un,t
at the stations with missing .data.
.
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Table I. Stations u.sed in the· correlation analysis
=================a=a==~~=a~========~==============='

sTATION

lat~tude longitude

country

=====-===a=== ==ac:a•,;;uif;~'Diiaaactil••as:samua:s=:mac;:~a=

1 Ha rare
2 Mutoko
3 Karoi
4 Kadoma
5 Kwekwe
6 Gweru
7 Chipinge
8 Bulawayo
9 Matopos
10 Masvingo
11 Nyanga
12 Quelimane
13 Beira
14 Tete ·
15 Inhambane
16 Maputo
17 Mongu
18 Broken Hil-ls
19 Livins;rs.tone
20 Pietersbu;-g

..;'i:l'; 8.

-1'7.; 4
-<16, 8.
-18; 3
~18,9
-19..,5·
-20.2
-20.-2
-20,4
-20·.1
-18,3

3:1., 0
, 32,2
29 ,.6
29 ,_9
29;8
29; 9
32.6
28,6
28.5
30.9

32.8

-11~,9 ·
3.6.9
~1.~.a:·:. 34 .• 9

,..16.··2..
'33 .• 6
·-23,,9 · · 35 .• 4
-~.S..• 9 .
32. 6
.-:~5 ;·3· · · 23.2
: .... 14.~ 4 ", ' ' 2 8; 5
:•.,;17,;'8·:., . ··.:.25•8
·~~~ .\ 9. :· · · ·, 29,5

======•

Zimbabwe
Zimbabwe
Zimbabwe
Zimbabwe
Zimbabwe
Zimbabwe
Zimbabwe
,Zimbabwe
Zimbabwe
Zimbabwe
Zimbabwe
Mozambique
Mozambique
Mozambique
Mozambique
Mozambique
Zambia
Zambia
Zambia
. aouth Africa

=========:===n~zns.~z:s':Clfi!'!U.I!'".I:!•.•u=:tu;n:u:u:a=aa::raCn:saa.~za:~===========

The data was standardized by subtracting the mean and dividing by the standard
deviation, in order to have zero mean and unit variance, before, prior to the
analysis. By so doing, .the relative interannual variability at each station is
taken into account. Computed correlation parameters included simultaneous (zero
lag) and the lagged correlation coefficients' of seasonal rainfall with the
Pacific Ocean regions.,":.tnino 1+~, nino 3. and nino 4 ).., (-see appendix) which were
tested for statistical,. significance using the t-test. The corresponding
- 710 -

:~,i·::rnificance

levels are then obtained from the standard statistical tables
.
(Neave, 1978). Some of,.·tb~:.:q.es:t:,!·ciorrelation results are shown below (Fig. 4 ~nd
\·!ith the Pacific Ocean region·. giving the best results indicated in the diagram.
'!'h~ spatial and temporal p~tterns of the significant correlation values were the
used to determine relationships .between ENSO and rainfall in Southern Africa
during the various months·and season.
Principal component analysis ('PCA) was performed on the rainfall data for the
rainfall season (exclu.qir?-liJ\:·.. ~~~onal cycle) .The principal 'component patterns
for the season, together:.,,:W~th:~::'.t;he amplitude time series, wer.e analysed. The
resultant patterns, by defirtit;.4.'on, explain the maximum variance with the
least number of components .This·. method of ana1.ysis enables fields of highly
correlated data to be··represent~4 adequatly by a small.nurnber of orthogonal
functions and corresponding'orthogonal time cpe~ficients. Rule N was applied to
the eigenvalues inorder.to c~ll' noise and retain what is hopefully signal.
Rule N is described in detail ·by Preisendorfer, 1988.

RESULTS.
PRINCIPAL COMPONENT ANALYSIS '
major. components (modes) 'have been retained in the analysis for Southern
African Summer rainfall measuring stations. They explain an important part
(95%) of rainfall variations in more than 80 % of the stations. Explained
and accumulat·ed variances are illustr~ted in fig. 2 a) and 'b). ·.·

'1\'lo

o: ~.·+i.......!i........~;+....................
...!,.... ....r'·.~ .~.!..J. ..I .. ..I....L.L . ~ ....;. .L. l. . !:.:.

l

! I

.

. o.a

:

I I i . "
:
. : :
r· ....~ .... ~ ..............................................

I 1 .
: : . ' .
.
1) 0,4
•l••••iu••fnuJIUI~UU ... ~,~.... ~uutnui•u•;••••i""':''''.:-'"''''"''' 0 '''''"'' 0 '
.gAI02 •• !f••••(•••••:Outo)ttnJtou
i l ! I uu I I ! t . .
.
"' .
i·· i i i i i i i i :
I

:

:

1

outfu ..)utoJouoloooohn•o,•••••.-•"''''''1 .,,,.,,, ,,,,

· · - - - e e to

11 12 13

· nu""'.er ol mod~s
'·

Figure 2.

1415-·ss' 11 so 1v

20

.

Explained (a) lllld acoumulaled (b) Vur.lunco

·rhe first mode explains ·90% .of the total variance which links well with the
seasonal patterns of r~in~~ll over much of the sub~egion under.study, which
follow the seasonal mi'gt,~ti9n-patterns of the ITCZ. The second mode explaining
about 5% of·the variarice:n,t!i:Ybe linked with the passage of cold fronts which
dump substantial amounts ··bf· rain· over Southern parts of Botswana, Zimbabwe,
1'ransvaal area of South'Aftica and Southern Mozambique during the OctoberNovember p~riod (onset of season). Fig.2 b) shows that 100% of the variance is
accounted for by 16 modes.
·
Results of the applicatiQn of rule N also indicate that the underlying signals
to explain the data sets.. ar~ accounted for.by two eigenvalues. The rest are
significantly small an~/ ip.·the.context of the dominant-variance, are
considered unimportant.
'
Owing to the large drop .o.f · the variance between the first and second
- 711 -

components, no rotation has been done. The time series of the first component
for the first 200 months is illustrated on fig.3. It was observed that th~
time series of the components have good representation of the year to year
characteristics of the regional rainfall anomaly.
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ZERO LAG CORRELATIONS BETWEEN SST AND SEASONAL RAINFALL
Significance tests showed that correlation values equal or greater than
j0.30I were statistically significant at 95% confidence level. Fig. 4 a) and
b) display patterns of seasonal and rainfall season peak period respectively,
of computed zero lag correlations at the stations under study. In general, the
highest negative zero lag correlation values were obtained during the major
rainfall season (November to March) . The negative correlations indicate that
positive/negative rainfall anomalies are associated with low/high SST indices.
For the November-March season, significant correlation~ are observed at over
70% of the stations. Stations 17, 18, 19 and 20 are very weakly correlated with
Pacific ocean SST. The stations with the highest correlations are located
around northern Zimbabwe and northwest Mozambique where station 3 (Karoi) has
a correlation of -0.52. Once the southern limit of the ITCZ touches northern
Zimbabwe, southern Zambia and nothern Mozambique (December-February period),
the correlations become weaker(Fig. 4 (b)), with only a few stations having
significant correlations, even in regions where.significant values had been
indicated during the November-March rains.
(a) Nov·March

(b) Dec·February
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Flg.4, Zero lag correlations at stations for the rainfall season over Southern Africa.

LAG CORRELATIONS
Lagging is done in such a way that seasonal rainfall is kept fixed, while the
lagging months vary from Nove~er, backwards, up to January of the same year.
The computed lagged correlation values generally display characteristics which
are similar to those observed from the zero lag correlations (Fig. 4). The
maximum negative lagged correlations are observed over Zimbabwe (around
stations 1-4), with some stations h~v.ing correlations higher than 0.5 (Fig. 5).
The best lagging is obtained when correlating seasonal rainfall with November
SST (Fig. 5 (a)). However, September SST also does well as over 55% of the
stations in that case have significant correlations(Fig. 5 (c)).
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The observed lag correlations could be of great importance to seasonal
predictions if the physical factors governing such as teleconnections were
fully knowh.The Pacific Ocean region (nino 1+2) correla·tes better than any
other Pacific region when lagging is perfomed.

CONCLUSION
The results of PCA may be used to define modes of rainfall variation over
Southern Africa, and their·degree of spatial and temporal coherence suggesting
that they may be closely related to the rain-making processes over the
subcontinent (ITCZ and cloudbands marking the positions of troughs connecting
tropical systems over central southern Africa with mid-latitude depressions to
the south of the.~ubcontinent).
This study reveals some evidence of significant instantaneous and time lag
correlations between SST·anomal-ies over the Pacific Ocean and seasonal rainfall
(November-March) over Southern Africa. The maximum instantaneous and lagged
correlation values are observed when correlating between seasonal rainfall and
SST anomalies·· over the Pacific Ocean regions nino 3 and nino 1+2 .. respectively.
The highest correlations are obse.rved over northern Zimbabwe. Significant
correlations are also observed'6ver portions of Mozambique. Significant values
of correlations were all negative and seem to be associated with the
north-south migrations· of the ITCZ during _the southern summer months.
Extreme rainfall anomalies in Southern Africa during the major rainy season
have been associated with.anomalies in the pressure patterns and monsoonal
wind systems, since they,;;:are:;;the major transport of moisture into the
subcontinent. The convergenc·e. of these winds determine the location of the ITCZ.
The Southern Africa climate is still under study. However, the El nino;and
southern Oscillation are known as some of the best examples of the
ocean-atmosphere interactions.

APPENDIX
Nino 1+2, Nino 3 .and Nino.4 in the text refer to the following Pacific Ocean
areas: between (80 W-9o·w;·o -10 S), (90 W-150 w, 10 N-10 S), and (150 W-160
10 N-10 S), respectively.
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COMPARISION OF METEOROLOGICAL ELEMENTS RECORDED
AT AUTOMATIC WEATHER STATION (AWS)-MILOS 500
Eng. NGUYEN THI THU BINH

Institute of Meteorology and
of SRV Vietnam

Hydrology of HMS

I. Intoduction
In Vietnam the homogeneity of meteorological data to serve the
weather forecasting and the research in Climate change has not been
studied in details. In this
study the results of some experiments on
comparision between the meteorological records at AWS - MILOS 500 and
observed data of surface meteorological data are shown.
II. Method of Assessment of Homogeneity
1. Selection of weather situations
2. Method of measurements
3. Method of data processing

III. Result of calculation :
We have the mean difference between air temperature recorded by
MILOS 500 and the observed values at -0.3 oC and the mean difference of
relative humidity +3%

The total rainfall recorded by AWS is always smaller than total rainfall
from conventional raingauge
IV. Conclusions:
We can use the data of temperature and relative humidity with the
series of data of previous observations by using the corrections
mentioned above.
2.
For total rainfall it is necessary to calculate the
difference corrcections for various intensities of rainfall.
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ASSIMILATION OF OCEANOGRAPHIC AND
OBSERVATIONS IN VIETNAM

METEOROLOGICAL

Eng. NGUYEN TIEN QUANG
MPRINE HYDROMETEOROLOGICAL CENTER
HYDROMETEOROLOGICAL SERVICE OF VIET NAM

The report gives a short summary of the specific features of the
marine hydrometeorological
that
occured
in
region
of BIENDONG
sea(South china sea). The possible impacts of climate changes such as ENSO
and SLR to the Vietnam community are emphasized too.
In order to meet the national demands on the marine
hydrometeorological services , it is necessary to modernize the existing
oceanographic and meteorological observation system. The problem of
synchronization is considered as the primary importance for investigation
and forecasting of the monsoon activities , typhoon phenomena and longterm
climatic changes.

On the basis of analysing of various defects of the existing marine
hydrometeorological observation system , an issue of high priority is to
develop a plan for organizing and implementing observations compatible in
time and space.
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