
 
Provided by the author(s) and University of Galway in accordance with publisher policies. Please cite the

published version when available.

Downloaded 2023-05-19T14:39:32Z

 

Some rights reserved. For more information, please see the item record link above.
 

Title
Investigations into assimilating high-frequency radar data into
a three-dimensional hydrodynamic model of a wind-dominated
coastal water body

Author(s) Ren, Lei

Publication
Date 2015-10

Item record http://hdl.handle.net/10379/5320

https://aran.library.nuigalway.ie
http://creativecommons.org/licenses/by-nc-nd/3.0/ie/


 

 

Investigations into Assimilating High-Frequency Radar 

Data into a Three-Dimensional Hydrodynamic Model of a 

Wind-Dominated Coastal Water Body  

 

 

By  

Lei Ren 

 

Supervisor:  Professor Michael Hartnett 

 

 

DISSERTATION SUBMITTED TO N.U.I GALWAY IN PARTIAL FULFILMENT OF THE 

REQUIREMENTS FOR THE DEGREE OF DOCTOR OF PHILOSOPHY 

 

Department of Civil Engineering 

College of Engineering & Informatics 

National University of Ireland, Galway 

 

October 2015 



 

I 

 

DECLARATION 

 

I declare that this dissertation, in whole or part, has not been submitted to any University as an 

exercise for a degree. I further declare that, except where reference is given, the work is entirely 

my own. 

 

 

 

Signed: 

 

Lei Ren                                                                                                                         October 2015 

 

 

 

 

 

 

 

 

 

 

 



 

II 

 

ABSTRACT 

 

Accurate forecasting of surface currents in coastal waters is of great importance for operations 

such as search and rescue operations and marine energy extraction. Numerical models and 

measurements are two powerful conventional approaches to study coastal currents. However, 

accurate initial and boundary conditions are not easily defined in numerical models. Nonetheless, 

development of the High Frequency (HF) radar system makes it possible to monitor the surface 

water in coastal areas in a fine spatial resolution over a short temporal interval.  In order to 

produce accurate information of surface currents in coastal areas, a combination technique, 

named data assimilation, has been applied to make the best use of radar data into models to 

enhance modelling performance.  

 

Radar data measured by CODAR (Coastal ocean dynamics applications radar) had relatively 

good quality cross-validated with ADCP (Acoustic Doppler Current Profile) data and wave buoy 

measurements. Before assimilating the radar data into models, the best “free run” (without data 

assimilation) of EFDC (Environmental Fluid Dynamics Code) model was set up by sequentially 

examining wind data, wind stress coefficient, vertical layer thickness structure and bottom 

roughness height. Assimilation tests using pseudo data investigated model’s stability and 

influences of data assimilation cycle lengths on forecasting. Radar currents were separately 

combined into the model using four kinds of sequential data assimilation algorithms: Direct 

Insertion, Optimal Interpolation, nudging and indirect data assimilation via correcting wind 

stress. Assimilation parameters in each algorithm were optimized based on generating good 

patterns of surface currents over hindcasting periods. To extend forecasting improvements, 

sensitivity tests were performed using the temporally interpolated radar data to determine the 

best data assimilation cycle length for each algorithm.  To assess degrees of implementation 

complexity and improvement success in each algorithm, modelled results were intercompared 

with the radar data in qualitative methods and quantitative methods.  

 

According to the model forecasting performance, the best developed data assimilation model for 

simulating surface currents in Galway Bay was to combine the radar currents at each model 

timestep using nudging data assimilation algorithm.  



 

III 

 

ACKNOWLEDEMENTS 

 

The author wishes to thank the China Scholarship Council (CSC) and the College of Engineering 

& Informatics, National University of Ireland, Galway (NUIG) for supporting this research.  

 

A special thanks to my MASTER (师父，shīfu, in Chinese) Prof. Michael Hartnett for his 

guidance and help during my whole PhD. Thanks for teaching me the scientific “Kung Fu”. The 

author also thanks Dr. Stephen Nash for his suggestions on modelling set-up and providing 

ADCP data.  

 

My thanks to my wife Xiaolu Sun for her support along the way. I can not reach this point 

without your support and encouragement. My thanks to my father Mr. Zhenghong Ren and my 

mother Mrs. Daqun Liu, my uncle Mr. Jianping Wang and aunt Mrs. Xiaofang Li for their 

financial and mental support all the time. 

 

Finally, thanks to all my friends and colleagues for their friendship and support during my PhD.  

 

 

 

 

 

 

 

http://en.wiktionary.org/wiki/sh%C4%ABfu


 

IV 

 

TABLE OF CONTENTS 

 

Declaration                                                                                                                                        I                                                                                                                                       

Abstract                                                                                                                                           II              

Acknowledgments                                                                                                                          III               

List of Figures                                                                                                                             VIII         

List of Tables                                                                                                                              XVI            

Mathematical Notations                                                                                                             XVII                

 

Chapter 1 Introduction 1 

1.1. Background 1 

1.2. Aims and Objectives 3 

1.3. Layout of Thesis 5 

Chapter 2 Literature Review 8 

2.1. Introduction 8 

2.2. Data Assimilation in Meteorology 11 

2.3. Data Assimilation in Hydrology and Hydraulics 14 

2.4. Data Assimilation in Oceanography 17 

2.5. Oceanographic Data Assimilation Algorithms 22 

2.5.1. Sequential Data Assimilation Algorithms 22 

2.5.2. Variational Data Assimilation Algorithms 32 

2.5.3. Artificial Neural Networks 36 

2.5.4. Summary 36 

2.6. Summary 42 

Chapter 3 Numerical Modelling 44 

3.1. General Introduction 44 

3.2. Two-dimensional Model 45 

3.2.1. Introduction 45 

3.2.2. Govern Equations 45 



 

V 

 

3.3. Three-dimensional Model 53 

3.3.1. Model Description 53 

3.3.2. Governing Equations 55 

3.3.3. Vertical Coordinates 60 

3.3.4. Boundary Conditions 61 

3.3.5. Barotropic and Baroclinic Conditions 64 

3.4. Summary 65 

Chapter 4 Hydrodynamic and Wave Measurements in Galway Bay 67 

4.1. Introduction 67 

4.2. ADCP Measurements 68 

4.3. Radar Measurements 73 

4.3.1. Introduction 73 

4.3.2. Principles of Radar System 79 

4.3.3. Radar Data Combination 81 

4.4. Radar-ADCP Measurement Intercomparisons 87 

4.5. Properties of Radar Measurements 92 

4.6. Application of Radar Measurements 93 

4.7. Summary 94 

Chapter 5 Three-dimensional Coastal Model of Galway Bay 96 

5.1. Introduction 96 

5.2. Description of Galway Bay 97 

5.3. Description of Three-dimensional Numerical Model Set Up 99 

5.3.1. Bathymetry 99 

5.3.2. Meteorological Parameters and Tidal Forcing 100 

5.3.3. Wind Stress 101 

5.3.4. Vertical Layer Configuration 118 

5.3.5. Bottom Roughness 131 

5.4. Summary 135 

Chapter 6 Data Assimilation Methodologies 137 

6.1. Introduction 137 

6.2. Direction Insertion Data Assimilation Algorithm 142 

6.3. Optimal Interpolation Data Assimilation Algorithm 145 



 

VI 

 

6.4. Nudging Data Assimilation Algorithm 156 

6.5. Indirect Data Assimilation via Correcting Model Force 159 

6.6. Summary 162 

Chapter 7 Direct Insertion Data Assimilation Experiments Using Pseudo Measurements165 

7.1. Introduction 165 

7.2. Pseudo Measurements 167 

7.3. Direction Insertion Data Assimilation Models 173 

7.4. Results 175 

7.4.1. Time Series 175 

7.4.2. Vector Maps of Surface Currents 183 

7.4.3. Influences on Vertical Current Profiles 192 

7.5. Summary 196 

Chapter 8 Data Assimilation Using Radar Data 198 

8.1. Introduction 198 

8.2. Optimization of Assimilation Parameters 199 

8.2.1. Optimal Interpolation Data Assimilation Algorithm 200 

8.2.2. Nudging Data Assimilation Algorithm 205 

8.2.3. Indirect Data Assimilation via Correcting Model Force 209 

8.2.4. Summary 212 

8.3. Data Assimilation Cycle Length Tests 216 

8.3.1. Direct Insertion Data Assimilation Algorithm 217 

8.3.2. Optimal Interpolation Data Assimilation Algorithm 222 

8.3.3. Nudging Data Assimilation Algorithm 225 

8.3.4. Indirect Data Assimilation via Correcting Model Force 229 

8.3.5. Summary 232 

8.4. Results of Hindcasting 233 

8.5. Results of Forecasting 240 

8.5.1. Time Series 241 

8.5.2. Vector Maps 242 

8.5.3. Data Assimilation Skill Score 247 

8.5.4. Averaged Kinetic Energy 249 

8.5.5. Influences of Data Assimilation on Vertical Current Profiles 253 

8.6. Summary 256 



 

VII 

 

Chapter 9 Summary and Conclusions 259 

9.1. Introduction 259 

9.2. Summary 259 

9.3. Conclusions 261 

9.3.1. Radar Data Validation 261 

9.3.2. Set-up of Three-dimensional Model 262 

9.3.3. Assimilation Tests with Pseudo Data 262 

9.3.4. Assimilation of Radar Data 263 

9.4. Future Research 266 

Appendix A Linear Matrix Algebra Theory 268 

Appendix B Subroutines of Data Assimilation Algorithms in EFDC 270 

References 292 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

VIII 

 

LIST OF FIGURES 

 

Name                                                                                                                                                       Page 

Figure 2.1     Schematic of data assimilation                                                                                               10 

Figure 2.2     Sequential data assimilation process                                                                                      23 

Figure 2.3     Four-dimensional variational data assimilation process                                                         33 

Figure 2.4     Schematic of Artificial Neural Networks                                                                               36 

 

Figure 3.1     A shallow well-mixed water body                                                                                          46 

Figure 3.2     Space-staggered grid scheme and (I, J) coordinate system                                                    49 

Figure 3.3     Primary modules of the EFDC model                                                                                    54 

Figure 3.4     Structure of the EFDC hydrodynamic model                                                                         54 

Figure 3.5    Location of variables on (a) the finite difference solution scheme and (b) sigma coordinate    

                     system                                                                                                                                      55                   

Figure 3.6     Sigma coordinate system in model EFDC                                                                              60 

Figure 3.7     Boundary conditions                                                                                                               62 

Figure 3.8     Barotropic and baroclinic conditions                                                                                      64 

Figure 3.9     Barotropic model                                                                                                                    65 

 

Figure 4.1     Deployment locations of hydrodynamic measurement equipments in Galway Bay (point A                          

                      indicates ADCP; W indicates wave buoy; C1 and C2 indicate radar locations)                   70  

Figure 4.2     ADCP in coastal area                                                                                                              70 

Figure 4.3  Vertical current profiles of ADCP data (over one tidal cycle at point A in2013,  

                     see Figure 4.1)                                                                                                                         72                                                                                                                                                  

Figure 4.4     Geostrophic balances in the Southern hemisphere                                                                 74                                                                  

Figure 4.5     SeaSonde antennas of high frequency radar system in Galway Bay                                      75 

Figure 4.6   Station locations of radar in Galway Bay (left figure is Spiddal Pier C1 in Figure 4.1, 

                      right figure is Mutton Island C2 in Figure 4.1)                                                                      76                                                                                            



 

IX 

 

Figure 4.7     Overlapping number of radar measurement points (Julian Day 220-240, 2013)                   77 

Figure 4.8     Temporal coverage of surface currents measured radar (hours, 2013)                                  78 

Figure 4.9     Spatial coverage domain of radar measurements in Galway Bay (Julian Day 220-240, 2013)                         

                                                                                                                                                                      78 

Figure 4.10     High frequency radar work structure                                                                                    81 

Figure 4.11     CODAR system work schematic                                                                                          80 

Figure 4.12     Radial current vector map at Mutton Island station (23:00 Julian Day 208)                       82 

Figure 4.13     Radial current vector map at Spiddal station (02:00 Julian Day 274)                                  83 

Figure 4.14     Total current vector distribution map (15:00 Julian Day 285)                                             83 

Figure 4.15     Total current vector map of Galway Bay (19:00 Julian Day 152)                                       84 

Figure 4.16     High frequency radar intersection beams (Galway Bay)                                                      85 

Figure 4.17     SNR in general telecommunications system                                                                        85 

Figure 4.18     Wave height comparison at 3 km from origin (December, 2013)                                        87 

Figure 4.19     Water levels for ADCP data extraction                                                                                88 

Figure 4.20     Surface velocities of CODAR and ADCP current (surface, 2013)                                      89 

Figure 4.21     Surface velocities of CODAR and ADCP current (subsurface, 2013)                                 89 

Figure 4.22     Surface velocities of CODAR and ADCP current (LWL, 2013)                                         90 

Figure 4.23     Direction time series of CODAR and ADCP current (LWL, 2013)                                    90 

 

Figure 5.1     Simulation domain of Galway Bay (C1 and C2 indicate the deployment location of radar at  

                      Mutton Island and Spiddal Pier, respectively; A indicates the ADCP location; W stands for  

                      the location of wave buoy; T means the tidal gauge; B is a comparison reference point)     98                                               

Figure 5.2     Bathymetry of Galway Bay in EFDC model (blue indicates land)                                      100 

Figure 5.3     OTPS water levels time series used in the model (m)                                                          101 

Figure 5.4     Water levels at location T in Figure 5.1 (m)                                                                         101 

Figure 5.5     Wind speed time series                                                                                                         102 

Figure 5.6     Wind direction time series                                                                                                    103 

Figure 5.7     Rose of NUIG wind data (Julian Day 220-230)                                                                   103  

Figure 5.8     Rose of ECMWF wind data (Julian Day 220-230)                                                              104 



 

X 

 

Figure 5.9     East-west component of surface currents at point B (W1 vs CODAR)                               107 

Figure 5.10     North-south component of surface currents at point B (W1 vs CODAR)                         108 

Figure 5.11    Total surface current time series at point B (W1 vs CODAR)                                            108 

Figure 5.12      East-west component of surface currents at point B (W2 vs CODAR)                            109          

Figure 5.13     North-south component of surface currents at point B (W2 vs CODAR)                          109 

Figure 5.14    Total surface current time series at point B (W2 vs CODAR)                                            110 

Figure 5.15     East-west component of surface currents at point B (W3 vs CODAR)                             110 

Figure 5.16     North-south component of surface currents at point B (W3 vs CODAR)                          111 

Figure 5.17    Total surface current time series at point B (W3 vs CODAR)                                            111 

Figure 5.18     East-west component of surface currents at point B (W4 vs CODAR)                             112 

Figure 5.19     North-south component of surface currents at point B (W4 vs CODAR)                          112 

Figure 5.20    Total surface current time series at point B (W4 vs CODAR)                                            113 

Figure 5.21     East-west component of surface currents at point B (W5 vs CODAR)                             113 

Figure 5.22     North-south component of surface currents at point B (W5 vs CODAR)                          114 

Figure 5.23    Total surface current time series at point B (W5 vs CODAR)                                            114 

Figure 5.24     Mean vector map of surface currents from CODAR (Julian Day 220 to 230, 2013)         116 

Figure 5.25     Mean vector map of surface currents from model W1 (Julian Day 220 to 230, 2013)      116 

Figure 5.26     Mean vector map of surface currents from model W2 (Julian Day 220 to 230, 2013)      117 

Figure 5.27     Mean vector map of surface currents from model W3 (Julian Day 220 to 230, 2013)      117 

Figure 5.28     Mean vector map of surface currents from model W4 (Julian Day 220 to 230, 2013)      118 

Figure 5.29     Mean vector map of surface currents from model W5 (Julian Day 220 to 230, 2013)      118 

Figure 5.30     Vertical layer configurations of EFDC models                                                                  120 

Figure 5.31     East-west component of surface currents at point B (EFDC1 vs CODAR)                  122 

Figure 5.32     North-south component of surface currents at point B (EFDC1 vs CODAR)               123 

Figure 5.33     East-west component of surface currents at point B (EFDC2 vs CODAR)                  123 

Figure 5.34     North-south component of surface currents at point B (EFDC2 vs CODAR)               124 

Figure 5.35     East-west component of surface currents at point B (EFDC3 vs CODAR)                  124 

Figure 5.36     North-south component of surface currents at point B (EFDC3 vs CODAR)               125 



 

XI 

 

Figure 5.37     East-west component of surface currents at point B (EFDC4 vs CODAR)                  125 

Figure 5.38     North-south component of surface currents at point B (EFDC4 vs CODAR)               126 

Figure 5.39     Mean vector map of surface currents from model EFDC1                                                127 

Figure 5.40     Mean vector map of surface currents from model EFDC2                                                128 

Figure 5.41     Mean vector map of surface currents from model EFDC3                                                128 

Figure 5.42     Mean vector map of surface currents from model EFDC4                                                129 

Figure 5.43     Vertical current profiles at location A (see Figure 5.1)                                                      130 

Figure 5.44     Mean vector map of surface currents from model B1                                                        133 

Figure 5.45    Contour of surface velocity difference between radar data and model B1 (Julian Day 220-  

                      230)                                                                                                                                      134 

Figure 5.46   East-west component of surface currents at point B                                                        135 

Figure 5.47   North-south component of surface currents at point B                                                    135 

 

Figure 6.1 Flowchart of model EFDC (shaded parts indicate the calculation process for the  

                        hydrodynamic variables of interest for data assimilation)                                               138                       

Figure 6.2  Flowchart of data assimilation in main program of EFDC (Shaded parts indicate new  

                        subroutines for data assimilation; extension of these subroutines is .FOR)                      139                          

Figure 6.3     Simulation period of data assimilation models                                                                     141 

Figure 6.4     Flowchart of Direct Insertion data assimilation algorithm                                                   144 

Figure 6.5     Direct Insertion data assimilation process                                                                            144 

Figure 6.6    Optimal Interpolation cut-off zones (Red dot indicates analysis point; black cubes indicate  

                       measurement states; the circle around the analysis point indicate the regions where the  

                       measurement states are used for assimilation)                                                                    154                                                                                                     

Figure 6.7     Flowchart of Optimal Interpolation data assimilation algorithm                                         155 

Figure 6.8     Flowchart of nudging data assimilation algorithm                                                               158 

Figure 6.9     Indirect data assimilation process via correcting surface wind forcing                                162 

 

Figure 7.1     Simulation area and Direct Insertion data assimilation test domain                                    167 



 

XII 

 

Figure 7.2   Time series of pseudo measurement generation process for east-west velocity component  

                      (point A in Figure 7.1)                                                                                                         170                        

Figure 7.3    Time series of pseudo measurement generation process for north-south velocity component   

                      (point A in Figure 7.1)                                                                                                         171                                      

Figure 7.4     Vector map of surface currents from the ‘free run’                                                              172 

Figure 7.5     Vector map of generated surface currents                                                                            173 

Figure 7.6     Time series of east-west velocity component at location A when updating was performed in       

                      the rectangular box area using constant pseudo data                                                           177 

Figure 7.7    Time series of north-south velocity component at location A when updating was performed  

                     in the rectangular box area using constant pseudo data                                                        178    

Figure 7.8    Time series of east-west velocity component at location D when updating was performed  

                     in the rectangular box area using constant pseudo data                                                        179 

Figure 7.9    Time series of north-south velocity component at location D when updating was performed  

                     in the rectangular box area using constant pseudo data                                                        180 

Figure 7.10   Time series of east-west velocity component at location A when updating was performed  

                      in the whole simulation domain using non-uniform pseudo data                                        181 

Figure 7.11   Time series of north-south velocity component at location A when updating was performed  

                      in the whole simulation domain using non-uniform pseudo data                                        182 

Figure 7.12     Vector maps of surface currents from model DIT1 (Julian Day 221, 2013 01:00)            184 

Figure 7.13     Vector maps of surface currents from model DIT2 (Julian Day 221, 2013 01:00)            185 

Figure 7.14     Vector maps of surface currents from model DIT3 (Julian Day 221, 2013 01:00)            186 

Figure 7.15     Vector maps of surface currents from model DIT4 (Julian Day 221, 2013 01:00)            187 

Figure 7.16     Vector maps of surface currents from model DIT5 (Julian Day 221, 2013 01:00)            188 

Figure 7.17     Vector maps of surface currents from model DIT6 (Julian Day 221, 2013 01:00)            189 

Figure 7.18     Vector map of surface currents from model DIT1                                                             190 

Figure 7.19     Vector map of surface currents from model DIT7                                                             190 

Figure 7.20     Vector map of surface currents from model DIT8                                                             191 

Figure 7.21     Vector map of surface currents from model DIT9                                                             191 

Figure 7.22     Vector map of surface currents from model DIT10                                                           192 



 

XIII 

 

Figure 7.23     Vector map of surface currents from model DIT11                                                           192 

Figure 7.24     Vertical current profiles at point A                                                                                     193 

Figure 7.25     Vertical current profiles at point D                                                                                     194 

Figure 7.26     Vertical current profiles at point A                                                                                     195 

 

Figure 8.1     Mean vector map of surface currents from model OI1                                                        201 

Figure 8.2     Mean vector map of surface currents from model OI2                                                        202 

Figure 8.3     Mean vector map of surface currents from model OI3                                                        202 

Figure 8.4     Mean vector map of surface currents from model OI4                                                        203 

Figure 8.5     Mean vector map of surface currents from model OI5                                                        203 

Figure 8.6     Mean vector map of surface currents from radar data                                                          204 

Figure 8.7     Mean vector map of surface currents from model B1                                                          204 

Figure 8.8     Mean vector map of surface currents from model NDA1                                                    207 

Figure 8.9     Mean vector map of surface currents from model NDA2                                                    207 

Figure 8.10   Mean vector map of surface currents from model NDA3                                                  208 

Figure 8.11   Mean vector map of surface currents from model NDA4                                                  208 

Figure 8.12     Mean vector map of surface currents from model NDA5                                                  209 

Figure 8.13     Mean vector map of surface currents from model IDA1                                                    211 

Figure 8.14     Mean vector map of surface currents from model IDA2                                                    211 

Figure 8.15     Mean vector map of surface currents from model IDA3                                                    212 

Figure 8.16     Time series of east-west surface velocity component at location B                                   213 

Figure 8.17     Time series of north-south surface velocity component at location B                               213 

Figure 8.18     Vector map of surface currents from model OI5                                                                214 

Figure 8.19     Vector map of surface currents from model NDA3                                                           214 

Figure 8.20     Vector map of surface currents from model IDA1                                                             215 

Figure 8.21     Vector map of surface currents from ‘free run’                                                                  215 

Figure 8.22     Vector map of surface currents from radar data                                                                 216 

Figure 8.23     Mean vector map of surface currents from model B1                                                        218 

Figure 8.24     Mean vector map of surface currents from model DI1                                                      219 



 

XIV 

 

Figure 8.25     Mean vector map of surface currents from model DI2                                                      219 

Figure 8.26     Mean vector map of surface currents from model DI3                                                      220 

Figure 8.27     Mean vector map of surface currents from model DI4                                                      220 

Figure 8.28     Mean vector map of surface currents from model DI5                                                      221 

Figure 8.29     Mean vector map of surface currents from radar system                                                   221 

Figure 8.30     Mean vector map of surface currents from model OI6                                                      223 

Figure 8.31     Mean vector map of surface currents from model OI7                                                      223 

Figure 8.32     Mean vector map of surface currents from model OI8                                                      224 

Figure 8.33     Mean vector map of surface currents from model OI9                                                      224 

Figure 8.34     Mean vector map of surface currents from model OI5                                                      225 

Figure 8.35     Mean vector map of surface currents from model NDA26                                                226 

Figure 8.36     Mean vector map of surface currents from model NDA27                                               227 

Figure 8.37     Mean vector map of surface currents from model NDA28                                                227 

Figure 8.38     Mean vector map of surface currents from model NDA29                                                228 

Figure 8.39     Mean vector map of surface currents from model NDA3                                                  228 

Figure 8.40     Mean vector map of surface currents from model IDA4                                                    230 

Figure 8.41     Mean vector map of surface currents from model IDA5                                                    231 

Figure 8.42     Mean vector map of surface currents from model IDA6                                                    231 

Figure 8.43     Mean vector map of surface currents from model IDA7                                                    232 

Figure 8.44     Mean vector map of surface currents from model IDA1                                                    232 

Figure 8.45     Time series of east-west velocity component at point A                                                    234 

Figure 8.46     Time series of north-south velocity component at point A                                                234 

Figure 8.47    Vector maps of surface currents (a1—f1 indicate results from model B1, CODAR, model   

                        DI1, model OI6, model NDA26 and model IDA5, respectively)                                      236                                               

 Figure 8.48    Vector maps of surface currents (a2—f2 indicate results from model B1, CODAR, model   

                        DI1, model OI6, model NDA26 and model IDA5, respectively)                                      237                                      

Figure 8.49   Vector maps of surface (a3—f3 indicate results from model B1, CODAR, model DI1,   

                        model OI6, model NDA26 and model IDA5, respectively)                                              238                                                

Figure 8.50    Vector maps of surface currents (a4—f4 indicate results from model B1, CODAR, model   



 

XV 

 

                        DI1, model OI6, model NDA26 and model IDA5, respectively)                                     239                             

Figure 8.51     Time series of east-west surface velocity component at point B                                       241 

Figure 8.52     Time series of north-south surface velocity component at point B                                    241 

Figure 8.53    Vector maps of surface currents (a5—f5 indicate results from model B1, CODAR, model  

                        DI1, model OI6, model NDA26 and model IDA5, respectively)                                      243                                

Figure 8.54    Vector maps of surface currents (a6—f6 indicate results from model B1, CODAR, model  

                        DI1, model OI6, model NDA26 and model IDA5, respectively)                                      244                                   

Figure 8.55    Vector maps of surface currents (a7—f7 indicate results from model B1, CODAR, model  

                        DI1, model OI6, model NDA26 and model IDA5, respectively)                                     245                          

Figure 8.56    Vector maps of surface currents (a8—f8 indicate results from model B1, CODAR, model  

                        DI1, model OI6, model NDA26 and model IDA5, respectively)                                     246               

Figure 8.57     DASS time series of east-west velocity component                                                           248 

Figure 8.58     DASS time series of north-south velocity component                                                       249 

Figure 8.59     Scatter plot of Averaged Kinetic Energy (B1 vs CODAR)                                                250 

Figure 8.60     Scatter plot of Averaged Kinetic Energy (DI1 vs CODAR)                                              251 

Figure 8.61     Scatter plot of Averaged Kinetic Energy (OI6 vs CODAR)                                              251  

Figure 8.62     Scatter plot of Averaged Kinetic Energy (NDA26 vs CODAR)                                        252 

Figure 8.63     Scatter plot of Averaged Kinetic Energy (IDA5 vs CODAR)                                           252 

Figure 8.64     Vertical current profiles of ADCP                                                                                      253 

Figure 8.65     Vertical current profiles of model B1                                                                                 254 

Figure 8.66     Vertical current profiles of model DI1                                                                               254 

Figure 8.67     Vertical current profiles of model OI6                                                                               255 

Figure 8.68     Vertical current profiles of model NDA26                                                                         255 

Figure 8.69     Vertical current profiles of model IDA5                                                                            256 

 

 

 

 



 

XVI 

 

LIST OF TABLES 

 

Name                                                                                                                                                       Page 

Table 2.1     Parameters of Sequential Data Assimilation Analysis Equation (2.1)                                    24 

 

Table 3.1     Meaning of Individual Terms in Momentum Equation (3.3)                                                  48 

 

Table 4.1     ADCP Configuration Parameters                                                                                             71 

Table 4.2     Configuration Parameters of SeaSonde High Frequency Radars                                            76 

 

Table 5.1     Configuration of Models and RMSE with Radar Measurements                                          106 

Table 5.2     Vertical Layer Thicknesses Test Models (K=1 is bottom of water column)                         120 

Table 5.3     Vertical Configuration Test Models                                                                                      121 

Table 5.4     RMSE of Time Series at Point B with Radar Measurement                                                  126 

Table 5.5     Results of Bottom Roughness Sensitivity Analysis                                                               133 

 

Table 6.1     Assimilation Subroutines in EFDC                                                                                        141 

 

Table 7.1     Direct Insertion Experiment Models                                                                                      174 

  

Table 8.1     Correlation Length Test Models of Optimal Interpolation                                                    200 

Table 8.2     Nudging data assimilation test models                                                                                  206 

Table 8.3     Indirect Data Assimilation Test Models                                                                                210 

Table 8.4     Direct Insertion Cycle Length Test Models                                                                           217 

Table 8.5     Indirect Data Assimilation Cycle Length Test Models                                                          222 

Table 8.6     Nudging Cycle Length Test Models                                                                                      226 

Table 8.7     Indirect Data Assimilation Cycle Length Test Models                                                          229 

Table 8.8     Best Data Assimilation Models                                                                                             233 

Table 8.9     RMSE of Vector Direction (degrees)                                                                                    247 

Table 8.10   Correlation of AKE (Julian Day 228.04-230)                                                                        252 

 

 

 

 

 



 

XVII 

 

MATHEMATICAL NOTATIONS 

 

                                area covered by the high frequency radar system. 

                            horizontal and vertical turbulent viscosity, respectively 

                              data assimilation area in model 

                            whole simulation area in model 

                                momentum correction factor for non-uniform vertical velocity profile 

                                buoyancy 

                              tuning coefficient in indirect data assimilation algorithm 

                                Chezy bed roughness coefficient 

                               air-water interfacial resistance coefficient 

                              Courant number  

                               speed of sound 

                           covariance between two variables       

                               correlation matrix        

                              background error variance matrix 

                             receiving antenna directivity 

                                difference/ misfit between measurement state and model background state 

                              length-scale of nudging term in nudging data assimilation algorithm 

                             expectation of variable    

                                 Averaged Kinetic Energy (AKE) 

                               n-dimensional vector function  

                                    component number of the model operator    

                               Coriolis parameter/ curvature acceleration term,             

                               Coriolis acceleration 

                              Doppler shift frequency 

                              frequency of the sound when everything is still 



 

XVIII 

 

                            factor by which external noise exceeds internal receiver noise 

    
                         one-way attenuation factor above normal free-space spreading loss experienced by surface wave  

                                above lossy spherical earth 

                                  vector 

                               gravitational acceleration 

                             transmit antenna power gain 

                              projection operator 

                              total water depth,       

                             mean amplitude 

                              water depth from bed level to Mean Water Level 

                               identity matrix 

                              distance between observations and the model states in variational data  assimilation algorithms 

                              distance between the model states and background states in variational data assimilation     

                               algorithms 

                               total distance (       ) in variable data assimilation algorithms 

                             Kalman gain matrix 

                              
   row and     column element in Kalman gain 

                        bottom drag and air-water interfacial resistance coefficient, respectively 

                           Boltzmann’s constant (               ) 

                         scale factors of the horizontal coordinates, respectively 

                           predefined model forecast operator from the initial time to   in variational data assimilation  

                                algorithm 

                           number of observations in Successive Correction Method 

                             number of times  

                              number of calculated points at timestep   

                              number of data assimilation grid points covered by high frequency radar system at timestep t 

                          number of grid points for x- and y-direction in model, respectively 



 

XIX 

 

                              excess water column hydrostatic pressure 

                             analysis covariance 

                             model background error covariance 

                             average radiated power 

                                -dimensional Wiener process with mean zero 

                           depth integrated volumetric flux components in the x, y directions, respectively 

                          source and sink term, respectively 

                              variance of the model errors forming a Markov process   

                              measurement error covariance 

                           user-defined constant (“influence radius”) in Successive Correction Method 

                             Richardson number  

                           range to radar cell 

                              distance between the     and     model grid in Successive Correction Method 

                          distance between model grid point and the observation location in nudging data assimilation             

                                algorithm 

       )               Room-Mean-Squared-Error of east-west velocity component in space  

                                covered by the high frequency radar system at timestep   

                       averaged value of east-west velocity component in space during the analysis  period 

                               sea salinity 

                              sea temperature 

                              tidal period 

                             total number of Standard Deviation at the     grid point over the averaging measurement period 

                            room temperature 

                            timestep with Direct Insertion data assimilation and without Direct  

                                Insertion data assimilation in model, respectively 

                               assimilation timescale in nudging data assimilation algorithm 

                              damping time-scale for the nudging term in nudging data assimilation algorithm 



 

XX 

 

                               model timestep in nudging data assimilation algorithm 

                              observational timestep in nudging data assimilation algorithm 

                            coherent FFT processing time 

                             east-west and north-south component of currents, respectively 

                           east-west and north-south velocity component on     layer, respectively 

                               summation of east-west and north-south velocity component, respectively 

                          east-west and north-south wind speed components at 10 m above the water surface, respectively 

                            east-west and north-south velocity component computed at mid-height of the   

                                bottom layer, respectively 

                      east-west velocity component from CODAR SeaSonde high frequency  

                                radar and numerical model, respectively 

                            east-west and north-south depth integrated velocity component, respectively  

                         high frequency radar east-west velocity component 

                          model-predicted east-west velocity component 

            
           observed and model-predicted surface velocity vectors, respectively 

                              relative velocity between the sound source and the sound receiver 

                            variance of variable    

                             total wind speed 

                         wind velocity components in x, y directions, respectively 

                             weighting function between the grid points     and     model grid in  Successive Correction  

                                Method 

                               analysis state vector 

  
                             analysis state at the     model grid 

                               model background state vector 

  
                             model background state at the     model grid 

                                true state vector 

  
                              true state at the     model grid 



 

XXI 

 

                                 n-dimensional vector  

                                measurement state vector 

  
                              measurement state at the     model grid 

                            water depth in nudging data assimilation algorithm  

                                sigma coordinate over depth  

                               physical vertical or Cartesian coordinate. 

                                depth of influence in nudging data assimilation algorithm 

  
    

                         physical vertical coordinates of the free surface and bottom bed, respectively 

 

                                Lagrange multiplier  

                                momentum correction factor for non-uniform vertical velocity profile 

                             error in Successive Correction Method 

                               observation error 

                               model error 

                                nudging parameter in nudging data assimilation algorithm 

                        wave length of ocean surface wave and set wavelength of the high  

                                  frequency CODAR transmit wave, respectively 

                                phase between two analyzed vectors 

                                incident angle of the signal 

                               vertical velocity in the stretched vertical coordinate; 

                             air and water densities, respectively 

                               reference density 

                              correlation function 

                               correlation amplitude  

  
                              additional east-west shear stress in indirect data assimilation scheme 

   
                                 averaged east-west wind stress in indirect data assimilation algorithm 

                              x-component surface wind stress 



 

XXII 

 

                           shear stresses at the bottom (   ) and shear stresses at the surface (   ),  

                                  respectively 

                          east-west and north-south bottom shear stress, respectively 

                                free surface height 

  
                             model background error at the     grid point,   

    
    

  

                              angular velocity of the earth’s rotation 

                              free surface potential      
   

                            probability density function of vector    

                          reduced and enhanced vertical mixing or transport in stable and unstable  

                                 vertically density stratified environments, respectively 

                                water elevation 

                               phase angle of     tidal constituent 

                                depth mean eddy viscosity  

                              vertical layer thickness 

                               von Karman constant,       

                              dimensionless roughness height 

  
                             Standard Deviation of the     grid point at measurement timestep   

    
                         the radar cross section of water surface within radar cell 

 

 

 

 

 

 

 

 



Chapter 1 Introduction 

1 

 

Chapter 1 Introduction 

 

1.1. Background 

Ocean current circulation not only has significant impacts on the movement of energy between 

the oceans and atmosphere, but also has significant impacts on the lives of humans. A good 

understanding of ocean currents is important for humans. Concerns about pollution, 

contamination of coastal waters and extraction of marine renewable energy such as tide energy 

and wave energy in coastal areas are growing. Accurate information about currents can now be 

provided through modelling and near realtime data streaming; hence, more accurate forecasting 

of currents in coastal areas can now be undertaken.  

At present two-dimensional and three-dimensional numerical models are a useful means to learn 

about the dynamic process of surface water in coastal areas due to their efficiency and ease of 

implementation. The complex phenomena of coastal waters are approximately expressed in a 

mathematical way in computer-based models. A number of studies have been carried out to 

improve the representation of tides, currents and surge in coastal waters. The dominant flow 

characteristics of coastal waters are usually due to tidal and wind-induced currents. However, it 

is not easy to obtain accurate wind data with high resolution in coastal areas by observation. 

Moreover, current, wave and turbulence scales tend to overlap in coastal waters, which results in 

significant interactions of these three flow types. Their interactions become quite complex as 

each of the flows is nonlinear in nature. Thus, it is hard to produce satisfying output of surface 

currents, especially in the coastal areas using mathematical simulations alone.   

Nevertheless, development of advanced electronics (such as radars and satellites) makes it 

possible to obtain high resolution hydrodynamic data for coastal waters such as surface currents, 

waves and surface temperature. These observation systems are able to provide much useful 

information, but the observations are always real-time or later than reality due to processing and 

signal transmission. In addition, the observation systems can not provide forecasting information.  

Numerical models are capable of providing estimates of variables of interest; accuracy of these 

modelled variables is not always very good due to approximations and representations of the 

complex dynamic processes. Observations in coastal areas are becoming more available with 



Chapter 1 Introduction 

2 

 

finer spatial resolution and shorter recording time windows. Measurement errors are inevitable 

from observation systems, but measured data are always viewed as more reliable than modelled 

results. Thus, data assimilation approaches are proposed to merge measurements of various types 

with estimates from numerical coastal models to improve modelling performance (hindcasting 

and forecasting). The reasons for using data assimilation numerical coastal models can be 

summarized below (Reichle, 2008): 

 Coverage: the states of interest can only be measured within limited space and time. Data 

assimilation approaches are needed to interpolate and extrapolate measurements. 

 Observability: data assimilation systems can spread information from observation 

systems to all model variables that are in some way connected to the observations. 

 Resolution: the temporal or spatial resolutions of measurements are often too coarse or 

too fine for a given application. Data assimilation approaches are capable of aggregating 

or downscaling the measurements via merging the measured data with models, helping to 

resolve scales of interest. 

 Data volume and redundancy: the same states of interest may be obtained from different 

observation platforms. Data assimilation systems can organize and merge potentially 

redundant or conflicting data and conventional observations into a single best estimate. 

 Additional information from models: numerical coastal models are built on basic 

principles of mass, momentum, and energy conservation etc. By contrast, measurements 

alone are not so constrained. In a data assimilation system, the physical constraints 

imposed by a model offer additional valuable information. Moreover, models are often 

forced with boundary conditions, which are based on observations. Such boundary 

conditions may offer indirect and independent observational information about the 

measured fields, which means that information can be captured through data assimilation. 

Data assimilation approaches can be used in the following aspects in oceanographic models: 

 Improve initial conditions for predictions 

 Calibrate and validate models 

 Make consistent estimates of the oceanographic states for diagnostic studies/ reanalysis 

 Provide guidance for observing system design, monitoring and assessments 
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 Explore more information to understand models, such as model errors, data errors, and 

physical process interactions 

However, each data assimilation algorithm has its own advantages and disadvantages. The main 

general challenges in oceanographic data assimilation systems are: 

 Observations are insufficient to define the states 

 Model background error covariance cannot be fully known 

 Consequences of nonlinear chaotic dynamic behaviour 

The integration of accurate and efficient data assimilation algorithms into hydrodynamic models 

can have significant benefits for model applications in both hindcasting and forecasting; this was 

the main motivation for this research.  Coastal models are used extensively for hindcasting when 

applied to engineering projects such as planning appropriate locations for sewage treatment 

plants, or for investigating historical events such as accidental oil spillages.  Hydrodynamic 

operational forecasting has become more common in recent years, and can play important roles 

in forecasting events such as storm surges and search and rescue. 

Data assimilation is a technique to obtain a better estimate of oceanographic states by combining 

information of observations and models. In this research, a radar system that monitors and 

outputs hourly surface currents in Galway Bay is used as a data source for assimilating into a 

hydrodynamic model. A three-dimensional model EFDC (Environmental Fluid Dynamics Code) 

was used to simulate the coastal hydrodynamics, and assessed to determine if a data assimilation 

system could provide more accurate model hindcasts and forecasts, and to prepare for the 

development of an operational forecasting system for Galway Bay.  

 

1.2. Aims and Objectives 

The main goals of this research are twofold: firstly, to combine radar surface currents into a 

hydrodynamic model using four different sequential data assimilation algorithms and to 

undertake detailed intercomparisons of the four different approaches during both hindcasting and 

forecasting periods; secondly, to extend improvements during forecasting period and select the 
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best data assimilation model for Galway Bay. Following a literature review, the objestives below 

were set to achieve the above aims for this thesis:  

 To assess the accuracy of the high frequency radar data using ADCP measurements and 

wave buoy data. 

 To set up the best initial model in the absence of data assimilation (‘free run’) via 

sequentially optimizing wind stress, vertical layer thickness configuration and bottom 

roughness by comparing the modelled results with the radar data and ADCP 

measurements. 

 To test the modelling stability and extend the influence duration of data assimilation on 

forecasting assimilating two types of pseudo data in different domains using the Direct 

Insertion data assimilation algorithm. 

 To obtain improved hindcasting via assimilating the radar data with Direct Insertion, 

Optimal Interpolation, nudging and indirect data assimilation via correcting wind force 

algorithm, respectively. 

 To assess sensitivity to varying data assimilation parameters. 

 To assess the improvements of data assimilation during hindcasting period by comparing 

the time series of surface velocity components and vector maps from the best data 

assimilation models. 

 To study the influence of data assimilation cycle lengths on forecasting. 

 To assess the effectiveness and influence of data assimilation during forecasting period 

by comparing time series of velocity components and vector maps. 

 To quantitatively evaluate the improvements of forecasting in a concise way using 

statistical assessment techniques: Data Assimilation Skill Score and Averaged Kinetic 

Energy. 

 To study the effects of updating surface currents on vertical current profiles in time. 

 To determine the best data assimilation model to use for Galway Bay. 

These aims and objectives represent a detailed investigation into the potential for using data 

assimilation in a complex coastal region, where the domain is strongly wind-induced and regions 

of wetting and drying prevail.  This investigation, importantly, carries out detailed 

intercomparisons between different data assimilation algorithms and suggests the most 
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appropriate algorithm for use.  The author is not aware of any other such in-depth investigations 

into data assimilation techniques for coastal waters. 

 

1.3. Layout of Thesis 

The layout of this thesis is as follows: 

A literature review of data assimilation techniques is presented in Chapter 2. A historical 

development of using data assimilation techniques in methodology, hydrology, hydraulics and 

oceanography with different available measurements is first summarized. Detailed description of 

two types of data assimilation algorithms is presented: sequential and variational data 

assimilation applied in oceanography is presented in this chapter. Advantages and disadvantages 

of each data assimilation algorithm are summarized.  

Chapter 3 introduces two-dimensional numerical models by taking Depth Integrated Velocity 

And Solute Transport (DIVAST) as an example. Basic theory parts of DIVAST are described. 

Constraints of two-dimensional models were also presented. A three-dimensional numerical 

coastal model EFDC is introduced and compared with the two-dimensional model DIVAST. 

Detailed description of the main theory underpinning EFDC is presented in this chapter. 

Validation of radar data in Galway Bay compared with ADCP and wave buoy measurements is 

presented in Chapter 4. The observation platforms: radar system, ADCP and wave buoy in 

Galway Bay, are firstly introduced before comparison. Taking contamination of ADCP data near 

the surface due to side-lobe contamination and near-surface wind-induced errors into account, 

ADCP data on three levels: surface, subsurface and low water level, were used to compare with 

the radar current speed. Radar current direction was also compared with ADCP current direction 

at low water level. Wave heights between the radar data and wave buoy measurements were 

compared. Moreover, properties and applications of the radar data in all kinds of aspects are 

summarized. 

Chapter 5 presents the set-up of the three-dimensional model EFDC. Water elevations at open 

boundaries, wind stress, vertical layer thickness configuration and bottom roughness, which have 

direct impacts on the generation of surface currents, were all sequentially examined to assess 
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their impacts on model sensitivity. The modelled results from these tests were intercompared 

with radar data and ADCP measurements. Appropriate parameters were then selected based on 

minimum averaged Root-Mean-Square-Error (RMSE) in space and time.  

Chapter 6 gives a detailed description of four types of sequential data assimilation algorithms: 

Direct Insertion, Optimal Interpolation, nudging and indirect data assimilation via correcting 

model force. The process of the implementation of the above four sequential data assimilation 

algorithms into the model is presented in detail in this chapter.  

Direct Insertion data assimilation experiments using pseudo data are presented in Chapter 7. Two 

types of pseudo measurements were assimilated in different domains into the model using Direct 

Insertion data assimilation algorithm. Influences of data assimilation cycle lengths were studied. 

Moreover, effects of frequently continuous assimilation on the outside area without data 

assimilation and vertical current profiles were investigated in this chapter. 

Chapter 8 presents parameter optimization, sensitivity tests of data assimilation cycle lengths and 

results from the best data assimilation models during hindcasting and forecasting periods using 

different data assimilation algorithms. Real radar data were then assimilated into these models. 

The best parameters in each data assimilation algorithm were defined through obtaining the 

minimum RMSE between radar data and modelled results with hourly assimilation of radar data. 

Time series and vector maps from these models were compared with radar data in hindcasting 

and forecasting periods. Moreover, Data Assimilation Skill Score (DASS) and Averaged Kinetic 

Energy (AKE) were used to assess the effectiveness and influence of data assimilation on 

forecasting.  

Finally, Chapter 9 presents a summary of the research and the final conclusions. Possible future 

work of interest is finally outlined.  
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2.1. Introduction 

In general, there are three approaches available for researchers to investigate natural processes: 

(a) observations of nature; (b) scaled physical experiments; (c) numerical/ mathematical 

modelling. Each of these provides meaningful information to analyze dynamic processes of 

relevant phenomena. Each approach also has its own constrains and shortcomings. Observation 

is a desirable way to obtain the data of real states, but it is usually expensive. Moreover, 

observation bias from observers or measurement tools can reduce the reliability of recorded data. 

Scaled physical experimentation is a most useful way to investigate processes, but such 

experiments are usually time consuming and expensive to set up. In addition, limitations always 

exist when extrapolating the data obtained from scaled model of a problem to the actual 

prototype, such as scaling friction and viscosity; experimental errors are also inevitable. Accurate 

definition of initial conditions, boundary conditions, constitutive relations and external forcing 

etc. is not easy in numerical modelling. Since changing processes in nature are continuous and 

complex, artificial definition of temporal and spatial resolution overly simplifies internal 

processes in numerical models. Many of these assumptions can cause significant errors in 

numerical models.  

Although numerical modelling is not perfect, it is an efficient and powerful tool to learn about 

dynamic processes of interest. Take the application of numerical models in hydrodynamics as an 

example, computational hydrodynamics started in the early 1970s (Blazek, 2007). Two-

dimensional and three-dimensional coastal hydrodynamics models have been applied in many 

regions due to the rapid development of computing technology. In general, there are two major 

types of two-dimensional models: laterally or vertically integrated. Two-dimensional depth-

averaged numerical models are considered suitable for the modelling of coastal waters since its 

computational cost is not expensive. However, some accuracy is sacrificed by using the depth-

averaged equations of flow as information on the vertical velocity distribution is ignored. So the 

two-dimensional models might not capture physical processes like turbulence. In order to better 

describe the internal dynamic processes, three-dimensional numerical models have been widely 

used to simulate the hydrodynamic process, such as Princeton Ocean Model (POM), 
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Environmental Fluid Dynamics Code (EFDC), Delft-3D. These three-dimensional models can 

simulate basic dynamic processes of hydrodynamic phenomena, whereas detailed description of 

some water parameters is not satisfactory due to model errors. Some researchers’ results from 

three-dimensional modelling simulation of surface currents showed modelling inaccuracy. Lu et 

al. (2010) developed a nested grid three-dimensional model to simulate the variability of surface 

currents around Sekisei Lagoon, southwest of Japan. The nested model is comprised of a coarse-

resolution model, an intermediate-resolution model and a fine-resolution model. They found the 

model can simulate the basic water circulation in the lagoon, but the model underestimated the 

diurnal/ semi-diurnal oscillations of the surface currents and temperature. They suggested that 

the underestimation resulted from the tidal amplitude specified on the boundary, which was not 

sufficient to drive the currents inside the lagoon. Port et al. (2011) also applied a nested three-

dimensional model consisting of a coarse-resolution outer model and an inner fine-resolution 

model to simulate wind-driven surface currents in the German Bight. Comparisons between the 

radar data and modelled results showed the consistency was found in terms of zonal and 

meridional components of velocity time series, ellipse parameters of the dominant M2 tidal 

constituent as well as small-scale spatial patterns of the magnitude of complex correlation of 

wind and surface currents. They suggested that wind direction affected the correlation a lot, 

which means that the model errors can result from the inaccurate wind data.  

In order to make full use of the advantages of the above methods and to consider the constraints 

and disadvantages at the same time for better simulation, a blending of useful and reliable 

information from measurements, or even physical experiments, with numerical model results has 

been broadly developed over the last fifty years or so. This blending process is called data 

assimilation; data assimilation has been applied in atmospheric modelling since 1920s, and 

currently is becoming more popular in hydrology, hydraulics and oceanography. Figure 2.1 

shows a schematic of the data assimilation idea.  
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Figure 2.1 Schematic of data assimilation 

 

Data assimilation is a powerful technique to better estimate the variables of interest by 

considering the observational trajectory. The motivations of the application of data assimilation 

techniques in numerical models can be listed as follows (Evensen, 1992): 

 Numerical models will never give an exact description of the state of a dynamic process. 

They are subject to errors from estimated model parameters, neglected physics, solution 

techniques, forcing data, and errors in initial and boundary conditions. The modelled 

states, therefore, only give an approximate of the physical process as function of time and 

space. 

 A set of measurements will never be complete. There will always be physics which are 

ignored by the measurements, and they will only be available sparsely in space and time. 

A set of measurements are also subject to errors and will therefore only give an 

approximate description of the complete state as a function of space and time. 

The implicit hypothesis within data assimilation is that measurements are always more reliable 

than modelling results, and that assimilation of measured data from various tools into models 

will improve the model results, not only in hindcasting but also in forecasting. A complete data 

assimilation system comprises of three parts: a dataset, a dynamic model and a data assimilation 

algorithm. Maximum likelihood or minimum mean square error criteria are usually applied to 

obtain the best estimates in data assimilation algorithms.  Measurement errors and modelling 

errors are both considered in the process. The fundamental principle of the data assimilation 
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process is that reliable measurements are used in a model to guide the model to follow the 

trajectory of true states of a process. The desirable combination of the available measurements 

relies on consideration of uncertainties (errors). Data assimilation is able to produce process 

estimates both in time and in the spatial dimensions.  

Generally speaking, there are two types of data assimilation algorithms: sequential and 

variational data assimilation. Sequential data assimilation (Direct Insertion, Successive 

Correction Method, nudging, Optimal Interpolation, Ensemble Kalman Filter etc. ) only updates 

model background states at certain timesteps when observational data are available; the analysis 

equation is a linear combination of model background states and observation states. Variational 

data assimilation such as three-dimensional variational data assimilation (3D-VAR) and four-

dimensional variational data assimilation (4D-VAR) provides a methodology of obtaining an 

optimal analysis state by minimizing a given cost function (Broquet et al., 2009, Robert et al., 

2006, Zhang and Zhang, 2012, Singh and Sandu, 2012, Shutyaev and Le Dimet, 2012, Robinson 

and Lermusiaux, 2000, Zhang et al., 2010b). Both techniques have been applied in 

meteorological, hydrological, hydraulic and oceanic forecasting systems. Apart from these data 

assimilation algorithms, Artificial Neural Networks (ANNs) is a technique applied in many 

fields to estimate states of interest using measured data (Deo, 2010, Babovic et al., 2001, Huang 

and Murray, 2008). Some researchers also consider it as a kind of data assimilation algorithm 

combining it in a data assimilation system to improve modelling performance. 

In this chapter, Section 2.2 to Section 2.4 provide a brief review of the application of data 

assimilation in meteorology, hydrology, hydraulics and oceanography, respectively. A review of 

sequential and variational data assimilation algorithms, and Artificial Neural Networks applied in 

oceanographic forecasting systems are presented in detail in Section 2.5. Conclusions and a 

justification for the current research are presented in Section 2.6.  

 

2.2. Data Assimilation in Meteorology 

Data assimilation techniques have been used in numerical weather prediction since the 1920s. In 

an early experiment, Richardson (1922) combined available measured data to grid points in a 

model using hand interpolation. Initial conditions in the model were manually digitized 
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(Richardson, 1922). The disadvantages of this method are that the hand interpolation process is 

time consuming and the method is subjective.  In order to avoid these disadvantages, Panofsky 

(1949) put forward the first objective analysis based on two-dimensional polynomial 

interpolation. In this method, wind and pressure fields were objectively related to space 

coordinates by analytic functions, which represented the distribution of the meteorological 

variables in three dimensions. Gilchrist and Cressman (1954) conducted an experiment in 

objective analysis and found that a simple two-dimensional scheme of objective analysis was 

feasible and satisfactory for the purpose of transforming raw data into input data for a two- or 

three- parameter numerical prediction model. They summarized that the greatest obstacle to 

applying a complete objective analysis arose from errors of computation and transmission of raw 

meteorological data. To apply the objective analysis in an operational system, Cressman (1959) 

developed the Successive Correction Method (SCM) for an automatic data processing system. 

The basic idea in Successive Correction Method is to apply corrections to a first guess field. The 

corrections are determined from comparison of data with the interpolated values of the guess 

field at the observation location. Detailed description of Successive Correction Method is given 

in Section 2.5.1.2. Barnes (1964) also applied Successive Correction Method to avoid the 

undesirable effects that erroneous data produce. A weighted-averaging process used in their 

objective analysis had been developed from the fundamental premise that the two-dimensional 

distribution of an atmospheric variable can be represented by a Fourier integral; Barnes (1964) 

defined the weightings to follow a Gaussian distribution. Uboldi and Buzzi (1994) applied 

Successive Correction Method in mesoscale meteorological analysis. They used seven different 

Success Correction analysis algorithms in a meteorological case to study the influence and found 

that correction formulations of the iterative procedure not only lead to very accurate results, but 

was that it also computationally efficient. Another data assimilation algorithm entitled nudging, 

or Newtonian relaxation, has been widely used since the 1970s. The nudging data assimilation 

algorithm is presented in detail in Section 2.5.1.4. Hoke and Anthes (1976) used a nudging 

technique to initialize numerical models. Data were assimilated through the inclusion of terms in 

forecast equations which force the model atmosphere toward the observations. Their results 

showed that accurate, dynamically balanced mass and momentum fields can be obtained from 

unbalanced, inexact first guesses. However, these objective analysis methods are empirically 

defined. Moreover, the errors in observations and models, which are of great importance to 
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obtain accurate forecasting, are not considered in this data assimilation process. Hence, Optimal 

Interpolation (statistical interpolation) described by Kolmogorov (1941) and Wiener (1970) 

became increasingly popular as it considers both computational errors and observational errors 

within a theoretical context. Gandin (1965) and Bouttier and Courtier (1999) gave a 

comprehensive description of Optimal Interpolation. Description of Optimal Interpolation data 

assimilation algorithm is given in detail in Section 2.5.1.3. A linear analysis equation in Optimal 

Interpolation is derived according to estimated statistics regarding their errors, rather than 

empirically defined.    

Furthermore, variational data assimilation algorithms (three-dimensional variational data 

assimilation and four-dimensional variational data assimilation) are broadly applied in 

meteorological forecasting systems (Quere and Saltzman, 2009).  Introduction of three-

dimensional variational data assimilation and four-dimensional variational data assimilation 

algorithms are given in Section 2.5.2. Faccani et al. (2007) assimilated Special Sensor 

Microwave/Imager (SSM/I) data into a meso-scale weather prediction model using three-

dimensional variational data assimilation algorithm. Either brightness, temperatures or 

precipitable water and surface wind speed were assimilated in their case study. They found that 

three-dimensional variational data assimilation of SSM/ I data improved the rainfall forecast of 

the heavy-precipitation case better than the standard observations alone, even if the 

improvements were not as large as expected. Lorenc (1981, 1986) showed that Optimal 

Interpolation and  three-dimensional variational data assimilation approaches were equivalent if 

the cost function was defined as a summation of the distance of forecast field to observation and 

the distance of forecast field to background field. Since three-dimensional variational data 

assimilation only identifies the best estimate at a single time using observation from a narrow 

time window, Le Dimet and Talagrand (1986) proposed a four-dimensional variational data 

assimilation approach to identify the best estimate over a finite time interval using all available 

observations during the interval and dynamically interpolate information in space and time using 

a model.  A major advantage of four-dimensional variational data assimilation is that it can 

provide exact consistency between analysis and model dynamics. 
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2.3. Data Assimilation in Hydrology and Hydraulics 

Earth observing satellites have been used to monitor hydrologic parameters such as rainfall, 

snow cover, soil moisture, land surface skin temperature, precipitation and groundwater flow 

over the last 30 years. Various data assimilation approaches, with mature applications in 

meteorology, have also been developed in hydrological and hydraulic models to enhance model 

performance. Land surface hydrologic models have been used to predict the hydrologic process 

in time and space, but model initialization, parameter and forcing errors, inadequate model 

resolution etc. can result in poor predictions. In essence, the goals of hydrologic data assimilation 

are to make the best use of hydrologic process knowledge in hydrological models and available 

observation information from various measurement tools. Improved predictions are expected in 

hydrological models with data assimilation. Many researchers have tried to assimilate soil 

moisture data into hydrological models with different data assimilation techniques, due to the 

abundant observational data (Walker and Houser, 2004, Walker et al., 2001b, Walker et al., 

2001a, Walker et al., 2002, Walker and Houser, 2002, Walker and Houser, 2001, Reichle et al., 

2001, Ottle and Vidal-Madjar, 1994, Milly, 1986, Kostov and Jackson, 1993, Jackson et al., 2009, 

Houser et al., 1998, Georgakakos and Baumer, 1996, Entekhabi et al., 1994, Arya et al., 1983, 

Bernard et al., 1981, Bouttier and Courtier, 1993, Witono and Bruckler, 1989, Bruckler and 

Witono, 1989, Castelli et al., 1999, Reichle et al., 2002).  

In order to retrieve the soil moisture profile, Walker et al. (2001a), Walker et al. (2001b) applied 

the Kalman Filter in a one-dimensional assimilation study using near-surface soil moisture 

measurements. They found that soil moisture profile retrieval with the Kalman Filter assimilation 

algorithm was only as good as the model representation of the dominant soil physical processes 

and its calibration. Moreover, their results indicated that assimilation of near-surface soil 

moisture measurements was only useful for correcting errors in soil moisture forecasts as a result 

of errors in initial conditions and atmospheric forcing data and not as a result of errors in the 

physics of the soil moisture model. Walker et al. (2002) also applied a simplified Kalman filter to 

assimilate near-surface soil moisture measurements into a distributed three-dimensional soil 

moisture model. The simplified parts in this approach are that the system state correlations were 

estimated from the dynamics of the forecast model and the covariances assembled at update 

times using specified system state variance. Their results showed that simulation of soil moisture 

profile retrieval with both the Modified Kalman Filter with a simplified Kalman filter covariance 
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and Kalman Filter had good performance. Modified Kalman Filter predicted the higher 

correlations adequately and qualitatively tracked the decrease in correlation during drying 

periods, with a significant decrease in computational effort. Apart from assimilating soil 

moisture data into hydrological models, Wolf et al. (2000) had applied a sequential data 

assimilation algorithm in a three-dimensional model to simulate the water level in the Odra 

lagoon during the flood period of summer 1997. In their data assimilation algorithm, a spatial 

covariance was computed from time series of water level measurements making use of the 

physical properties of the system. Their results showed that despite a small number of 

measurements being assimilated, the data assimilation process enabled an improved 

reconstruction of the physical system.  

Moreover, a number of researchers applied different data assimilation algorithms to improve 

hydrological rainfall prediction in models (Liu et al., 2013, Grecu and Krajewski, 2000, Hou et 

al., 2013, Maiello et al., 2014, Mohanty et al., 2011). Liu et al. (2013) completed studies on 

Weather Research and Forecasting (WRF) radar data assimilation for hydrological rainfall 

prediction. Three-dimensional variational data assimilation algorithm was applied in their model. 

They found that the improvements of rainfall forecasts by solely assimilating radar data were not 

as obvious as assimilating meteorological data; whereas the positive effects of the radar data can 

be seen when combined with traditional meteorological data. They suggested that additional 

radar data would be required to further improve the effect of data assimilation. Hou et al. (2013), 

Maiello et al. (2014), Mohanty et al. (2011) also investigated the impact of three-dimensional 

variational data assimilation on the prediction of heavy rain cases in different regions. Mohanty 

et al. (2011) found that the intensity and spatial distribution of the rainfall had been considerably 

improved in the assimilation simulation over Indian regions; and the statistical skill scores 

revealed that the precipitation forecast had appreciably improved due to assimilation of 

observations. Hou et al. (2013) analyzed the impact of three-dimensional variational data 

assimilation on the prediction of two heavy rainfall events over Southern China. Their results 

suggested that extra surface Automatic Weather Station (AWS) data assimilation had slight, but 

generally positive, impact on rainfall location forecasts and surface AWS data improved model 

results of near-surface variables. Maiello et al. (2014) also studied the impact of radar data 

assimilation on a heavy rainfall case in central Italy. Their results showed that three-dimensional 
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variational had a positive impact on simulation if Doppler weather radar data were ingested 

together with conventional observations.  

In addition, snow-evolution data assimilation systems have been developed by some researchers 

using ground-based and remotely sensed snow data (Liston and Hiemstra, 2008, Su et al., 2011, 

Dechant and Moradkhani, 2011). Liston and Hiemstra (2008) used Optimal Interpolation data 

assimilation algorithm to combine ground-based and remotely sensed snow data into a snow-

evolution model. Their results showed that the assimilation model improved the modelled snow 

water equivalent distributions and that simulated snow water equivalent displayed considerably 

more realistic spatial heterogeneity than that provided by the observations alone. Su et al. (2011) 

run synthetic one-dimensional snow data assimilation model using Ensemble Kalman Filter, 

which was proposed by Evensen (1993, 1994). Detailed description about Ensemble Kalman 

Filter is given in Section 2.5.1.5. Their results suggested that simultaneous state and parameter 

estimation were effective in the synthetic Ensemble Kalman Filter simulation without model 

structure error. The algorithm reduced the systematic error in snow water equivalent estimates 

and accurately retrieved the parameter values. Dechant and Moradkhani (2011) also applied 

Ensemble Kalman Filter to improve snow water equivalent prediction assimilating remotely 

sensed microwave radiance data into models. They found that radiance assimilation had a 

positive influence on snow water equivalent prediction during the winter. Moreover, results from 

assimilation models produced more accurate stream flow results than a control run with no data 

assimilation. 

In order to reduce the uncertainty in Surface Water and Ocean Topography (SWOT) estimates of 

discharge in a large river system, Yoon et al. (2012) used a data assimilation approach as an 

extension of the Ensemble Kalman Filter to estimate river bathymetry from observed Water 

Surface Elevation (WSE) coupled with a hydrodynamic model. Since the SWOT measurement in 

their research at one overpass not only contained information about that time, but also about 

times prior and after the overpass. An ensemble batch smoother algorithm was used to apply 

observations made at one overpass to model simulations at other times and to apply observations 

of one part of the river to other river locations. A 22-day smoothing window was used in their 

data assimilation process under consideration of the convenience to correspond to SWOT repeat 

cycle. They found that the ensemble batch smoother improved estimates of river discharge using 
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SWOT observations and it was useful for estimating river bed elevations. They also suggested 

that the accuracy of bed elevation estimates was efficiently recovered within the ensemble batch 

smoother data assimilation algorithm; the assimilation process tended to degrade the bathymetry 

estimates for cycles where the boundary inflows were biased more than 40%. Wilson and Özkan-

Haller (2012) also applied an ensemble-based data assimilation algorithm to estimate the river 

depths using measurements of Eulerian velocity. The reason for using the measured river 

velocity in their model to estimate the river depths was the strong sensitivity between the two 

variables. The best estimator in their data assimilation system was obtained by minimizing a cost 

function, which blended known information in the form of a prior estimate and measured data 

including measurement noise. The results showed that the measured river velocity could 

potentially be used to estimate bathymetry with an ensemble-based least squares data 

assimilation algorithm.  

 

2.4. Data Assimilation in Oceanography 

Application of different data assimilation approaches in meteorological, hydrologic and 

hydraulic models suggested that data assimilation techniques are a robust means to enhance 

modelling performance. At the same time, a variety of data assimilation techniques are also 

widely applied in oceanography. Generally in coastal areas, water parameters such as surface 

currents, sea surface temperature (SST), salinity and significant wave height are of great 

importance to us when studying marine dynamic processes. Surface currents in particular are 

most crucial, for example, surface currents can create eddies and also affect upwelling in many 

places. Owing to the successful application of a variety of data assimilation techniques in 

meteorology, hydrology and hydraulics, and the deployment of shore-based high frequency 

radars in coastal area, assimilating radar surface currents into a numerical coastal model to 

improve the modelling performance has been attempted since the 1990s. The basic goals of data 

assimilation within these oceanographic models are: to improve the model forecasting ability 

with the help of observations, to estimate the best states in model and to develop a framework to 

identify model errors. In oceanography, data assimilation algorithms are generally implemented 

in order to improve the model forecasting.  In order to obtain accurate forecasting states of 
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surface currents, a variety of researchers have assimilated radar surface currents into numerical 

model using different data assimilation algorithms.  

The data assimilation algorithms mentioned above have been applied to blend observations with 

numerical models while considering the computational expense, operational possibility and 

improvements in assimilation models according to specific model requirements. Tinis et al. 

(1996) attempted to assimilate radar measured surface currents into a numerical model to 

simulate oil spills using a simple nudging technique. Their results demonstrated that blending 

radar measured surface currents and numerical model data produced smoother and more 

complete fields, and provided confidence in using blended fields which proved to be effective for 

short-range current forecasting. Their work guaranteed a promising future to the assimilation of 

radar surface currents within numerical models to improve forecasting. Since then, many more 

radar systems have been installed to monitor surface currents in coastal areas all over the world.  

In addition, a variety of researchers have combined radar surface currents into numerical coastal 

models using different data assimilation algorithms to improve modelling performance, some 

have even been developed as operational forecasting systems, such as Forecasting Ocean 

Assimilation Mode (FOAM), Bluelink Ocean Data Assimilation System (BODAS) (Bell et al., 

2000, Martin et al., 2007, Oke et al., 2008).  

Breivik and Satra (2001) developed a real time assimilation system using radar currents into 

model with an improved Optimal Interpolation data assimilation algorithm. Spatial covariance of 

model states derived from an ocean model was used instead of simplified mathematical 

formulations. Results showed that both analysis and short-term forecast outperformed the free 

run (with no data assimilation), which means that data assimilation added meaningful 

information to the model. However, the +6h forecasting was found to be only marginally better 

than the free run.  

Paduan and Shulman (2004) assimilated radar data into a model of the Monterey Bay. Firstly, 

they computed corrections to model-predicted surface currents from radar-derived surface 

currents using the Physical-space Statistical Analysis System (PSAS) algorithm (Silva and Guo, 

1996); then corrections to surface velocities were related to corrections in model wind-forcing 

using two different methods based on physical segments related to energy conservation or 
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Ekman-type momentum transfer. A comparison between modelled results when the model used 

data assimilation against model results without data assimilation showed that a significant 

improvement in the correction between the model and observed subsurface currents when an 

Ekman-layer projection of the correction was included.  

Fan et al. (2004) assimilated drifter and satellite data into a circulation model using a nudging 

algorithm for a region in the Northeastern Gulf of the Mexico. Fan et al. (2004) compared the 

results from models with data assimilation and without data assimilation. Comparisons of the 

modelled currents with moored data on the West Florida Shelf showed improvements when data 

assimilation was implemented in the model.  

Barth et al. (2008) also assimilated radar currents in a West Florida Shelf (WFS) model based on 

Regional Ocean Model System (ROMS) with a sequential data assimilation algorithm. The error 

covariance in their data assimilation system was estimated from an ensemble simulation of the 

WFS model with different wind forcing. Results of the WFS model with data assimilation of 

radar currents showed an improvement of the model currents not only at the surface but also at 

depth.  

Shulman and Paduan (2009) also assimilated radar-derived radial and total currents in the 

Monterey Bay area when high-resolution (3 km) wind forcing was available. The results showed 

that assimilation of radar data had positive impacts on surface and subsurface model predictions 

even in cases for which high-resolution atmospheric models were used to force the coastal 

models. Shulman and Paduan (2009) studied the impacts of surface current assimilation and 

suggested that model depths below the surface assimilation layer were positively influenced 

when the velocity correction field at the surface was horizontally divergent.  

Zhang et al. (2010b) assimilated all available observations of temperature, salinity and velocity 

collected by a variety of platforms into the ROMS ocean model with four-dimensional 

variational data assimlation. In their study, observation errors were assumed to be independent of 

each other, and an error standard deviation was assigned to each observation according to 

instrument accuracy, model representation of observed physical processes, and the convergence 

of the data assimilation system. They found that assimilating radar surface currents improved the 

velocity forecast, but degraded the subsurface temperature forecast. They suggested that this may 



Chapter 2 Literature Review  

20 

 

result from the univariate background error covariance, which did not consider the cross-variable 

covariance.  

In order to avoid the influence from the definition of background error covariance, Lewis et al. 

(1998) and Barth et al. (2011) did not directly assimilate radar data into numerical model, but 

indirectly through correcting surface wind stresses that were applied to the model as a surface 

boundary condition. The basis for this method is that inaccurate wind forcing is probably the 

main source of error for simulated surface currents in coastal areas. In their data assimilation 

system, the uncertainty in the wind field forcing was represented by an ensemble of perturbed 

wind forcing. In addition, Barth et al. (2011) performed sensitivity tests to the length of the 

assimilation cycle and found improvements due to data assimilation decreased with increasing 

assimilation window periods. The results showed that their approach was able to reduce the 

model error where the error source was clearly identified, but it could not reduce the model error 

due to non-deterministic model behavior, such as inappropriate parameterizations, incorrect 

density structures and representation of the tidal signal. The data assimilation algorithm used in 

their work was not traditionally sequential data assimilation, but a wind forcing correction 

procedure which continuously updated the model states. High frequency radar surface currents 

were used to infer wind stress and hence indirectly assimilated into the numerical model. A 

major difficulty here, as with all ensemble approaches, is that a relatively large number of 

ensembles are needed to provide a realistic correction.  

To assimilate radar surface currents into estuarine and coastal ocean circulation models, 

Gopalakrishnan and Blumberg (2012) introduced a nudging parameter into the equations of 

motion which affect model dynamics. The radar data were imparted to neighboring grid points 

via model dynamics. The impacts of data assimilation were analyzed by running models with 

and without data assimilation. A Data Assimilation Skill Score (DASS) based on Mean-Square-

Error (MSE) was calculated to assess the improvement of forecasting with nudging data 

assimilation. Their results showed that the nudging data assimilation algorithm was a robust and 

efficient technique for assimilating radar data into a three-dimensional operational forecasting 

model. Both of the surface velocity components were improved in hindcasting and forecasting 

models.  
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Xu et al. (2014) assimilated radar surface currents into a shelf sea circulation model using 

Optimal Interpolation data assimilation algorithm. They assumed that forecast errors would 

resemble forecast tendencies and estimated the spatial error covariance from difference between 

adjacent model forecast fields, which served as the forecast tendencies.  Their results showed 

that implementation of Optimal Interpolation data assimilation algorithm was suitable for 

operational assimilation and made great improvements in shelf current simulation. Xu et al. 

(2014) also tested the influence of variational observation density and found that patterns 

described by observations were more significant than the amount of observations per se. In their 

test, the spatial interval of observation was of the order of five times bigger than that of the 

model's computational grid spacing. The hourly measured surface currents by radar systems in 

Galway Bay have fine spatial resolution 300 m×300 m, which is only double of the original 

model’s computation grid spacing in this work.  

To improve the model trajectory, Marmain et al. (2014) applied ensemble Kalman data 

assimilation algorithm to assimilate radar surface currents into numerical models. An ensemble 

of wind forcing or an ensemble of open boundary conditions based on perturbations of the model 

background states were used to define the model errors. Marmain et al. (2014) found that the 

correction of the wind forcing had a stronger impact on the resulting simulated surface currents 

than the open boundary conditions forcing correction. 

Data assimilation algorithms blend measured data into model to enable the models better follow 

the observational trajectory. In order to make the best of the measured data to improve the 

forecasting accuracy of model states, Artificial Neural Networks can be used to mimic the errors 

introduced by the numerical model, which can be achieved by training the Artificial Neural 

Networks using output from numerical models before applying data assimilation as input, with 

the modelled results after data assimilation as the goal. The trained Artificial Neural Network is 

then used as a post-processor of the output from the data assimilation model. Detailed 

introduction about Artificial Neural Networks is presented in Section 2.5.3. For example, Zhang 

et al. (2006) had incorporated the Artificial Neural Networks and data assimilation techniques 

into a third-generation wind-wave model for wave forecasting. Their results showed that an 

appropriate improvement in the accuracy of forecasting can be obtained with this method. Some 

researchers had applied Artificial Neural Networks to estimate surface currents in coastal areas. 
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Babovic et al. (2001) used Artificial Neural Networks to develop an operational forecasting 

system of current speeds in the Danish Øresund Strait. Their results showed that their numerical 

model using Artificial Neural Networks technique performs much better than each of its 

constituents took exclusively. The beneficial points were not only in terms of forecasting 

accuracy, but also in terms of extension of the forecast horizon. Huang and Murray (2008) also 

applied multiple-station Artificial Neural Networks for predicting tidal currents across 

Shinnecock Inlet, USA. They found that Artificial Neural Networks were capable of establishing 

satisfactory correlations between tidal currents at multiple stations and water levels. 

Comparisons of their model predictions and observations were very good; the correlation 

coefficients ranged from 0.95 to 0.98 and Root-Mean-Squared-Errors ranged from 0.04 to 0.08 

m/ s.  

The above examples of applying various data assimilation algorithms to combine measured 

coastal water parameters with numerical coastal models proved that data assimilation techniques 

are robust and efficient, leading to improvements in modelling performance. A brief description 

of significant data assimilation algorithms that have been developed is presented in Section 2.5.  

 

2.5. Oceanographic Data Assimilation Algorithms 

Each data assimilation algorithm aims to improve modelling performance using available 

observation. Attempts to improve model estimates through blending available measurements 

have resulted in a variety of data assimilation algorithms. Descriptions of sequential data 

assimilation algorithms, variational data assimilation algorithms and Artificial Neural Networks 

used in ocean modelling are presented in Section 2.5.  

 

2.5.1. Sequential Data Assimilation Algorithms 

Sequential data assimilation algorithms for non-linear systems aim to obtain improved analysis 

states by linearly combining differences between measurement states and model background 

states with a basic forecast process. Attempts to define a weighting factor or Kalman gain gave 

rise to a variety of sequential data assimilation algorithms, such as Direct Insertion, Successive 
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Correction Method, Optimal Interpolation, nudging and Ensemble Kalman Filter. Figure 2.2 

presents a schematic process of sequential data assimilation.  

Time

Measurement Forecast State

Analysis State

ti

Field value

 

Figure 2.2 Sequential data assimilation process 

 

In Figure 2.2,    is the temporal length of a data assimilation cycle; black lines represent the 

modelled results; red dots represent the measured data. Temporal length    depends on available 

measurement data and measurement data frequency, when the value of    is small there is a 

relatively large observed dataset available to update the model background states. If the 

measurement states are difficult to observe or it takes a long time to capture the measured states, 

the value of    would be large.  

Sequential data assimilation can be carried out intermittently or continuously, again depending 

on the availability of measured data. When data from different sources are assimilated into a 

numerical model,    may change based on the measurement frequencies for different datasets. 

For sequential data assimilation algorithms, initial conditions of a numerical model are reset at 

every data assimilation step in the assimilation domain. The analysis states replace the model 

background states at the data assimilation update time. The model then follows its own dynamic 

process after the reinitialization. The sequential data assimilation process can be viewed as a 

correction process of initial conditions for a dynamical system at some computational time steps.  
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The basic analysis equation of sequential data assimilation algorithms can be described in the 

following linear formula (Kalman, 1960): 

                                                                      (2.1)       

The variables in equation (2.1) are defined in Table 2.1. The analysis and background state 

variables may be parameters such as velocity components (   ), temperature ( ), salinity ( ) in 

oceanographic data assimilation systems. The analysis and background states are matrices, every 

column in these matrices stands for a variable vector: 

                                                                          (2.2) 

Matrix   in equation (2.1) is the Kalman gain or weighting factor, which represents the gridding 

operation. Kalman gain   returns a gridded field when it is applied to a vector of observations 

minus the model background state.  

Table 2.1 Parameters of Sequential Data Assimilation Analysis Equation (2.1) 

Notation Meaning Dimension 

    Analysis model state, which is the best state after blending 

measured data  

    

    Background model state, which is solved in numerical 

model without considering measurements 

 

    

    Measurement state, obtained from observation     

   Covariance matrix of the model background errors 

         , which describes the magnitude of model errors. 

The definition is different in various data assimilation 

algorithm 

    

   Observation operator, which projects the model 

background field to observation field 

    

   Covariance matrix of observation errors      

    True state (in fact, unknown)     

  Kalman gain or weighting factor, which is calculated using 

equation                   

    

*Note T is the transpose of the matrix.  
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The major distinction among each sequential data assimilation algorithm is definition of the 

Kalman gain (Gopalakrishnan, 2008, Bouttier and Courtier, 1999). The popular sequential data 

assimilation algorithms used in oceanography are introduced in detail in the following sections. 

2.5.1.1. Direct Insertion 

The simplest sequential data assimilation algorithm is Direct Insertion data assimilation, which 

directly updates the model background states with measurement states, when available. A major 

assumption in Direct Insertion is that no errors exist in measurement states, which leads to the 

Kalman gain in equation (2.1) being the identity matrix. After projecting measured data to model 

grids, the assimilation process of Direct Insertion data assimilation can be expressed as follows 

based on equation (2.1): 

      
                   

                      
                                          (2.3) 

where: 

   is the assimilation timestep in model; 

   is a computational timestep with no data assimilation in model.  

Since it is assumed that there are no errors in measurement states in Direct Insertion data 

assimilation algorithm, the measurement states are taken as the true states. Direct Insertion of 

observations transfers the observational information directly to the numerical model, but the 

process may lead to an unbalanced state and even result in poor forecasting states. Care should 

be paid when implementing Direct Insertion data assimilation in a dynamic modelling system. If 

the measurement states are not accurate, Direct Insertion data assimilation may in fact 

contaminate the basic dynamic system. In this work, Direct Insertion data assimilation algorithm 

is used to test the three-dimensional model. 

2.5.1.2. Successive Correction Method 

Successive Correlation Method is an empirical sequential data assimilation approach (Kalnay, 

2002). The method consists of using the measured data to make successive corrections to an 

initial guess from model. The model state is assumed to be univariate and represented as grid-

point values. The analysis equation at the     grid point in Successive Correction Method can be 

written as (Cressman, 1959): 
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                                                     (2.4) 

where: 

   
  is the analysis state at the grid point  ; 

  
  is the model background state at the grid point  ; 

  
  is a set of         observations of the same parameter; 

     is the number of observations; 

    is a weighting function; 

     is the error.  

Cressman (1959) defined the weighting function     as follows: 

    
    
     

 

    
     

                                                                     (2.5) 

                                                                                (2.6) 

where,     is the distance between the grid points   and  .  

If the grid point   collocates with grid point  ,     is zero, which means that the weighting factor 

    is equal to one.      is a user-defined constant (“influence radius”) beyond which the 

observations have no weight       (Bouttier and Courtier, 1999).  

Successive Correction Method is essentially a method of applying corrections to a first guess 

field. The corrections are determined from a comparison of the data with the interpolated value 

of the guess field at the observation points. Successive Correction Method is a flexible and 

inexpensive algorithm to update model background states using measured data.  

2.5.1.3. Optimal Interpolation 

Optimal Interpolation is another sequential data assimilation, the innovation is the definition of 

Kalman gain, which is calculated by minimizing the analysis error covariance      . The error 

covariance of the analysis in Optimal Interpolation is derived from equation (2.1) by subtracting 
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the true state     on both sides. Then the analysis error covariance can be expressed as (Daley, 

1991): 

                  
 
                     

                                                             (2.7) 

where: 

   is the observation error; 

   is the model error.  

The error covariance of the analysis       depends on the weighting factor  . The Kalman gain 

in Optimal Interpolation is derived from minimum analysis error covariance (Daley, 1991): 

  
    

       
                                                    (2.8) 

Therefore, for Optimal Interpolation data assimilation approach, the analysis equations can be 

expressed from equations (2.1) and (2.8) (Daley, 1991): 

                
    

       
                                       (2.9) 

where,    is the difference/ misfit between measured data and model background states        

    . 

2.5.1.4. Nudging Algorithm 

The nudging data assimilation analysis equation is also a linear combination of model 

background states and weighted difference between measurements and modelled results; nudging 

data assimilation algorithms allow relaxation of model forecast states to follow the trajectory of 

measurement states. This algorithm is an approximation of the Optimal Interpolation algorithm, 

but the Kalman gain matrix   in nudging data assimilation algorithm is empirically defined 

rather than deriving by minimizing the square of the analysis error covariance (Gopalakrishnan 

and Blumberg, 2012, Bouttier and Courtier, 1999). A nudging term is introduced into the 

equation of motion using the difference between model states and observation states. The 
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analysis equation for nudging data assimilation algorithms also can be expressed the same as 

equation (2.1) (Gopalakrishnan, 2008, Gopalakrishnan and Blumberg, 2012). 

But the Kalman gain   is replaced by the nudging parameter  . The analysis equation can be 

given as (Anthes, 1974): 

                                                              (2.10) 

In coastal model data assimilation, Fan et al. (2004), Lin et al. (2007) and Gopalakrishnan (2008) 

defined the nudging parameter   with the follow empirical equation. 

   
 

  
   

 
         

 

  
  

  
 
       

  
 
  

 
 

  
 
                                     (2.11) 

where: 

         is the distance between model grid point and the observation location; 

       is the difference between assimilation and observation time; 

   is the assimilation timescale, which determines the strength of the nudging parameter;  

   is the damping time-scale for the nudging term;  

   is the length-scale of nudging term;  

 
 
 

  
 
 is an exponential decay parameter, which controls the depth of influence of the nudging 

parameter;  

   is the depth of influence .  

The definition of a nudging parameter produces sources and sinks near the observational 

locations. If the nudging term or ‘forcing’             is positive, a source is added to the 

original model dynamics; if the nudging term             is negative, a sink is added to the 

original model dynamics. The nudging term affects the dynamical processes in a model and 

measured data affect neighboring grid points.  
 
   

  
     means that the model grid point and the 
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observational location are the same, and  
 
       

  
 
   means that there is no time-lag       

   between model and measurements. If the model grid points are close to observed data points 

and there is no time-lag at data assimilation step for measured data, the nudging parameter can 

be simplified as in terms of the two conditions (Gopalakrishnan, 2008, Gopalakrishnan and 

Blumberg, 2012): 

   
 

  
   

 
 

  
 
                                                          (2.12) 

The nudging parameter   is zero at all other grid points, where observations are not available. 

Gopalakrishnan and Blumberg (2012), Gopalakrishnan (2008) set the nudging parameter   in 

equation (2.12) formula to assimilate radar data. 

2.5.1.5. Ensemble Kalman Filter 

The Kalman Filter solves the general problem of trying to estimate the state of a discrete time 

controlled process that is governed by linear stochastic difference equation (Kalman, 1960). The 

analysis equation of the Kalman Filter has the same formula as equation (2.1). In order to apply 

Kalman Filter theory to non-linear system, the Extended Kalman Filter is an extension of the 

Kalman Filter. Extended Kalman Filter was first proposed by Cox (1964). The basic idea in 

Extended Kalman Filter is to perform linearization at each timestep to approximate the nonlinear 

system as a time-varying system related to variables to be estimated, and apply the linear theory 

to it (Lee and Ricker, 1994). An approximate equation for the propagation of error covariances is 

used in Extend Kalman Filter (Evensen, 1992). However, because of the linearization, Extended 

Kalman Filter will quickly diverge if the initial estimate of the state is incorrect. Moreover, 

derivation of a tangent linear operator or adjoint equations and integrations backward in time is 

needed in Extended Kalman Filter algorithm (Bouttier and Courtier, 1999). An overly simplified 

closure in the error covariance equation of Extended Kalman Filter results in unbounded error 

growth. In order to solve the closure problem in the Extended Kalman Filter and make the 

algorithm more efficient, Evensen (1994) put forward the Ensemble Kalman Filter. The 

background error covariance is computed from an ensemble of model states evolving 

simultaneously based on the Monte Carlo algorithm. Since the true states are unknown, the 

ensemble covariance matrices are defined around the ensemble mean. The Ensemble Kalman 

Filter was designed to solve the problem related to the use of an approximate closure scheme in 
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the Ensemble Kalman Filter and the problem of huge computational requirements associated 

with the storage and forward integration of the error covariance matrix (Evensen, 2003). In 

Ensemble Kalman Filter, the ensemble mean is taken as the best estimate and the spreading of 

the ensemble around the mean is a natural definition of the error in the ensemble mean (Evensen, 

2009). Evensen (2003) proposed that an appropriate ensemble can be used to stand for a full 

covariance matrix. Given an error covariance matrix, an ensemble of finite size will always 

provide an approximation to the error covariance matrix. However, the errors in the Monte Carlo 

sampling will decrease when the size of the ensemble increase. They assumed that the 

information contained by a full probability density function can be exactly represented by an 

infinite ensemble of model states. For a nonlinear model which is not perfect and contains model 

errors, the Monte Carlo method is used to solve an equation for the time evolution of a 

probability density of a model state. The nonlinear model containing errors can be written as a 

stochastic differential equation (Evensen, 1994, Evensen, 2009, Evensen, 2003): 

                                                                       (2.13) 

where, 

   is a vector of dimension  ; 

         is a vector function of dimension  ; 

         is an     vector; 

   is a   dimensional Wiener process with mean zero.  

Since there is no solutions to equation (2.13) in the classical sense, solutions to equation (2.13) 

defined in terms of the stochastic calculus are everywhere continuous and nowhere differentiable 

with probability 1.0. The errors in dynamic models of data assimilation are assumed to be 

random white processes with a specified variance. When additive Gaussian model errors forming 

a Markov process are used, the Fokker-Planck equation (2.14) can be used to describe the time 

evolution of the probability density       of the model state (Evensen, 1994).  

  

  
  

       

    
 

 
 

           

      
                                                  (2.14) 
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where, 

    is the      component of the model operator   ; 

       is the covariance matrix for the model errors forming a Markov process.  

The Fokker-Plank equation (2.14) does not require any approximations and can be taken as the 

fundamental function for the time evolution of the error statistics. This equation describes the 

time evolution of the probability density function of the variable    of interest. The Fokker-Plank 

equation is a parabolic partial differential equation with the number of space dimensions equal to 

the number of state variable of the underlying stochastic differential equation (2.13). The 

solution of the probability density function       from equation (2.14) can be used to calculate 

statistical moments like the mean state and the error covarainces (Evensen, 1994). Since the 

initial condition is assumed to be taken from a normal distribution in a Gauss-Markov process, a 

nonlinear ocean model will have a probability density which is completely characterized by the 

mean and covariance matrix for all times (Evensen, 1994). In Ensemble Kalman Filter, Markov 

Chain Monte Carlo method is applied to solve the Fokker-Planck equation. The probability 

density can be represented using a large ensemble of model states. The dominant procedure in 

Ensemble Kalman Filter is to integrate the model states forward in time according to the model 

dynamics described by stochastic differential equation (2.13). The ensemble prediction is 

equivalent to solving the Fokker-Planck equation using an Markov Chain Monte Carlo method 

(Evensen, 2003).  

2.5.1.6. Indirect Data Assimilation 

Except for the above data assimilation algorithms directly updating the model states of interest, 

some researchers have indirectly assimilated measured data into models via correcting forcing in 

oceanographic models (Lewis et al., 1998, Paduan and Shulman, 2004, Barth et al., 2011). Lewis 

et al. (1998) assimilated ocean surface currents determined from Doppler radar systems into 

numerical models by correcting wind shearing stress. They assumed that there was an additional 

layer of water overlying the ocean surface. A pseudo wind shearing stress resulting from the 

difference between the model-predicted velocity and Doppler radar velocity was added to that of 

the wind in order to render the model following observed states. Lewis et al. (1998) expressed 

the additional east-west shearing stress   
  in the model as: 
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                                                (2.15) 

where, 

       is the radar measured east-west velocity component; 

       is the model-predicted east-west velocity component; 

  is the water density; 

    is the tuning coefficient.  

Comparisons between optimized and non-optimized assimilation techniques based on the 

shearing stress approach were made in their research.  Results showed that the optimized 

assimilation algorithm which included larger magnitudes of drag coefficient in the wind stress 

surface boundary condition provided more accurate additional shearing stress.  This resulted in a 

significant nudging of the model surface currents toward the characteristics of the observed field 

of the Doppler radar currents.  

 

2.5.2. Variational Data Assimilation Algorithms 

Variational data assimilation algorithms provide an approach to obtaining an optimal analysis 

state by minimizing a given cost function, which describes sum of distance between model states 

and background states, and distance between model states and measurement states. This method 

is broadly applied to compute trajectories and solve optimization problems. Since variational 

calculus can derive the states of an entire system without needing information about system 

components, this makes its popularity in many fields of science and engineering. Currently, there 

are two kinds of variational data assimilation algorithms: three-dimensional variational data 

assimilation and four-dimensional variational data assimilation. Four-dimensional variational 

data assimilation is a simple generalization of three-dimensional variational data assimilation for 

observations that are distributed in time. The schematic process of four-dimensional variational 

data assimilation is presented in Figure 2.3. 
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Figure 2.3 Four-dimensional variational data assimilation process 

 

In Figure 2.3, the distance,  , is comprised of distance    between observations and the model 

states and distance    between the model states and background states.  

The main difference between sequential data assimilation and variational data assimilation is that 

sequential data assimilation algorithms only consider measurements taken before the time of the 

analysis whereas variational data assimilation algorithms include measurements taken after the 

analysis time (Watkinson, 2006).  

 The focus of this thesis is on applying sequential data assimilation techniques to combine the 

radar measurements with model states.  However, for completeness, three-dimensional 

variational data assimilation and four-dimensional variational data assimilation are briefly 

reviewed in the next two sections. 

2.5.2.1. Three-dimensional Variational Data Assimilation 

The fundamental idea behind three-dimensional variational data assimilation is the definition of a 

cost function, which is made up of two terms: one is the distance between the model states    and 

the background states    ; the other is the distance between the observation states     and the 

model states   . The analysis equation of three-dimensional variational data assimilation is given 

as (Kimeldorf and Wahba, 1970): 

                                                               (2.16) 
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where, 

   
 

 
                                                             (2.17) 

   
 

 
         

 
                                                   (2.18) 

The gradient of equation (2.19) is (Bouttier and Courtier, 1999): 

                                                          (2.19) 

The variational data assimilation analysis equation is obtained by minimizing the cost function 

(2.16), which means that the optimal analysis states have the shortest distance to both model 

background states and observation states.  

  

   
                                                              (2.20) 

In order to find the minimum of the cost function in equation (2.20), a suitable descent algorithm 

is used. The conjugate gradient algorithm, which is used to solve the symmetric and positive-

definite matrix in linear equations, is a popular method. Usually, an iteration algorithm is 

implemented in the conjugate gradient algorithm (Bouttier and Courtier, 1999, Sepulveda et al., 

2013). The cost of the analysis is proportional to the number of evaluations of the cost function 

and its gradient, called the number of simulations. When the state itself is updated, iteration is 

performed. Each iteration may require one or more simulations, depending on the minimizing 

algorithm used. This approximation accounts for the fact that only a small number of iterations 

are performed. The minimization can be stopped by limiting artificially the number of iterations, 

or by requiring that the norm of the gradient         decreases by a predefined amount during 

the minimization, which is an intrinsic measure of how much the analysis is closer to the 

optimum than the initial point of the minimization (Bouttier and Courtier, 1999).  

2.5.2.2. Four-dimensional Variational Data Assimilation 

The analysis equations for four-dimensional variational data assimilation are similar to equations 

(2.16)-(2.18) in three-dimensional variational data assimilation. The difference is that 

observations are distributed in time and space (Talagrand, 1997). 

                                                              (2.21) 
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                            (2.22) 

       
 

 
        

 
                                               (2.23) 

The concept of four-dimensional variational data assimilation is that the analysis states are the 

“closest” states to the background states and observation states in space over a given time 

interval or assimilation window (see Figure 2.3). There is a strong constraint that the sequence of 

model states    must be a solution of the model equations in the minimization of four-

dimensional variational data assimilation cost function (2.21) (Bouttier and Courtier, 1999). 

                                                                 (2.24) 

where,      is a predefined model forecast operator from the initial time to  . In order to solve 

the nonlinear constrained optimization problem in four-dimensional variational data assimilation, 

two hypotheses: causality and tangent linear hypothesis are used for simplification (Bouttier and 

Courtier, 1999). The two hypotheses simplify the general minimization problem to an 

unconstrained quadratic one which is numerically much easier to be solve.  

Four-dimensional variational data assimilation has the following characteristics compared with 

three-dimensional variational data assimilation (Bouttier and Courtier, 1999): 

 The model is assumed to be perfect. Problems can be expected if the model errors are big.  

 The implementation of the operator   
  called adjoint model can be very difficult if the 

forecast model is complex.  

 Since the observations over a given data assimilation window are used in four-

dimensional variational data assimilation in a real-time system, there is waiting time for 

the observations over the whole four-dimensional variational data assimilation window to 

be available before the implementation of analysis procedure, which can delay the 

availability of     and forecasting information. 

 Not only the observations before the analysis time, but also after the analysis time are 

used in four-dimensional variational data assimilation, so four-dimensional variational 

data assimilation can be taken as a smoothing algorithm.  
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2.5.3. Artificial Neural Networks 

The above data assimilation techniques adjust the model states using measured data. Another 

currently popular approach, namely Artificial Neural Networks, has also been used to obtain 

optimal estimates in coastal and oceanic engineering over the last ten years or so (Deo, 2010).  

The Artificial Neural Networks technique directly corrects the non-linear input and output of 

time series data by recognizing the historic patterns between them. The network is comprised of 

two components: a set of nodes (neurons) and connections between nodes. Figure 2.4 shows an 

example of an Artificial Neural Networks schematic. The nodes can be viewed as computational 

units, which receive inputs and process them to obtain an output. The connections show the 

information flow between nodes. The connection can be unidirectional and bidirectional 

depending on the information flow (Gershenson, 2003).  

 

 

Figure 2.4 Schematic of Artificial Neural Networks (Gershenson (2003) ) 

 

In Figure 2.4, the weights mean the strength of the respective signals from each neuron. A higher 

weight of an artificial neuron will produce a stronger output by multiplying the input. The 

weights can be positive or negative. Satisfactory output can be obtained by adjusting the weights 

of the artificial neurons.  

 

2.5.4. Summary 

All sequential data assimilation approaches have similar analysis equations, as presented in 

equation (2.1).  An observation projection operator   is determined by the structures of both the 
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measured data and the model grid. The distinction is the definition of weighting factor or how a 

Kalman gain is defined. In Direct Insertion, Kalman gain is an identity matrix, equation (2.1) is 

simplified to equation (2.3) without consideration of measurement errors and model errors. The 

Kalman gain matrix is set to a diagonal matrix in Successive Correction Method and nudging 

data assimilation algorithms determined by empirical definition.  In a nudging algorithm, whose 

Kalman gain matrix is empirically defined rather than minimizing the square of the analysis error, 

this is a special case of the standard Optimal Interpolation (Lin et al., 2007). In Optimal 

Interpolation data assimilation approach, the full Kalman gain matrix is used based on 

measurement errors and model errors. The Kalman gain is a time-invariant matrix in Successive 

Correction Method, nudging and Optimal Interpolation data assimilation algorithms. However, 

when time-dependent Kalman gain is applied in Ensemble Kalman Filter, the values of Kalman 

gain matrix varies with time based on modelling results.  

Variational data assimilation algorithms are derived from specified objective functions. The 'best' 

states are obtained from minimum total distance to background states and observations. In real-

time data assimilation system using four-dimensional variational data assimilation algorithm, the 

observations have to be obtained over the whole four-dimensional variational data assimilation 

time interval before the analysis procedure starts; this results in a delay during the analysis. 

Artificial Neural Networks is an efficient approach to estimate the model states of interest based 

on the utilization of historical time series data.  

Considering the constraints and difficulties in accurate hindcasting and forecasting of 

hydrodynamic parameters in coastal waters, the application of data assimilation techniques to 

improve numerical modelling performance has been identified as a significant development. 

However, due to the complexities of implementing data assimilation, few models use it at the 

moment. Because each update of model states using data assimilation reinitializes the boundary/ 

initial conditions of a model, this ensures that the model is better defined with data. In this 

research field, the accurate simulation of surface currents in coastal areas with a numerical 

coastal model using the radar data is the ultimate goal. Several studies of assimilating radar-

derived surface currents into numerical models have been undertaken to improve the surface 

current forecasting in a numerical coastal model with varying degrees of success (Lin et al., 2007, 
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Gopalakrishnan and Blumberg, 2012, Lewis et al., 1998, Shulman and Paduan, 2009, Paduan and 

Shulman, 2004, Barth et al., 2008, Barth et al., 2011, Zhao et al., 2013, Marmain et al., 2014).  

As stated in previous sections, Kalman Filter is used for linear systems and the approximation in 

Extend Kalman Filter results in divergence in model. So Kalman Filter and Extended Kalman 

Filter data assimilation approaches are not commonly used to estimate surface currents in coastal 

model. In addition, more nearly real-time data of water body such as currents, temperature and 

salinity are available in coastal regions owing to the application of advanced remotes sensing 

technologies such as radars and satellites. Successive Correction Method and three-dimensional 

variational data assimilation approaches are gradually replaced by other improved assimilation 

algorithms due to the availability of various measurements in time. 

With the development of the high performance computers and the growing availability of 

oceanic data in coastal water, Optimal Interpolation, nudging, indirect data assimilation via 

correcting model forcing, Ensemble Kalman Filter, four-dimensional variational data 

assimilation and Artificial Neural Networks are becoming popular data assimilation algorithms 

and are being implemented into hydrodynamic coastal models.  

A key aspect of nudging data assimilation algorithm using radar data is to appropriately 

determine the empirical parameters: assimilation timescale and depth of data assimilation 

influence in equation (2.12). The advantages of nudging data assimilation can be listed as: 

  The format of Kalman gain or weighing factor in nudging data assimilation algorithm is 

easy to be calculated with no strict consideration about background error covariance and 

measurement error covariance 

 Due to easy implementation process, nudging is a relatively commonly applied data 

assimilation technique 

Whereas nudging data assimilation has its own disadvantages 

 It is difficult to appropriately select the empirical parameters: assimilation time scale and 

depth of data assimilation influence 

 Model errors and measurement errors are not considered in the data assimilation system 
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Optimal Interpolation data assimilation algorithm has been widely used to assimilate radar-

derived surface currents into numerical coastal models because of the following advantages 

(Breivik and Satra, 2001, Xu et al., 2014): 

 it has a complete theoretical basis 

 Both model errors and measurement errors are considered in the data assimilation system 

 However, in practical applications of Optimal Interpolation data assimilation algorithm, the 

background error covariance is simplified relative to model error variance and a spatial 

correlation function. The disadvantage of Optimal Interpolation data assimilation algorithm is 

that it is difficult to appropriately determine the spatial correlation length in the spatial 

correlation function (Cummings, 2005, Ragnoli et al., 2012). 

In both nudging and Optimal Interpolation data assimilation algorithms, the Kalman gain is 

calculated before undertaking the data assimilation; it is static during the data assimilation 

process, which means that Kalman gain will not change with time during the data assimilation 

period. The same Kalman gain is used at each updating step in model.  

Considering that inaccurate specification of surface wind forcing is probably the most significant 

source of error when simulating surface current circulation in coastal areas, Lewis et al. (1998), 

Paduan and Shulman (2004) and Barth et al. (2011) indirectly assimilated the radar-derived 

surface currents into the models via correcting the wind forcing. Unlike traditional data 

assimilation algorithms such as Optimal Interpolation, nudging and four-dimensional variational 

data assimilation, measured radar data are not used to directly update the velocity components in 

models, but to use the information contained in the difference between measured surface currents 

and model states to develop more accurate wind forcing boundary conditions at the model 

surface. An assumption in this approach is that improved wind forcing is able to better simulate 

the surface currents in numerical coastal model than assimilating data to change the modelled 

surface currents.  The advantages of this data assimilation method can be listed as follows: 

 It is easy to implement as there is no need to calculate the Kalman gain, to be exact, no 

consideration of background error covariance or measurement covariance 

 Updating is straightforward once the differences between measured data and model 

results are calculated; and the update corrects forcing in the model 
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 Transferring the difference between measured data and model states to wind forcing can 

take into account the energy balance in the model when updating the wind stress, unlike 

abruptly altering the surface currents circulation (affecting the energy balance) in model 

using nudging, Optimal Interpolation and Ensemble Kalman Filter etc. 

 The data assimilation process can be undertaken over the whole simulation domain with 

updated wind forcing if a single wind data time series is used to drive model,  which can 

ignore the influence of spatial gap from measured data  

There are also disadvantages of correcting wind stress with assimilation of radar data. 

 The process of transferring information from radar data to additional wind stress can 

result in errors due to not considering measurement errors 

 The order of magnitude for wind stress correction maybe too small or big after 

information transferring. This can result in additional model errors 

Because the phenomena described in coastal model are complex dynamic processes, model 

errors also dynamically change in time. In order to include background error covariance as flow-

dependent during data assimilation process, Zhao et al. (2013), Dong and Xue (2012) and 

Marmain et al. (2014) adopted Ensemble Kalman Filter to assimilate measured data into 

numerical models. From the theoretical perspective, the superiorities of Ensemble Kalman Filter 

is the flow-dependent background error covariance better reflect the development process of 

model errors. However, there are also some disadvantages and constraints in Ensemble Kalman 

Filter, which are summarized as (Bouttier and Courtier, 1999): 

 It is difficult to determine the size of ensembles, which are required to quantify flow-

dependent errors in a model 

 The computational cost is expensive to run a variety of ensemble models to calculate the 

background error covariance 

 It is a complex process to calculate the adjoint model 

Four-dimensional variational data assimilation has been implemented by few researchers (Moore 

et al., 2011c, Moore et al., 2011a, Moore et al., 2011b, Yu et al., 2012). The main features of 
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four-dimensional variational data assimilation algorithm are (Ma and Qin, 2012, Tr'emolet, 

2006):`  

 The best estimates are obtained from using all available observed data and model states 

through iterative and continuous adjustment in model initial field, then the modelling 

trajectory will be fitted to all observations during one data assimilation window  

 The update are extended to every timestep during the data assimilation process 

Ma and Qin (2012) and Bouttier and Courtier (1999) summarized that difficulties in four-

dimensional variational data assimilation as follows: 

 The computational cost is high due to solving the complicated function describing 

relationships between model states and time 

 Since the observations over the whole four-dimensional variational data assimilation time 

interval are considered, both the observations before and after the analysis time are used. 

This process can delay the availability of the analysis states 

Artificial Neural Networks is an attractive approach as it has the following advantages compared 

with traditional data assimilation algorithms (Härter and de Campos Velho, 2008): 

 Model grids and numerical iterations are not needed in the Artificial Neural Networks 

system, the simple operational process makes it easy to be considered in forecasting 

systems 

 The Artificial Neural Networks presents a lower computational complexity after the 

training process 

 The Artificial Neural Networks algorithm can be parallel 

However, there are some obstacles in adapting the Artificial Neural Networks in real nonlinear 

prediction system such as meteorology and oceanography (Hsieh and Tang, 1998). 

 Nonlinear instability with short data records 

 Large spatial data fields 

 Difficulties in interpreting the nonlinear Artificial Neural Networks results 
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Traditional data assimilation approaches and Artificial Neural Networks technique presently are 

used separately to enhance modelling estimates. In the future, application of traditional data 

assimilation approaches (sequential and variational data assimilation) and Artificial Neural 

Networks together could be a promising topic to enhance prediction in numerical coastal models.  

In order to obtain improved results with the aid of assimilating the measured surface currents 

into numerical models, a choice of acceptable data assimilation algorithm needs to be firstly 

considered based on the characteristics of research domain, quality of measured data, 

computational cost, and complexity for operational application and variables of interest. Because 

the implicit hypothesis in data assimilation system is that combining available measurements into 

numerical models will improve modelling performance, both hindcasting and forecasting, 

besides using comparison of time series and surface current patterns, statistical assessment 

methods such as Data Assimilation Skill Score and Averaged Kinetic Energy (AVE) are used to 

quantify the improvement of data assimilation process.  

 

 

2.6. Summary 

Many approaches to develop coastal models that incorporate data assimilation are presented in 

this chapter.  The various algorithms have varying degrees of complexity of implementation, 

with varying degrees of success at improving model results.  To date no work has been carried 

out on performing detailed intercomparisons of a set of data assimilation algorithms under the 

same conditions for the same water body.  Very little work has also been carried out on 

comparing the implementation of different data assimilation algorithms using very high 

frequency radar data in a coastal wind dominated environment.  Moreover, very few data 

assimilation systems have been developed to date in the complex area of inshore waters such as 

Galway Bay which are heavily influenced by wind dynamics.  

One of the main objectives of this research was to assess the suitability of practical data 

assimilation algorithms for hindcasting and forecasting in shallow coastal waters subjected to 

alternate wetting and drying using data collected from radars. This research entailed 

implementing four different algorithms: Direct Insertion, Optimal Interpolation, nudging and 
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indirect data assimilation via correcting model forcing into a hydrodynamic model and carrying 

out detailed comparisons of model performances.  This work will enable researchers directly 

compare four of the most common data assimilation algorithms being considered for use in 

operational coastal hydrodynamics.  Further, the influence of the surface layer update on vertical 

velocity profiles in model is investigated; very little work has previously been carried out on this 

topic. 
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Chapter 3 Numerical Modelling 

 

3.1. General Introduction 

Numerical models are important tools for understanding hydrodynamic processes as they 

simplify processes to represent real-world phenomena; moreover, they are capable of 

reproducing hydrodynamic processes with good spatial and temporal resolutions. Compared with 

physical models and measurements, numerical models have the following advantages: firstly, a 

numerical model can produce real time forecasting, which is of great importance to provide 

useful information. Secondly, a numerical model is relatively useful once the research domain, 

appropriate boundary conditions and forcing functions are defined. The main premise behind a 

numerical model is that the complicated process of physical problems can be solved with 

appropriately mathematical simplifications, usually numerical approximations of differential 

equations.  

For engineering applications, a numerical model is a robust tool to deal with problems which 

cannot be easily solved from analytical solution, such as nonlinear partial differential equations. 

At present, improvements of computer technology and performance enable numerical models 

become robust tools in a variety of fields. Numerical hydrodynamic models can be generally 

categorized as one of three types based on spatial dimensionality:  

 one-dimension (1D) model 

 two-dimension (2D) model 

 three-dimension (3D) model 

Techniques such as finite element method, finite difference method and finite volume method 

have been applied to develop these numerical models. For coastal engineering simulation, two-

dimensional and three-dimensional models are popular tools to study the hydrodynamic 

processes of coastal domains of interest. In order to illustrate the structure of a two-dimensional 

numerical model, a two-dimensional numerical coastal model named 

Depth Integrated Velocity And Solute Transport (DIVAST) is selected as an example. The three-
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dimensional model EFDC, used in this research for simulation and data assimilation process, is 

discussed later on in this chapter. 

In this chapter, a two-dimensional numerical coastal model DIVAST is described as an example 

in Section 3.2. An introduction of the three-dimensional model EFDC is given in Section 3.3. A 

summary of this chapter is presented in Section 3.4.  

 

3.2. Two-dimensional Model 

3.2.1. Introduction 

Two-dimensional numerical coastal models describe the dynamic process of a water body on the 

horizontal plane. They are used to simulate regions that have obvious characteristics of two-

dimensional flow, especially for those water bodies with no significant vertical stratification. 

Two-dimensional models can be laterally or vertically depth-integrated. Two-dimensional depth 

integrated numerical coastal model produce two-dimensional distribution of velocity and water 

surface elevations.  

 

3.2.2. Govern Equations 

DIVAST is a two dimensional, depth-integrated, finite difference estuarine and coastal model 

originally developed by Professor R.A. Falconer at the University of Bradford, UK. The model 

consists of two coupled modules: (1) a hydrodynamic module, and (2) a solute transport model. 

The hydrodynamic module computes velocity and elevation fields, and the water quality module 

can stimulate barotropic flows and water quality transport and interactions. The hydrodynamic 

module is based on the solution of the depth-integrated Navier-Stokes equation and includes the 

effects of local and advective accelerations, the rotation of the earth, barotropic and free surface 

pressure gradients, wind action, bed resistance and a simple mixing length turbulence model. 

DIVAST is suitable for water bodies dominated by horizontal, unsteady flows and that do not 

display significant vertical stratification. The model simulates two-dimensional distribution of 

currents, water surface elevations and various water quality parameters within a modelling 
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domain as functions of time, taking into account the hydraulic characteristics governed by the 

bed topography and the boundary conditions (Nagle, 2013, Nash, 2010). 

3.2.2.1. Governing Equations 

In a shallow, well-mixed water-body (see Figure 3.1), the vertical velocity component w is 

usually small when compared to the horizontal components u and v. In cases like this, the 

horizontal velocity components can be integrated over the depth to give the depth integrated 

velocity components   and   such that (Falconer and Lin, 2001):  

  
 

 
    
 

  
;   

 

 
    
 

  
                                                (3.1) 

where: 

  is the water depth from bed level to Mean Water Level (MWL); 

  is the free surface height; 

     , is total water depth. 

Integrated horizontal velocity components of equation (3.1) reduce the model environment from 

a complex three-dimensional problem         to a simpler two-dimensional problem       with 

equal velocity distribution in the water column. 

 

 

 

 

 

 

 

 

Figure 3.1 A shallow well-mixed water body 

 

In Figure 3.1, MWL indicates Mean Water Level with height η above or below water level. 

Assuming that vertical accelerations are negligible compared to gravity and that the Reynolds 
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stresses in the vertical plane can be represented by a Boussinesq approximation, then the model 

hydrodynamic governing equations can be expressed as (Falconer et al., 2001): 

Continuity equation:   

        

              (3.2) 

x-direction momentum equation:   

                              (3.3)                          

 

 (1)            (2)        (3)          (4)   (5) 

 

   

    (6)         (7) 

y-direction momentum equation:        

                            (3.4) 

     

where: 

  is time; 

      is depth integrated volumetric flux components in the x, y directions,            ; 

  is momentum correction factor for non-uniform vertical velocity profile; 

  is Coriolis parameter (             is angular velocity of the earth’s rotation,   is 

geographical latitude); 

  is gravitational acceleration; 

     is air and fluid densities, respectively; 

0
y

q

x

q

t

yx 































 2
12

y

2

xx

*

a

y

yxx
)WW(WC

x
gHfq

y

Uq

x

Uq

t

q 









































x

V

y

U
H

yx

U
H

x
2

C

)VU(gU
2

2
1

22










































 2
1

2

y

2

xy

*

a

x

yxy
)WW(WC

y
gHfq

y

Vq

x

Vq

t

q 















































y

U

x

V
H

yy

V
H

y
2

C

)VU(gV
2

2
1

22

























Chapter 3 Numerical Modelling  

48 

 

      is wind velocity components in x, y directions; 

  is Chezy bed roughness coefficient; 

   is air-water interfacial resistance coefficient; 

  is the water elevation; 

  is depth mean eddy viscosity. 

The explanations of individual terms in the momentum equations, as numbered in equation (3.3), 

are listed in Table 3.1. 

Table 3.1 Meaning of Individual Terms in Momentum Equation (3.3) 

Term Number Meaning 

(1) local acceleration 

(2) advective accelerations 

(3) Coriolis force 

(4) pressure gradient 

(5) wind shear force 

(6) bed shear resistance 

(7) turbulence induced shear 

force 
In DIVAST, the x-component and similarly for the y-component of the surface stress due to 

wind is formulated as follows (Wilson, 1960): 

                                                                       (3.5) 

where: 

    is x-component surface wind stress; 

   is wind-stress coefficient; 

   is east-west wind velocity component at 10 m above the water surface; 

   is total wind speed.  

3.2.2.2. Finite Difference Formulations 

The governing differential equations in DIVAST are solved using the finite difference technique 

and a numerical solution scheme based on the alternating direction implicit (ADI) approach 

which involves the subdivision of each time-step into two half time-steps (Lindemuth and 

Killeen, 1973). This allows a two-dimensional implicit scheme to be applied, but considering 

only one dimension implicitly for each half time-step, eliminating the need for the solution of a 

full two-dimensional matrix (Falconer et al., 2001).  
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The computations in the x- and y- directions are carried out on a uniform grid with fixed equal 

spacing (see Figure 3.2). A space-staggered orthogonal grid is adopted with water elevation 

discredited at the centre of the grid cell and velocity components and water depths discredited at 

the centre of the cell sides. The staggered grid representation has the advantage that, for the 

computation of each model variable in time, centrally located spatial derivatives for each of the 

other variables are available (Nash and Hartnett, 2010). From Figure 3.2 it can be seen, that the 

positive x- in the Cartesian plane relates to positive I- direction in the computational plane. 

 

Figure 3.2 Space-staggered grid scheme and (I, J) coordinate system (adapted from Nash and 

Hartnett (2010)) 

 

To solve the governing differential equations (3.2)—(3.4), they are specified in an ADI form 

using the central difference method. The central difference method provides a means of 

approximating the first derivative of a function using finite differences. Take for example the 

function U(x) which could represent the velocity at a point (x) in a one-dimensional model of an 

estuary. Using the central difference formulation, the first derivative of the function U(x) can 

then be approximated by: 

                                (3.6) 

The first derivative of the function at point (x) can therefore be approximated using the velocity 

values at points (x+∆x) and (x-∆x). 

x2
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The ADI technique requires that each timestep ∆t is split into two successive time level 

operations, or half-time-steps, of equal length ∆t/2. For the first half-time-step, from time (n)∆t 

to time (n+½)∆t, the derivatives and terms referring to conditions in the x-direction are 

expressed in an implicit form, whereas those in the y-direction are expressed explicitly. Likewise 

for the second half-time-step, from time (n+½)∆t to time (n+1)∆t, the derivatives and terms 

referring to conditions in the y-direction are then expressed in an implicit form while those in the 

x-direction are expressed explicitly (Falconer, 1986). All terms are fully centred in both space 

and time for each half-time-step by carrying out two iterations of the solution per half-time-step. 

Based on the space-staggered grid scheme of Figure 3.2, the finite difference forms of the 

continuity and x-direction momentum equations can be written as (Falconer, 1986): 

continuity equation:  

            (3.7) 

x-direction momentum equation:  

 

                          

                        (1)    

 

 

          (2) 

    

 

        (3)          (4) 

 

          (5)        (6) 
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       (7) 

                                                                              (3.8) 

                                      (7 continued) 

where: 

  is the time-step level; 

     are grid point locations in the x, y directions. 

The numbered terms in the x-direction momentum equation (3.8) are the finite difference 

representations of the corresponding terms of its differential form in equation (3.3). 

 

For the first half-time step, from   to    
 

 
 , equations (3.7) and (3.8) are implicitly solved to 

compute values of    and  . The terms written with a prime in equation (3.7) are explicitly 

expressed at timestep    
 

 
  during the first iteration.  

For the second iteration, these terms are expressed at timestep   using the average of the variable 

values calculated at the end of the first iteration. The first iteration for equation (3.7) can be 

given as: 

   
  

 

 
  

   
  

 

 
  

  
 

                                                         (3.9) 

and for the second iteration: 

 

   
  

 

 
  

  
  

  
 
 
  

  
 
   

  
 
 
  

  
 
  

 
                                                 (3.10) 

For the second half-time step, similar formulations of the continuity, y-direction momentum is 

solved to calculate values of    and   from time level    
 

 
  to      . 
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3.2.2.3. Stability, Accuracy and Model Resolution              

The finite difference technique is a method used to acquire approximations of derivatives by 

representing the derivative, a statement of condition at a point, as a statement of conditions that 

occur over an interval range containing this particular point. Equations governing flow are 

differential equations and can be replaced by an approximate equation which can subsequently 

be solved. The effectiveness of a finite difference scheme is measured against: consistency/ 

convergence; stability; accuracy, which are important as they can influence the choice of model 

resolution.  

Given that the finite difference equations are an approximation of the differential equations its 

solution will contain some error, which is known as the truncation error. For any finite difference 

scheme centred about a point (i, j) and a timestep    
 

 
  for example, it is desirable that in the 

limit as Δx, Δy, Δt→ 0 the finite difference equation should reduce to the original differential 

equation, i.e. the truncation error should disappear. If this condition is met, the finite difference 

scheme is said to be consistent with (or convergent to) the differential equation.  

Numerical models have some limitations, one being that it cannot conduct all of the 

computational calculations to an infinite number of decimal places, introducing round-off errors 

for each individual calculation. As a result the computed solution will vary slightly when 

compared to the exact solution of the finite difference equations. A set of finite difference 

equations is deemed stable when the cumulative effect of the complete round-off errors is 

insignificant. In contrast, if the round-off errors are intensified as the computation progresses, the 

solution is considered unstable and the exact solution will be flooded by the continuous increase 

in errors. An unstable solution scheme will quickly become apparent due to the cessation of the 

solution prematurely owing to the excessive errors that will have built up. The Courant condition 

governs the stability of the finite difference solutions in a computational model (Nash and 

Hartnett, 2010).  This solution scheme is second order accurate, both in time and space, with no 

stability constrains due to the time centred implicit character of the ADI technique. However, in 

order to achieve a reasonable computational accuracy, the timestep cannot exceed a maximum 

Courant number     (Stelling et al., 1986): 

           
 

   
 

 

   
                                                    (3.11) 
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Practical, extensive tests showed that the stability and accuracy of the scheme is preserved when 

the Courant number does not exceed eight (Stelling et al., 1986). 

 

3.3. Three-dimensional Model 

In this research, the three-dimensional model EFDC is used to study the surface current patterns 

in a coastal area. EFDC is a multifunctional surface water modelling system, comprising of 

hydrodynamic, sediment-contaminant and eutrophication components. Virginia Institute of 

Marine Science originally developed EFDC model. The EFDC model has been used for more 

than 80 modelling studies of rivers, lakes, estuaries, coastal regions and wetlands all over the 

world. The EFDC model is capable of one, two and three-dimensional spatial resolution. A 

curvilinear-orthogonal horizontal grid and a sigma terrain following vertical is used in the model. 

A semi-implicit, conservative finite volume solution scheme is used in the hydrodynamic 

component for the hydrostatic primitive equations with either two or three level time stepping. 

Simulation of drying and wetting, representation of hydraulic control structures, and vegetation 

resistance are also included. In addition, an embedded single port buoyant jet module is included 

for couple near and far field mixing analysis (Hamrick, 2007, Hamrick, 1992).  

The EFDC model has been applied to an extensive number of modelling studies, including: 

environmental impact assessment studies (Hamrick, 1992), sediment transport  and prediction of 

wind induced sediment transport (Liu and Huang, 2009, Zhang et al., 2010a). The physical 

processes represented in the EFDC model and many aspects of the computational scheme are 

similar to those used by other well recognised models such as: Blumberg-Mellor model 

(Blumberg and Mellor, 1987) and the U.S. Army Corps of engineers Chesapeake Bay model 

(Johnson, 1993). 

 

3.3.1. Model Description 

EFDC consists of four internally linking major modules (see Figure 3.3): hydrodynamics, water 

quality and eutrophication, sediment transport, and toxic chemical transport and fate sub-models. 

The EFDC hydrodynamic model is composed of six transport modules, namely: hydrodynamics, 

dye, temperature, salinity, near field plume and drifter (see Figure 3.4). Only the hydrodynamics 
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module is of interest here as it determines hydrodynamic circulation of surface currents; the other 

hydrodynamic modules relate the transport and fate of substances within a water body. 

 

Figure 3.3 Primary modules of the EFDC model (O Donohue, 2011) 

 

 

Figure 3.4 Structure of the EFDC hydrodynamic model (O Donohue, 2011) 

 

The numerical scheme employed in EFDC to solve the equations of motion uses second order 

accurate spatial finite differencing on a staggered or C grid (Figure 3.5a). Velocity components 

are located on the face of the model grid with depth and water surface elevations located at cell 

centroids. Figure 3.5b shows the vertical layer structure for a particular grid cell.  

    is the bottom of water column; 

    is the top of water column.  
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Figure 3.5 Location of variables on (a) the finite difference solution scheme and (b) sigma 

coordinate system (O Donohue, 2011) 

 

3.3.2. Governing Equations 

The EFDC hydrodynamic model is based on the continuity and Reynolds-averaged Navier- 

Stokes equations. Turbulent equations of motion are employed and the Boussinesq 

approximation implemented for variable density fluid which assumes that density differences are 

sufficiently small to be neglected, except when they appear in terms multiplied by gravity (g). 

The model governing equations can be expressed as follows (Hamrick, 1992): 

Continuity equation 

  

  
 

   

  
 

   

  
 

  

  
                                                       (3.12) 

Depth-integrated continuity equation 

  

  
 

       
 
 

 

  
 

       
 
 

 

  
                                                   (3.13) 

 -direction momentum equation 

   

  
 

      

  
 

      

  
 

   

  
       

       

  
    

  

  
     

  

  
 

  
  
 

  

  
 

  
               

(3.14)  

 -direction momentum equation 

H(i,j),    η(i,j) u(i,j) u(i+1,j) 

v(i,j) 

v(i,j+1) 

∆x 
∆
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(a) (b) 
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(3.15) 

Hydrostatic pressure referenced to density in the water column is calculated as: 

       
  

  
         

      

  
                                            (3.16) 

where:  

   is the volume sources and sinks including rainfall, evaporation, infiltration and lateral inflows 

and outflows having negligible momentum fluxes; 

u, v is horizontal velocity components in the dimensionless curvilinear-orthogonal horizontal 

coordinates x and y, respectively; 

  is excess water column hydrostatic pressure; 

  is the buoyancy;  

   is the vertical turbulent viscosity; 

      is momentum source term and sink term incorporating subgrid scale processes, 

respectively; 

   is the reference density; 

  is the water density,           ; 

  is the sigma coordinate over depth. 

The momentum source and sink terms, which include sub-grid scale horizontal diffusion and 

momentum in equation (3.14) (3.15) represent motions induced by small-scale processes and not 

directly resolved by the model grid. They are parameterised in terms of horizontal diffusion and 

can be expressed as (Delic and Wheler, 1997): 

   
 

  
    

  

  
  

 

  
    

  

  
 

  

  
                                    (3.17) 

   
 

  
    

  

  
 

  

  
   

 

  
    

  

  
                                   (3.18) 

where,    is the horizontal viscosity term.  
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The horizontal viscosity term is often defined as a minimum value necessary to smooth cell to 

cell spatial oscillations.  

The turbulent equations of motion are formulated to use the Boussinesq approximation for 

variable density. The momentum equations solved in the model are as follows (Delic and Wheler, 

1997): 

                                                   

                        
                  

  

 
        

  

  
        

   
  

  
                  

                                                                                 (3.19)                 

                                                             

               
                  

  

 
        

  

  
        

   
  

  
                                                                                                    (3.20)                                                                                                           

where: 

    
 

  
,    

 

  
,    

 

  
    

 

  
; 

  is the vertical velocity in the stretched vertical coordinate; 

      is scale factors of the horizontal coordinates, respectively; 

  
    

  is the physical vertical coordinates of the free surface and bottom bed, respectively; 

  is the free surface potential      
 ; 

   is the Coriolis acceleration; 

Coriolis acceleration    incorporateed the curvature acceleration term   is expressed as follows: 

     
     

    
 

     

    
                                                     (3.21) 

The EFDC model currently is based on an f plane formulation for the Coriolis accelerations, with 

the variable Coriolis being the value of f in 1/seconds units. The maximum stable time step is 

constrained by the 0.5/f and the CFL criteria for advection (Hamrick, 2007, Hamrick, 1992). A 
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spatially constant horizontal diffusion is specified by a constant value. A variable horizontal 

diffusion may be added to the constant value by specifying a non- zero value, which is the 

dimensionless constant in the Smagorinsky subgrid scale horizontal diffusion formulation 

(Smagorinsky, 1963). The background molecular kinematic viscosity and diffusivity are 

specified, respectively. 

The three-dimensional continuity equation in the stretched vertical and curvilinear-orthogonal 

horizontal coordinate system is: 

                                                     (3.22) 

In EFDC, the continuity equation is integrated with respect to the dimensionless vertical 

coordinate   over the water column to produce the depth integrated continuity equation in the 

following formula: 

                    
 

 
            

 

 
                      (3.23) 

Second order accurate spatial finite difference on a staggered or C grid is used to solve the 

equations of motion in EFDC. The model’s time integration employs a second order accurate 

three time level, finite difference scheme with an internal-external model splitting procedure to 

separate  the internal shear from the external free surface gravity wave or barotropic mode. The 

external mode solution is completed by the calculation of the depth averaged barotropic 

velocities using the new surface elevation field.  

The external model x-direction momentum and continuity equations are expressed as follows 

(Hamrick, 1992): 

     

  
   

          

  
 

          

  
 

   

  
        

 
      

   

  
  

   

  
      

  

  
 

  
  

  
     

   

  
                                                                                                    (3.24) 

  

  
 

      

  
 

    

  
                                                         (3.25) 

where:  

                          
 
                                              (3.26) 

        
 
                                                                      (3.27) 



Chapter 3 Numerical Modelling  

59 

 

                
 
                                                            (3.28) 

Over bars indicate depth averaged quantities in the above equations. Equation (3.24) and 

equation (3.25) expressed the time rate of change of depth-integrated volumetric transports to the 

pressure gradients linked with the free surface slope, atmospheric pressure, the advective 

accelerations, buoyancy, the Coriolis, curvature accelerations, the free surface, bottom tangential 

stresses and the general source and sink terms. 

The internal solution of the momentum equation is in terms of the vertical profile of shear stress 

and velocity shear. The discretization of the internal mode equations is performed based on 

equation (3.14). The x-direction momentum equation is expressed as: 

         
            

  
 

         
                    

  
 

         
                    

  
 

      
        

                      
                          

                  

       
             

  

  
   

  

  
            

        
     

  
   

   

  
   

    
       

                      
                           

                      

(3.29) 

where, 

                                                         
         

 
                                                      (3.30)                               

Summation of velocities over vertical layers is as follows: 

         
                                                            (3.31) 

         
                                                             (3.32) 

where: 

   is the vertical layer thickness; 

      is the velocity component on     layer; 

      is the summation of velocity components over vertical layers or depth-integrated velocity 

components. 

                                                 



Chapter 3 Numerical Modelling  

60 

 

3.3.3. Vertical Coordinates 

In the vertical direction, EFDC uses a time variable mapping or stretching transformation 

(Phillips, 1957) (see Figure 3.6): 

  
      

     
                                         (3.33) 

where:  

  is a stretched, dimensionless vertical coordinate, or so-called sigma coordinate; 

   is a physical vertical or Cartesian coordinate. 

            at bottom topography         

            at surface                            

 

Figure 3.6 Sigma coordinate system in model EFDC 

 

A second moment turbulent closure model is used in EFDC to provide the vertical turbulent 

viscosity and diffusivity. The model relates the vertical turbulent viscosity    and diffusivity    

to the turbulent intensity  , a turbulent length scale  , and a Richardson number    (Galperin et 

al., 1988, Mellor and Yamada, 1982). Dynamically coupled transport equations for turbulent 

kinetic energy and turbulent length scale are also solved. The two turbulence parameter transport 

equations implement the Mello-Yamada level 2.5 turbulence closure scheme (Mellor and 

Yamada, 1982) as modified by Galperin et al. (1988).  

                                                                     (3.34) 

where: 
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                                                       (3.36) 
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                                                                    (3.41) 

where: 

   
  

     
     

                                                         (3.42) 

        
   

  
                                                       (3.43) 

where,    and    are reduced and enhanced vertical mixing or transport in stable and unstable 

vertically density stratified environments, respectively. The Richardson number    quantifies the 

vertical stratification, which represents the ratio of the buoyancy force to the vertical velocity 

shear (or flow gradient term) (Seker-Elci, 2004). Mellor and Yamada (1982) set the constants as 

follows:  

                                                           (3.44) 

 

3.3.4. Boundary Conditions 

Initial conditions and boundary conditions (BC) must be specified in order to solve the 

hydrodynamic equations. Prescribed boundary conditions serve as driving forces for model 

simulations. The types of boundary conditions prescribed in a three-dimensional hydrodynamic 

model are presented in Figure 3.7 and include both horizontal and vertical boundary conditions. 
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Wind force is a horizontal boundary condition applied at the water surface. For this reason only 

vertical boundary conditions are now discussed. 

 

Figure 3.7 Boundary conditions (adapted from Ji (2008)) 

 

The zero vertical velocities as the vertical boundary conditions (surface and the bottom) are 

expressed as: 

                                                                 (3.45) 

Vertical boundary conditions for the momentum equations are kinematic shear stresses at the 

water bottom (z=0) and water surface (z=1). Expressions for the bottom and surface shear 

stresses, respectively, are (Ji, 2008): 

  

 

 

  
                           

    
                                  (3.46) 

  

 

 

  
                                                                (3.47) 

where: 

     and     are shear stresses at the bottom (   ) and shear stresses at the surface (   );  

   and    are wind speed components at 10 m above the water surface;  

   is bottom drag coefficient;  

   is wind-stress coefficient; 

       refer to velocity components computed at mid-height of the bottom layer.  

The bottom drag coefficient    is computed using the following expression (Garrantt, 1977): 
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                                                       (3.48) 

where: 

      is the von Karman constant;  

   is the dimensionless thickness of the bottom layer;  

     
    is the dimensionless bottom roughness height;  

  
  is the bottom roughness height. 

This thesis is predominantly concerned with surface flows, and so the formulaiotn of wind stress 

is very significant to the research. Specification of the kinematic shear stresses depends on the 

correct approximation of the wind-stress coefficient. The wind-stress coefficient    is examined 

with two types of wind data in Chapter 5 in detail.   

Two types of horizontal boundary conditions, open and close boundary conditions, are used in 

the three-dimensional model. The interaction between the modelled area and the open oceans is 

described as open boundary conditions. Water surface elevation is the main variable providing 

the open boundary conditions. Either time series of tidal elevation or tidal constituents can be 

used to define the coastal open boundaries (Shen et al., 2002, Ji, 2008). 

          
   

  
    

 
                                                 (3.49) 

where: 

   is the mean amplitude; 

   is the period; 

   is the phase angle of     tidal constituent. 

The interaction between land and the interior of the model domain is defined as a closed 

boundary condition. The solid boundary conditions include no-slip and free-slip conditions. The 

no-slip condition prohibits flow both through and along the boundary; while the free-slip 

condition permits flow along the boundary but not through it. The partial-slip boundary condition 

is used in EFDC, which means that only the velocities that are normal to the boundary go to zero 
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and non-normal velocities are reflected back into the domain without loss of energy (Tuckey et 

al., 2006). 

 

3.3.5. Barotropic and Baroclinic Conditions 

Three-dimensional numerical coastal models, which describe the response of a variable density 

ocean to atmospheric momentum and heating force, generally can be divided into two types: 

barotropic and baroclinic models (see Figure 3.8) based on considering the relationship between 

isobaric surface and isopycnic surface.  

The fluid density is a function of only pressure in barotropic fluid model, the barotropic pressure 

gradient is independent of depth in the water column, which means that barotropic pressure 

gradient does not change with depth, it only depends on sea surface slope. While density surfaces 

are inclined to pressure surfaces in baroclinic fluid model, the surfaces of constant density 

(isopycnal surfaces) are not everywhere parallel to the surfaces of constant pressure (isobaric 

surfaces), the density field can modify the pressure gradient such that it varies with depth. Figure 

3.8 shows the barotropic and baroclinic model conditions.  

 

Figure 3.8 Barotropic and baroclinic conditions (adopted from Naval Postgraduate School online) 
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Since region of interest in this study is known to be welled mixed, the three-dimensional coastal 

barotropic EFDC model is used to simulate the surface currents in the coastal area. There would 

not be much difference in temperature and salinity within our research domain. In the barotropic 

model, the horizontal currents over the column are shown in Figure 3.9. 

 

Figure 3.9 Barotropic model (a region of the ocean’s water column is vertically integrated to 

obtain one value for the vertically different horizontal currents, adopt from Ocean Models (1995)) 

 

Surface wind stress and the source-sink mass flows are the two main forces in a barotropic 

coastal model.  In this research surface currents are mainly induced by tide and wind stress. 

 

3.4. Summary 

A number of two-dimensional and three-dimensional numerical coastal models have been 

developed for different study and operation in coastal engineering, such as 

Depth Integrated Velocity And Solute Transport (DIVAST) and Environmental Fluid Dynamics 

Code (EFDC). Both two-dimensional and three-dimensional numerical models are useful tools to 

study the hydrodynamic process in coastal areas. A two-dimensional model is able to simulate 

the dynamic process in the horizontal plane, but it cannot provide detailed information for a 

water body which has significant vertical stratification. A two-dimensional model simplifies the 

simulation domain over  -direction with different techniques, such as depth-integrated, lateral-

integrated. Compared with two-dimensional numerical coastal models, three-dimensional 

numerical coastal models take into account the energy and mass transfer over vertical layers of 
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water body and interactions over the vertical layers. The internal dynamic process can be better 

described in three-dimensional models than in two-dimensional models.  

Since the complicated dynamic process of water body is influenced by a variety of factors, such 

as tide, wind stress and bottom friction in coastal regions, relatively complete consideration of 

parameters which may affect modelling performance is a necessity. In addition, EFDC is able to 

simulate the drying and wetting process of flood plains in coastal areas, where exist strong tide-

driven flow. Moreover, the author is interested in the changing process of variables of interest 

such as surface velocity and water elevation over time in coastal areas, a complete consideration 

and accurate definition of as many parameters as possible in the numerical coastal model are 

important to obtain the best simulation and forecasting.  

The main advantages of three-dimensional numerical costal models can be listed as following 

compared with two-dimensional numerical coastal model:  

 better spatial resolution via considering vertical layers;  

 better representation of energy transform over the water column;  

 better consideration of important processes such as bottom friction and turbulence;  

 ability to resolve vertical variations. 

These advantages generate the current popularity of applying three-dimensional numerical 

hydrodynamic models in studying dynamic process in coastal areas.  

In order to better study the surface current circulation with accurate definition of initial and 

boundary conditions, to obtain good forecasting states and to combine sequential data 

assimilation algorithms for improving modelling forecast in the coastal area, the three-

dimensional numerical coastal model EFDC is used in this research.  
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Chapter 4 Hydrodynamic and Wave Measurements in Galway Bay 

 

4.1. Introduction 

Measurement of met-ocean data is an important aspect of studying hydrodynamic parameters 

such as surface currents and wave parameters in coastal regions.  Reliable and accurate data are a 

fundamental requirement of developing models with data assimilation embedded. Traditional 

methods to measure ocean currents in coastal areas use ADCP which captures velocities at 

various depths throughout the water column. Due to a growing requirement to obtain more real-

time surface current data over large domains, the deployment of high frequency radar systems 

has become increasingly popular to monitor surface circulation patterns in coastal areas.  

Because the sea surface is highly dynamic, validation of measured data needs to be considered 

before applying them for other purposes, such as data assimilation. This process ensures the 

reliability of measurements. For hydrodynamic research in coastal areas, data are collected 

through various types of measurements; these are extremely useful for the validation of 

numerical models as well as for verifying the accuracy of data from one source with another. A 

number of researchers have used different types of measurements to evaluate the observation 

quality and validate their numerical coastal models. Teague et al. (2001) compared multi-

frequency current radar data with currents measured by ADCPs at several locations. Four 

different radar wavelengths were used to examine the vertical structure of the current. Currents 

measured from both radar and ADCP were highly correlated and showed similar behavior with 

depth. Kelly et al. (2002) and Kelly et al. (2003) compared radar data with ADCP measurements 

on the West Florida Shelf. They found that the along-shelf surface currents measured by radar 

were around 30% larger than the measurement from ADCP according to the standard deviation 

and linear regression slopes. Mau et al. (2007) used CODAR data to validate their numerical 

model of the New York Bight and Block Island Sound by comparing measured and modelled M2 

tidal ellipses. They also used ADCP measurements at five sites to validate the modelled vertical 

velocity profiles again using M2 tidal ellipses. Their models described well the regional tidal 

flow pattern along with the vertical tidal velocity structure. Ebuchi et al. (2006) compared radar 

data with measurements collected by shipboard ADCPs. Owing to the depth of the shipboard 
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ADCPs, the wind drift was considered to be much weaker than the radar measurements. 

Comparison of zonal and meridional velocities in their research showed a reasonable agreement. 

Yoshikawa et al. (2007) studied the structure of wind-driven flows in the Tsushima Strait by 

analyzing ADCP measurements and radar data. They found that wind-driven flow was balanced 

with wind stress after 11-13 hours, half of the inertial period at their study latitude.  Liu et al. 

(2010) compared radar surface currents with ADCP radial currents at a low wave energy site. It 

was found that the RMSEs between the radar data and ADCP radial currents were degraded 

when the significant wave height was less than 0.3 m.  

Since measurement errors are inevitable in hydrodynamic observation of coastal areas, the 

research projects above showed that cross-calibration between two or more independent 

measured data from different tools, such as ADCP and radar data, is an important step in 

checking data quality. Moreover, validated radar data are able to capture synoptic surface flow 

features. This intercomparison process ensures that the measured data are reliable for use in other 

applications. Reliable data are a fundamental requirement of data assimilation; obviously, the 

assimilation of highly inaccurate data would deteriorate model results. 

In this chapter, detailed descriptions about ADCP and SeaSonde CODAR high frequency radar 

systems are given in Sections 4.2 and 4.3, respectively. Intercomparions of ADCP and radar 

measurements in Galway Bay are presented in Section 4.4. Properties and application of radar 

measurements are described in Section 4.5 and Section 4.6, respectively; followed by a summary 

of this chapter in Section 4.7.  

  

4.2. ADCP Measurements 

ADCPs use the Doppler effects by transmitting sound at a fixed frequency and listening to 

echoes returning from sound scatters in the water. The sound scatters are small particles or 

plankton, which reflect the sound back to the ADCP. Scatters are floating everywhere in the 

water. The key assumption under this measurement method is that on average the scatters move 

at the same horizontal velocity as the water. Sound scatters in all directions from the scatters. 

Most of the sound goes forward, unaffected by the scatters. The small amount that reflects back 

is Doppler shift or Doppler effect. When sound scatters move away from the ADCP, the sound 
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recorded is Doppler-shifted to a lower frequency proportional to the relative velocity between the 

ADCP and scatter. The backscattered sound is then perceived by the ADCP as though the 

scatters were the sound source; the ADCP records the backscattered sound Doppler-shifted a 

second time. Therefore, because the ADCP both transmits and receives sound, the Doppler shift 

is doubled. The equation for the Doppler shift can be expressed as (Gordon, 1996): 

    
      

  
                                                          (4.1) 

where: 

    is the Doppler shift frequency; 

   is the frequency of the sound when everything is still; 

   is the relative velocity between the sound source and the sound receiver (m/s); 

   is the speed of sound in water (m/s). 

For more detailed description about ADCP principles see Gordon (1996). In this work, a bed-

mounted ADCP was deployed in Galway Bay at location A in Figure 4.1. Time series of velocity 

components and direction in vertical layers at this location were recorded. The water depth was 

20 m at the measurement site in Galway Bay. The ADCP measured currents over 2 m depth 

increments throughout the depth of the water column. The last 3.2 m close to the surface cannot 

be measured due to the side lobes interference area with the 2 m depth cells. Note that these 

depths are referenced to the seabed. Thus there are between five and seven valid depth cells 

throughout the water column being measured over time. Each depth cell is comparable to a 

single current meter. Therefore, an ADCP velocity profile is like a string of current meters 

uniformly spaced on a mooring; the following definitions can be drawn by analogy: 

Depth cell size = distance between current meters 

Number of depth cells = number of current meters 

However, there are two important differences between a string of current meters and an ADCP 

velocity profile. The first difference is that the depth cells in an ADCP profile are always 

uniformly spaced while current meters can be spaced at irregular intervals. The second is that the 

ADCP measures average velocity over the depth range of each depth cell while the current meter 

measures current only at one discrete point in space (Gordon, 1996, Rennie et al., 2002, Brumley 

et al., 1991). Data were recorded every sixty minutes at point A (see Figure 4.1) with the ADCP 

in Galway Bay and the measurement period was from Julian Day 220 to 335 in 2013.  
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Figure 4.1 Deployment locations of hydrodynamic measurement equipments in Galway Bay 

(point A indicates ADCP; W indicates wave buoy; C1 and C2 indicate radar locations) 

 

Figure 4.1 shows the deployment locations of measurement equipments (ADCP, wave buoy and 

radars) in Galway Bay. Both ADCP and wave buoy are located in the radar covered domain. 

Figure 4.2 shows an example of an ADCP buoy platform. The detailed parameters of ADCP 

deployed in Galway Bay are listed in Table 4.1.  

 

Figure 4.2 ADCP in coastal area  
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Table 4.1 ADCP Configuration Parameters 

Parameters Values 

Latitude 53.1998° N 

Longitude 9.1503° W 

Water depth 20 m 

     Top bin depth 3.2 m 

Bin size 2 m 

 

An ADCP is able to capture the vertical current distribution at one location in time. Figure 4.3 

shows the vertical current profiles measured by the ADCP in Galway bay at stages over one tidal 

cycle. In order to maintain consistency with model results in the following analysis, the vertical 

axis in Figure 4.3 is expressed as normalized depth, which is dimensionless. The actual water 

depth is equal the multiplication of the total water depth at location A by the cumulative layer 

thickness.  

 

(a) 

 

 

 

 

 

 

 

 

 

 



Chapter 4 Hydrodynamic and Wave Measurements in Galway Bay 

72 

 

(b) 

T1 T2 T3 T4 T5 T6 T7

T8 T9 T10 T11 T12 T13 T14

Figure 4.3 Vertical current profiles of ADCP data 

(over one tidal cycle at point A in 2013, see Figure 4.1, (a) is the tidal water elevation time series; 

(b) is the vertical current profiles of ADCP data) 

 

The ADCP deployment site is located in the area covered by the radar, although it only provides 

the velocity data at one discrete location, it is very useful. The usefulness of vertical current 
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profiles from an ADCP at one location inside the radar covered domain can be described as 

follows: 

 The independent measurements from ADCP on the top layers (such as surface, 

subsurface, low water level) can be applied to cross-compare measurements from other 

instruments, such as evaluating the quality of radar surface currents; 

 The vertical velocity distribution from ADCP can be used to study the influence of 

surface layer data assimilation processes over the complete water column.  

 

4.3. Radar Measurements 

4.3.1. Introduction 

Conventional measurement instruments such as ADCP have the ability to measure the surface or 

ocean currents over depth; but these conventional instruments cannot provide flow fields of 

surface currents information over time.  The continuous observation of the surface current 

images over a large coastal domain in time is very helpful for studying dynamic processes of a 

coastal water body. With the development of currently advanced remote sensing technologies 

(satellites, high frequency radars etc.), it is possible to capture accurate surface currents 

information with high spatial resolution and small temporal resolution.  Hence, radar systems to 

measure surface currents have become increasingly popular for coastal regions in the past decade 

or so. High frequency land-based radar system can survey real-time surface currents data over 

relatively large spatial areas on a nearly real time basis for years. In addition, using radar systems 

to capture surface current data is becoming commonplace in coastal ocean engineering, 

especially for related ocean services such as ocean rescue and oil-spill. 

Based on the algorithm being used, in general, radar system can be categorized as either of two 

types: beam forming and direction finding. Beam forming radar systems electronically steer a 

linear phased array of receiving antennas toward a sector of ocean surface, such as the ocean 

surface current radar (OSCR) and Wellen radar (WERA) (Gurgel et al., 1999, Hammond et al., 

1987). While direction finding radar system exploits the directional properties of loop antennas 

to determine bearing, such as the Coastal Ocean Dynamics Application Radar (CODAR) (Emery 

et al., 2003).  
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CODAR is a type of portable, land-based radar system, which can measure the near-surface 

ocean currents and gravity surface waves in coastal area. Measurements obtained from the 

CODAR systems are made available in near real time. The raw ocean surface information is 

obtained from the radar signal, which is scattered in 360
0
, measurement information returns to 

the radar receiver when the radar signal scatters off a wave that is exactly equal to half of the 

transmitted signal wavelength (Wang et al., 2004, Haus et al., 2000). The information in the 

radio-wave backscatter exploited from the ocean surface is used to infer movement of the near 

surface layer (Shulman and Paduan, 2009). The radar system deployed in Galway Bay is a 

CODAR SeaSonde direction finding radar system (see Figure 4.1 and Figure 4.5). 

 Although altimeter satellites are also able to detect surface currents, they operate on quite large 

spatial scales farther offshore and under the assumption that the observed flows are in 

geostrophic balance, which appears when Coriolis force balances pressure gradient (Sudre and 

Morrow, 2008). Figure 4.4 describes the geostrophic balance in the Southern hemisphere.  

  

Figure 4.4 Geostrophic balances in the Southern hemisphere 

(H indicates high sea surface; L indicates low sea surface, adopted from Science Education 

through Earth Observation for High Schools (SEOS) Project online) 

 

Moreover, the temporal resolution of altimeter satellites data is low, constrained by the repeat 

cycle of satellite pass over the ocean, which may take a few days. Therefore, land-based radar is 
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more apt for mapping coastal surface currents on comparable spatial and temporal resolution 

nowadays (Paduan and Washburn, 2013).  

A single radar station determines the radial component of the surface currents relative to that 

station, providing current magnitude and direction toward or away from the radar. The total 

surface current velocity vector is determined by summing surface currents radial velocity 

components from at least two or more radar locations. The extent of alongshore surface current 

mapping is limited only by the number of radar systems with overlapping coverage.  There are 

various applications of radar data, including search and rescue support, oil-spill mitigation in real 

time and larval population connectivity assessment when viewed over many years (Paduan and 

Washburn, 2013). Because CODAR system can provide abundant dataset, the understanding, 

extraction and application of these data are new challenges to explore the dynamical process of 

surface currents. 

Two CODAR SeaSonde high frequency radar stations have been deployed in Galway Bay since 

summer in 2011; they are located at Mutton Island Waste Water Treatment Plant (C1 in Figure 

4.1 and Figure 4.6) and Spiddal Pier (C2 in Figure 4.1 and Figure 4.6). They are capable of 

collecting radial surface maps and wave data; a combination of radial data from the two radars 

produces maps of total surface current fields every hour. This radar system provides 300 metres 

horizontal resolution of surface currents data. Figure 4.5 shows the antennas of radar in Galway 

Bay. Figure 4.6 shows the locations of the two high radars in Galway Bay. 

 

Figure 4.5 SeaSonde antennas of high frequency radar system in Galway Bay 
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Figure 4.6 Station locations of radar in Galway Bay  

(left figure is Spiddal Pier C2 in Figure 4.1, right figure is Mutton Island C1 in Figure 4.1) 

 

The basic radar parameters deployed in Galway Bay are listed in Table 4.2. 

Table 4.2 Configuration Parameters of SeaSonde High Frequency Radars 

Parameters Site 1 (Mutton Island) Site 2 (Spiddal) 

Latitude 53.254° N 53.2404° N 

Longitude 9.05495° W 9.3092° W 

Operating Frequency 24.425 MHz 24.64 MHz 

Sight Arrow 192° 127° 

Angular Resolution 2 degrees 2 degrees 

Coverage 95 minutes 95 minutes 

 

The radar system area coverage underlies extensive commercial uses, such as fishery, tourism, 

aguaculture and marine energy. Shore-based radars measure high resolution spatial and temporal 

evolution of the two-dimensional surface current field over relatively large coastal domains 

(Marmorino et al., 1999). However, the domain covered by the radar system changes over time, 

this means that there are temporal and spatial gaps during measurement period owing to variable 

surface roughness conditions. For example, the grid points covered by radar system in Galway 

Bay are different at each measurement time step. Figure 4.7 shows the number of covered points 

by radar system in Galway Bay from Julian Day 220 to 240 in 2013. Figure 4.7 shows that the 
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measured points vary in time. On average, around 2400 points can be captured during this 

observational period. 

The radar system not only measures the surface velocity components in time, the Standard 

Deviation (SD) of both surface velocity components is also provided by radar system. The mean 

of Standard Deviation is 1.01 cm/s and 0.84 cm/s for east-west and north-south surface velocity 

component from Julian Day 182—201 in 2013, respectively.  

 

Figure 4.7 Overlapping number of radar measurement points (Julian Day 220-240, 2013)  
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Figure 4.8 Temporal coverage of surface currents measured radar (hours, 2013) 

 

 

Figure 4.9 Spatial coverage domain of radar measurements in Galway Bay (Julian Day 220-240, 

2013) 

 

Figure 4.8 shows the temporal coverage of each month over in year 2013. At certain months, 

such as April and May in 2013, there were little data measured owing to low surface roughness 
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or clam weather conditions. The system was able to monitor the surface currents during the 

majority of the months in 2013. Because radial observations from at least two or more radar sites 

are overlapped to generate the total surface vector estimates, which results in limited coverage 

(Shulman and Paduan, 2009). Cumulative spatial coverage domain of system during Julian Day 

220-240 in 2013 is shown in Figure 4.9, which shows that a network of radar system is able to 

capture the whole inner Galway Bay surface. Some gaps exist close to the coast line in Galway 

port, but the main domain of interest is monitored by the radar system. Figure 4.9 only shows the 

cumulative spatial coverage distribution map of measurements over 21 days (Julian Day 220-240 

in 2013); in fact, the actual overlapping coverage varies with every measurement step (see Figure 

4.7).  

 

4.3.2. Principles of Radar System 

The underlying principles of radar network are based on the assumptions of linear wave theory 

and deep water conditions.  The basic mechanism behind the radar system is based on the 

analyses of backscattered radio signals. Each radar station emits a radio signal to the ocean 

surface, and the radar station monitors the signal that is scattered back to the station (see Figure 

4.10). The radar system uses backscattered radio signals to compute surface currents. The total 

vector field of the surface currents from the radial vectors is computed in a least square method. 

Because the ocean surface scatters radio signals in many different directions, the CODAR high 

frequency radar system uses the principle of “Bragg Scattering” to amplify the portion of the 

scattered radio; resonant Bragg Scattering amplifies the scattered signal directed toward the radar 

antenna using resonant theory.  

Surface currents measured by radar system are at near-surface depths of about 0.5 m. The impact 

of depth is a function of the transmitting frequency of the radar system for a standard-range 

CODAR SeaSonde. Resonance occurs at certain signal wavelengths, which can be expressed as 

(Gopalakrishnan, 2008):  

    
      

       
                                                                     (4.2) 

where: 
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    is the wave length of ocean surface wave; 

       is the set wavelength of the CODAR transmit wave; 

  is the incident angle of the signal. 

Because the radar antennas are close to sea level, the incident angle   of the signal is assumed to 

be zero, which mean         . Equation (4.2) can be rewritten as (Gopalakrishnan, 2008): 

    
      

 
                                                             (4.3) 

  

Figure 4.10 High frequency radar work structure (adopted from marine.rutgers.edu) 

 

Figure 4.10 shows the working process of radar antenna signals. The surface water parameters 

(surface currents and waves) can be captured when the wave length of ocean surface wave is half 

the wavelength of the radar transmitted wave. Since total surface currents maps can be generated 
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from at least two radar stations, Figure 4.11 shows the combination process of total surface 

currents vector from measured radial signals.  

 

Figure 4.11 CODAR system work schematic  

 

Firstly, separate radial information is obtained from at least two radar stations; secondly, radial 

information from each radar station is collected and stored in one combination system; then 

combination algorithm is applied to calculate the total surface currents based on the radial 

information and output surface current maps. 

 

4.3.3. Radar Data Combination 

4.3.3.1. Surface Currents 

Radial current vector maps from both observation sites C1 and C2 (see Figure 4.1) are separately 

shown in Figure 4.12 and Figure 4.13. Radial component of the surface currents captured by 



Chapter 4 Hydrodynamic and Wave Measurements in Galway Bay 

82 

 

radar is in respect of spatial domain defined by a polar coordinate system (see Figure 4.12 and 

Figure 4.13). The spatial domain is divided into range cells extending circularly from the radar 

site as the origin, and the azimuth ranges from         (Gopalakrishnan and Blumberg, 2012). 

The combination station located in National University of Ireland, Galway is responsible for 

producing total surface current map. The radial components of the near-surface current from 

Mutton Island and Spiddal Pier are combined to produce a two-dimensional surface current map 

of Galway Bay every sixty minutes.   

 

Figure 4.12 Radial current vector map at Mutton Island station (23:00 Julian Day 208) 

 



Chapter 4 Hydrodynamic and Wave Measurements in Galway Bay 

83 

 

 

Figure 4.13 Radial current vector map at Spiddal station (02:00 Julian Day 274) 

 

 

Figure 4.14 Total current vector coverage domain (15:00 Julian Day 285) 
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Figure 4.15 Total current vector map of Galway Bay (19:00 Julian Day 152) 

 

Figure 4.14 and Figure 4.15 display the total current vector coverage domain and the snapshot of 

total surface current vector, respectively, which illustrates that the radar data are mostly in the 

inner Galway Bay (Shay et al., 2007, Shay et al., 2002, Kovačević et al., 2004, Parks et al., 2009, 

Mihanović et al., 2011). The vector map of surface currents (see Figure 4.15) is computed every 

sixty minutes at the combination station, based on the radial surface currents. The system 

computes the spatial location of measured points (longitude and latitude), components of surface 

velocities (cm/s) and standard deviation of each velocity component etc.  

4.3.3.2. Waves 

The network of radar system not only senses the surface currents in Galway Bay, but also senses 

wave information: wave height, wave period and wave direction. However, the spatial origin of 

the wave measurements does not work in the same manner as the surface currents. Wave data 

from the radar system are not mapped spatially. There are only values for each range bin, i.e. 

each range crown with a size equal to the range resolution of the radar. Figure 4.16 shows the 

radar beams used to measure surface waves.  
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Figure 4.16 High frequency radar intersection beams (Galway Bay) 

 

There are not sufficient signal-to-noise ratios (SNR) in the wave data in order to make 

"wave maps", which is why the data are represented on each range bin. The signal 

communication process in CODAR system is shown as Figure 4.17 (Dunlop and Smith, 1994). 

This means that there is not a coordinate for the measurement, only a distance to the radar, which 

together with the range resolution defines the range crown.  

Modulator Channel DemodulatorInput signal

Signal-to-noise 
ratio SNR

Output signal 

Noise
 

Figure 4.17 SNR in general telecommunications system 

 

The range over which any radar is capable of measuring wave data is a function of the signal-to-

noise ratio (SNR) of the target. In the case of the CODAR system for current mapping, the 
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targets are the surface waves. The equation for determining the SNR for any target can be 

expressed as (NOAA, 2012): 

    
           

         
     

     

         
             

                                             (4.4) 

where: 

   is the average radiated power; 

   is the transmit antenna power gain; 

   is the receiving antenna directivity; 

     is the coherent FFT processing time; 

    
  is the radar cross section of water surface within radar cell; 

     is the range to radar cell; 

         is the internal receiver thermal noise spectral density; 

     is the temperature; 

     is the Boltzmann’s constant (               ); 

     is the factor by which external noise exceeds internal receiver noise; 

    
  is the one-way attenuation factor above normal free-space spreading loss experienced by 

surface wave above lossy spherical earth. 

In order to evaluate wave data from the radar system, a wave buoy (point W in Figure 4.1) was 

deployed in Galway Bay to measure the wave data. Figure 4.18 shows the validation of wave 

height from CODAR radar system and a wave buoy. 
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Figure 4.18 Wave height comparison at 3 km from origin (December, 2013) 

 

There is good agreement of wave height between radar data and wave buoy data in Figure 4.18. 

The good agreement further provides confidence in using radar data for other applications. Since 

the author focuses on improving the forecasting of surface currents in coastal area with data 

assimilation techniques, wave data are not used in this work.  

 

4.4. Radar-ADCP Measurement Intercomparisons 

Electromagnetic interference, ships, and poorly constrained inversion algorithms may result in 

errors in radar currents, so it is important to establish the confidences before proceeding to use 

the measured data for validation of the numerical model and data assimilation. In order to assess 

the quality of radar measurements, surface currents measured by radar systems were compared 

with ADCP observed data.  Time series of radar measurements at a grid point close to ADCP 

deployment location were extracted for intercomparison purposes. Owing to the complicated sea 

surface conditions, the top layer current measured by ADCP was very noisy, time series 

intercomparison of surface velocity components and direction measured by radar and ADCP at 

different layers (surface, subsurface and low water level (LWL)) are shown, respectively. Figure 

4.19 shows the layers of water column for intercomparisons.  



Chapter 4 Hydrodynamic and Wave Measurements in Galway Bay 

88 

 

Time

Water depth

Mean Water Level (MWL)

Low Water Level (LWL)

ADCP data on surface

ADCP data on subsurface

ADCP data on Low Water Level (LWL)

ADCP 
measurements 

at Ti

Free surface

 

Figure 4.19 Water levels for ADCP data extraction 

 

Time series intercomparision of speed and direction are shown in Figure 4.20 to Figure 4.23.  

The match between radar measured surface velocity and ADCP data at the low water level in 

Figure 4.22 is better than surface layer in Figure 4.20 and subsurface layer in Figure 4.21. 

Especially for the direction time series in Figure 4.23, the direction of current vector from both 

ADCP and CODAR has a similar good trend. The RMSE of direction between ADCP and 

CODAR data is 63.7 degrees. The correlation coefficient of the two direction time series is 0.77, 

which means that there is a strong agreement between these two datasets. This provides 

confidence in the accuracy of the measured datasets. 
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Figure 4.20 Surface speed of CODAR and ADCP current (surface, 2013) 

 

 

Figure 4.21 Surface speed of CODAR and ADCP current (subsurface, 2013) 
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Figure 4.22 Surface speed of CODAR and ADCP current (LWL, 2013) 

 

 

Figure 4.23 Direction time series of CODAR and ADCP current (LWL, 2013) 

 

In order to further quantify the correlation of surface velocity components between radar 

measurements and ADCP data, the method of complex correlation was used. Here, the author 
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takes the components of the velocity vectors from both CODAR and ADCP as complex numbers 

in the following formula: 

                                                                    (4.5) 

                                                                     (4.6) 

where: 

        is CODAR measured velocity vector; 

       is ADCP measured velocity vector; 

    is the east-west velocity component vector of CODAR measurement; 

    is the north-south velocity component vector of CODAR measurement; 

    is the east-west velocity component vector of ADCP measurement; 

    is the north-south velocity component vector of ADCP measurement. 

The correlation amplitude    and phase    of the complex correlation are defined as 

(Gopalakrishnan and Blumberg, 2012, Shulman and Paduan, 2009, Paduan and Shulman, 2004, 

Shay, 1995): 

                                                                   (4.7) 

        
               

               
                                                   (4.8) 

where:  

   
               

   
     

   
 
    

     
   
 
 

                                                   (4.9) 

   
               

   
     

   
 
    

     
   
 
 

                                                    (4.10) 

The angle brackets stand for averaged value or mean. The correlation    is independent of any 

coordinate system and reflects the correlation relationship of the two vectors. The magnitude of 
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   represents an overall measure of correlation. Phase    stands for the average veering of two 

vectors, while the average veering is meaningful only if the value of correlation     is high 

(Gopalakrishnan and Blumberg, 2012). The bigger value of the amplitude, the stronger the 

correlation between two vectors. The value of correlation amplitude close to 1 and phase close to 

zero implies an excellent comparison between the two vector time series. In this research, the 

two time series vectors are the radar and ADCP measurements at point A in Figure 4.1, the 

computation time period is from Julian Day 220 to Julian Day 243 in 2013. The data from ADCP 

used here is the low water level data. The correlation and phase between time series data of 

CODAR and ADCP is 0.57 and -17.26°, respectively. Based on Taylor (1990)’s labeling system 

about correlation, modest correlation (from 0.36 to 0.67) exists between the CODAR and ADCP 

data.  

 

4.5. Properties of Radar Measurements 

The SeaSonde high frequency radar system measures surface currents in near real-time over a 

wide coastal area. The advantages of this system are summarized as follows (Gopalakrishnan, 

2008, Paduan and Washburn, 2013). 

a. Convenience 

Since the information of surface currents is remotely captured by land-based stations, 

there is no need for site staff. In addition, it does not need any other system for operation 

once it is setup. Furthermore, the system is relatively easy to be deployed and collect data 

during most weather conditions. These attributes allow radar system obtain reliable 

estimate of surface currents.  

b. Real Time 

The radar system can convey nearly real time measurement dataset at fixed time interval; 

in the case of Galway Bay data are provided at about sixty-minute intervals. This 

characteristic is also able to provide useful and seasonable data for surfing and fishing etc.  

c. High Quality 
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Radar data (surface currents and waves) can be delivered in nearly real-time over 

broadband link and are reliable for other applications based on the intercomparisons with 

measurements from other sources such as ADCP and wave buoys. Moreover, the system 

can fun for months without requiring maintenance. The system can produce accurate two-

dimensional surface current vector fields in coastal domains and captures the most 

important wave parameters over time. In addition, measured data have a relatively fine 

spatial resolution; in the case of Galway Bay the resolution is 300 metres. The output of 

surface current vector map from radar system even provides Standard Deviation (SD) of 

every covered point at each measurement step.  

d. Large Spatial Coverage 

The high frequency radar system is unlike traditional measurement technologies, which 

only capture data at a single point. The radar system produces measured dataset over 

large coverage areas, with ranges up to 200 km. Spatial resolution can be from 0.3 km to 

6 km, temporal resolution can be 60 minutes or longer. Radar systems are capable of 

reproducing surface current circulation over a large domain.  

The above properties lead to the great popularity of radar system in monitoring surface currents 

in coastal areas around the world.  

 

4.6. Application of Radar Measurements 

The main applications of these measured data from radars can be summarized as follows (Paduan 

and Washburn, 2013): 

a. Model Validation 

Radar surface current measurement systems can provide a batch of data over long period 

on large spatial area. Spatial patterns of surface currents can be developed over time. 

Data measured by the radar system are particularly useful to validate numerical 

modelling. It not only provides surface current maps to calibrate the spatial tidal current 

patterns, but also makes it available to compare the time series at any grid point covered 

by the radar system (Mau et al., 2007, O’Donncha et al., 2014, Lorente et al., 2014). 
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b. Data Assimilation 

Since the difficulties in defining accurate initial and boundary conditions in numerical 

coastal models, consideration of applying measured data from a variety of tools to 

improve modelling performance is a perennial question. The abundant near real time data 

from radar system makes it possible to improve the modelling forecasting by blending the 

measurements into numerical models. This blending process, data assimilation, is 

expected to improve the estimates of model states of interest (Marmain et al., 2014, 

Shulman and Paduan, 2009, Gopalakrishnan and Blumberg, 2012, Barth et al., 2008, 

Parks et al., 2007, Zhao et al., 2013, Xu et al., 2014, Kalnay, 2002, Broquet et al., 2011).  

c. Ocean Surface Circulation 

The large coverage and real time surface current map conveys a variety of information to 

us, which can be used to explore the surface wind-driven currents, buoyancy-driven 

currents, tidal process and the eddy in the coastal ocean. For strongly wind-driven coastal 

domain, the comparison between surface current maps from radar measurement and wind 

stress time series allows us to explore the internal link between coastal currents and wind 

forcing. The sequence of surface current images from radar observations can show the 

development process of eddies (Solabarrieta et al., 2014, Cosoli et al., 2012, Marmorino 

et al., 1999, Kaplan et al., 2005, Sentchev et al., 2013, Gough et al., 2010, Zhao et al., 

2011, Cosoli et al., 2010). 

d. Marine Renewable Application 

Abundant surface currents measured by radar can be used to provide useful information 

during power extraction, device installation, testing and operations for most aspects of 

marine renewable energy projects (Wyatt, 2012).  

 

4.7. Summary 

Two types of ocean currents measurement tools, ADCP and high frequency radar, are presented 

in detail in this chapter. The advantage of the conventional ADCP is that vertical velocity 
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profiles over depth at one location can be captured in time, but one ADCP system is only able to 

obtain velocity data at one fixed location. Comparing with the single velocity measurements over 

depth from ADCP, the radar system is a powerful tool able to capture semi-continuous, wide-

area ocean observations. High frequency radar is a compact, land-based surface currents and 

wave parameters system, which can be easily deployed and maintained. Good features of radar 

system such as convenient measurement process, reliable data, real-time observation and large 

spatial coverage, account for its popularity in measuring surface currents in coastal areas. Radar 

data are very useful for activities such as model validation, data assimilation, and studying ocean 

surface circulation.  A few researchers have begun implementing different types of data 

assimilation techniques to improve modelling performance (both hindcasting and forecasting) 

using radar measured data for coastal regions. In order to ensure the measurement quality, cross-

validation must be undertaken. Cross-calibration of currents between ADCP data and radar 

measurements shows reasonably good agreements for both current magnitudes and current 

directions. The correlation between time series data of CODAR and ADCP is 0.57, which means 

that there is good confidence in these measurements and these measured data are reliable for 

other application. The phase difference between time series data of CODAR and ADCP is also 

good at approximately -17°. Moreover, although wave data are not used in this work, the good 

match (see Figure 4.18) of wave height between radar data and wave buoy measurements further 

proves that radar data have good quality.  

In short, radar data (surface currents and wave parameters) are of relatively good quality 

compared with ADCP and wave buoy measurements.  It is important to note that ADCPs are not 

highly tuned to measure surface currents, so it is likely that much of the differences between 

radar and ADCP surface currents are due to lower quality ADCP data (Kelly et al., 2003). High 

frequency radar measured surface currents not only provide real-time useful information for 

search and rescue and fishing etc, but also provide high resolution data for researchers to learn 

about the complex surface ocean water phenomenon of interest and improve the numerical 

coastal model performance using data assimilation techniques.  
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Chapter 5 Three-dimensional Coastal Model of Galway Bay 

 

5.1. Introduction 

Three-dimensional numerical model is a powerful tool to simulate the hydrodynamic process of 

coastal water bodies; the appropriate definition of the forcing functions, vertical layer 

configuration and boundary conditions etc. within three-dimensional models is of great 

importance to ensure good performance. This work focused on the simulation of surface current 

circulation in Galway Bay using a three-dimensional model. Water elevations at open boundaries, 

wind stress, vertical layer thickness configuration and bottom roughness height, which have 

directly strong impacts on the generation of surface currents in the three-dimensional model 

EFDC, were all sequentially examined to assess their impacts on model sensitivity. The 

modelled results from these tests were intercompared with the radar data and ADCP 

measurements. Appropriate parameters were then selected based on minimum averaged Root-

Mean-Square-Error (RMSE) in space and time. RMSE of surface velocity east-west component 

was firstly calculated using equations (5.1) and (5.2); the same equations were used for north-

south surface velocity component; total           was lastly computed with equation (5.3). A 

single value of           assessed the agreement between modelled results and radar data. 

                                
  
   

 

  
                                     (5.1) 

               
          
   

  
                                              (5.2) 

                                                          (5.3) 

where: 

        is the CODAR SeaSonde high frequency radar measured surface velocity east-west 

component; 

       is the modelled surface velocity east-west component;  
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       ) is the Room-Mean-Squared-Error in space covered by the radar system at timestep  ; 

    is the number of times using equation (5.1);  

   is the number of calculated points at timestep  ; 

        is the averaged value of east-west velocity component in space during the analysis 

period.  

In this research, a three-dimensional model of Galway Bay (see Figure 5.1) was developed using 

a regular grid coordinate system. The simulation period of the model was from Julian Day 211 to 

230 in 2013. An introduction of Galway Bay is presented in Section 5.2. The three-dimensional 

numerical model set up and sensitivity of model results are described in detail in Section 5.3. A 

summary of this chapter is presented in Section 5.4.  

 

5.2. Description of Galway Bay 

Galway Bay is located on the west coast of Ireland with the bay entrance opening onto the 

northeast Atlantic Ocean. The bay is semi-enclosed as it is partially-shielded from the harsh 

Atlantic conditions by three islands called the Aran Islands. The computational domain of 

Galway Bay in the three-dimensional model EFDC is approximately 57 km in length and 36 km 

at its widest. The physical domain is from LB(9.71891E, 52.97371N) (left at the bottom) to 

RT(8.87716E, 53.03773N) (right on the top) in Figure 5.1. The dynamics within the bay are 

mainly influenced by: oceanic flows to the bay from the adjacent shelf and wind driven currents. 

Oceanic flows enter the bay mainly through the southern sounds; circulate within the bay before 

exiting through the North Sound (see Figure 5.1) (O’Donncha et al., 2014).  
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Figure 5.1 Simulation domain of Galway Bay 

(C1 and C2 indicate the deployment location of radar at Mutton Island and Spiddal Pier, 

respectively; A indicates the ADCP location; W stands for the location of wave buoy; T means 

the tidal gauge; B is a comparison reference point) 

 

Figure 5.1 shows the extents of the model domain and the measurement deployment locations. 

The water depth of the inner bay covered by the radar system is in the range of 10—40 m. 

Meteorological conditions in Galway Bay were mainly influenced by the Atlantic weather 

system (Wen, 1995).  

The water circulation through the sounds influences the physics, chemistry and biology of the 

waters of the bay (Booth, 1975, Fernandes, 1988). The River Corrib drains approximately 70% 

of the catchment area around Galway Bay with a mean annual flow of 98.89      (BIM, 2012), 

discharging into the inner bay and generally extending seawards along the north coast (Nolan, 

1997). Exposed to Atlantic weather systems, average wind speeds in January within the bay are 

12     and even during the calmest month of June are 7     (Marine Institute, 1999). Current 

meter data recorded by Fernandes (1988) during March 1985 showed that the general direction 

of water through Foul and South sounds, coincided with the tidal current direction, i.e. into 

Galway Bay, on the flooding tide. However, at Gregory Sound, the flow was found to be into 

Galway Bay despite sampling at ebb tide. This reverse flows was possibly driven by a north-

westerly wind blowing at 5    , thus indicating that the wind speed and direction along with 
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tidal effects may be significant factors affecting the entry and exit of water through Gregory 

Sound and possibly other sounds of Galway Bay. Booth (1975) and Fernandes (1988) indicated 

the existence of a circular body of water, likely a gyre, located in the Outer Bay between Spiddal 

and the Aran Islands (see Figure 5.1). However, the studies differed on the direction of rotation 

of the water. Booth (1975) proposed a cyclonic gyre that would direct the Corrib humic material, 

coming along the northern shore of the Bay, towards the North Sound and exiting the bay. 

Chemistry data collected by Fernandes (1988), however, indicated that humic material was 

accumulated, suggesting an anti-cyclonic motion. These conflicting results emphasize the 

sparsity of reliable information available on bay circulatory patterns, with much of the 

knowledge being anecdotal in nature or the result of relatively small-scale field studies 

(O’Donncha et al., 2014). 

 

5.3. Description of Three-dimensional Numerical Model Set Up 

5.3.1. Bathymetry 

The three-dimensional model computational domain developed in this thesis was the whole of 

Galway Bay. Figure 5.2 shows the contour of water depth in this area. Bathymetry model of 

Galway Bay was developed for Integrated Mapping For the Sustainable Development of 

Ireland's Marine Resource (INFOMAR) programme. INFOMAR programme is a joint venture 

between the Geological Survey of Ireland (GSI) and the Marine Institute (MI). The programme 

is the successor to the Irish National Seabed Survey (INSS) and concentrates on creating 

integrated mapping products related to the seabed. Bathymetry is the study of underwater depth 

of sea or ocean floors. This raster data is a measurement of water depth to the seabed. Multibeam 

(MBES) and single beam (SBES) echo-sounding technology are attached to three research 

vessels, namely the RV Celtic Explorer, RV Celtic Voyager and RV Keary, which send acoustic 

signals illuminating the seabed at a set angle thus allowing the production of high-resolution 

calculated water depth known as bathymetry. Single beam collects data measured along single 

survey lines only (Marine Institute, 2007). The deepest area is around 70 m near the south west 

corner of the open boundaries. The mean water depth in the domain is 30.7 m. 
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Figure 5.2 Bathymetry of Galway Bay in EFDC model (blue indicates land) 

 

5.3.2. Meteorological Parameters and Tidal Forcing 

The meteorological forcing data such as temperature, rain, solar radiation and relative humidity 

were obtained from the weather station Informatics Research Unit for Sustainable Engineering 

(IRUSE) located at National University of Ireland, Galway at one minute intervals. Records of 

water level for the River Corrib, which enters Galway Bay close to the north of point C1 in 

Figure 5.1, were obtained from the Office of Public Works. 

Surface currents in Galway Bay are predominantly driven by a semi-diurnal tide and wind 

(Nagle, 2013, Wen, 1995, Fernandes, 1988). Water elevation time series generated from Oregon 

State University Tidal Prediction Software (OTPS) (see Figure 5.3) were used to define the tidal 

forcing on the western and southern open boundaries in the model (Egbert and Erofeeva, 2002, 

Padman, 2004). The water elevation at open boundaries was constant in space and variable in 

time. In order to validate the tidal forcing used on open boundaries in the model, time series of 

water elevation at location T (see Figure 5.1) from the model were compared with tidal gauge 

measurements during the stable simulation period. The tidal gauge measurements were provided 

from the Irish Marine Institute. Figure 5.4 showed that by applying OTPS data to set the water 

elevation at open boundaries the model was able to obtain close agreement compared with tidal 

gauge data. The maximum difference between modelled water elevation and tidal gauge 

http://www.nuigalway.ie/iruse/
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measurement at location T was less than 7% of the tidal range (see Figure 5.4). In the following 

study, water elevation time series from OTPS were used to drive the model at open boundaries.   

 

Figure 5.3 OTPS water levels time series used in the model (m) 

 

 

Figure 5.4 Water levels at location T in Figure 5.1 (m) 

 

5.3.3. Wind Stress 

Since wind stress is one of the main driving forces of the generation of surface currents in coastal 

areas, accurate definition of wind stress in three-dimensional numerical models is crucial for 
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obtaining good simulation. Two types of wind datasets were available for the Galway Bay area; 

both of these were analyzed in this work. The wind data were used as surface boundary 

conditions in the model simulations separately. The first wind data were from IRUSE 

(Informatics Research Unit for Sustainable Engineering), an energy research group which was 

located at National University of Ireland, Galway (NUIG). The time interval of the NUIG wind 

measurements is one minute. The second wind information were model outputs from the 

ECMWF (European Centre for Medium-Range Weather Forecasts), the temporal resolution is 

six hours. The wind information time series from these two sources were compared in Figure 5.5 

–Figure 5.8; each was used separately for model surface boundary conditions.   

 

 

Figure 5.5 Wind speed time series 
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Figure 5.6 Wind direction time series 

 

 

Figure 5.7 Rose of NUIG wind data (Julian Day 220-230) 
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Figure 5.8 Rose of ECMWF wind data (Julian Day 220-230) 

 

Figure 5.5 shows that the wind speeds recorded at NUIG are always lower than the ECMWF 

data. This was probably due to the NUIG observation station being located inland at the NUIG 

campus, which is about 5 km to the coast of inner Galway Bay. Onshore winds are naturally 

weaker than offshore winds. Averaged NUIG wind speed from Julian Day 220 to 230 was 2.75 

m/s, 6.47 m/s for ECMWF data; the averaged value of ECMWF wind data was more than double 

of NUIG data. However, there were strong similarities in wind direction; averaged wind 

direction during the same period was 233° and 237° for NUIG data and ECMWF data, 

respectively. The time series of wind direction in Figure 5.6 shows that two datasets have similar 

trends.   Between Julian days 225—227 the NUIG wind direction was quite erratic and variable, 

the speeds during this period were relatively low; it appears that the NUIG weather station was 

not accurately recording wind data during that period. Roses of two wind datasets in Figure 5.7 

and Figure 5.8 further show that two wind data have similar direction trend, but the wind speed 

of ECMWF data was much greater than NUIG data.  
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The wind drag coefficient is of great importance in specifying wind shear stress in a coastal 

model; in order to better describe the influence of wind stress on ocean surface currents, two 

kinds of wind drag coefficients were tested in the models. The default surface wind shear stress 

in EFDC model is formulated as (Hamrick, 2006, Wang et al., 2008): 

  

 

 

  
                                                            (5.4) 

where:  

   is vertical viscosity;  

   ,     is shear stresses at the surface (   ), respectively; 

Uw, Vw is east-west and north-south wind speed components at 10 m above the water surface, 

respectively; 

   is wind-stress coefficient. 

Wu (1980) used the following formulation to define the wind-stress coefficient: 

                                                                  (5.5) 

where: 

                                                                     (5.6) 

Normally, the wind-stress coefficient of equation (5.5) is used in EFDC, in order to obtain better 

simulation Nagle (2013) set the wind-stress coefficient to a constant             in his 

model of the Galway Bay.  

In this work, two wind datasets and two formulations of wind drag coefficient were considered to 

the surface currents in Galway Bay. Table 5.1 presents model details. A reference model W5 

with no wind was run for benchmarking purposes. In order to select the best wind shear stress 

formula for the Galway Bay model, RMSE between modelled results and radar data were 

calculated using equations (5.1)—(5.3). The calculation period is from Julian Day 220 to Julian 

Day 230. Firstly,          and          between radar data and modelled results are 

calculated at timestep   in the area covered by radar system with equation (5.1); then time-
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averaged values of         and         are obtained using equation (5.2); the single of 

          can be obtained from equation (5.3).  

Table 5.1 Configuration of Models and RMSE with Radar Measurements  

Model Wind data  Coefficient type RMSE(u, 

 cm/s)  

RMSE (v, 

cm/s) 

RMSE (u, v, 

cm/s) 

W1 NUIG A 8.7445 8.0881 11.9115 

W2 NUIG B 8.6992 7.9341 11.7740 

W3 ECMWF A 13.8437 9.6954 16.9012 

W4 ECMWF B 9.7031 7.6649 12.3653 

W5 No wind --- 9.5003 8.3032 12.6174 

* Type A drag coefficient is the constant value of          (Nagle (2013); type B drag 

coefficient as per equation (5.5). Constant NUIG or ECMWF winds over domain were used.  

 

Compared to the RMSEs in simulating surface currents when wind forcing was excluded (model 

W5), models W1, W2 and W4 with wind forcing improved the performance. Improvements were 

observed in the forecasting of both the east-west and north-south surface velocity components in 

models W1 and W2, which were run with NUIG wind. However, model W3 with constant wind 

drag coefficient and ECMWF winds significantly disimproved the surface velocity components 

compared with model W5. Moreover, model W4 using ECMWF wind data and wind-stress 

coefficient in the formula as equation (5.6) only improved the north-south velocity component, 

the east-west velocity component from model W4 was even worse than model W5. This may 

result from the large magnitude of ECMWF wind speed, estimated from the forecasting model. 

In short, Table 5.1 showed that the best wind forcing conditions were from model W2 with 

NUIG wind data using type B drag coefficient. 

5.3.3.1. Time Series Analysis 

In order to show the influence of wind data and wind-stress coefficient on the generation of 

surface currents in time, time series of velocity components and total surface velocity at point B 

(see Figure 5.1), which was monitored by the radar system each hour during the analysis, were 

shown from Figure 5.9 to Figure 5.23. In general, the magnitude of east-west surface velocity 

component was greater than north-south surface velocity component from models and radar 

measurements. This results from the strong tide coming in and out of Galway Bay in the east-
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west direction. Model W5 with no wind force showed that surface currents had a strong tidal 

trend for the east-west velocity component (see Figure 5.21). The tidal trend for the north-south 

surface velocity component was not as strong as the east-west surface velocity component in 

model W5. The time series comparisons from Figure 5.9 to Figure 5.23 showed that the model 

W2 can produce most similar surface velocity components to the radar data. The good match was 

obvious for east-west velocity component in Figure 5.12. However, the values of surface velocity 

components from model W3 deviated a lot from the radar data during Julian Day 221.5 to 223. 

These large values of east-west velocity component in model W3 may result from the large 

ECMWF wind speed (see Figure 5.5). The east-west surface velocity component in Figure 5.18 

from model W4 was always greater than high radar data. The difference of east-west velocity 

component between model W1 and W2 was not large, but model W1 deviated a lot from 

measurements from Julian Day 220.5 to 221. 

 

Figure 5.9 East-west component of surface currents at point B (W1 vs CODAR) 
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Figure 5.10 North-south component of surface currents at point B (W1 vs CODAR) 

 

 

Figure 5.11 Total surface current time series at point B (W1 vs CODAR) 
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Figure 5.12 East-west component of surface currents at point B (W2 vs CODAR) 

 

 

Figure 5.13 North-south component of surface currents at point B (W2 vs CODAR) 
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Figure 5.14 Total surface current time series at point B (W2 vs CODAR) 

 

 

Figure 5.15 East-west component of surface currents at point B (W3 vs CODAR) 
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Figure 5.16 North-south component of surface currents at point B (W3 vs CODAR) 

 

 

Figure 5.17 Total surface current time series at point B (W3 vs CODAR) 
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Figure 5.18 East-west component of surface currents at point B (W4 vs CODAR) 

 

 

Figure 5.19 North-south component of surface currents at point B (W4 vs CODAR) 
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Figure 5.20 Total surface current time series at point B (W4 vs CODAR) 

 

 

Figure 5.21 East-west component of surface currents at point B (W5 vs CODAR) 
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Figure 5.22 North-south component of surface currents at point B (W5 vs CODAR) 

 

 

Figure 5.23 Total surface current time series at point B (W5 vs CODAR) 
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calculated. The values of RMSE show the model W2 using NUIG wind with wind-stress 

coefficient in the formula as equation (5.5) had the minimum RMSE of 13.4201 cm/s for speed 

time series compared with radar data. However, the other models (W1, W3 and W4) did not 

improve the performance at location B compared with radar data. The magnitudes of RMSE for 

models W1, W3 and W4 at point B were greater than model W5. The RMSE value of model W3 

was very large, 22.1432 cm/s, which means that model W3 using ECMWF wind with constant 

wind-stress coefficient can not well simulate the surface current patterns at location B. RMSE 

value for model W5 was not large, 13.5929 cm/s; while the magnitude of RMSE from models 

W1 and W4 was greater than 13.8500 cm/s. 

In short, time series comparison indicated that model W2 with NUIG wind and default wind-

stress coefficient was capable of producing good results at point B. 

5.3.3.2. Mean Surface Vector Maps 

To study the simulated surface current patterns in space and time, mean surface vector maps 

were also shown to explore the performance of models in space over a long period (Julian Day 

220 to 230). Mean surface current vectors were calculated over the analysis period and are 

shown in Figure 5.24 to Figure 5.29. The mean surface velocity maps of model W5 with no wind 

in Figure 5.29 showed smaller values than the radar measurements. In addition, the surface 

current patterns from model W5 was different from the radar measurements. Models W3 and W4 

had stronger mean surface current vector map (see Figure 5.27 and Figure 5.28) than the radar 

measurements. In comparison, model W2 with NUIG wind data in Figure 5.26 was able to 

produce more similar mean surface current patterns to the radar measurements. Model W1 with 

NUIG wind in Figure 5.25 also produced similar mean surface current directions as the radar 

measurements in Figure 5.24, but the averaged RMSE from Table 5.1 showed that model W2 

was better than W1. Comparison of mean vector maps showed that model W2 with NUIG wind 

data using drag coefficient as equation (5.5) can better capture the surface currents circulation of 

Galway Bay over time than other models. 
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Figure 5.24 Mean vector map of surface currents from CODAR (Julian Day 220-230) 

 

 

Figure 5.25 Mean vector map of surface currents from model W1 (Julian Day 220-230) 
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Figure 5.26 Mean vector map of surface currents from model W2 (Julian Day 220-230) 

 

 

Figure 5.27 Mean vector map of surface currents from model W3 (Julian Day 220-230) 
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Figure 5.28 Mean vector map of surface currents from model W4 (Julian Day 220-230) 

 

 

Figure 5.29 Mean vector map of surface currents from model W5 (Julian Day 220-230) 

 

5.3.4. Vertical Layer Configuration 

A significant advantage of a three-dimensional model compared with a two-dimensional model 

is that the three-dimensional model is able to simulate the vertical distribution of horizontal 

flows and near-bed flows. More detailed information of the water body of interest can be 
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produced in a three-dimensional model. Accurate configuration of vertical layers is crucial for 

producing good simulation of surface currents in a three-dimensional coastal model, so the 

vertical layer structure was studied in this work.  

5.3.4.1. Model Vertical Layer Structure 

The three-dimensional numerical model EFDC uses a -vertical coordinate system where the 

number of vertical layers is the same at all locations in the simulation domain (Hamrick, 2006); 

the transformation formula is expressed as per equation (3.33). EFDC utilizes an external-

internal model splitting technique to solve the horizontal momentum equations and continuity 

equation on a staggered grid. In the internal mode, horizontal velocity components are solved on 

every layer. Equations (3.31) and (3.32) make it possible to remove a degree of freedom from the 

momentum equations in the vertical to form the external model equations (Hamrick, 1992, 

Hamrick, 2006). Equations (3.31) and (3.32) also showed that the magnitudes of the horizontal 

velocity components on each vertical layer were associated with the vertical layer thicknesses 

structure. Moreover, the results modelled by Nagle (2013) indicated that the accuracy of the 

surface currents and the vertical velocity profiles were highly sensitive to the structure of the 

vertical layers.  

Equation (3.31) and equation (3.32) show that the magnitudes of the horizontal velocity 

components on every layer are dependent on the layer thicknesses. To test the sensitivity of the 

model to the vertical layer structure, five different versions of the model were developed. For 

consistency, all five models had ten vertical layers. Vertical layer thicknesses were specified to 

the model as fractions of the water column, such that the sum of all layers thickness was 1.0. To 

maintain the same relative influence of wind force and bottom roughness across all models, a 

surface layer thickness of 1% of the whole water column, and a bottom layer thickness of 2% of 

the whole water column were employed in all models. The thickness of the other layers varied 

among models as presented in Table 5.2 and Figure 5.30. These models were all forced with 

wind from National University of Ireland, Galway station using wind-stress coefficient in the 

formula as equation (5.5); the bottom roughness height was set as 0.0001 m for these experiment 

models.  
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Table 5.2 Vertical Layer Thicknesses Test Models (K=1 is bottom of water column) 

     K 1 2 3 4 5 6 7 8 9 10 

W2 0.02 0.13 0.12 0.12 0.12 0.12 0.12 0.12 0.12 0.01 

EFDC1 0.02 0.23 0.22 0.22 0.22 0.02 0.02 0.02 0.02 0.01 

EFDC2                      0.02 0.15 0.14 0.13 0.13 0.12 0.11 0.10 0.09 0.01 

EFDC3 0.02 0.14 0.19 0.24 0.32 0.02 0.02 0.02 0.02 0.01 

EFDC4 0.02 0.035 0.065 0.13 0.25 0.25 0.14 0.065 0.035 0.01 

 

 

 Figure 5.30 Vertical layer configurations of EFDC models 

 

The difference between these models was the layer thickness from the subsurface K=9 to the 

sub-bottom layer K=2 (see Figure 5.30 and Table 5.2).  

o W2: even layer thickness structure; 

o EFDC1: even thin layer thickness over the four subsurface layers and even thick layer 

thickness on the four sub-bottom layers; 

o EFDC2: increasing layer thickness from the subsurface layer to the sub-bottom layer; 
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o EFDC3: even thin layer thickness over the four subsurface layers, maximum layer 

thickness on the middle layer then decreasing from the middle layer to the sub-bottom 

layers; 

o EFDC4: thick layer on the middle layers, then decreasing from the middle layers to the 

subsurface and sub-bottom layers. 

In order to study the influence of the vertical layer structure on the surface currents, Root-Mean-

Squared-Errors (RMSE) between the modelled and the radar measured surface currents were 

calculated using equations (5.1)-(5.3). The modelled surface currents were firstly averaged in 

time to match the hourly temporal resolution of radar data. RMSEs between the modelled and the 

measured data were then computed across the full radar covered domain and then averaged 

temporally to give a single RMSE value with equation (5.3). The period of the RMSE analysis 

was Julian Day 220 to 230, 2013.  

Table 5.3 Vertical Configuration Test Models 

Models W2 EFDC1 EFDC2 EFDC3 EFDC4 

RMSE(u, cm/s) 8.6992 9.4319 8.6705 8.7628 8.6543 

RMSE(v, cm/s) 7.9341 8.5226 8.0471 7.1356 7.7950 

RMSE(u, v, cm/s) 11.7740 12.712 11.8293 11.9572 11.6473 

 

For the RMSE values of east-west surface velocity components, Table 5.3 showed that the model 

EFDC4 had the minimum RMSE 8.6543 cm/s compared with other models. For north-south 

surface velocity component, model EFDC3 had the minimum RMSE 7.1356 cm/s. Model 

EFDC1 with even thin thickness on the top layers and even thick thickness on the bottom layers 

deviated a lot from the measurement with maximum RMSE values 9.4319 cm/s and 8.5226 cm/s 

for surface east-west and north-south velocity components, respectively. The difference of 

RMSE (u, v) values among models W2, EFDC3 and EFDC4 was not very significant. Since the 

author was interested in obtaining good surface current patterns, the value of RMSE (u, v) was 

used to determine the vertical layer structure. Model EFDC4 had the minimum total RMSE (u, v) 

11.6473 cm/s compared with other models.  

Overall, model EFDC4 with variable vertical layer structure appeared to be the best model with 

regard to reproducing the similar pattern as the radar measured surface currents. The variable 
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vertical layer thickness structure in model EFDC4 ensured that wind shear properly propagated 

from the surface layer to the sub-surface layers, thereby ensuring that wind forcing was not 

overly-damped by tidal forcing. This was particularly important in shallow waters where the 

surface layer (1% of the water depth) will be quite thin compared to a location in deep water. 

While the models with other types of vertical layer thickness structure can not reasonably 

consider the energy transfer from wind to currents over water column. 

In order to clearly show the simulation of surface currents with different vertical layer thickness 

structure and further analyze the modelled results, time series of surface velocity components at 

location B (see Figure 5.1) and mean vector maps were presented in subsequent sections in detail. 

5.3.4.2. Time Series Analysis 

To demonstrate the influence of vertical layer configuration on model performance, surface 

velocities from the EFDC models at point B (see Figure 5.1) were compared with the radar 

measurements from Figure 5.31 to Figure 5.38. 

 

Figure 5.31 East-west component of surface currents at point B (EFDC1 vs CODAR) 
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Figure 5.32 North-south component of surface currents at point B (EFDC1 vs CODAR) 

 

 

Figure 5.33 East-west component of surface currents at point B (EFDC2 vs CODAR) 
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Figure 5.34 North-south component of surface currents at point B (EFDC2 vs CODAR) 

 

 

Figure 5.35 East-west component of surface currents at point B (EFDC3 vs CODAR) 
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Figure 5.36 North-south component of surface currents at point B (EFDC3 vs CODAR) 

 

 

Figure 5.37 East-west component of surface currents at point B (EFDC4 vs CODAR) 
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Figure 5.38 North-south component of surface currents at point B (EFDC4 vs CODAR) 

 

For the east-west surface velocity component, most of the models can generate good results 

compared with the radar data. The mismatch between models and the radar data mainly appeared 

at peak values. Since the magnitude of north-south surface velocity component was much less 

than east-west surface velocity component, RMSE between modelled results and measurements 

time series at point B were separately calculated and shown in Table 5.4.   

Table 5.4  RMSE of Time Series at Point B with Radar Measurements  

Models W2 EFDC1 EFDC2 EFDC3 EFDC4 

RMSE(u, cm/s) 8.1978 9.7828 7.832 9.3072 7.7831 

RMSE(v, cm/s) 10.6252 12.5106 10.8064 11.8147 10.0565 

 

Table 5.4 showed the model EFDC4 with variable vertical layer structure was able to yield better 

results for both surface velocity components at point B compared with other types of vertical 

layer structure test models. However, models EFDC1, EFDC2 and EFDC3 did not perform as 

good as model W2. In short, time series analysis at location B showed that model EFDC4 with 

variable vertical layers structure produced relatively good results for both surface velocity 

components.  
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5.3.4.3. Mean Surface Vector Maps 

In order to compare the surface current patterns in space and time, vector fields of mean surface 

currents from the radar system and the numerical models are presented in Figure 5.39 to Figure 

5.42. The averaging period for surface currents was the same as the comparison period (Julian 

Days 220-230) used in the previous sections. Figure 5.24 showed that the trend of the mean 

surface currents measured by the radar has strong east-west flow. The models W2, EFDC2 and 

EFDC4 (see Figure 5.26, Figure 5.40 and Figure 5.42) generally had the similar trend as the 

radar data; while the test models EFDC1 and EFDC3 (see Figure 5.39 and Figure 5.41) had 

different surface current circulations from the radar data. In addition, weak anticlockwise 

circulation existed in EFDC1 and EFDC3. The time-averaged vector currents plotted in the radar 

data and EFDC4 in Figure 5.42 had much in common showing strong east-west current flowing 

out of the inner bay.  

In summary, compared to the other four versions of vertical layer thickness, the model EFDC4 

with thinnest layers at the top and bottom of the water column and the thickness gradually 

increasing towards to middle of the water column was able to best describe the surface current 

circulation in Galway Bay.  

 

Figure 5.39 Mean vector map of surface currents from model EFDC1 (Julian Day 220-230) 
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Figure 5.40 Mean vector map of surface currents from model EFDC2 (Julian Day 220-230) 

 

 

Figure 5.41 Mean vector map of surface currents from model EFDC3 (Julian Day 220-230) 
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Figure 5.42 Mean vector map of surface currents from model EFDC4 (Julian Day 220-230) 

 

5.3.4.4. Variation with Depth 

In order to consider the impacts of vertical layer structure on the vertical current profiles in the 

three-dimensional coastal model EFDC, vertical current profiles from these test models were 

output at a mid-flood tidal step and compared with ADCP data. The modelled and measured 

profiles were shown in Figure 5.43. 
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Figure 5.43 Vertical current profiles at location A (see Figure 5.1).  

 

Since the measured ADCP data were obtained every sixty minutes, the modelled data were 

averaged over sixty minutes for the above comparison as shown in Figure 5.43. For the vertical 

current profiles, the simulated currents on the top layers were sensitive to the wind forcing, while 

currents on the bottom layers are retarded by the bottom roughness (Nagle, 2013). Figure 5.43 

showed that models W2, EFDC1 and EFDC4 can generate good agreement with ADCP data on 

the sub-bottom layers at the mid-flood tidal step, but currents from models EFDC2 and EFDC3 

were much greater than ADCP measurements on the sub-bottom layers; while for the subsurface 

layers, the difference was not obvious among these models, the modelled results were smaller 

than ADCP measurement on the subsurface layers. Currents from models EFDC2 and EFDC3 

matched well with ADCP measurements on the middle layers, results from the rest of the models 

were smaller than ADCP measurement on the middle layers. In short, the model EFDC4 with 

variable vertical layer structure can generate better agreement with ADCP measurements on the 

sub-bottom layers. The currents on middle layers with thicker layer thickness were smaller than 

ADCP data; this may due to the weak forcing passed from subsurface to middle layers of the 
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water column. Since the model developed in this work was a barotropic model due to no 

temperature and salinity data were available in the research domain. The analysis of vertical 

current profiles was performed to see the influence degree of vertical layer structure in model, 

the author mainly focused on developing a three-dimensional model with particular emphasis on 

surface currents in this work.   

In summary, modelled results above showed that model accuracy is dependent on the structure of 

the vertical layers. The sensitivity analysis showed that a variable thickness structure is best in 

model EFDC4, where layers are thinnest at the top and bottom of the water column and the 

thickness gradually increases towards to middle of the water column. This ensures that wind 

shear can properly propagate from the surface layer to the sub-surface layers, thereby ensuring 

that wind forcing is not overly-damped by tidal forcing. This is particularly important in shallow 

waters where the surface layer (1% of the water depth) will be quite thin compared to a location 

in deep water. 

  

5.3.5. Bottom Roughness 

Bottom roughness representation is an important parameter in three-dimensional coastal models, 

as it affects the current distribution over depth and the energy balance of the water column. 

Bottom roughness determines the shear stress of waves and currents on the bottom, and 

consequently the rate of sediment transport in the bottom boundary layer. Although sediment 

transport was not studied in this work, the accurate definition of bottom roughness is also of 

great importance when simulating surface currents and useful for modelling development in the 

future (Guillén et al., 2008). Wang et al. (2008) set the bottom roughness height to be 0.003 m to 

simulate the tidal currents with EFDC in Jiaozhou Bay. They found the relative error (RE)  

between data and model results was approximately  6% of modelling results when bottom 

roughness height was 0.003~0.01 m; they found an RE of 15% when bottom roughness height 

was between 0.01~0.02 m. The range of bottom roughness height for their test models was less 

than 0.02 m. In their work, the model was unstable or would even crash with bottom roughness 

height greater than 0.02 m. Sensitivity experiments of bottom roughness height in Galway Bay 

were undertaken when forcing the previous best model EFDC4. Considering the stability of 

model of this work, the range of bottom roughness height for the test models was less than 0.005 
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m in this work. The bottom drag coefficient     and the quadratic bottom friction in EFDC model 

were given as (Hamrick, 2006, Hamrick, 1992): 

    
 

   
   
   

 
 

 

                                                      (5.7) 

   
  

 
                                                          (5.8) 

               
    

                                             (5.9) 

where: 

  is the von Karman constant;  

    is the dimensionless bottom layer thickness;         , see Table 5.2; 

   is the dimensionless roughness height;  

   is the dimensional roughness height in metre; 

  is the water depth; 

      is the east-west and north-south bottom velocity component, respectively; 

        is the east-west and north-south bottom shear stress, respectively. 

Sensitivity tests on bottom roughness values were performed based on model EFDC4 and using 

NUIG wind data. Five simulations with different bottom roughness height were run. The RMSE 

between modelled results and the radar measurements was calculated in the same way using 

equations (5.1)-(5.3). The results were summarized in Table 5.5. The results showed that the best 

bottom roughness height for the Galway Bay simulation was 0.001 m with the minimum RMES 

(u, v) 11.6232 cm/s. However, the difference in total RMSE (u, v) between these test models was 

not very significant. Bigger values of bottom roughness height resulted in bigger RMSE values 

for east-west surface velocity component. The north-south surface velocity component had the 

same trend when the bottom roughness height was greater than 0.001 m. Since the author 
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focused on obtaining good simulation of surface current patterns, the best bottom roughness 

height 0.001 m was defined in this work according to the minimum RMSE (u, v).   

      Table 5.5 Results of Bottom Roughness Sensitivity Analysis 

Model EFDC4 B1 B2 B3 B4 B5 

       0.0001 0.001 0.002 0.003 0.004 0.005 

RMSE(u, cm/s) 8.6543 8.7093 8.7530 8.7804 8.7926 8.7959 

RMSE(v, c m/s) 7.7950 7.6972 7.6938 7.7029 7.8505 7.8979 

RMSE(u, v, cm/s) 11.6473 11.6232 11.6537 11.6803 11.7873 11.8214 

 

From the above analysis, model B1 with variable vertical layer thickness using NUIG wind data 

in the formula as equation (5.5) was taken as the best setup for simulating surface currents in 

Galway Bay, and the bottom roughness height was set as 0.001 m. The mean vector map of 

surface currents from model B1 was shown in Figure 5.44. The general surface current patterns 

were close to radar data in Figure 5.24.  

 

Figure 5.44 Mean vector map of surface currents from model B1 (Julian Day 220-230) 
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Contour of surface velocity difference between radar data and model B1 during Julian Day 220-

230 is shown in Figure 5.45. The majority of the inner Galway Bay in model B1 had similar 

results as the radar data. The maximum misfit is around 5.6 cm/s. 

 

Figure 5.45 Contour of surface velocity difference between radar data and model B1 (Julian 

Day 220-230) 

 

In order to show the improvements from each set-up experiment, time series over a short period 

at point B (see Figure 5.1) from each best testing model are shown in Figure 5.46 and Figure 

5.47. For both surface velocity components, results from model B1 can produce closer match to 

radar data. East-west surface velocity component has a better trend relative to the radar data 

compared with north-south velocity component, whose magnitudes are smaller than east-west 

surface velocity component and tide-driven trend is not obvious.  

Based on the above tests and analysis, model B1 is viewed as the best model for developing the 

data assimilation process. 
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 Figure 5.46 East-west component of surface currents at point B   

 

 

Figure 5.47 North-south component of surface currents at point B  

 

5.4. Summary 

The use of OTPS tide data to force the model produced good correlation between measured and 

modelled tidal water levels within the model domain. Wind stress is a dominant factor in 

developing surface currents in the coastal zone. NUIG wind data were able to improve the 
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modelling prediction compared with ECMWF wind data.  It had been demonstrated that the 

output from model W2 with NUIG data and type B drag coefficient can provide reasonably good 

surface boundary conditions to the hydrodynamic model.  The mean vector map of surface 

currents in model W2 demonstrated good agreement with the radar measurements during the 

analysis period, and there was an obvious improvement over model W5 with no wind applied to 

the model surface. In addition, the modelled results from sensitivity experiments showed that the 

model accuracy was also dependent on the structure of the vertical layers. A variable thickness 

structure was specified as the best with minimum averaged RMSE compared with radar data. 

The layers were thinnest at the top and bottom of the water column and the thickness gradually 

increases towards to middle of the water column. This structure ensured that wind shear can 

properly propagate from the surface layer to the sub-surface layers, thereby ensuring that wind 

forcing was not overly-damped by tidal forcing. This was particularly important in shallow 

waters where the surface layer (1% of the water depth) will be quite thin compared to a location 

in deep water. Moreover, the vertical layer structure affected not only the velocities on the 

surface layer but also the velocities further down in the water column and significantly different 

velocities can be obtained for different vertical layer structures. Careful attention should be paid 

to the structure of the vertical layer structure during development of three-dimensional models. 

Furthermore, bottom roughness height also plays a role in affecting model surface currents. 

Sensitivity experiments were performed to obtain the best bottom roughness height by 

calculating the RMSE between modelled and measured surface currents from radar system. The 

difference between bottom roughness test models was not so big. The values of RMSE were very 

close. The best bottom roughness height for Galway Bay was 0.001 m with a minimum total 

RMSE of 11.6232 cm/s. 
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Chapter 6 Data Assimilation Methodologies 

 

6.1. Introduction 

A complete data assimilation system is comprised of three parts: 

(i) a numerical model, which describes the dynamic process in a mathematic way  

(ii) a batch of observations of variables of interest 

(iii) a data assimilation algorithm to combine the measurement states with the model 

background states (see Figure 2.1).  

In this work a three-dimensional numerical coastal model EFDC was adapted to integrate a data 

assimilation system with four different data assimilation algorithms using radar data.  

The general introduction of data assimilation algorithms applied in oceanographic system has 

been presented in Section 2.5. In order to optimize the use of radar surface currents to obtain 

improved estimates in the three-dimensional numerical coastal model, four types of sequential 

data assimilation algorithms were considered here: 

(i) Direct Insertion data assimilation algorithm 

(ii) Optimal Interpolation data assimilation algorithm 

(iii) Nudging data assimilation algorithm 

(iv) Indirect data assimilation via correcting wind stress 

This chapter describes in detail the implementation of the four sequential data assimilation 

algorithms incorporated into the three-dimensional coastal model EFDC.  

Since the author focused on simulating the surface currents in Galway Bay, the data assimilation 

algorithms were included in the calculation process of hydrodynamic variables in the model. An 

overview of the procedure for calculating surface currents in EFDC is shown in Figure 6.1.  
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Read Input Files CELL.INP-- horizontal cell type files

DXDY.INP-- specify horizontal grid spacing or metrics,  

                      depth, bottom elevation, bottom roughness and  

                       vegetation classes

LXLY.INP-- specify horizontal cell center coordinates and  

                      cell orientations

ASER.INP-- atmospheric forcing time-series file 

                     (such as rainfall, solar radiation)

WSER.INP-- wind speed and direction time series file

PSER.INP-- open boundary water surface elevation time  

                     series file

QSER.INP-- volumetric (flow) source and sink time series 

                      file

SHOW.INP-- control real-time screen display of conditions 

                       in a specified cell during model simulation

Set Boundary 

Conditions

Initialize Arrays

Full Hydrodynamic 

and Mass Transport 

Calculation or Long-

term Mass Transport 

Calculation

HDMT.FOR

AINIT.FOR

SETBCS.FOR

Output Time 

Information
TIMELOG.FOR

 

Figure 6.1 Flowchart of model EFDC (shaded parts indicate the calculation process for the 

hydrodynamic variables of interest for data assimilation) 

 

HDMT.FOR is the main programme in EFDC used to calculate surface currents, so the 

assimilation process of radar measurements was incorporated into this programme. However, the 

hydrodynamic computation within EFDC is quite complex. In order to better show the update of 

surface velocity components via assimilating the radar data in the model, the hydrodynamic and 

mass transport calculation processes in the HDMT.FOR routine was extended and details 

presented in Figure 6.2.  
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CALTBXY

HDMT

CALTSXY

TIMELOG

CALAVBOLD

CALEXP

CALCSER

CALPSER

CALPUV9C

CALUVW

CALQQ1OLD

LAGRES

SHOWVAL1

OUTPUT2

1

2

3

4

5

6

7

8

9

11

12

13

14

10A

Initialize bottom stress 
coefficients

Calculate bottom and surface 
stress 

Set cycle counter and call time

Calculate vertical viscosity and 
diffusivity 

Calculate explicit momentum 
equation terms

Update time variable volume 
sources and sinks

Update time variable surface 
elevation boundary conditions

Calculate the external solution 

Calculate the turbulent intensity 
squared

Calculate the mean or residual 
Lagrangian velocity for various 
particle release

Record time

Output results

DADI

DAOI

DANUDGING

IDA

10D

10E

10F

Direct Insertion 
data assimilation

Optimal 
Interpolation 
data assimilation
Nudging data 
assimilation

Indirect data 
assimilation via 
correcting forces
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Figure 6.2 Flowchart of data assimilation in main program of EFDC  

(Shaded parts indicate new subroutines for data assimilation; extension of these subroutines 

is .FOR) 
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The subroutines called in HDMT.FOR for simulating surface currents were sequentially listed in 

Figure 6.2. Subroutine CALUVW.FOR calculates the velocity components over the vertical 

layers at each model grid. To assimilate the measured surface current data into the model, five 

new data assimilation subroutines were added in CALUVW.FOR. Detailed description about the 

assimilation subroutines are shown in Table 6.1.  

Table 6.1 Assimilation Subroutines in EFDC 

Subroutine Data Content 

DATEST1/ 
PM 

assimilate pseudo measurements into model with Direct 

Insertion for sensitivity tests DATEST2 

DADI HFR assimilate radar data into model with Direct Insertion 

DAOI HFR assimilate radar data into model with Optimal Interpolation 

NUDGING HFR assimilate radar data into model with nudging 

IDA HFR assimilate radar data into model via correcting wind stress 

*PM indicates pseudo measurements; HFR indicates the High-Frequency radar data. 

The interpolated radar measurements were combined with model background states using these 

algorithms in the three-dimensional model. Results of these data assimilation models are 

presented and analyzed in detail in Chapter 8.  

In the Direct Insertion, Optimal Interpolation and nudging data assimilation algorithms, the 

variables of interest (surface velocity components) were directly updated using the radar data. 

However, indirect data assimilation via correcting wind stress did not directly update surface 

velocity components in model, but correct the wind forcing in model. Nevertheless, equation (5.4) 

showed that surface currents were related to wind stress. Thus, correction of wind stress in a 

model indirectly updates the surface velocity components via transferring the differences 

between the radar data and model background states in models.  

The simulation period in the following data assimilation models was from Julian Day 211 to 230, 

2013 in this work (see Figure 6.3). The first nine days (Julian Day 211 to 220) were to 'spin up' 

the model to reach a stable status. The data assimilation period (reanalysis or hindcasting) was 

from Julian Day 220 to 228.04 and the following days (after Julian Day 228.04) were forecasting 

period without data assimilation.  
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Figure 6.3 Simulation period of data assimilation models 

 

In order to assess and quantity the influence and improvements of different data assimilation 

algorithms, a control run without data assimilation was undertaken for comparison. The control 

run was the best initial model B1, which is described in Chapter 5. All data assimilation models 

had the same initial and boundary conditions as the model B1. The only difference between them 

was that different sequential algorithms were used to assimilate radar data. 

In order to test the influence of the data assimilation cycle length, that is the temporal interval 

between two successive data assimilation steps, temporally interpolated radar measurements 

were used in these data assimilation systems in this work. The reasons for using temporally 

interpolated radar data can be listed as follows: 

 Sun (2005) suggested that it was desirable to have rapid update cycles to capture the 

temporal change and obtain useful information from the model background states. The 

research tested the influence of data assimilation cycle length on the improvements of 

forecasting. 

 In operational data assimilation forecasting systems, measurements from different 

sources at different timestep can be assimilated into models. Thus, the assimilation 

interval in these models may not be even. Application of temporally interpolated radar 

measurements was similar to the real forecasting data assimilation case using 

measurements from different sources. Moreover, frequent updating using temporally 

interpolated radar data facilitates the examination as to whether or not the three-

dimensional coastal model EFDC is robust for developing an operational data 

assimilation forecasting system. 

 Since hourly output of surface current vectors were obtained by averaging/ merging data 

over a specified time period from the radar monitoring system in Galway Bay, temporally 
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linear interpolation of the output data was like an inverse process, which conveyed the 

averaged information to successive timesteps over the measurement period. The linearly 

interpolated surface velocity data over this relatively short period were assumed to 

describe the properties of surface currents.  

 Since the ultimate goal of data assimilation in oceanography is to obtain improved 

estimates in models through making the best use of measured data, the idea of using the 

linearly interpolated measurements in time to frequently update the model background 

states was an experiment to assess the appropriate cycle length that would result in better 

forecasting states. 

Hourly radar measured surface currents were linearly interpolated in time to each model timestep 

(three seconds), one minute, five minutes, fifteen minutes and sixty minutes. These temporally 

interpolated radar data were used in Direct Insertion, Optimal Interpolation and nudging data 

assimilation algorithms for data assimilation cycle length tests. Application of these temporally 

interpolated radar data with different data assimilation cycle length is presented in Chapter 8. In 

the following data assimilation models, temporal interpolations of radar data were only 

undertaken in the domain covered by the radar system.  

In this chapter, detailed description of the Direct Insertion methodology is given in Section 6.2; 

Optimal Interpolation data assimilation algorithm is presented in detail in Section 6.3, followed 

by a description of the nudging data assimilation algorithm in Section 6.4. Indirection sequential 

data assimilation via correcting wind stress is presented in Section 6.5. A summary of this 

chapter is given in Section 6.6. 

 

6.2. Direction Insertion Data Assimilation Algorithm 

In the Direct Insertion data assimilation algorithm the model background states     were directly 

replaced by measurement states      , hence the implementation process is easier than other 

algorithms. In other words, no consideration of model errors and measurement errors were 

required leading to the Kalman gain being an identity matrix, see equation (2.1). In order to 

obtain detailed information of surface water velocity fields in the model domain from a three-

dimensional coastal model, a fine spatial grid resolution of 150 m was used. However, the spatial 



Chapter 6 Data Assimilation Methodologies 

143 

 

resolution of the measured radar surface currents in Galway Bay was 300 m, for consistency 

between the model and data, the measured radar surface currents were bilinearly interpolated into 

150 m model grid (Ingleby and Huddleston, 2007). Thus, the spatially interpolated radar data 

matched well with model background states in model. The spatially interpolated radar data were 

used in all data assimilation models. This meant that the projection operator H was an identity 

matrix. The analysis equation (2.1) for Direction Insertion data assimilation algorithm can be 

simplified as: 

                    

               

                                                                            (6.1) 

Thus, the analysis equation (2.3) in Direct Insertion data assimilation algorithm at each grid point 

in model can be given as: 

  
   

  
                                                                 

  
                                                            

          (6.2)                               

where:  

    is the data assimilation area in model; 

       is the whole simulation area in model. 

The flowchart in Figure 6.4 shows the implementation process of Direct Insertion data 

assimilation algorithm within the hydrodynamic model.   
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Step 1: Measurement states 

interpolation 

Step 2: Storage of measurement 

states and weight factor in 

model (10A in Figure 6.2)

Step 3: Update model 

background states

(use equation (6.2))

CALUVW (9 in Figure 6.2)

DADI (10C in Figure 6.2)

 

Figure 6.4 Flowchart of Direct Insertion data assimilation algorithm 
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Field Value

Time
T(i)
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Direction 
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T(i+1)T(i-1)
 

Figure 6.5 Direct Insertion data assimilation process 

 

Figure 6.5 shows the schematic implementation of Direct Insertion data assimilation in model. In 

the Direct Insertion data assimilation system, when the measurement states were available, the 

model background states were directly replaced by measurement states. The remaining grid 

points, those not covered by the radar system, still followed the basic dynamic process in model. 

Figure 6.5 shows that the analysis states were exactly the same as the measurement states at the 



Chapter 6 Data Assimilation Methodologies 

145 

 

data assimilation steps. This algorithm is unlike Optimal Interpolation and nudging data 

assimilation algorithms, which added weighted differences/ misfits to model background states. 

The analysis states may deviate from the measurement states under the consideration of model 

errors and measurement errors in Optimal Interpolation algorithm, or empirical relaxation of 

nudging data assimilation algorithm. 

 

6.3. Optimal Interpolation Data Assimilation Algorithm 

Since the model background states     were updated in the data assimilation process using a 

batch of measurements     in space and time, the analysis equation (2.1) for Optimal 

Interpolation data assimilation algorithm can be extended in the following matrix formulation 

related to every assimilation grid at each update step: 

 

 
 

  
 

 
  
 

 
  
 
 

 
 
 

 

 
 

  
 

 
  
 

 
  
  

 
 
  

       
   
       

 

 

 
 
 

 

 
 

  
 

 
  
 

 
  
 
 

 
 
  

       
   

       
 

 

 
 

  
 

 
  
 

 
  
  

 
 

 

 
 
 

                    (6.3) 

The     element   
  in the analysis state vector     can be calculated as: 

  
    

      
 
       

      
 
     

                                           (6.4) 

Equation (6.4) expresses the calculation process of assimilating the radar data at each model grid 

using the Optimal Interpolation data assimilation algorithm.  

The implementation of Optimal Interpolation data assimilation algorithm can be listed as the 

following six steps.  

 Step one: Interpolate measurement states     

As stated in Direction Insertion data assimilation algorithm, for consistency between 

computational and data grids, 300 m radar data were bilinearly interpolated to model grid 

150 m.  

 Step two: Calculate the weight factor Kalman gain 
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The weight factor, Kalman gain  , in Optimal Interpolation data assimilation algorithm 

is static, which means that the weight factor   is calculated and stored before the 

implementation of data assimilation procedure in the three-dimensional coastal model. To 

better show the calculation process of innovation or analysis increments in the following 

steps, the calculated Kalman gain for Optimal Interpolation data assimilation can be 

expressed as a     dimensional matrix. 

   

       
   
       

                                                             (6.5) 

In Optimal Interpolation data assimilation systems, the structure of the Kalman gain   

determined the magnitudes of the analysis increments.  Details of this are presented 

below.  

 Step three: Read and store the interpolated measurement states     and Kalman gain 

K in model EFDC 

This process was implemented before data assimilation algorithm worked in the model. 

Because the structure of Kalman gain did not change during data assimilation period once 

it was previously calculated; Kalman gain and the measurement states were firstly read in 

and stored in model. The measurement vector     can be expressed as: 

    

 

 
 

  
 

 
  
 

 
  
 
 

 
 

                                                                      (6.6) 

 Step four: Compute the differences between measurement states     and model 

background states     

In order to ensure the reliability of assimilating the radar data, the differences      

      between measurement states and model background states were only computed at 

the grid points covered by the radar system in this work (see Figure 4.9). Moreover, the 

spatially interpolated radar data were used for these data assimilation algorithms, so the 

model background states updated in the model had the same grid structure as the 

measurement states (   ) in the data assimilation domain; the spatial match between 

grids of model background states and the radar measurements in the data assimilation 
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domain lead to the projection operation   be an identity matrix. The differences      

      between measurement states and model background states at each grid can be 

simplified and computed using the following equation: 
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 Step five: Compute the innovation (or analysis increment)                 

Results from Step two and Step four at each model grid in the data assimilation domain 

were used to calculate the innovation    via weighting the differences           and the 

Kalman gain using equations (6.8) and (6.9). 
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                                           (6.9) 

The     innovation    (which may be positive or negative) in matrix             can 

be expressed as: 

          
    

   
                                      (6.10) 

Equation (6.10) expresses that the innovation at the     model grid is not only a function 

of errors at grid cell i, but also errors from adjacent model grid cells.  

 Step six: Add innovation    to model background states     

Once the innovation was calculated, the analysis states     were obtained by adding the 

innovation            to the model background states     at each model grid in the data 

assimilation domain.  
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                                                        (6.11) 

      The value of the     element   
  in the analysis vector     is given as follows based 

on equation (6.4): 

  
    

       
         

    
   

                                         (6.12) 

As stated before, the updates of model background states are only performed in the data 

assimilation domain. The rest of the model grid cell, which were not covered by the radar system 

in model, still followed the model computational dynamic process.  

The key part in Optimal Interpolation data assimilation algorithm was the definition of the 

Kalman gain using equation (2.8) or equation (6.12). The Kalman gain for an Optimal 

Interpolation algorithm is determined by finding the following matrices: projection operator  , 

model background error covariance    and measurement error covariance    .  

Projection operator  , this matrix projects the model background states     onto measurement 

grids. In this work, the matrix   is an identity matrix as the computational and data grids are the 

same. Equation (2.8) can thus be simplified as: 

                  

                                                                      (6.13) 

The measurement error covariance  , which describes the variation and accuracy of the 

measurements, can be statistically expressed in the following formula (Walpole et al., 2007):  

          

                  

   
                  

                                     (6.14) 

where: 

     is the expectation; 
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  is the measurement error; 

   is the measurement error at the     grid point,      
    

 ,   
  is the true state at the     grid 

point (in fact, unknown). 

The statistical expression of covariance            between two variables       is (Walpole et al., 

2007): 

                                                                        (6.15) 

when      ,                                                
 

         . 

      
 

 
   
 
                                                          (6.16) 

where,    means the     element in vector   .  

In the Optimal Interpolation data assimilation algorithm, the measurement states     were usually 

assumed to be independent of each other, which mean there was no correlation between the 

measurement states in space                   (Ragnoli et al., 2012, Zhu et al., 1995, 

Martin et al., 2007). Only the diagonal elements in the measurement error covariance matrix   

were nonzero in equation (6.14). The measurement error covariance matrix   can be simplified 

as a diagonal matrix: 

          
         

   
         

                                         (6.17) 

In this work, the measurement error covariance was the error covariance of the radar data. As 

stated in Chapter 4, the Galway Bay radar system can produce the Standard Deviation (SD) for 

the monitored surface velocity components at each measurement step. Moreover, the 

measurement error covariance matrix   was determined from only the measurement error 

variance at each data grid point in equation (6.17). From a statistical perspective, the 

measurement error variance at the     grid point can be given as: 

          
                                                            (6.18) 
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where,    is the Standard Deviation of the radar data at the     grid point. 

In this work, the mean of the Standard Deviation   
  obtained from the radar system over one 

month (Julian Day 182—212, 2013), which reflected the averaging variation of the radar 

measurement accuracy in time, was used to define the diagonal elements in measurement error 

covariance matrix  .  

  
  

   
  

   

   
                                                             (6.19) 

where, 

  
  is Standard Deviation of the     grid point at measurement timestep  ; 

    is the total number of Standard Deviation at the     grid point over the averaging 

measurement period.  

The above equations (6.18) and (6.19) were used to compute the diagonal elements in the 

measurement error covariance matrix  . So the values of each diagonal element in equation 

(6.17) can be calculated by substituting equation (6.19) into (6.18): 

           
     

   
  

   

   
 
 

                                             (6.20) 

The model background error covariance    describes the variation and accuracy of the model 

background states. In general, the model background errors may arise from two aspects: the first 

are errors in the model boundary conditions, such as the tidal and wind forces; the second source 

of model background errors may be from errors in the internal computational dynamics of the 

model (Martin et al., 2007). The definition of the model background error covariance was related 

to true state    . However, true states were unknown in reality; an approximation method is 

usually applied to replace the true states      in Optimal Interpolation data assimilation algorithms 

(Bouttier and Courtier, 1999). In a multidimensional system, the model background error 

covariance is an     square symmetric matrix for an n-dimensional model state vector. The 

model background error covariance can be expressed as follows using statistical definition 

equation of covariance with the same formulation as equation (6.14) (Walpole et al., 2007): 
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                               (6.21) 

where,   
  is the model background error at the     grid point,   

    
    

 .  

Since the true states   
  were not available, Martin et al. (2007) used the pairs of observations 

minus model background states (  
    

    
 ) to form the model background error statistics for 

assimilating ocean parameters such as sea surface temperature and salinity. They undertook 

experiments to demonstrate the impact of data assimilation. Their results showed that the 

analyses and forecasts were improved by assimilating the altimeter sea-level-anomaly data; and a 

positive impact on the analysis from the Argo temperature- and salinity-profile data was found. 

Based on the research by Martin et al. (2007), radar observations minus model background states 

  
    

    
  was used to define the model background errors in this work.  

In equation (6.21), the diagonal elements were variances for each variable in the model. The off-

diagonal elements were cross-covariances between each pair of variables in the model. Usually, 

the background error covariance matrix    is a positive definite matrix, see definition in 

Appendix A. According to the statistical definition of correlation between two variables, as long 

as the corresponding variances were not zero, the covariances could be transformed into 

correlations using the following formula (Walpole et al., 2007). 

    
    

   
      

    
  

       
         

  

                                                          (6.22) 

Thus, covariance between two variables can be expressed in the following form based on 

equation (6.22): 

      
    

       
    

         
         

                                                (6.23) 

Equation (6.23) describes that the model background error covariance       
    

   between the 

variables at the     and     grid points in the model is related to the correlation     
    

   and 

error variances       
   and       

  . In terms of the error variance, the following statistical 
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equation expressing the relationship between expectation and variance was needed (Walpole et 

al., 2007).  

                      
 
                                                       (6.24) 

Hence, the error variance for vector variable    was derived from        and      , which were 

calculated using equation (6.16). 

The background error covariance    can be derived in the following formula by substituting 

equations (6.24) into (6.23).  

      
    

         
          

          
    

         
          

   
 
                  (6.25) 

For simplification, the background error covariance matrix    usually is expressed as 

(Srinivasan et al., 2011, Zhu et al., 1995):  

    
 

   
 

                                                                    (6.26)      

where: 

  is the background error variance matrix; 

   
      

    
   
        

  
                                                      (6.27)                                     

  is the correlation matrix.          

   
     
   
     

                                                           (6.28) 

Researchers have used different formulas to define the correlation analytical function     
    

   

or       in their data assimilation system (Zhu et al., 1995, Martin et al., 2007, Thiebaux, 1976). 

The background error covariance was specified to a second order autoregressive (SOAR) 

function in their Optimal Interpolation data assimilation systems. Improvements were obtained 

with this method in their studies. 
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Zhu et al. (1995) proposed two horizontal correlation functions in the following formulas to 

assimilation sea temperature: 

        
  

  
       

  

  
                                                   (6.29)     

           
  

  
                                                           (6.30)     

Zhu et al. (1995) used both of the two horizontal correlation functions expressed in equation 

(6.29) and (6.30) to define the model background error covariance for sea temperature data 

assimilation. The spatial correlation length   was set as 300 km in their study. Their results 

suggested that the model background error covariance defined by equation (6.30) in the Optimal 

Interpolation data assimilation algorithm can generate better analysis error distribution than 

using equation (6.29). Ragnoli et al. (2012) used the similar formula as equation (6.30) to 

assimilate the radar surface currents into ocean models. Their study showed that the assimilation 

of radar surface currents  was  able  to  generate  a  beneficial  phase  shift  of the ocean model 

towards measurements, along with a reduced RMSE  of  the  simulation  relative  to  radar 

surface currents,  but  the  main corrections to the model were short-lived. Considering the 

computation cost in this work, the correlation function in equation (6.30) was used in the 

following Optimal Interpolation data assimilation system.  

Once the model background error covariance    and measurement error covariance   were 

obtained, the Kalman gain   could be computed using equation (2.8) before implementing the 

Optimal Interpolation data assimilation algorithm in the three-dimensional numerical coastal 

model. However, the spatial correlation length parameter,   in equation (6.30) needed to be 

determined in the Optimal Interpolation data assimilation system. The correlation length in 

Optimal Interpolation data assimilation algorithm determined the number of measurement grid 

points which were assimilated to calculate the innovation for each model grid’s update (see 

Figure 6.6). The definition of the spatial correlation length in equation (6.30) was tested in detail 

in Chapter 8.  
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Correlation length

(I,J)

 

            Figure 6.6 Optimal Interpolation correlation zone 

(Red dot indicates analysis point; black cubes indicate measurement states; the circle around the 

analysis point indicate the regions where the measurement states are used for assimilation) 

 

Figure 6.6 shows the correlation zones in Optimal Interpolation data assimilation algorithm. 

Calculation of the     analysis increment        
    

   
    in equation (6.12) was related to the 

adjacent points located in the horizontal correlation circle. Weights for adding these 

measurement states were determined by the structure of Kalman gain, namely, the row vector in 

the Kalman gain matrix. 

The implementation steps of developing an Optimal Interpolation data assimilation algorithm in 

a three-dimension coastal model were described in detail above. The computational procedure 

within the model is shown in Figure 6.7. 
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Step 1: Measurement states 

interpolation 

Step 2: Weight factor calculation

(use equations (6.13)-(6.28), and 

(6.30))

Step 3: Storage of measurement 

states and weight factor in 

model 

Step 4: Misfits calculation

(use equation (6.7))

Step 5: Innovation (analysis 

increment) calculation

(use equations (6.8)-(6.10))

Step 6: Analysis states 

calculation

(use equation (6.12))

DAOI (10D in Figure 6.2)

CALUVW (9 in Figure 6.2)

 

Figure 6.7 Flowchart of Optimal Interpolation data assimilation algorithm in EFDC 

 

In EFDC, assimilation subroutines implement the addition of the weighted difference between 

measurements and model background states at each grid point (see Step 6 in Figure 6.7), see 

Appendix B. 

The difficult and crucial part of the Optimal Interpolation data assimilation algorithm is the 

appropriate definition of the model background error covariance     when calculating the 

Kalman gain in Step Two (see Figure 6.7). The roles of the model background  error covariance 

   in equation (6.13) for Optimal Interpolation data assimilation system can be summarized as 

follows (Dance, 2004): 
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o Spread information: the shape of the analysis increment             is 

determined by the structure of the model background error covariance    in the 

Kalman gain; as the measurements are usually assumed to be spatially 

uncorrelated, thus the model background error covariance    distributes the data 

in a finite region around each observation. 

o Smooth information: the correlation structure of the background error covariance, 

  , in the model determines the amount of spatial smoothing of observations. The 

smoothing of increments ensures that the analysis is statistically compatible with 

the physical fields. 

o Preserve error correlations: nonlinear dynamics ensure that forecast errors project 

strongly onto a reduced dimension manifold. The structure of the background 

error covariance    ensures that error correlations are preserved and that the 

analysis lies on this structure. 

In this work, the measurement errors were obtained by averaging the standard deviations of the 

radar measurements in time using equation (6.19); model errors were defined using the same 

method of Martin et al. (2007). In other words, the model errors were the difference between 

radar observations and modelled results over a long period (Julian Day 182—202, 2013). The 

correlation function was determined using equation (6.30). The spatial correlation length in the 

background error covariance was tested in detail in Chapter 8 to determine an appropriate length 

scale.   

 

6.4. Nudging Data Assimilation Algorithm 

Equation (2.11) shows that the nudging weight factor   is empirically defined in nudging data 

assimilation algorithms based on considerations of the data assimilation time scale   , damping 

timescale    for the nudging term, length-scale    of the nudging term, the exponential decay 

parameter  
 
  
  
 
 and the distance          between the model grid point and the observation 

location. Since the measurement error covariance and model background error covariance were 

not needed in nudging data assimilation algorithm, the implementation process of nudging data 

assimilation algorithm in model was easier than the Optimal Interpolation data assimilation 
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algorithm. As stated in Section 2.5.1.4, the linearly interpolated radar data in space and time 

were also used in the nudging data assimilation system.  There was no time delay between model 

background states     and measurement states    , which means that the model background states 

in the data assimilation domain were updated at each measurement step. In addition, the 

interpolated measurement states from the radar system matched well with model background 

states in the area covered by the radar system. Hence, the distance          between model grid 

point and the observation location was zero, namely,  
 
         

 

  
  

  . 

So the simplified equation (2.15) was used in the nudging data assimilation system:  

  
       

  
 

  
   

 
  
  
 
    

    
                                             (6.31) 

The analysis equation for the     model grid using nudging data assimilation algorithm can be 

expressed as: 

  
    

    
       

   
   

 

  
   

 
  
  
 
    

    
                                (6.32) 

where,    is the water depth at     grid point. 

In nudging data assimilation systems, two parameters, the data assimilation timescale    and the 

exponential decay parameter  
 
  
  
 
 in equation (6.31) need to be tuned to the local system. The 

implementation process of nudging data assimilation in the three-dimensional model EFDC is 

shown in Figure 6.8.  
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Step 1: Measurement states 

interpolation 

Step 2: Weight factor calculation

(use equation (2.15))

Step 3: Storage of measurement 

states and weight factor in 

model

Step 4: Misfits calculation

(use equation (6.7))

Step 5: Innovation (analysis 

increment) calculation

(use equation (6.31))

Step 6: Analysis states 

calculation

(use equation (6.32))

CALUVW (9 in Figure 6.2)

NUDGING (10E in Figure 6.2)

 

Figure 6.8 Flowchart of nudging data assimilation algorithm 

 

Gopalakrishnan (2008) set the timescale    and the depth of influence    as 1800 s and 2.0 m 

separately to assimilate radar data into model using a nudging data assimilation algorithm. His 

results showed that assimilation of radar data in a three-dimensional numerical model improved 

both hindcasting and forecasting. The influence depth    and assimilation timescale   were tuned 

based on experimental models in this work. These experiments were described in detail in 

Chapter 8. 
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6.5. Indirect Data Assimilation via Correcting Model Force 

Indirect data assimilation via wind stress correction is a different approach to sequential data 

assimilation algorithms such as Direct Insertion, Optimal Interpolation and nudging, which 

directly updated the model background states (surface velocity components) of interest in model; 

indirect data assimilation algorithms transfer the differences between the measured radar data 

and model background states to the wind forcing in the three-dimensional coastal model.   

Accurate wind stresses are difficult to specify as boundary conditions of a hydrodynamic model 

due to the inherent difficulty in obtaining high quality wind data over a model domain, this 

indirect approach was developed in an attempt to improve wind forcing through data assimilation  

(Barth et al., 2011, Barth et al., 2008, He et al., 2004). In order to improve the model 

performance, correction of wind stresses in the Galway Bay numerical model via assimilating 

radar surface currents was applied in this work.  

The procedure for correcting wind stresses via assimilating radar surface currents in model are 

summarized in the following four steps: 

 First step: Read in and store measurement states in the model; 

 Second step: Output model background states; 

 Third step: Calculate the differences      
          

       between measurement states 

and model background states in the area covered by the radar system at each 

measurement step; 

 Fourth step: Use the differences in surface currents to update wind stresses in the model. 

Based on the standard conventions of wind shear stress in equation (5.4), Lewis et al. (1998) 

proposed the following approach to parameterizing east-west shear stress component on the 

ocean surface in a non-linear fashion using measured data. 

  
         

                                                                (6.33) 

where: 

    indicates the absolute value; 

   , which indicates a drag coefficient, is a nudging or tuning parameter in this data assimilation 

approach.  
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The same procedure as shown in equation (6.33) was implemented to parameterize north-south 

shear stress component on the ocean surface. 

In order to estimate the parameter    , Lewis et al. (1998) set the value of     to an arbitrarily 

value. In effect, they assumed the high frequency Doppler data to act as if there were an 

additional layer of water overlying the ocean surface, and equation (6.33) represented a shearing 

stress between the ocean surface and the this pseudo-layer of water. The following integral in 

equation (6.34) was used to represent the work performed by the shear stress relative to the 

differences between the observed and model-predicted surface velocity in their approach (Lewis 

et al., 1998). 

   
                                                                    (6.34) 

where,   is the area covered by the radar system. 

In their approach, another shear stress,   
 , was defined based on the following optimization 

problem (Lewis et al., 1998): 

           
    

   
    

  

    
                                                         (6.35) 

constrained by the relationship 

   
                       

                                     (6.36) 

The above problem described in equations (6.35) and (6.36) physically means that the minimal 

shearing stress   
 , which performs the same function over the ocean surface as the stress 

  
  given in equation (6.33), is chosen. This results in a gentle relaxation of the observed surface 

currents in the model dynamics. The solution to the above problem has the form (Lewis et al., 

1998): 

  
         

                                                            (6.37) 

where, the Lagrange multiplier   is derived by substituting equations (6.33) and (6.37) into 

(6.36): 
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                                                  (6.38) 

Thus, equation (2.18) presented in Section 2.5.1.6 can be extended to each model grid by 

substituting equation (6.38) into (6.37), the minimal addition east-west shear stress from the 

differences between observed and model-predicted east-west velocity component is given as: 

    
        

      
          

      
 
     

          
        

      
          

         
      

          
                  (6.39)                  

where: 

    
      is the east-west surface velocity component at the model grid       in the horizontal 

plane from the radar system; 

    
      is the east-west surface velocity component at the model grid       in the horizontal 

plane from a numerical coastal model; 

       is the two-dimensional integration over the horizontal data assimilation domain A. 

A similar equation is also used for north-south velocity component. 

Since a single NUIG wind forcing time series was used over the surface layer in the model, the 

mean east-west shear stress    
      in the data assimilation domain was added to the original east-

west wind shear stress. The mean east-west shear stress    
       was calculated as:  

   
       

     
          

       

  
                                                      (6.40) 

and the total surface east-west shear stress    in the data assimilation model was updated as: 

          
                                                                 (6.41) 

where: 

   is the number of data assimilation grid points covered by radar system at timestep t; 
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      is the number of grid points for x- and y-direction in the area covered by radar system, 

respectively; 

   
       is the additional averaged east-west wind shear stress at timestep  ; 

    is the original east-west wind shear stress. 

The implementation process of indirect data assimilation process via correcting wind forcing in a 

three-dimensional coastal model is shown in Figure 6.9.  

Radar Measured 
Surface 
Currents

Modelled 
Surface 
Currents

Differences
(IDA in Figure 

6.2, use 
equations 

(6.38)-(6.40)) 

Wind Forcing 
(CALTSXY in 

Figure 6.2, use 
equation (6.41))

 

Figure 6.9 Indirect data assimilation process via correcting surface wind forcing 

 

In this algorithm, parameter     needed to be tuned. Detailed definition of this parameter is 

presented in Chapter 8.  

 

6.6. Summary 

Direct Insertion, Optimal Interpolation and nudging data assimilation algorithms directly update 

the model background states using the radar data. Correcting wind stress in model via 

transferring the differences between measurement states and model background states does not 

explicitly update the model background states, but the correction of wind stress lead to implicit 

updating of the model background states (surface velocity components) in the model based on 
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equation (5.4). So the indirect data assimilation via correcting wind stress in model was also 

taken as a sequential data assimilation algorithm in this work.  

The Direct Insertion data assimilation algorithm was easy to be implemented in the model due to 

the strong assumption that measurement states are “perfect” without consideration of model 

background errors and measurement errors. For real operational data assimilation forecasting 

system, Direct Insertion data assimilation algorithm was found not to be the best. However, 

Optimal Interpolation data assimilation algorithms have been developed that include 

considerations of measurement errors and model errors. Considering the computational cost and 

implementation difficulties in the model, formulation of measurement error covariances was 

simplified by assuming that the measurement states were independent of each other in the 

Optimal Interpolation data assimilation algorithm.  In addition, the model error covariances were 

related to a spatial analytical equation and model error variances. The performance of Optimal 

Interpolation data assimilation model is mainly determined by the structure of the Kalman gain, 

which controlled the innovations (or analysis increments) by weighting the differences between 

measurement states and model background states.  

The nudging data assimilation algorithm had the same analysis equation as Optimal Interpolation 

data assimilation in equation (2.1), but the differences between measurement sates     and model 

background states     were empirically weighted in the model through nudging parameter. The 

structure of the nudging factor   was simpler than the Kalman gain   in Optimal Interpolation 

data assimilation algorithm as no consideration was made of measurement error covariances and 

model background error covariances. But the selection of the nudging parameters directly 

affected the performance of the nudging data assimilation. Experimental nudging data 

assimilation models needed to be examined and appropriate definition of data assimilation scale 

   and depth of influence of data assimilation    were crucial for the modelling performance. 

Correcting wind stress via assimilating radar data had the same analysis equation formulation as 

the Optimal Interpolation and nudging data assimilation algorithms, which added the increments 

(positive or negative) to the modelling variables of interest. But the indirect data assimilation in 

this work was performed through transferring the differences of surface velocity between 

measurement states and model background states into the model wind stress forcing. The model 
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background states of surface velocity components were not explicitly updated. A spatially 

averaged wind stress     derived from surface velocity differences was added to the original wind 

stress using equation (6.41). Correction of wind stress resulted in the ongoing updating of surface 

velocity components (model background states of interest) in the model.  

The detailed analysis of results during hindcasting (or reanalysis) and forecasting period from 

these data assimilation algorithms is presented in Chapter 8.  
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Chapter 7 Direct Insertion Data Assimilation Experiments Using Pseudo 

Measurements 

 

7.1. Introduction 

Prior to using actual data in a data assimilation system, the model's ability to incorporate a data 

assimilation algorithm routine was tested firstly using pseudo data.  It was important to 

determine if EFDC could cope with shocks provided to the system due to assimilating data. In 

this context, two types of pseudo data: constant data and non-uniform data were used for 

assimilation. 

Since both the computational cost and operational possibility needed to be considered when 

developing an oceanographic data assimilation system, this work focused on developing and 

comparing four different sequential data assimilation algorithms: Direct Insertion, Optimal 

Interpolation, nudging and indirect data assimilation via correcting model force with available 

measurements. The ultimate goal of data assimilation in oceanography is to improve modelling 

accuracy. Sequential data assimilation algorithms, combining available measured data with 

model background states, reset the model background states at certain simulation timesteps. 

Although observation and numerical simulation described the same hydrodynamic variables of 

interest, the measurement states and model background states were from two different systems, 

thus data assimilation introduces a 'shock' to the model. In order to check whether the three-

dimensional EFDC numerical model was sufficiently robust and efficient for developing a data 

assimilation algorithm with real measurements, Direct Insertion data assimilation experiments 

using pseudo measurements were undertaken to test the following aspects:  

 Each update of a model background state with sequential data assimilation algorithms 

augments the model by adding an 'improvement', calculated by weighting the differences 

between measurement states and modelled background states (strict formula existed in 

Optimal Interpolation and nudging data assimilation algorithms). The added 

improvement might be very large when the difference between modelled states and 

measurement state is large at certain given timesteps or the weight coefficients are large. 



Chapter 7 Direct Insertion Data Assimilation Experiments Using Pseudo Measurements 

166 

 

Direct Insertion data assimilation using pseudo measurements was undertaken to examine 

the capability of EFDC to incorporate changes in surface velocities. 

 In order to ensure the reliability of the measured data for an sequential data assimilation 

system, updating is only performed within the domain covered by a measurement system 

(Paduan and Shulman, 2004, Barth et al., 2008). Two types of pseudo data were 

assimilated into two different domains: a rectangular box area in the simulation domain 

(see Figure 7.1, longitude: 9.0652°~9.5143° W; latitude: 53.1659°~53.2135° N) was 

defined as the update domain using constant pseudo measurements; other tests were 

performed in the whole simulation domain using non-uniform pseudo surface currents 

added noise.  

 The author focused on assimilating fields of surface velocity components from radar 

system into EFDC in this research. The experiments in this chapter were developed to 

test the stability of the three-dimensional model EFDC and study the influences of data 

assimilation; this provided ideas for developing a forecasting system via assimilating 

radar data. Influence of data assimilation on vertical current profiles was also investigated 

in these experiments. 

The model domain in these experiments was the Galway Bay area as shown in Figure 7.1. The 

EFDC model version B1 described in detail in Chapter 5 was developed for tests. Two types of 

Direct Insertion data assimilation tests were performed using different pseudo data, respectively. 

Two reference points A and D were selected for comparisons.  

 

 



Chapter 7 Direct Insertion Data Assimilation Experiments Using Pseudo Measurements 

167 

 

 

Figure 7.1 Simulation area and Direct Insertion data assimilation test domains  

 

An outline of this chapter is as follows: Section 7.2 gives a brief introduction of the pseudo 

measurements used in the sensitivity tests. The Direct Insertion data assimilation test models are 

presented in Section 7.3. Results of Direct Insertion data assimilation sensitivity tests are 

analyzed in Section 7.4, followed by a summary of this chapter in Section 7.5.  

 

7.2. Pseudo Measurements 

Gopalakrishnan (2008) carried out data assimilation sensitivity experiments using constant 

surface currents in a long straight channel configuration and a curved configuration within a 

nudging data assimilation algorithm. He considered two cases: one was an along-channel surface 

current of magnitude 1.0 m/s directed opposite to the river flow (+1.0 m/s); the other was an 

along-channel surface current of magnitude 1.0 m/s directed in the direction of the river flow (-

1.0 m/s). His sensitivity experiments revealed that the effect of sequential nudging data 

assimilation was significant with higher magnitude and directed opposite pseudo measurements 

with respect to model surface currents. The effect was moderate with higher magnitude pseudo 

measurements directed in the same direction of model surface currents in his work. In this 

chapter, two types of pseudo measurements were used to assess the use of a Direct Insertion data 

assimilation algorithm within EFDC: 
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a. Constant pseudo measurements were firstly considered; both surface velocity 

components were set as constants at 25 cm/s over time in the rectangular box data 

assimilation domain (see Figure 7.1). The rectangular domain located within the 

simulation area was specified for using constant pseudo measurements in Figure 

7.1 to initially assess the impacts of data assimilation on the surface layer. The 

reasons for using constant values as measurement states are:  

 The measurement interval can be fully controlled 

 Data for all the grid points in the data assimilation domain are available, 

effects of data deficiency are thus eliminated. 

 Since the measurement states were set as constant in the test domain and 

the known surface currents are strongly tidally induced, obvious 

differences existed between model background states and constant pseudo 

measurement states in time.  

b. Non-uniform pseudo surface currents were obtained by adding noise to hourly 

output from the ‘free run’ B1 over the whole simulation domain. The same value 

of noise was added to surface velocity components at each model grid. In order to 

ensure that differences between the generated pseudo measurements and model 

states would be obvious, the added noise obeyed normal distribution with zero 

mean; standard deviation was 10% of velocity range for both surface velocity 

components. This ensured that the generated measurements do not deviate much 

from real data and still follow the basic dynamic trend.  Updating of model 

background states was performed over the entire simulation domain. The reasons 

for using these measurements can be summarized as: 

 The same values of noise were added to the output of the ‘free run’ in the 

whole simulation domain, so the changed trend over domain is the same. 

Spatial patterns of generated surface currents in the simulation domain 

(see Figure 7.5) were changed in the same direction compared with output 

from the ‘free run’ (see Figure 7.4). 

 Since the standard deviations of noise were relatively small, the 

characteristics of the pseudo measurements were similar to the 

characteristics of the surface currents from the ‘free run’. Moreover, 
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modelled results in Chapter 5 show that the ‘free run’ can provide good 

simulation compared with radar data. The difference between the 

modelled results from the ‘free run’ and radar data is not big, especially 

for east-west velocity component. Adding noise in the range of 10% 

ensures that the generated measurements do not deviate a lot from the case 

using real observations. Assimilation circumstances in these tests using the 

generated surface currents can be close to the ultimate assimilation system 

in this work using radar data.  

Time series graphs of type (b) non-uniform pseudo measurements at point A (see Figure 7.1) are 

shown in Figure 7.2—Figure 7.3. Panel (a) in Figure 7.2 and Figure 7.3 is the time series of 

added noise; panel (b) is the output from the ‘free run’; panel (c) is the generated velocity 

components by adding noise to output from the ‘free run’.  
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Figure 7.2 Time series of pseudo measurement generation process for east-west velocity 

component (point A in Figure 7.1, (a) is the noise obeying normal distribution; (b) is the east-

west velocity component from the free run; (c) is the generated east-west velocity component 

after adding noise) 
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Figure 7.3 Time series of pseudo measurement generation process for north-south velocity 

component (point A in Figure 7.1, (a) is the noise obeying normal distribution; (b) is the north-

south velocity component from the free run; (c) is the generated north-south velocity component 

after adding noise)) 
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Non-uniform pseudo surface currents were generated by adding noise to the results from a ‘free 

run’; the bottom panels of Figure 7.2—Figure 7.3 (depicting pseudo measurements) follow 

similar trend as the ‘free run’ (middle panels in Figure 7.2 and Figure 7.3). In order to show the 

patterns of surface currents after adding noise, vector maps from both the ‘free run’ and 

generated pseudo measurements are shown in Figure 7.4—Figure 7.5. Pseudo surface currents in 

the inner bay (see Figure 7.5) were obviously bigger than the output from the ‘free run’ (see 

Figure 7.4). The added noise for east-west and north-south velocity component at this addition 

timestep was around 20 cm/s and 7 cm/s, respectively. 

 

Figure 7.4 Vector map of surface currents from the ‘free run’ B1 
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Figure 7.5 Vector map of generated surface currents 

In the following sensitivity tests, both types of pseudo measurements were assimilated into 

models in different domain separately using Direct Insertion data assimilation algorithm.  

 

7.3. Direction Insertion Data Assimilation Models 

The analysis equation of Direct Insertion was described in detail in Section 2.5.1.1 and Section 

6.2. The data assimilation domain was the rectangular area in Figure 7.1 when using constant 

pseudo measurements. The grids outside the measurement system domain were excluded from 

the data assimilation process. But the whole simulation domain was updated when using non-

uniform pseudo measurements with added noise.  

In order to examine the compatibility between measurement states and model background states, 

and the influence of data assimilation cycle length, five Direct Insertion data assimilation models 

with different data assimilation cycle lengths were run with each type of pseudo measurements. 

Since the surface currents with noise were obtained hourly, they were linearly interpolated for 

models with shorter data assimilation cycle lengths. Details of these test models are presented in 

Table 7.1.  
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Table 7.1 Direct Insertion Experiment Models 

Model DI DA length (min(s)) Measurements (cm/s) 

DIT1/B1 DAN * *  

DIT2 Y MS u=v=25  

DIT3 Y 0.5 u=v=25  

DIT4 Y 5 u=v=25  

DIT5 Y 30 u=v=25  

DIT6 Y 60 u=v=25  

DIT7 Y MS Δu~N(0, 6.5²); Δv~N(0, 4²) 

DIT8 Y 0.5 Δu~N(0, 6.5²); Δv~N(0, 4²) 

DIT9 Y 5 Δu~N(0, 6.5²); Δv~N(0, 4²) 

DIT10 Y 30 Δu~N(0, 6.5²); Δv~N(0, 4²) 

DIT11 Y 60 Δu~N(0, 6.5²); Δv~N(0, 4²) 

 * DI indicates Direct Insertion; DA indicates Data Assimilation; DAN 

indicates the model without data assimilation; MS indicates Direct Insertion 

data assimilation is performed at every timestep; Y means that data assimilation 

is performed. Δu, Δv is the added noise for east-west and north-south velocity 

component, respectively.  

 

All of the models in Table 7.1 had the same initial conditions and boundary conditions as model 

B1; the differences between them were:  

(i) Whether Direct Insertion data assimilation algorithm was performed or not; 

(ii) Data assimilation cycle length; 

(iii) The data assimilation area/ type of pseudo measurements. 

To analyze the influence of data assimilation on model forecasting ability, simulation periods in 

these Direct Insertion data assimilation models were categorized into three parts: 

Spin-up period:                            Julian Day 211-215 

Data assimilation period:             Julian Day 216-220 

Forecasting analysis period:        Julian Day 221-222 

To implement the data assimilation procedure in EFDC, separate subroutines DATEST1.FOR 

and DATEST2.FOR were encoded and incorporated into the main programme as shown in 

Figure 6.2, see codes in Appendix B. Subroutine DATEST1.FOR contained the Direct Insertion 

data assimilation process for updating the rectangular data assimilation domain using constant 
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pseudo measurements; subroutine DATEST2.FOR contained the assimilation process for 

updating the whole simulation area with surface currents plus added noise. The first step was to 

read the measurement states into the data assimilation models. Then the model background states 

were replaced by measurement states in the data assimilation test domain at appropriate time 

intervals in the model using equation (6.2).  

 

7.4. Results 

7.4.1. Time Series 

In test models DIT2—DIT7, the model background states in the rectangular assimilation box 

(see Figure 7.1) were substituted with pseudo data. In order to analyze the influence of Direct 

Insertion data assimilation on the surface layer when updating the surface currents in the 

rectangular box area, one grid point (A) located in the data assimilation test domain and one 

point (D) located outside of the rectangular box domain were selected for analysis (see Figure 

7.1) from models DIT2—DIT6. Time series of both surface velocity components at location A 

and location D are shown in Figure 7.6 to Figure 7.9.  The most significant result from the tests 

was that EFDC was sufficiently robust to withstand the shock imposed on the surface layers; the 

model assimilated these new hydrodynamic conditions and has the ability to continue with 

solving three dimensional flow fields.  In order to clearly show the Direct Insertion data 

assimilation process and its influence during a forecasting period, a short period from Julian Day 

220.5 to 221.4, which included both data assimilation and forecast, was selected for time series 

analysis. 

Figure 7.6 and Figure 7.7 show that the previous Direct Insertion data assimilation process 

(Julian Day 216-221) with constant pseudo measurements had an impact on the “forecasting” 

period (Julian Day 221-221.4) at location A for both surface velocity components. A small 

difference was observed when the model background states were substituted with constant 

measurement states at each timestep (model DIT2). Nevertheless, when the model background 

states were updated every sixty minutes, the influences of Direct Insertion process on the 

following “forecasting” period was very weak compared with original model without data 

assimilation. Time series of surface velocity components at location A in Figure 7.6 and Figure 

7.7 show that the shorter data assimilation cycle length produced stronger influence during the 
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following “forecasting” period. Model DIT2 updating model background states at each timestep 

with constant pseudo measurements produced small difference during the first six hours of 

“forecasting”; the influence of data assimilation decreased with increasing length of data 

assimilation cycle in the other models. In order to study the influence of updating in the area 

without data assimilation, results at the point D, located outside of Direct Insertion data 

assimilation domain, were analyzed (see Figure 7.1). Figure 7.8 and Figure 7.9 show that there 

was no distinct deviation in these data assimilation models compared with the 'free run' (DIT1) 

during Julian Day 220.5 to 221 at grid point D. Updating within the data assimilation domain had 

a very weak impact for both surface velocity components at location D. In short, the influence of 

model DIT2 was stronger than other models (DIT3—DIT 6), as expected. The remaining Direct 

Insertion data assimilation models with longer data assimilation cycle length had weaker 

influences on both surface velocity components at location D. This indicated that frequently 

assimilating available measurements affected the surface velocity components at points located 

outside the data assimilation domain, but the differences may not be significant.  

Time series of surface velocity components at point A from models DIT7—DIT11, which 

assimilated non-uniform surface currents in the whole simulation domain, are shown in Figure 

7.11 and Figure 7.12. They had the same trend as models DIT2—DIT6. Updating at each 

timestep resulted in strong impacts on forecasting, but very weak influence appeared with longer 

data assimilation cycle lengths. The influence of Direct Insertion data assimilation on model 

background states only lasted a short while during the forecasting period.  An important result 

again here is the ability of EFDC to assimilate data with random noise and to remain numerically 

stable. 
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Figure 7.6 Time series of east-west velocity component at location A when updating was 

performed in the rectangular box area using constant pseudo data 
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Figure 7.7 Time series of north-south velocity component at location A when updating was 

performed in the rectangular box area using constant pseudo data 
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Figure 7.8 Time series of east-west velocity component at location D when updating was 

performed in the rectangular box area using constant pseudo data 
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Figure 7.9 Time series of north-south velocity component at location D when updating was 

performed in the rectangular box area using constant pseudo data 
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Figure 7.10 Time series of east-west velocity component at location A when updating was 

performed in the whole simulation domain using non-uniform pseudo data 
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Figure 7.11 Time series of north-south velocity component at location A when updating was 

performed in the whole simulation domain using non-uniform pseudo data 
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7.4.2. Vector Maps of Surface Currents 

In order to analyze the impacts of data assimilation over domain, vector maps of surface currents 

from each Direct Insertion data assimilation test model using pseudo data are presented. These 

vector maps represent flow fields during the forecasting period (one hour after data assimilation 

was finished).  

Figure 7.12 shows the vector map of surface currents from the ‘free run’ DIT1. In order to better 

show the influence of data assimilation in the updating domain, vector maps of the assimilation 

domain from models DIT2—DIT6 was extended in the bottom panel. Figure 7.13—Figure 7.17 

show that vector maps of each data assimilation models when constant pseudo data were 

assimilated in the rectangular box area. Most of the assimilation models had similar patterns of 

surface currents except for model DIT2 in Figure 7.13. The influence of updating the model 

background states at each timestep in model DIT2 on surface current pattern was obvious (see 

bottom panel in Figure 7.13). Moreover, this model still followed the trend of pseudo 

measurement during the forecasting period and the velocity magnitudes in the data assimilation 

domain were bigger than those of other models. This means that the previous “training” of model 

background states assimilating pseudo measurements forces the model to follow the 

measurement trajectory in the rectangular box area, as expected. Vector maps in the data 

assimilation domain from other the test models (see bottom panels in Figure 7.14—Figure 7.17) 

with longer data assimilation cycle length had the same pattern as the ‘free run’ as shown in 

Figure 7.12. This means that the previous “training” of data assimilation did not obviously affect 

the forecasting in these models. In addition, the domain outside the data assimilation area had 

similar surface current patters as the ‘free run’ B1.  
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Figure 7.12 Vector maps of surface currents from model DIT1 (Julian Day 221, 2013 01:00) 
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Figure 7.13 Vector maps of surface currents from model DIT2 (Julian Day 221, 2013 01:00) 
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Figure 7.14 Vector maps of surface currents from model DIT3 (Julian Day 221, 2013 01:00) 
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Figure 7.15 Vector maps of surface currents from model DIT4 (Julian Day 221, 2013 01:00) 
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Figure 7.16 Vector maps of surface currents from model DIT5 (Julian Day 221, 2013 01:00) 
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Figure 7.17 Vector maps of surface currents from model DIT6 (Julian Day 221, 2013 01:00) 

 

The assimilation of non-uniform pseudo surface currents in the whole simulation domain as 

shown in Figure 7.18—Figure 7.23 had the same impacts on spatial patterns of surface currents 

as models DIT2—DIT6. Spatial impacts were obvious in model DIT7 (Figure 7.19) which 

updated EFDC at each model timestep. The other models (DIT8—DIT11) with longer data 

assimilation cycle lengths had weak spatial influence; the pattern was similar to the ‘free run’. 
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Figure 7.18 Vector map of surface currents from model DIT1 

 

 

Figure 7.19 Vector map of surface currents from model DIT7 
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Figure 7.20 Vector map of surface currents from model DIT8 

 

 

Figure 7.21 Vector map of surface currents from model DIT9 
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Figure 7.22 Vector map of surface currents from model DIT10 

 

 

Figure 7.23 Vector map of surface currents from model DIT11 

 

7.4.3. Influences on Vertical Current Profiles 

Although only velocity components on the surface layer in data assimilation domain were 

updated using Direct Insertion data assimilation algorithm, effects of the data assimilation on the 

dynamic balance of the vertical water structure was investigated (Shulman and Paduan, 2009, 
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Barth et al., 2008). Vertical current profiles averaged over thirty minutes from both the ‘free run’ 

without data assimilation and Direct Insertion data assimilation models were compared. The 

averaging period started from Julian Day 217.5.  

 

Figure 7.24 Vertical current profiles at point A when updating was performed in the rectangular 

box area using constant pseudo data (averaged over thirty minutes from Julian Day 217.5) 

 



Chapter 7 Direct Insertion Data Assimilation Experiments Using Pseudo Measurements 

194 

 

 

Figure 7.25 Vertical current profiles at point D when updating was performed in the rectangular 

box area using constant pseudo data (averaged over thirty minutes from Julian Day 217.5) 
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Figure 7.26 Vertical current profiles at point A when updating was performed in the whole 

simulation domain using non-uniform pseudo data (averaged over thirty minutes from Julian Day 

217.5) 

 

The vertical current profiles in Figure 7.24—Figure 7.26 show that the stronger influence 

appeared in the models with the shorter updating interval for both locations A and D using 

constant and variable pseudo measurements. Models DIT2 and DIT7 updating at each timestep 

had obvious impacts on the vertical current profiles; assimilation at each timestep of the surface 

velocity components in the data assimilation domain changed the vertical current distribution, 

while the influence was weak when the model background states were updated every thirty 

seconds, five minutes, thirty minutes and sixty minutes. The impacts of assimilation on vertical 

currents profiles at point D (see Figure 7.25 (a)) were weaker than point A (see Figure 7.24 (a)) 

when constant pseudo data were assimilated in the rectangular box area. Comparison of vertical 

current profiles showed that frequent updating using pseudo measurements at each model 

timestep at the surface layer changed the energy balance of the water column and propagated the 
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added energy from top layers over the water column. In short, updating the surface layer not only 

had an impact on surface currents, but also affected the vertical current distribution.  

 

7.5. Summary 

A straightforward sequential data assimilation algorithm, Direct Insertion, was applied, using 

two kinds of pseudo measurements, to assess the suitability of EFDC to be used with data 

assimilation. Two types of pseudo data were used to update model background states in different 

assimilation domains. The research focused on sensitivity tests with different data assimilation 

cycle lengths, the influence of data assimilation on surface layers both inside and outside the data 

assimilation domains, and the influence of data assimilation on vertical current profiles. The 

main results deduced from these experiments are: 

 The three-dimensional model EFDC was numerically robust enough to combine pseudo 

measurement states (both constant and non-uniform data) with the model background 

states, even with assimilation in the whole simulation domain. This is of great importance 

when real measurements are used to update background model background states, since 

there is always noise in the real measured dataset. Large differences may exist between 

model background states and real measurements. 

 EFDC results were shown to be quite sensitive to data assimilation cycle lengths. As 

expected, shorter Direct Insertion data assimilation cycle lengths produced stronger 

influences on the model results during forecasting period; these effects were manifest 

through the entire model domain. Obvious influences appeared when model background 

states were updated at each timestep. However, when the model was updated every thirty 

seconds, five minutes, thirty minutes and sixty minutes the effects on model results was 

less pronounced (see Figure 7.6 – Figure 7.7 and Figure 7.10—Figure 7.11).  

 Vector maps of surface currents (see Figure 7.12—Figure 7.23) showed that assimilation 

of pseudo measurement into model at each timestep “trained” the model well to follow 

the measurement trajectory during forecasting period. Other models with longer data 

assimilation cycle lengths did not significantly follow the measurement trajectory during 

forecasting period.  In addition, the difference mainly appeared in the data assimilation 
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domain. Differences of vector maps in the areas outside the data assimilation domain 

were very small.  

 Updating was only performed on the surface layer in the data assimilation test domain in 

these tests; updating at each timestep changed the vertical current distribution not only in 

the data assimilation area, but also changed the vertical current distribution outside of 

data assimilation domain. However, the influence of models on vertical current profiles 

with longer data assimilation cycle lengths such as every thirty seconds, five minutes, 

thirty minutes and sixty minutes was weak.  

In summary, Direct Insertion data assimilation sensitivity tests for studying the stability of the 

EFDC model, compatibility between the measurement states and model background states, and 

the influence of sequential data assimilation on surface layer and vertical current profiles were 

undertaken in this chapter. The results showed that sequential data assimilation with shorter data 

assimilation cycle lengths was able to change model background states during forecasting 

periods.  

An important result from this chapter is that the tests carried out above suggested that EFDC is a 

robust numerical model, where the surface layer can be specified as a boundary with EFDC 

remaining stable.  This indicated that it should be possible to incorporate data assimilation 

routines into this model using data collected from the radar system to improve model results. 
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Chapter 8 Data Assimilation Using Radar Data  

 

8.1. Introduction 

A detailed description of four sequential data assimilation algorithms was presented in detail in 

Chapter 6.  In order to improve the modelling performance not only in hindcasting periods, but 

also in forecasting periods, with data assimilation techniques, appropriate parameters in each 

data assimilation algorithm firstly need to be proprely defined. Thus, sensitivity tests were 

performed based on hourly assimilating spatially interpolated radar data into the numerical 

models before using the models for hindcasting or forecasting. Importantly, the sensitivity tests 

of Direct Insertion data assimilation with pseudo measurements in Chapter 7 showed that shorter 

length of data assimilation cycles lead to a stronger influence on model background states during 

forecasting period. Hence, temporally interpolated radar data were also assimilated into models. 

The influences of data assimilation cycle lengths using interpolated radar data on hindcasting and 

forecasting are further studied in this chapter.  

Modelling period in data assimilation systems can be categorized as either hindcasting or 

forecasting periods. Hindcasting periods indicates the simulation of surface currents assimilating 

radar data with model background states; forecasting period indicates the simulation process 

after assimilating radar surface currents into the numerical model and using an updated boundary 

condition to forecast new flows into the future. In all of these data assimilation models using 

radar data, the simulation periods during 2013 are split into three parts: 

 Spin-up period:        Julian Day 211—220 

 Hindcasting period: Julian Day 220—228.04 

 Forecasting period: Julian Day 228.04—229 

Spin-up periods are necessary to drive the model towards a stable state before using data 

assimilation techniques for hindcasting and forecasting; this helps the data assimilation process 

to be efficient and accurate. In order to gain an insight into the influences and improvements in 

models after using different types of data assimilation algorithms, time series of surface velocity 

components at location A and B (see Figure 5.1), and vector maps of surface currents from data 
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assimilation models are compared with the ‘free run’ during both hindcasting and forecasting 

periods. In addition, Data Assimilation Skill Score and Averaged Kinetic Energy are computed 

during forecasting period to assess the improvements of the best data assimilation models.  

The structure of this chapter is: Section 8.2 presents parameter optimization in data assimilation 

systems using Optimal Interpolation, nudging and indirect data assimilation via correcting model 

force. Section 8.3 studies the influences of data assimilation cycle lengths with each data 

assimilation algorithm including Direct Insertion. Hindcasting results are presented in Section 

8.4. Assessments of the improvements in each best data assimilation model during forecasting 

period are presented in Section 8.5. A summary of this chapter is presented in Section 8.6. 

 

8.2. Optimization of Assimilation Parameters 

In order to ensure that the data assimilation systems developed in EFDC are efficient, 

assimilation parameters in Optimal Interpolation, nudging and indirect data assimilation 

algorithms were first optimized. Test models were run with different values of assimilation 

parameters, within a reasonable range for each data assimilation algorithm. In Optimal 

Interpolation data assimilation algorithm, the horizontal correlation length was optimized. The 

influence depth and time scale in nudging data assimilation algorithm were optimized. Moreover, 

assimilation intensity in the indirect data assimilation algorithm, via correcting wind force, is 

controlled by a scaling coefficient, this was also optimized.  

The ultimate goal of applying data assimilation techniques in this research was to improve 

hindcasting and forecasting of surface currents. The above parameters in each data assimilation 

algorithm were optimized based on an eight-day (Julian Day 220-228.04, 2013) hindcasting 

period. RMSE between the radar data and modelled results were calculated using equations 

(5.1)-(5.3) during this period. One of the primary objectives of the research in this thesis was to 

investigate the potential for assimilating surface currents collected by the radar system into 

coastal hydrodynamic models for operational forecasting. When assimilating HF radar data for 

operational forecasting these data are considered to representative of a point in time.  From this 

perspective, model output at a specific juncture, such as mid-flood, is compared against radar at 

which averaged about this time throughout the thesis. The best parameters in each data 
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assimilation algorithm were defined based on the modelled results which generated minimum 

values of RMSE. The reason for using this method lies in the implicit hypothesis: good 

performance during hindcasting period via assimilating radar data can have positive effects on 

forecasting. The optimization process of the assimilation parameters in each data assimilation 

algorithm is presented in detail below. 

 

8.2.1. Optimal Interpolation Data Assimilation Algorithm 

As stated in Chapter 6, the key part of the Optimal Interpolation data assimilation algorithm is 

the definition of Kalman gain. The main parameter of the Kalman gain in Optimal Interpolation 

data assimilation system is the value of the spatial correlation length L as defined in equation 

(6.30). Since the research domain, Galway Bay, was around 57 km  36 km, the range of the 

correlation length assessed in the tests was less than the maximum length of the simulation 

domain. In order to define the best horizontal correlation length for Optimal Interpolation data 

assimilation, radar data were assimilated into the model every sixty minutes, the best correlation 

length was selected from the model whose results produced the minimum RMSE in domain over 

an eight-day hindcasting period. Detailed description of the correlation length test models and 

values of RMSE are shown in Table 8.1. 

Table 8.1 Correlation Length Test Models of Optimal Interpolation  

 Model B1 OI1 OI2 OI3 OI4 OI5 

L (km) DAN 2.5 5 10 20 50 

RMSE(u, cm/s) 8.7093 2.3477 2.3477 2.3471 2.3447 2.3133 

RMSE(v, cm/s) 7.6972 2.0914 2.0914 2.0921 2.0874 2.0582 

RMSE(u, v, cm/s) 11.6232 3.1441 3.1441 3.1442 3.1392 3.0964 
*DAN means the ‘free run’ without data assimilation. The only difference among these test models is the 

value of correlation length.  

 

Table 8.1 shows that all Optimal Interpolation data assimilation models updating model 

background states every sixty minutes with radar data produced better results than the ‘free run’ 

during hindcasting period. Values of RMSE among these test assimilation models were 

significantly smaller than RMSE from the ‘free run’. The difference of total RMSE among these 

test assimilation models was not big. Model OI5 using 50 km horizontal spatial correlation 
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length had the minimum total RMSE 3.0964 cm/s. Horizontal spatial correlation length 50 km 

was used in the following Optimal Interpolation data assimilation models. Mean vector maps 

from each model in Table 8.1 during hindcasting period are shown in Figure 8.1—Figure 8.5.  

The averaged period is from Julian Day 220—228.04, 2013.  Mean vector maps of radar data 

and results from the ‘free run’ are shown in Figure 8.6 and Figure 8.7, respectively.  

 

 

Figure 8.1 Mean vector map of surface currents from model OI1 (hindcasting period: Julian Day 

220—228.04) 
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Figure 8.2 Mean vector map of surface currents from model OI2 (hindcasting period: Julian Day 

220—228.04)  

 

 

Figure 8.3 Mean vector map of surface currents from model OI3 (hindcasting period: Julian Day 

220—228.04) 
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Figure 8.4 Mean vector map of surface currents from model OI4 (hindcasting period: Julian Day 

220—228.04)  

 

 

Figure 8.5 Mean vector map of surface currents from model OI5 (hindcasting period: Julian Day 

220—228.04)  
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Figure 8.6 Mean vector map of surface currents from radar data (hindcasting period: Julian Day 

220—228.04)  

 

 

Figure 8.7 Mean vector map of surface currents from model B1 (hindcasting period: Julian Day 

220—228.04)  

 

Figure 8.1—Figure 8.5 show mean vector maps of surface currents from these Optimal 

Interpolation data assimilation test models; the patterns of these model results were very similar. 
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Hindcasting improvements of model OI5 significantly outperformed than the ‘free run’ as shown 

in Figure 8.7 when they were compared with radar data as shown in Figure 8.6. The values of 

RMSE in Table 8.1 indicated that model OI5 with 50 km spatial correlation length produced 

better simulation in hindcasting period.  

 

8.2.2. Nudging Data Assimilation Algorithm 

Gopalakrishnan (2008) obtained good results assimilating radar data with nudging algorithm by 

setting nudging time scale and depth of influence 1800 s and 2.0 m, respectively. The best values 

of time scale and depth of influence were determined using a range of values to hourly assimilate 

radar data into models and again comparing RMSE of model results in this research. Table 8.2 

shows the detailed information of these test models.  
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Table 8.2 Nudging Data Assimilation Test Models 

Model zd(m) ta(s) RMSE(u, cm/s) RMSE(v, cm/s) RMSE(u, v, cm/s) 

B1 DAN DAN 8.7093 7.6972 11.6232 

NDA1 2 1800 12977.7300 10990.6100 17006.3219 

NDA2 3 1800 52.4317 44.6851 68.8901 

NDA3 4 1800 7.8024 6.8611 10.3900 

NDA4 5 1800 8.2902 7.3140 11.0554 

NDA5 6 1800 8.5293 7.5275 11.3759 

NDA6 2 1200 19475.0100 16490.9900 25519.1843 

NDA7 3 1200 79.6120 67.7889 104.5629 

NDA8 4 1200 8.1265 7.1270 10.8090 

NDA9 5 1200 8.1113 7.1498 10.8126 

NDA10 6 1200 8.4398 7.4505 11.2579 

NDA11 2 1500 15575.0200 13190.0200 20409.7495 

NDA12 3 1500 63.2605 53.9265 83.1262 

NDA13 4 1500 7.8772 6.9164 10.4827 

NDA14 5 1500 8.2177 7.2485 10.9577 

NDA15 6 1500 8.4954 7.5039 11.3349 

NDA16 2 2100 11125.2200 9413.6700 14573.5275 

NDA17 3 2100 44.7146 38.1403 58.7714 

NDA18 4 2100 7.8070 6.8648 10.3959 

NDA19 5 2100 8.3482 7.3691 11.1354 

NDA20 6 2100 8.5509 7.5552 11.4105 

NDA21 2 2400 9734.4430 8382.6150 12846.3074 

NDA22 3 2400 38.9692 33.2637 51.2355 

NDA23 4 2400 7.8405 6.8988 10.4435 

NDA24 5 2400 9.3894 7.4039 11.9574 

NDA25 6 2400 8.5705 7.5667 11.4328 

 

Table 8.2 shows that nudging assimilation models were more sensitive to depth of influence than 

time scale. Values of RMSE in Table 8.2 indicate that the model NDA3 with 1800 s time scale 

and 4.0 m depth of influence improves the hindcasting performance compared with the ‘free run’, 

with a smallest total RMSE 10.3900 cm/s. These values were used in the following nudging data 

assimilation models. In order to show the improvement of surface current patterns during 

hindcasting period when nudging data assimilation algorithm was applied, mean vector maps of 

surface currents from some nudging test models in Table 8.2 are shown in Figure 8.8—Figure 

8.12. The averaged period was the same as in Section 8.2.1.  
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Figure 8.8 Mean vector map of surface currents from model NDA1 (hindcasting period: Julian 

Day 220—228.04)  

  

 

Figure 8.9 Mean vector map of surface currents from model NDA2 (hindcasting period: Julian 

Day 220—228.04)  
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Figure 8.10 Mean vector map of surface currents from model NDA3 (hindcasting period: Julian 

Day 220—228.04)  

  

 

Figure 8.11 Mean vector map of surface currents from model NDA4 (hindcasting period: Julian 

Day 220—228.04)  
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Figure 8.12 Mean vector map of surface currents from model NDA5 (hindcasting period: Julian 

Day 220—228.04)  

  

Mean vector maps from models NDA1 and NDA2 (see Figure 8.8 and Figure 8.9) deviated a lot 

from the radar data shown in Figure 8.6. Big values of surface currents appeared in data 

assimilation area in Figure 8.8 and Figure 8.9. This resulted from using big values of nudging 

scaling factor (actually, it is depth of influence here), which added extra unrealistic information 

to the model background states. However, patterns of mean vector maps from models NDA3 and 

NDA4 as shown in Figure 8.10 and Figure 8.11 were very similar. Moreover, models NDA3 and 

NDA4 had good agreement with radar data shown in Figure 8.6. The difference of surface 

current patterns between models NDA4 and NDA5 as shown in Figure 8.12 was not large.  

 

8.2.3. Indirect Data Assimilation via Correcting Model Force 

In indirect data assimilation algorithm via correcting wind stress, the parameter     in equation 

(6.39) needs to be determined. Three versions of the model with different value of     were run. 

Details of model results are presented in Table 8.3.  
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Table 8.3 Indirect Data Assimilation Test Models  

Model B1 IDA1 IDA2 IDA3 

a DAN -1 -2 -3 

DA N Y Y Y 

RMSE(u, cm/s) 8.7093 8.3274 8.6426 8.7017 

RMSE(v, cm/s) 7.6972 7.3132 7.6195 7.6833 

RMSE(u, v, cm/s)  11.6232  11.0828  11.5218  11.6083 

*The value of a=-1 was used to define the tuning parameter        ; DA indicates Data Assimilation; 

N indicates the model did not use data assimilation; Y indicates the model used data assimilation. 

 

RMSE values in Table 8.3 were calculated during the hindcasting period using the same method 

as described in Section 8.2.1. Values of total RMSE(u, v) showed that all indirect data 

assimilation models via correcting wind force slightly improved the results during hindcasting 

period compared with the ‘free run’. The values of RMSE among indirect data assimilation 

models were very close. The improvement of model IDA1 was 4.6% compared with the ‘free 

run’. The bigger value of parameter     resulted in smaller RMSE values for both velocity 

components. This trend was similar to the study of Lewis et al. (1998). This meant that the 

intensity of added wind stress via assimilating radar data affected the simulation of surface 

currents during hindcasting period. In order to obtain good forecasting, a value of the parameter 

         was viewed as the best one which would improve model performance and was used 

in the subsequent data assimilation models. In order to study the general spatial patterns of 

surface currents over the analysis period, mean vector maps from these indirect data assimilation 

models via correcting model force during the same analysis period in Section 8.2.1 are shown in 

Figure 8.13—Figure 8.15.  
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Figure 8.13 Mean vector map of surface currents from model IDA1 (hindcasting period: Julian 

Day 220—228.04)  

  

 

Figure 8.14 Mean vector map of surface currents from model IDA2 (hindcasting period: Julian 

Day 220—228.04)  
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Figure 8.15 Mean vector map of surface currents from model IDA3 (hindcasting period: Julian 

Day 220—228.04)  

 

The above mean vector maps of surface currents indicate that model IDA1 as shown in Figure 

8.13 can better produce similar pattern of surface currents to the radar data compared with the 

‘free run’. The difference among these indirect assimilation models in Figure 8.13—Figure 8.15 

was small.  

 

8.2.4. Summary 

Analyses were performed to determine suitably good parameters in Optimal Interpolation, 

nudging and indirect data assimilation algorithms from tests based on obtaining the minimum 

total RMSE during an eight-day hindcasting period. In order to intercompare the performances 

among the best data assimilation model with optimized parameters, time series of surface 

velocity components at location B in Figure 5.1 during hindcasting and forecasting periods are 

shown in Figure 8.16 and Figure 8.17.  
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Figure 8.16 Time series of east-west surface velocity component at location B 

 

 

Figure 8.17 Time series of north-south surface velocity component at location B 

 

Figure 8.16 and Figure 8.17 show that hourly assimilation of radar data with optimized 

parameters improved modelling performance during hindcasting period (Julian Day 220—Julian 

Day228.04) with Optimal Interpolation, nudging and indirect data assimilation via correcting 

model force. However, the influence of data assimilation on forecasting (after Julian Day228.04, 
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2013) was weak. Both velocity components came back to the same states as the ‘free run’ 

quickly during the forecasting period. The influences of previous assimilation only lasted a short 

while. To explore the influence of assimilation radar data on surface current patterns during 

forecasting period, vector maps over +1h forecasting from each optimized assimilation model 

were compared with radar data in Figure 8.18—Figure 8.22.  

 

Figure 8.18 Vector map of surface currents from model OI5 (02:00, Julian Day 228) 

 

 

Figure 8.19 Vector map of surface currents from model NDA3 (02:00, Julian Day 228) 
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Figure 8.20 Vector map of surface currents from model IDA1 (02:00, Julian Day 228) 

 

 

Figure 8.21 Vector map of surface currents from the ‘free run’ (02:00, Julian Day 228) 
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Figure 8.22 Vector map of surface currents from radar data (02:00, Julian Day 228) 

 

Vector maps from each optimized data assimilation model (with Optimal Interpolation, nudging 

and indirect data assimilation algorithms) in Figure 8.18—Figure 8.20 had the similar patterns of 

surface currents as the ‘free run’ as shown in Figure 8.21. This means that the improvements at 

this model forecasting timestep (02:00 Julian Day 228) were not obvious and previous hourly 

assimilation of radar data did not lead to strong influences on forecasting or assimilation process 

did not obviously improve modelling forecasting compared with the radar data as shown in 

Figure 8.22.  

Nevertheless, sensitivity tests in Chapter 7 using Direct Insertion data assimilation algorithm 

with pseudo data indicated that frequent updating of model background states with shorter data 

assimilation cycle lengths had stronger influences on model forecasting. In order to efficiently 

improve modelling forecasting, shorter data assimilation cycle lengths with four different data 

assimilation algorithms using radar data are examined in the following section.  

 

8.3. Data Assimilation Cycle Length Tests 

Sensitivity tests using pseudo data in Chapter 7 showed an influence of data assimilation on 

forecasting (and the duration of the influence) due to data assimilation cycle lengths. Shorter data 
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assimilation cycle lengths resulted in a more pronounced influence on forecasting of surface 

velocity components. Moreover, data assimilation models using Optimal Interpolation, nudging 

and indirect data assimilation via correcting wind force hourly blending radar data indicated that 

although improvements were obtained during hindcasting period, forecasting improvements were 

not obvious and only lasted for a short duration.  

In order to further improve model forecasts, the radar data, which were linearly interpolated in 

space and time, were assimilated into the three-dimensional model using four sequential data 

assimilation algorithms separately. Five different data assimilation cycle lengths were assessed: 

(1) each model timestep, (2) one minute, (3) five minutes, (4) fifteen minutes and (5) sixty 

minutes were applied in each optimized data assimilation model to study the influence of data 

assimilation cycle lengths on forecasting. Tests of each data assimilation algorithm using the 

temporally interpolated radar data are presented in detail in the following sections.  

 

8.3.1. Direct Insertion Data Assimilation Algorithm 

In order to test the influence of data assimilation cycle lengths with Direct Insertion data 

assimilation algorithm, five versions of Direct Insertion data assimilation models using 

temporally interpolated radar data as shown in Table 8.4 were run, RMSE of surface velocity 

between the assimilation model results and radar data were calculated over first half-day 

forecasting (Julian Day 228.04—228.6) using equations (5.1)—(5.3).  

Table 8.4 Direct Insertion Cycle Length Test Models  

Model B1 DI1 DI2 DI3 DI4 DI5 

Cycle Length (mins) DAN MS 1 5 15 60 

RMSE(u, cm/s) 8.2131 7.4035 8.2116 8.2241 8.2131 8.2062 

RMSE(v, cm/s) 6.0902 5.2291 6.0995 6.0945 6.1019 6.0972 

RMSE(u, v, cm/s) 10.2247 9.0639 10.2291 10.2362 10.2317 10.2233 

 

Values of RMSE in Table 8.4 showed that assimilation at each timestep generated circulation 

pattern that were in closest agreement with 'future' radar data. RMSE value of total surface 

velocity from model DI1 was 9.0639 cm/s, 10.2247 cm/s for the ‘free run’. The improvement of 

model DI1 is 11.4% over the first half-day forecasting.  Values of total RMSE from other Direct 
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Insertion data assimilation models with longer cycle length were very close to the ‘free run’, but 

bigger than the value from model DI1. 

Since the model background states were directly replaced by the radar data, the analysis states 

were the same as measurement states during hindcasting period in these Direct Insertion data 

assimilation models. So results of Direct Insertion data assimilation models were only considered 

during the forecasting period.  Mean vector maps from these data assimilation cycle length test 

models during the half-day forecasting period were calculated and are shown in Figure 8.23—

Figure 8.29.  

 

Figure 8.23 Mean vector map of surface currents from model B1 (forecasting period: Julian Day 

228.04—228.6) 
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Figure 8.24 Mean vector map of surface currents from model DI1 (forecasting period: Julian Day 

228.04—228.6)  

 

 

Figure 8.25 Mean vector map of surface currents from model DI2 (forecasting period: Julian Day 

228.04—228.6) 
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Figure 8.26 Mean vector map of surface currents from model DI3 (forecasting period: Julian Day 

228.04—228.6) 

 

 

Figure 8.27 Mean vector map of surface currents from model DI4 (forecasting period: Julian Day 

228.04—228.6) 
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Figure 8.28 Mean vector map of surface currents from model DI5 (forecasting period: Julian Day 

228.04—228.6) 

 

 

Figure 8.29 Mean vector map of surface currents from radar system (forecasting period: Julian 

Day 228.04—228.6) 

 

The mean flow field maps over the half-day forecasting period shown in Figure 8.23—Figure 

8.29 indicate that assimilation of radar data at each timestep (model DI1) generated good 
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forecasting of surface currents as the radar data (see Figure 8.29) compared with the ‘free run’ 

(model B1) as shown in Figure 8.23. However, the rest of the Direct Insertion data assimilation 

models with longer data assimilation cycle lengths performed almost the same patterns as the 

‘free run’ during the first half-day forecasting.  

In short, Direct Insertion data assimilation at each timestep using radar data can greatly improve 

the modelling forecast. However, Direct Insertion data assimilation with longer data assimilation 

cycle length did not have obvious positive effects on forecasting; this is a significant finding 

from this part of the research.  

 

8.3.2. Optimal Interpolation Data Assimilation Algorithm 

Data assimilation cycle lengths of the same durations as above were tested within the Optimal 

Interpolation data assimilation algorithm. RMSE of each model was calculated, using the same 

method as in Section 8.3.1, and are shown in Table 8.5.  

Table 8.5 Optimal Interpolation Data Assimilation Cycle Length Test Models  

Model B1 OI6 OI7 OI8 OI9 OI5 

Cycle Length (mins) DAN MS 1 5 15 60 

RMSE(u, cm/s) 8.2131 7.4831 8.2302 8.2199 8.2138 8.2234 

RMSE(v, cm/s) 6.0902 5.9333 6.1221 6.1154 6.9300 6.0977 

RMSE(u, v, cm/s) 10.2247 9.5499 10.2575 10.2452 10.2270 10.2375 

 

Table 8.5 shows that model OI6 updating the model background states at each model timestep 

improved the forecast. Other models with longer data assimilation cycle lengths did not have 

significant influences on forecast. Total RMSE of model OI6 was 9.5499 cm/s. The 

improvement during the half-day forecasting was 6.6%. 

In order to study the circulation patterns of surface currents during the forecasting period, mean 

maps of surface flow fields during the half-day forecasting (Julian Day228.04—228.6), from 

each Optimal Interpolation data assimilation model are shown in Figure 8.30—Figbure 8.34.  



Chapter 8 Data Assimilation Using Radar Data 

223 

 

 

Figure 8.30 Mean vector map of surface currents from model OI6 (forecasting period: Julian Day 

228.04—228.6) 

 

 

Figure 8.31 Mean vector map of surface currents from model OI7 (forecasting period: Julian Day 

228.04—228.6) 
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Figure 8.32 Mean vector map of surface currents from model OI8 (forecasting period: Julian Day 

228.04—228.6) 

 

 

Figure 8.33 Mean vector map of surface currents from model OI9 (forecasting period: Julian Day 

228.04—228.6) 
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Figure 8.34 Mean vector map of surface currents from model OI5 (forecasting period: Julian Day 

228.04—228.6) 

 

Mean flow field maps shown in Figure 8.31—Figure 8.34 from the Optimal Interpolation data 

assimilation test models had the similar surface current trend as the ‘free run’ shown in Figure 

8.23. However, mean vector maps of model OI6, with data assimilation updating at each 

computational timestep, as shown in Figure 8.30 improved the forecasting. This flow field shows 

a similar surface current trend as the radar data in Figure 8.29.  

 

8.3.3. Nudging Data Assimilation Algorithm 

Cycle length tests were also undertaken using the nudging data assimilation algorithm; here an 

assimilation time scale 1800 s and an influence depth 4.0 m were used. Nudging cycle length test 

models and RMSE values are given in Table 8.6. The averaged period of forecasting vector maps 

is the same as in Section 8.3.1. 
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Table 8.6 Nudging Cycle Length Test Models  

Model B1 NDA26  NDA27 NDA28 NDA29 NDA3 

Cycle Length (mins) DAN MS 1 5 15 60 

RMSE(u, cm/s) 8.2131 7.3618 8.2189 8.2087 8.2138 8.2054 

RMSE(v, cm/s) 6.0902 5.2062 6.1026 6.093 6.0938 6.0956 

RMSE(u, v, cm/s) 10.2247 9.0167 10.2368 10.2229 10.2275 10.2218 

 

Values of RMSE in Table 8.6 shows that nudging assimilation model NDA26 which updated the 

model background states at each model timestep greatly improved the forecasting during the 

half-day. The total RMSE of the surface velocity during the half-day forecasting from model 

NDA26 was 9.0167 cm/s. The improvement of model NDA26 is 11.8% compared with the ‘free 

run’. Other nudging data assimilation models with longer cycle lengths were very close to the 

RMSE values of the ‘free run’, which means that nudging data assimilation with longer cycle 

lengths had very weak effects on patterns of surface currents during forecasting period.  

 

Figure 8.35 Mean vector map of surface currents from model NDA26 (forecasting period: Julian 

Day 228.04—228.6)  

 



Chapter 8 Data Assimilation Using Radar Data 

227 

 

 

Figure 8.36 Mean vector map of surface currents from model NDA27 (forecasting period: Julian 

Day 228.04—228.6)  

 

 

Figure 8.37 Mean vector map of surface currents from model NDA28 (forecasting period: Julian 

Day 228.04—228.6) 
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Figure 8.38 Mean vector map of surface currents from model NDA29 (forecasting period: Julian 

Day 228.04—228.6) 

 

 

Figure 8.39 Mean vector map of surface currents from model NDA3 (forecasting period: Julian 

Day 228.04—228.6) 

 

Mean flow field maps presented in Figure 8.35—Figure 8.39 show that nudging data 

assimilation with update at each timestep in model NDA26 greatly improved the circulation 
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pattern of surface currents during the half-day forecasting compared with the ‘free run’ shown in 

Figure 8.23. However, other nudging data assimilation models with longer cycle lengths did not 

obviously enhance modelling forecasting. These models had the similar trend of surface currents 

as the ‘free run’.   

 

8.3.4. Indirect Data Assimilation via Correcting Model Force 

In order to test the influence of wind force updating frequency on forecasting of surface currents, 

interpolated radar data were also used to assess assimilation cycle lengths for this approach. Test 

models and RMSE values during the first half-day forecasting are given in Table 8.7.   

Table 8.7 Indirect Data Assimilation Cycle Length Test Models 

Model DI0 IDA4 IDA5 IDA6 IDA7 IDA1 

Cycle Length (mins) * MS 1 5 15 60 

RMSE(u) 8.2131 10.0689 8.2748 8.2713 8.2654 8.2809 

RMSE(v) 6.0902 6.7671 5.5157 5.5544 5.5632 5.6889 

RMSE(u,v) 10.2247 12.1316 9.9446 9.9633 9.9632 10.0467 
 

RMSEs were calculated over the first half-day (+12h) forecast. Table 8.7 shows that indirect data 

assimilation via correcting wind force with one minute data assimilation cycle length had the 

minimum RMSE 9.9446 cm/s over +12h forecasting compared with radar data. The 

improvement in model IDA5 was 2.7% compared with the ‘free run’ (model B1). Indirect data 

assimilation models with different data assimilation cycle lengths outperformed the ‘free run’ 

during the forecasting period, except for the indirect data assimilation model IDA4, which 

updated the model background states at every model timestep. Since the added wind stress was 

obtained from the differences between the radar data and model background states, frequent 

transfer of the velocity difference to wind stress such as at each timestep may have resulted in 

significant disturbance to the model background states.  

Mean flow field maps from these indirect data assimilation models are shown in Figure 8.40—

Figure 8.44. Figure 8.41 showing results from model IDA5, updating the wind stress every 

minute, had similar circulation characteristics to the radar data in Figure 8.29 for this period. 

Circulations from the rest indirect data assimilation models except for model IDA4 generally had 
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the similar trend as radar data. However, the pattern of surface currents in model IDA4 deviated 

a lot from radar data.  

In short, most of the indirect data assimilation models via correcting wind force improved 

modelling forecasting. The indirect data assimilation with one minute data assimilation cycle 

length better improved surface currents’ patterns than other indirect data assimilation models 

during the +12h forecast.  

 

Figure 8.40 Mean vector map of surface currents from model IDA4 (forecasting period: Julian 

Day 228.04—228.6)  
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Figure 8.41 Mean vector map of surface currents from model IDA5 (forecasting period: Julian 

Day 228.04—228.6)  

 

 

Figure 8.42 Mean vector map of surface currents from model IDA6 (forecasting period: Julian 

Day 228.04—228.6) 
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Figure 8.43 Mean vector map of surface currents from model IDA7 (forecasting period: Julian 

Day 228.04—228.6) 

 

 

Figure 8.44 Mean vector map of surface currents from model IDA1 (forecasting period: Julian 

Day 228.04—228.6) 

 

8.3.5. Summary 

The above data assimilation cycle length tests with four different types of sequential data 

assimilation algorithms indicated that updating model background states at each model timestep 
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using radar data with Direct Insertion, Optimal Interpolation and nudging algorithms can 

improve the model forecast. The best data assimilation cycle length for indirect data assimilation 

via correcting wind force is one minute. Total RMSE and improvement in percentage from each 

‘best’ data assimilation model over +12h forecasting are shown in Table 8.8.  

Table 8.8 Best Data Assimilation Models and Improvements 

Model DI1 OI6 NDA26 IDA5 

RMSE(u, v, cm/s) 9.0639 9.5499 9.0167 9.9446 

Improvement (%) 11.4 6.6 11.8 2.7 

 

Model NDA26 with nudging algorithm had the biggest improvements with RMSE 9.0167 cm/s 

over the +12h forecasting; model DI1 also had good improvements with RMSE 9.0639 cm/s.  

The improvements during +12h forecasting were greater than 10% in models NDA26 and DI1. 

Models OI6 and IDA5 also improved forecast, but the improvements were smaller. It is 

interesting to note that Direct Insertion and nudging, although simpler in approach to Optimal 

Interpolation, provide the best model forecasts.  

Moreover, model OI6 took long time around 85 hours for running on the super computation 

platform Ireland’s High –Performance Computing Centre (ICHEC). Models DI1, NDA26 and 

IDA5 used shorter computation time about 28 hours for the same simulation period. This results 

from the expensive calculation of the innovation shown in equation (6.10) when using Optimal 

Interpolation data assimilation algorithm, innovation at each grid point needed to be computed 

by considering correlation with other points over the whole simulation domain. 

 

8.4. Results of Hindcasting 

For completeness it is instructive to compare how the various models described in Section 8.3 

behave during hindcast mode as well as forecast mode. Firstly, time series of velocity 

components at point A (see Figure 5.1) from each best assimilation model are shown in Figure 

8.45 and Figure 8.46. Dotted black line in Figure 8.45 and Figure 8.46 indicates the interpolated 

radar data used in assimilation models. Since Direct Insertion data assimilation model DI1 

replaced the model background states with radar data at each step, which means that results from 

model DI1 had the same values as radar data. In order to clearly show the improvements from 
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other best assimilation models (OI6, NDA26 and IDA5), results from model DI1 were not shown 

in Figure 8.45 and Figure 8.46. A short hindcasting period was selected for this comparison. 

 

Figure 8.45 Time series of east-west surface velocity component at point A 

 

 

Figure 8.46 Time series of north-south surface velocity component at point A 
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For east-west velocity component, models NDA26 and IDA5 improved the hindcasting results 

compared with the ‘free run’ B1; model OI6 did not improve results. This may result from the 

added absolute values by weighting the difference between the radar data and model background 

states were too large at this analysis point. Although the magnitude of north-south velocity 

component was smaller than east-west velocity components, model NDA26 greatly improved the 

analysis states at this point. The improvements in models OI6 and IDA5 were significant during 

Julian Day 224.05—224.2 and Julian Day 224.3—224.5.  

In order to study the patterns of surface currents during the hindcasting period, vector maps of 

surface currents from the best data assimilation models using each of the four different data 

assimilation algorithms at three-hourly intervals are shown in Figure 8.47—Figure 8.50. 
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(a1)                                                              (b1) 

 
(c1)                                                            (d1) 

 

 

(e1)                                                     (f1) 

Figure 8.47 Vector maps of surface currents at 03:00 Julian Day 220 (a1—f1 indicate results 

from model B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 
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(a2)                                                          (b2) 

 

(c2)                                                         (d2)    

 

(e2)                                                           (f2) 

Figure 8.48 Vector maps of surface currents at 06:00 Julian Day 220 (a2—f2 indicate results 

from model B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 
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(a3)                                          (b3) 

  

(c3)                                            (d3) 

  

(e3)                                             (f3) 

Figure 8.49 Vector maps of surface at 09:00 Julian Day 220 (a3—f3 indicate results from model 

B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 
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(a4)                                                             (b4) 

 

(c4)                                                             (d4) 

 

(e4)                                                              (f4) 

Figure 8.50 Vector maps of surface currents at 12:00 Julian Day 220 (a4—f4 indicate results 

from model B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 

 

Most of the assimilation models produced better patterns of surface currents than the 'free run' 

B1 at 03:00 Julian Day 220 compared with the radar data (see Figure 8.47). Assimilation models 

(DI1, OI6 and NDA26) can generate similar patterns of surface currents as the radar data except 
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for model INA5 which had different trend from the radar data at 06:00 Julian Day 220 (see 

Figure 8.48). Assimilation models DI1, OI6 and NDA26 had good agreement with radar data at 

09:00 Julian Day 220 (see Figure 8.49). However, the improvement in model IDA5 was not 

obvious. The change of surface current pattern was not as prominent in model IDA5 compared 

with the ‘free run’ B1 at 12:00 Julian Day 220 (see Figure 8.50); assimilation models DI1, OI6 

and NDA26 matched well with radar data, the magnitudes of surface currents in models DI1 and 

OI6 which had closer trend as radar data were greater than model NDA26.  

Figure 8.47—Figure 8.50 show that all the best assimilation models (DI1, OI6, NDA26 and 

IDA5) changed the patterns of surface currents during hindcasting period. Since assimilation 

model DI1 replaced the model background states with radar data at each assimilation step, the 

results from model DI1 were the same as the radar data, as expected. Models OI6 and NDA26 

weighted the differences between the radar data and model background states; then produced the 

analysis states by adding the increments. Vector maps of surface currents from data assimilation 

models during hindcasting period in Figure 8.47—Figure 8.50 were improved in models OI6 and 

NDA26 compared with the ‘free run’ B1. The improvements of surface current patterns in model 

OI6 were better than model NDA26. This may result from the proper consideration of model 

errors and measurement errors when calculating the Kalman gain. Assimilation model IDA5 also 

changed the patterns of surface currents, but the improvements were not as good as models OI6 

and NDA26.  

 

8.5. Results of Forecasting 

One of the primary goals of this research is to assimilation radar data into models to improve 

forecasting of surface currents. In order to efficiently and fairly assess the forecasting 

performance, time series of surface velocity components at model grid point B (see Figure 5.1), 

and  vector maps of surface currents of the best assimilation models were compared and assessed. 

Moreover, the statistical assessment techniques of Data Assimilation Skill Score and Averaged 

Kinetic Energy were calculated to quantitatively evaluate the ability of the various models to 

provide accurate forecasts. Results of these analyses are presented in details in the following 

sections.  
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8.5.1. Time Series 

To show the temporal changes of surface velocity components after data assimilation, time series 

of surface velocity components at point B (see Figure 5.1) during the +6h forecasting (Julian Day 

228.1—228.35) are shown in Figure 8.51 and Figure 8.52.  

 

Figure 8.51 Time series of east-west surface velocity component at point B 

 

 

Figure 8.52 Time series of north-south surface velocity component at point B 
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Figure 8.51 and Figure 8.52 show that forecasting of both velocity components was improved in 

each best data assimilation model over the +6h forecasting compared with the ‘free run’ B1. For 

the east-west velocity component, model IDA5 can better generate good trend as radar data, 

models DI1, OI6 and NDA26 had close trend. For the north-south velocity component, models 

DI1 and NDA26 had the bigger improvements than models OI6 and IDA5. Model IDA5 had 

similar trend as the ‘free run’ B1 during the +6h forecasting.  

 

8.5.2. Vector Maps 

To provide useful real-time forecasting information for a variety of application, the spatial 

circulation of surface currents is crucial in a coastal forecasting system. Thus, vector maps of 

surface currents after assimilation of radar data over +12 forecasting period are shown in Figure 

8.53—Figure 8.56.  

At 03:00 Julian Day 228 (see Figure 8.53), assimilation models changed the patterns of surface 

currents, but the magnitudes of surface vector from assimilation models were generally greater 

than the radar data. At 06:00 Julian Day 228 (see Figure 8.54), models DI1, NDA26 and IDA5 

produced good circulation relative to the radar data, but the improvement in model OI6 was not 

obvious. The magnitudes of surface currents in models were smaller than radar data at this 

timestep. At 09:00 Julian Day 228 (see Figure 8.55), the changes in assimilation models were not 

significant due as the ‘free run’ accurately simulated the radar data. At 12:00 on Julian Day 228 

(see Figure 8.56), the assimilation models changed the surface current circulation, models DI1 

and IDA5 obviously render the model forecasting closer to radar data. Models OI6 and NDA26 

did not produce surface currents as good as models DI1 and IDA5. This may result from the 

decreasing influences of data assimilation on forecast.  

In summary, each 'best' data assimilation model improved the forecasting of surface currents 

during +12h forecasting compared with ‘free run’ B1, the improvement of surface current 

patterns in models DI1 and model NDA26 was better than models OI6 and IDA5. Models DI1, 

NDA26 and OI6 updated the model background states at each timestep in model, but model 

IDA5 produced good forecasting when assimilating the radar data every minute. 

. 
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(a5)                                                          (b5) 

  

(c5)                                                              (d5) 

  

(e5)                                                        (f5) 

Figure 8.53 Vector maps of surface currents at 03:00 Julian Day 228 (a5—f5 indicate results 

from model B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 
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(a6)                                                          (b6) 

  

(c6)                                                      (d6) 

  

(e6)                                                          (f6) 

Figure 8.54 Vector maps of surface currents at 06:00 Julian Day 228 (a6—f6 indicate results 

from model B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 
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(a7)                                                             (b7) 

  

(c7)                                                           (d7) 

  

(e7)                                                       (f7) 

Figure 8.55 Vector maps of surface currents at 09:00 Julian Day 228 (a7—f7 indicate results 

from model B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 
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(a8)                                                                  (b8) 

  

(c8)                                                           (d8) 

  

(e8)                                                              (f8) 

Figure 8.56 Vector maps of surface currents at 12:00 Julian Day 228 (a8—f8 indicate results 

from model B1, CODAR, model DI1, model OI6, model NDA26 and model IDA5, respectively) 
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In order to further study the improvements of surface current circulation during forecasting 

period, RMSEs of vector directions of surface currents were computed between model results 

and the radar data at four timesteps on Julian Day 228. The values are shown in Table 8.9.  

Table 8.9 RMSE of Vector Direction (Julian Day 228, degrees) 

Time/ Model B1 DI1 OI6 NDA26 IDA5 

03:00 39.4507 31.7822(↓) 37.8977(↓) 31.5994(↓) 33.5558(↓) 

06:00 49.4637 37.6804(↓) 41.1539(↓) 36.5004(↓) 42.9707(↓) 

09:00 23.9298 22.9137(↓) 22.6230(↓) 22.9826(↓) 23.1958(↓) 

12:00 52.7290 49.6479(↓) 54.2325(↑) 49.4968(↓) 51.7525(↓) 
 

Table 8.9 shows that all data assimilation models improved the simulation of vector direction 

during the +12h forecasting compared with the ‘free run’ B1 except for model OI6 at 12:00. In 

general, the improvements were more significant in the previous six hours (03:00 and 06:00) 

than the last six hours (09:00 and 12:00). This may result from the decreasing impacts of data 

assimilation on forecasting in time. Model NDA26 improved the vector direction greater than 

other assimilation models; the improvement was 19.9% at timestep 03:00 and 26.2% at timestep 

06:00 for model NDA26. The maximum improvement of vector direction at timestep 09:00 was 

5.7% for model OI6. Model NDA26 had the biggest improvement 6.1% at timestep 12:00. 

 

8.5.3. Data Assimilation Skill Score 

In order to quantify the improvement in accuracy of modelled surface currents achieved by using 

data assimilation techniques, Data Assimilation Skill Score (DASS), which is based on the Mean 

Square Error (MSE), is calculated over time in the area covered by the radar system. The DASS 

can be expressed as (Toba, 1973):  

       
               

              
                                                   (8.1) 

where: 

    is the output (east-west or north-south velocity component) from the model with data 

assimilation; 

   is the output from the ‘free run’;  
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       is the data from the HF radar system.  

If DASS is greater than zero, it means that the data assimilation model improves the forecasting 

compared with the ‘free run’. If DASS is less than zero, it means the data assimilation 

contaminates the basic dynamic process in the model resulting in deterioration in model accuracy. 

DASS of surface velocity components from each best data assimilation model was separately 

calculated over the +6h forecasting. Time series of DASS for both surface velocity components 

are shown in Figure 8.57 and Figure 8.58. In Gopalakrishnan (2008)’s study, DASS was -3% and 

8% for east-west and north-south velocity component with respect to near-surface layers based 

on mooring data, respectively. 

For east-west velocity component, assimilation models enhanced +6h model forecasting with 

positive values of DASS except for model IDA5. The positive influence of data assimilation in 

model IDA5 was later than other assimilation models. This may result from the model 

background states were not directly updated in the data assimilation process, but updated by 

correcting wind stress in model. There was delay effect of assimilation on model forecasting in 

model IDA5. Improvements were obvious after Julian Day 228.15 in model IDA5. The 

decreasing trend of DASS was significant in model OI6, while models DI1 and NDA26 had 

slightly increasing trend from Julian Day 228.15 to 228.27 and decreased sharply near to zero. 
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Figure 8.57 DASS time series of east-west velocity component 
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For north-south velocity component, assimilation models DI1, NDA26 and IDA5 greatly 

improved the forecasting and the improvements of assimilation decreased in time. Models 

NDA26 and DI1 had close DASS values. Model IDA5 had smaller DASS magnitudes than 

models DI1 and NDA26. The improvements in model OI6 from Julian Day 228.17—228.27 

were negative, but the values were very close to zero. The improvements were positive and close 

to zero after Julian Day 228.27 for model OI6. 
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Figure 8.58 DASS time series of north-south velocity component 

 

8.5.4. Averaged Kinetic Energy 

Quality of data assimilation is of great importance for assessing the developed system. In order 

to further concisely and efficiently assess the improvements of data assimilation in the 

hydrodynamic models using radar surface currents, spatially Averaged Kinetic Energy       in the 

area covered by the radar system for both model results and observations was calculated to 

assess the improvements due to data assimilation in the following form (Thiebaux, 1976, Breivik 

and Satra, 2001): 

      
 

 
     
 

 
                                                                  (8.2) 

where: 
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   is the area covered by the radar; 

  is the horizontal total current speed.  

Water density is assumed constant and so omitted from equation (8.2). Breivik and Satra (2001) 

also plotted quantile-quantile (QQ) distribution of Averaged Kinetic Energy between models 

results and observations. Xu et al. (2014) showed that Optimal Interpolation data assimilation 

improved modelling ability through higher correlation of Averaged Kinetic Energy. This method 

is a convenient way to show a basic correlation of assimilation model results and observations. 

Firstly, the Averaged Kinetic Energy from models and observations was computed at each 

analysis timestep. Hourly data over 48 hours forecasting period were used for this analysis, so 

there are 48 points from each dataset to ensure the analysis is meaningful. Then the time series of 

Averaged Kinetic Energy was analyzed by using scatter plots to study the correlation between 

model results and the radar observations.  

In order to show the influence of data assimilation over a longer forecasting period (two days), 

the Averaged Kinetic Energy from the ‘free run’ B1 and from the 'best' data assimilation models 

during a two-day (Julian Day 228.04-230, 2013) forecasting were analyzed using scatter plots as 

shown in Figure 8.59—Figure 8.63.  

 

Figure 8.59 Scatter plot of Averaged Kinetic Energy (B1 vs CODAR) 
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Figure 8.60 Scatter plot of Averaged Kinetic Energy (DI1 vs CODAR) 

 

 

Figure 8.61 Scatter plot of Averaged Kinetic Energy (OI6 vs CODAR) 
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Figure 8.62 Scatter plot of Averaged Kinetic Energy (NDA26 vs CODAR) 

 

 

Figure 8.63 Scatter plot of Averaged Kinetic Energy (IDA5 vs CODAR) 

 

The correlation coefficients of Averaged Kinetic Energy between the radar data (CODAR) and 

the results from the assimilation models are shown in Table 8.10.  

Table 8.10 Correlation of AKE (Julian Day 228.04-230) 

Model B1 DI1 OI6 NDA26 IDA5 

Cor  0.5231 0.5867 0.5414  0.5879 0.5446 
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Stronger correlation appeared in all assimilation models than in the ‘free run’ B1. Models 

NDA26 and DI1 had best correlation with the radar data. The improvement in correlation was 

12.4% and 12.2% for models NDA26 and DI1, respectively. The improvement in Averaged 

Kinetic Energy in models OI6 and IDA5 was smaller at 3.5% and 4.1%, respectively.   

 

8.5.5. Influences of Data Assimilation on Vertical Current Profiles 

Since only surface currents from Galway Bay radar system were assimilated into the three-

dimensional model EFDC, the influence of surface current updating on vertical current profiles 

was also studied in this work using available ADCP data. In order to explore the influence of 

surface assimilation on vertical currents over the water column, vertical current profiles at depth 

were measured at each observation step by the ADCP and were used to study the impacts of data 

assimilation on the vertical current structure. Carpet plots from ADCP and assimilation models 

are shown in Figure 8.64—Figure 8.69.  

 

Figure 8.64 Vertical current profiles of ADCP 
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Figure 8.65 Vertical current profiles of model B1 

 

 

Figure 8.66 Vertical current profiles of model DI1 
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Figure 8.67 Vertical current profiles of model OI6 

 

 

Figure 8.68 Vertical current profiles of model NDA26 
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Figure 8.69 Vertical current profiles of model IDA5 

 

Carpet plots in Figure 8.64—Figure 8.69 show that assimilation of surface currents using radar 

data had relatively small impacts on vertical velocity distributions. Temporal trend in models 

DI1 and NDA26 changed more than models OI6 and IDA5.  It is important to note that ADCP is 

not particularly accurate when measuring surface currents (Kelly et al., 2003).  It is also 

important to remember that the ADCP data are representative of only one point in Galway Bay. 

Here, the analysis is a guide for future work when more ADCP data are available.  

 

8.6. Summary 

Four types of sequential data assimilation algorithms were used to assimilate radar data into a 

three-dimensional model: Direct Insertion, Optimal Interpolation, nudging and indirect data 

assimilation via correcting model force. Assimilation parameters were firstly optimized by 

hourly assimilating radar data into models with each data assimilation algorithm separately. The 

best values of assimilation parameters were determined based on minimum total RMSE during 

an eight-day hindcasting period.  
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Hourly blending radar data into models with Optimal Interpolation, nudging and indirect data 

assimilation algorithms improved the hindcasting. But the impacts of this assimilation on 

forecasting were very weak in each optimized assimilation model, and lasted a short while. 

Sensitivity tests of data assimilation cycle lengths were performed to study its influences on 

forecasting. Good improvements appeared in models which assimilated the interpolated radar 

data at each computational timestep with Direct Insertion (model DI1), Optimal Interpolation 

(model OI6) and nudging data assimilation (model NDA26) algorithms. Good forecasting using 

indirect data assimilation via correcting wind stress (model IDA5) was obtained when the 

interpolated radar data were blended into the model every minute. Sensitivity tests of data 

assimilation cycle lengths were undertaken to further extend the impacts from previous data 

assimilation during forecasting.  Assimilation models DI1, NDA26 and IDA5 can produce better 

forecasts than model OI6. Vector maps of surface currents during the +12h forecasting period 

show assimilation models changed the patterns of surface currents. Assimilation models DI1 and 

NDA26 enhanced model forecasts more than models OI6 and IDA5.  

Data Assimilation Skill Score based on MSE was used to assess the forecasting improvements in 

assimilation models. The majority of the assimilation models had positive DASS values over the 

+6h forecasting, which means the forecasting was improved compared with the ‘free run’ B1. A 

decreasing trend in DASS with time was obvious for north-south velocity component. The 

magnitude of north-south velocity component was greatly smaller than the east-west velocity 

component driven by strong tidal trend, as stated in Chapter 5. Decreasing DASS trend (majority 

of them are positive) of north-south velocity component may result from strongly positive effect 

from the data assimilation process. Since no assimilation updating was performed during 

forecasting period, values of DASS show that impacts of previous assimilation process on 

forecasting were stronger for north-south velocity component than east-west velocity component. 

Correlation of Averaged Kinetic Energy further indicates that the assimilation models produced 

good results over a long forecasting period (48 hours) compared with the ‘free run’ B1. Stronger 

correlation existed in assimilation models DI1 and NDA26.  Although models OI6 and IDA5 had 

lower correlations, the values were still greater than the ‘free run’ B1.   

In summary, the three-dimensional model EFDC is robust enough to combine the measurements 

from the coastal radar system into routine data assimilation algorithms. Sequential data 
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assimilation algorithm is a powerful tool to enhance model forecasting of surface currents using 

the radar data. Determination of appropriate assimilation parameters and data assimilation cycle 

lengths is crucial for producing meaningful forecast. Data assimilation improved the surface 

current circulation over forecasting period. The improvements were stronger in the +6h (0:00—

06:00) forecasting than the last +6h (06:00—12:00) forecast. Model NDA26 using nudging data 

assimilation algorithm was seen to produce the best forecasting results. 
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Chapter 9 Summary and Conclusions 

 

9.1. Introduction 

This research focused on combining surface currents measured by the land-based radar 

observation system into a three-dimensional hydrodynamic model using four sequential data 

assimilation algorithms to enhance modeling capability for hindcasting and forecasting. Radar 

observation platforms provide nearly real-time data, but can not provide forecasting information. 

Although hydrodynamic models are capable of producing forecasting states, accurate initial and 

boundary conditions are not easily defined. Thus, data assimilation techniques were used to 

improve model forecasting of surface currents by taking advantage of the nearly real-time 

measurements to reinitialize modeling surface boundary conditions. 

In this chapter, a summary of the work is presented in Section 9.2. Main conclusions of this 

research are presented in Section 9.3, and future research of interest is considered in Section 9.4.  

 

9.2. Summary 

This thesis is concerned with improving estimates of surface currents during both hindcasting 

and forecasting periods with data assimilation techniques using the radar data.  

The first stage of the work consisted of a review of the literature which was presented in Chapter 

2. A variety of data assimilation algorithms have been applied to combine measurements in 

meteorology, hydrology, hydraulics and oceanography. Since the various data assimilation 

algorithms have varying degrees of complexity of implementation and varying degrees of 

success at improving model results, four types of sequential data assimilation algorithms, Direct 

Insertion, Optimal Interpolation, nudging and indirect data assimilation via correcting wind shear 

stress, were selected for application to assess the suitability of practical data assimilation 

algorithms for hindcasting and forecasting of Galway Bay.  

The two-dimensional model DIVAST and the three-dimensional hydrodynamic model EFDC 

were introduced in Chapter 3. Descriptions of governing equations, solution scheme and 

boundary conditions etc. were presented in detail. Three-dimensional numerical coastal models 

taking into account the energy and mass transfer over vertical layers of water body and 
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interactions over the vertical layers can better describe internal dynamic processes of water 

bodies in shallow coastal areas. Hence, EFDC was used to simulate the circulation of surface 

waters for Galway Bay. 

Before assimilating the radar data into the model, intercomparison between the radar data and 

ADCP/ wave buoy measurements was undertaken to assess the quality of the radar data in 

Chapter 4. Some of the properties and applications of radar measurements were also briefly 

presented.  

Chapter 5 presents the set-up of the best ‘free run’ before applying data assimilation algorithms 

into the models. Tide and wind are the primary driving forces to generate surface currents in 

Galway Bay. OTPS tide data were used to provide open boundary conditions to force the three-

dimensional model. Two available wind sources, NUIG wind data and ECMWF wind data, were 

separately used as boundary conditions for surface current simulations. Moreover, two types of 

wind drag coefficient were also tested. In order to study the energy transfer of wind on water 

body from top layers to bottom layers and take bottom friction into account, vertical layer 

structure and bottom roughness height were tested in the three-dimensional model. The best ‘free 

run’ without data assimilation was determined by comparing the modelled results with the radar 

data. 

The assimilation procedure of the radar data is nested within the hydrodynamic computation 

routines of EFDC. The methodologies for combining Direction Insertion, nudging, Optimal 

Interpolation and indirect data assimilation via correcting wind stress into the hydrodynamic 

model were presented in detail in Chapter 6. 

Sensitivity experiments using two kinds of pseudo data with the Direct Insertion data 

assimilation algorithm were firstly undertaken to test the EFDC model before developing a data 

assimilation system with the radar data in Chapter 7. Moreover, data assimilation cycle lengths 

were tested to study the influences of data assimilation on forecasting. Influences of data 

assimilation on surface water and over water column were also studied. 

The radar data were separately assimilated into the best ‘free run’ with four types of sequential 

data assimilation algorithm in Chapter 8. The best assimilation model using each data 

assimilation algorithm was obtained by identifying the best forecasting performance. 
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Intercomparions of modelled results (hindcasting and forecasting) from the best data assimilation 

models were undertaken to assess the implementation of different data assimilation algorithms 

using the radar data. Moreover, Data Assimilation Skill Score and Averaged Kinetic Energy 

were calculated to quantitatively assess the improvements during forecasting periods. 

 

9.3. Conclusions 

The main conclusions developed in the thesis are categorized into four sections: radar data 

validation, set-up of three-dimensional model, assimilation tests with pseudo data, and 

assimilation of radar data. Detailed descriptions of each section is listed as follows. 

9.3.1. Radar Data Validation  

Worldwide there is only limited validation of radar data in previous studies. Validation of radar 

data with ADCP measurements and wave buoy data (see Chapter 4) from this research gives the 

following conclusions:  

1) Using ADCP current measurements at low water level to cross-compare with the radar 

surface currents was reasonable and feasible considering that the inherent limitation in 

ADCP current measurements is contamination of data near the surface due to side-lobe 

contamination and near-surface wind-induced errors (O’Donncha et al., 2014). Good 

agreements existed in current speed and direction between the radar data and ADCP 

measurements at low water level. The magnitude of correlation coefficient between the 

radar data and ADCP data at low water level was 0.57, which was smaller than the value 

(>0.85) obtained by Teague et al. (2001) using 2 m depth ADCP data. This was due to 

the flexibility of their multi-frequency coastal radar system, which was tuned with 4.8 

and 6.8 MHz frequencies to monitor closer currents to ADCP data. However, the value of 

the correlation coefficient (0.57) using ADCP data at low water level in this study was 

comparable to the value 0.62 in Kelly et al. (2003)’s study. They compared 0.5 m radar 

data with ADCP currents at 2.5 m.  

2) Few previous studies obtained and compared wave data from two observation platforms, 

especially for the coastal areas influenced by winds. The good match of wave height 

between the radar data and wave buoy measurements (see Figure 4.18) further provides 

confidence that radar data are of good quality.  



Chapter 9 Summary and Conclusions 

262 

 

In short, the radar data (surface currents and waves) are of relatively good quality compared with 

ADCP and wave buoy measurements.  

 

9.3.2. Set-up of Three-dimensional Model  

The ultimate goal in this research was to develop a data assimilation forecasting system of 

surface currents using the radar data. Accurate set-up of the initial model (without data 

assimilation) is crucial for producing good results in the data assimilation system. The main 

conclusion of set-up for the best initial model without data assimilation is that model accuracy 

was dependent on the structure of the vertical layers. No previous research was found that 

addressed this issue in, wind-dominated, coastal waters. A variable thickness structure in model 

EFDC4 was specified as the “best”; EFDC4 had minimum RMSE values compared with the 

radar data. The layers were thinnest at the top and bottom of the water column and with 

gradually increasing thickness towards the middle of the water column. This structure ensured 

that wind shear properly propagated from the surface layer to the sub-surface layers, thereby 

ensuring that wind forcing was not overly-damped by tidal forcing. This was particularly 

important in shallow waters where the surface layer (1% of the water depth) would be quite thin 

compared to a location in deep water. Although Nagle (2013) only compared two kinds of 

vertical structure models (one with even vertical structure, the other with variable vertical 

structure) through qualitative analysis of the current time series,  results in this thesis agree well 

with his results, the model with variable vertical layer structure produced the best performance.  

 

9.3.3. Assimilation Tests with Pseudo Data  

Two types of assimilation tests, constant surface currents in a rectangular box area and non-

uniform surface currents, were performed to examine whether the three-dimensional model 

EFDC was compatible with measured data in a data assimilation system and whether the model 

was robust to sufficiently incorporate a data assimilation algorithm. A simple sequential data 

assimilation algorithm, Direct Insertion, was used in these tests. The following conclusions were 

obtained from these tests: 

1) EFDC is robust and stable when model background states were frequently updated, even 

at each model timestep. 
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2) The performance of model forecasting was sensitive to the data assimilation cycle lengths. 

The shorter cycle length with Direct Insertion data assimilation algorithm produces 

stronger impacts on the model background states during forecasting period. Significant 

changes during the forecasting period occurred in the data assimilation model when 

model background states were updated at each model timestep. The impacts of data 

assimilation with longer data assimilation cycle lengths on forecasting were not 

significant. Effects of cycle lengths were considered in more detail when assimilating the 

radar data. 

3) Assimilation of pseudo measurements in a test domain affects the model background 

states of interest outside of the data assimilation area, but the influence was weak. 

Assimilation of surface layer not only had impacts on the vertical current profiles in the 

data assimilation domain in model, but also on points without using the data assimilation.  

The above findings provided good insights into developing a data assimilation system within 

EFDC and a forecasting system for Galway Bay when assimilating the radar data. 

 

9.3.4. Assimilation of Radar Data 

Four types of sequential data assimilation algorithm were separately analysed for their abilities to 

blend radar data with the model background states to improve modelling performance. No other 

researchers have carried out such as extensive assessment of data assimilation techniques of a 

coastal hydrodynamic model. The main conclusions from this research are summarized as 

follows. 

1) Assimilation parameters: Good modelling performance (both hindcasting and forecasting) 

strongly depended on appropriate definition of assimilation parameters (spatial 

correlation length in Optimal Interpolation algorithm, influence of depth and scaling 

coefficient in nudging algorithm and scaling coefficient in indirect data assimilation via 

correcting wind force). Different data assimilation systems for different study domains 

used various assimilation parameters in previous studies. Optimized assimilation 

parameters in this thesis generated good performance, especially for hindcasting when 

hourly updating the model background states.  
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2) Cycle lengths: Hourly updating of surface currents in models did not have significant 

influences on forecasting in data assimilation models. Moreover, studies by Ragnoli et al. 

(2012) indicated that the improvements of model forecasting by assimilating hourly radar 

data into models were very short lived. Experiments of data assimilation cycle lengths 

using Direct Insertion, Optimal Interpolation and nudging data assimilation algorithms in 

this thesis indicated that assimilation of the temporally interpolated radar data at each 

model timestep produced good forecasting. The improvements of forecasting were not 

significant when longer data assimilation cycle lengths were used with all above 

assimilation algorithms. The best forecasting was obtained using indirect data 

assimilation via correcting wind stress when the data assimilation cycle length was one 

minute. Assimilation of the radar data at each model timestep did not improve forecasting 

using indirect data assimilation algorithm via correcting wind stress. This may result 

from the overly transferring of the differences between the radar data and model 

background states to wind force in model.  

3) Intercomparison of data assimilation techniques: The computational time for the best 

models using Direct Insertion (update at each model timestep), nudging (update at each 

model timestep) and indirect data assimilation via correcting wind stress (update every 

minute) was very similar under the same conditions on ICHEC’s high performance 

computer, around 28 hours for twenty-days simulation. While the best model using the 

Optimal Interpolation data assimilation algorithm (update at each model timestep) took 

around 85 hours for the same simulation period. Although Optimal Interpolation data 

assimilation model has a more detailed theoretical background, the performance and 

computational cost of the best Optimal Interpolation data assimilation model was not as 

good as the simpler data assimilation models using nudging and Direct Insertion 

algorithm. More efficient computation platforms or computational approaches need to be 

considered when using Optimal Interpolation data assimilation algorithm, especially 

when frequent update such as at each model timestep was performed in model. This is a 

significant outcome. This result is also interesting in light of the fact that ECMWF use a 

nudging-based data assimilation algorithm as part of their operational forecasting system 

(Betts et al., 1998). 
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4) Hindcasting improvements: The Direct Insertion model produced the same results as the 

radar data because the model background states were directly replaced by the radar data 

during hindcasting period. The best data assimilation models with Optimal Interpolation 

(east-west velocity component: +73.4% RMSE, north-south velocity component: +73.3% 

RMSE), nudging (east-west velocity component: +10.4% RMSE, north-south velocity 

component: +10.9% RMSE) and indirect data assimilation via correcting shear stress 

(east-west velocity component: +4.4% RMSE, north-south velocity component: +5.0% 

RMSE) improved the model hindcasting performance in terms of the values of RMSE. 

The values were much greater than the improvements (east-west component: +1.1%, 

north-south component: +0.02%) obtained by Ragnoli et al. (2012) by averaging their 

RMSE values at ten points during the whole simulation period when using Optimal 

Interpolation algorithm to assimilate the radar data. RMSE values in their studies were 

not calculated during the forecasting period, but during the whole simulation period 

including spin-up period, assimilation period and forecasting period. This resulted in the 

underestimation of the improvements of forecasting. 

5) Forecasting improvements: Each of the best data assimilation models improved the 

model forecasting based on the values of RMSE over +12h forecasting. The model 

NDA26, which assimilated the radar data at each model timestep using nudging data 

assimilation algorithm, generated the largest improvements (east-west component: 

+10.4%, north-south component: +14.5%) compared with other best assimilation models 

(DI1, OI6 and DIA5). The best nudging data assimilation model NDA26 was reasonable 

and efficient for the research domain, Galway Bay.  

6) Data assimilation assessments: Data Assimilation Skill Score for both surface velocity 

components in time indicated that assimilation models improved the forecasting with 

positive values except for the east-west velocity component in model IDA5. The largest 

averaged DASS (east-west component: +26.0%, north-south component: +30.6%) over 

the +6h forecasting was from the best model NDA26. The magnitudes of DASS were 

greater than the results (east-west component of M2 mooring: +6%, north-south 

component of M2 mooring: +14%; east-west component of M3 mooring: +26%, north-

south component of M3 mooring: +10%) in the studies by Gopalakrishnan (2008). 

Significantly, Gopalakrishnan (2008) only developed DASS at few points, their mooring, 
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whereas in this research DASS was a domain averaged value, indicating substantial 

domain-wide improvements due to data assimilation. The four best assimilation models 

(DI1, OI6, NDA26 and IDA5) had stronger correlations of Averaged Kinetic Energy with 

the radar data over +48 forecasting compared with the ‘free run’. The largest 

improvement (12.4%) of AKE was from the best model NDA26. The improvement of 

AKE correlation was comparable to the improvement (16.4%) during the +2h forecasting 

in the study by Breivik and Satra (2001). 

7) Vertical current distribution: Assimilation of surface currents from the radar system had 

impacts on vertical velocity distribution. More significant changes existed in model DI1 

and model NDA26 than in model OI6 and model IDA5. Positive impacts of data 

assimilation on the vertical velocity distribution were not significant in this study.  

In short, the above four types of sequential data assimilation algorithm improved the modelling 

performance for both hindcasting and forecasting. The best data assimilation system in this work 

is model NDA26, which updated the model background states at each model timestep using the 

temporally interpolated radar data with nudging data assimilation algorithm. This research 

showed that the simpler and, and computationally more efficient algorithm of nudging, is 

preferred. The results from this research should be applicable not only to EFDC but to most other 

coastal hydrodynamic models. 

 

9.4. Future Research 

In order to make the best use of radar data and further improve the forecasting system of surface 

currents, future research in the following aspects may be worthwhile: 

 Test more complicated data assimilation algorithms, such as Four-dimensional variational 

data assimilation algorithm.  

 Apply Artificial Neural Networks (ANNs) to produce useful forecasting information of 

surface currents based on long term training of measurements with combination of 

current data assimilation process.  

 Parallel computation such as Message Passing Interface (MPI) and Open Multi-

Processing (OpenMP) can be considered to reduce the computation time.  
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 Study the influence of Stokes drift on surface current simulation. 
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Appendix A Linear Matrix Algebra Theory 
 

The basic linear matrix algebra theories mentioned in this thesis are summarized in this appendix. 

Matrix A— a two-dimensional     matrix,   is the line index        ,   is the column 

index        . A matrix usually is expressed as a table in the following formula: 

        

 
 
 
 
 
           
   
 
 

   
 
 

 
 
 

 
 
 

   
 
 

   
         

 
 
 
 

 

The matrix is a square matrix when    . 

 

Transpose of Matrix A —the transpose of a     matrix A is a matrix     denoted as   , 

which can be given as: 

   

 
 
 
 
 
           
   
 
 

   
 
 

 
 
 

 
 
 

   

 
 

            
 
 
 
 

 

 

Symmetry Matrix—A square matrix is symmetric if it is equal to its transpose, i.e.     , for 

any                ,  A property of diagonal matrices is that they are symmetric. 

 

Matrix Inverse—A square     matrix is called invertible if there exist an     matrix 

denoted as     , which is called inverse of matrix A.            . 

 

Trace of Matrix—the trace of a square     matrix is defined as the scalar           
 
   , 

which is the sum of the diagonal elements. The properties of trace can be listed as follows: 

The trace is linear:                       

Trace of a transpose:              
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Trace of a product:                          

 

Positive Definite Matrices—A symmetric matrix A is defined to be positive definite if, for any vector  , 

the scalar        unless    . Positive definite matrices have real positive eigenvalues, and their 

positive definiteness is conserved through inversion. 
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Appendix B Subroutines of Data Assimilation Algorithms in EFDC 
 

!   HFR.FOR 

!   Parameters definition, common parameters in EFDC are defined in EFDC.PAR and EFDC.CMN files 

!   This subroutine read in hourly radar data for data assimilation process 

 

!   Define the type and dimension of the variables and parameters 

        SUBROUTINE HFR 

               INCLUDE 'EFDC.PAR' 

               INCLUDE 'EFDC.CMN' 

              CHARACTER*80::FORM,HYDROFIL4 

 INTEGER::ID123,M,ID9,NN23,IK,ID2  

 INTEGER,DIMENSION(575,15000)::I9,J9 

 INTEGER,DIMENSION(575)::MN 

 INTEGER,DIMENSION(575,15000)::NDA,IDA 

 REAL,DIMENSION(575,15000)::U9,V9 

 

!    read in the hourly radar data 

 IF(N.EQ.100)THEN 

 ID=1 

 OPEN(1012,FILE='NNNT0.DAT',ACTION='WRITE',POSITION='APPEND') 

             DO M=1,575 

        SELECT CASE (M)    

   CASE (1:9)WRITE(FORM,'(I1)') M 

                 CASE (10:99) WRITE(FORM,'(I2)') M 

                 CASE (100:999)WRITE(FORM,'(I3)') M 

                 CASE (1000:9999)WRITE(FORM,'(I4)') M 

   END SELECT 

           HYDROFIL4='CODAR_INDEX_Filter_Interpolation_'//TRIM(FORM)//'.DAT' 

           ID123=1234+M 
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      ID9=3456+M 

      WRITE(*,*)'DA.F M=',M 

                  OPEN(ID9,FILE=HYDROFIL4,status='UNKNOWN',ACTION='READ') 

      READ(ID9,*)MN(M) 

   DO IK=1,MN(M)     

       READ(ID9,8)NDA(M,IK),IDA(M,IK),I9(M,IK),J9(M,IK),U9(M,IK),V9(M,IK) 

   END DO 

       CLOSE(ID9) 

              END DO 

              END IF 

 CLOSE(1012) 

 

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

!   DATEST1.FOR 

!   Parameters definition, common parameters in EFDC are defined in EFDC.PAR and EFDC.CMN files 

!   This subroutine gives a example of using constant pseudo data to update the model background states 

!    at each model timestep with Direct Insertion data assimilation algorithm. 

 

!   Define the type and dimension of the variables and parameters 

              SUBROUTINE DADI 

   INCLUDE 'EFDC.PAR' 

               INCLUDE 'EFDC.CMN' 

 INTEGER::IDI,IDDI 

               INTEGER,DIMENSION(46084)::ILAB,III,JJJ 

 

!     Read in the model grid index for the rectangular data assimilation domain 

 IF(N.EQ.15)THEN 

 OPEN(500,FILE='GETL.DAT',ACTION='READ') 

        DO AA=1,7236 

        READ(500,*)ILAB(AA),III(AA),JJJ(AA) 
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        END DO 

    CLOSE(500) 

 END IF  

 

!    Update the model background states at each model timestep with Direct Insertion data  

!    assimilation using constant pseudo data 

             OPEN(70,FILE='DADI.DAT',ACTION='WRITE',POSITION='APPEND') 

 IF((N.EQ.(144000+1*IDDI)).AND.(N.LE.288000))THEN 

  DO IDI=1,7236 

      U(ILAB(IDI),KC)=0.25 

      V(ILAB(IDI),KC)=0.25 

   END DO 

   WRITE(70,*)N,IDDI 

  IDDI=IDDI+1 

 END IF 

 CLOSE(70) 

 END 

 

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

!    DATEST2.FOR 

!   Parameters definition, common parameters in EFDC are defined in EFDC.PAR and EFDC.CMN files 

!   This subroutine gives a example of using non-uniform pseudo data to update the model background states 

!    every five minutes with Direct Insertion data assimilation algorithm. 

 

!   Define the type and dimension of the variables and parameters 

        SUBROUTINE DATEST2 

        INCLUDE 'EFDC.PAR' 

        INCLUDE 'EFDC.CMN' 

 INTEGER::ID123,M,ID9,NN23,IK,ID2 

 INTEGER,DIMENSION(46086)::IR1,IR2 
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 INTEGER,DIMENSION(575)::MN 

 INTEGER,DIMENSION(575,15000)::NDA,IDA 

 REAL,DIMENSION(575,46084)::U8,V8 

 REAL::TADA,TADAV,TDA1,TDA2 

 REAL,DIMENSION(10000)::DANGV,DANGU 

              CHARACTER*80::FORM,HYDROFIL4 

  

     !   Read in the model grid index for Direct Insertion data assimilation test domain 

      OPEN(19,FILE='VELVECHINDEX.DAT',ACTION='READ') 

 DO L=2,LA 

 READ(19,*)IR1(L),IR2(L) 

 END DO 

      CLOSE(19) 

 

!   Read in the generated pseudo data 

          IF(N.EQ.100)THEN 

 ID=1 

 OPEN(1012,FILE='NNNT0.DAT',ACTION='WRITE',POSITION='APPEND') 

               DO M=1,120 

         SELECT CASE (M)    

                   CASE (1:9) WRITE(FORM,'(I1)') M 

                   CASE (10:99)WRITE(FORM,'(I2)') M 

                   CASE (100:999) WRITE(FORM,'(I3)') M 

                   CASE (1000:9999)WRITE(FORM,'(I4)') M 

     END SELECT 

                  HYDROFIL4='UV_AddNoise_'//TRIM(FORM)//'.DAT' 

     ID123=1234+M 

     ID9=3456+M 

     WRITE(*,*)'DA.F M=',M 

                  OPEN(ID9,FILE=HYDROFIL4,status='UNKNOWN',ACTION='READ') 
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            DO IK=1,46084      

  READ(ID9,*)U9(M,IK),V9(M,IK) 

  END DO 

  CLOSE(ID9)     

         END DO 

         END IF 

         CLOSE(1012) 

         OPEN(1012,FILE='NNNT0.DAT',ACTION='WRITE',POSITION='APPEND') 

 

!   Update the model background sates at certain model timesteps with Direct Insertion data  

!     assimilation algorithm using non-uniform pseudo data in the whole simulation domain 

         IF((N.EQ.(144000+1200*ID)).AND.(N.LE.288000))THEN 

     ID1=ID          

   DO IAC=1,46084 

     U(IAC+1,KC)=U9(ID1,IAC) 

     V(IAC+1,KC)=V9(ID1,IAC)          

                END DO 

     ID3=1 

     ID=ID+1 

  END IF 

 CLOSE(1012) 

 

!    Update the model background states between the two continuous pseudo measurement timesteps 

!    data assimilation cycle length is five minutes 

      IF(N.LE.288000)THEN 

      OPEN(9,FILE='DI.DAT',ACTION='WRITE',POSITION='APPEND') 

 IF((N.GT.(144000+1200*(ID-1))).AND.(N.LT.(144000+1200*ID)))THEN 

 WRITE(9,*)'DA.F LINE142',N,ID,ID3 

 IF(N.EQ.(144000+1200*(ID-1)+100*ID3))THEN 

     WRITE(9,*)'DA.F LINE144',N,ID,ID3 
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     ID2=ID-1 

     TDA1=(N-(144000+1200*(ID-1)))/1200. 

     TDA2=((144000+1200*ID)-N)/1200. 

              DO IK=1,46084 

    DO IAC=1,46084 

                  U8(ID2,IK)=TDA2*U9(ID2,IK)+TDA1*U9(ID,IAC) 

     V8(ID2,IK)=TDA2*V9(ID2,IK)+TDA1*V9(ID,IAC) 

     U(IK+1,KC)=U8(ID2,IK) 

     V(IK+1,KC)=V8(ID2,IK) 

    END DO 

 END DO 

 ID3=ID3+1 

              END IF 

             END IF 

   CLOSE(9) 

   END IF   

   RETURN 

81 FORMAT(I5,1X,I5,1X,I5,1X,I3,1X,F9.3,1X,F9.3) 

 END 

 

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

!   DADI.FOR 

!   Parameters definition, common parameters in EFDC are defined in EFDC.PAR and EFDC.CMN files 

!   This subroutine gives a example of using radar data to update the model background states 

!    at each model timestep with Direct Insertion data assimilation algorithm. 

 

!   Define the type and dimension of the variables and parameters 

           SUBROUTINE DADI 

             INCLUDE 'EFDC.PAR' 

             INCLUDE 'EFDC.CMN' 
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 INTEGER::ID123,M,ID9,NN23,IK,ID2 

 INTEGER,DIMENSION(46086)::IR1,IR2 

 INTEGER,DIMENSION(575)::MN 

 INTEGER,DIMENSION(575,15000)::NDA,IDA 

 REAL,DIMENSION(575,15000):: U8,V8 

 REAL::TADA,TADAV,TDA1,TDA2 

 REAL,DIMENSION(10000)::DANGV,DANGU 

  

!   read in the model grid index 

             OPEN(19,FILE='VELVECHINDEX.DAT',ACTION='READ') 

 DO L=2,LA 

     READ(19,*)IR1(L),IR2(L) 

 END DO 

 CLOSE(19) 

 

! update the model background states at certain model timestep with hourly measured radar data 

       OPEN(1012,FILE='NNNT0.DAT',ACTION='WRITE',POSITION='APPEND') 

         IF((N.EQ.(259200+1200*ID)).AND.(N.LE.492480))THEN 

  ID1=ID             

  DO IAC=1,MN(ID) 

     U(IDA(ID,IAC),KC)=U9(ID1,IAC)/100. 

     V(IDA(ID,IAC),KC)=V9(ID1,IAC)/100.         

             END DO 

     ID3=1 

     ID=ID+1 

         END IF 

        CLOSE(1012) 

 

! update the model background states at each model timestep with temporally interpolated radar data 

      IF(N.LE.492480)THEN 
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      OPEN(9,FILE='DI.DAT',ACTION='WRITE',POSITION='APPEND') 

 IF((N.GT.(259200+1200*(ID-1))).AND.(N.LT.(259200+1200*ID)))THEN 

 WRITE(9,*)'DA.F LINE142',N,ID,ID3 

 IF(N.EQ.(259200+1200*(ID-1)+ID3))THEN 

 WRITE(9,*)'DA.F LINE144',N,ID,ID3 

     ID2=ID-1 

     TDA1=(N-(259200+1200*(ID-1)))/1200. 

     TDA2=((259200+1200*ID)-N)/1200. 

           DO IK=1,MN(ID2) 

    DO IAC=1,MN(ID) 

    IF((I9(ID2,IK).EQ.I9(ID,IAC)).AND.(J9(ID2,IK).EQ.J9(ID,IAC)))THEN 

                 U8(ID2,IK)=TDA2*U9(ID2,IK)+TDA1*U9(ID,IAC) 

     V8(ID2,IK)=TDA2*V9(ID2,IK)+TDA1*V9(ID,IAC) 

     U(IDA(ID2,IK),KC)=U8(ID2,IK)/100. 

     V(IDA(ID2,IK),KC)=V8(ID2,IK)/100. 

                END IF 

           END DO 

        END DO 

 ID3=ID3+1 

       END IF 

       END IF 

CLOSE(9) 

      END IF 

      RETURN 

   8  FORMAT(I5,1X,I5,1X,I5,1X,I3,1X,F9.3,1X,F9.3) 

 END 

 

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

!    DAOI.FOR 

!   Parameters definition, common parameters in EFDC are defined in EFDC.PAR and EFDC.CMN files 



Appendix B Subroutines of Data Assimilation Algorithms in EFDC 

278 

 

!   This subroutine gives a example of using radar data to update the model background states 

!    at each model timestep with Optimal Interpolation data assimilation algorithm. 

!   Define the type and dimension of the variables and parameters  

              SUBROUTINE DAOI 

               INCLUDE 'EFDC.PAR' 

               INCLUDE 'EFDC.CMN' 

 CHARACTER*80::FORM,HYDROFIL4 

 INTEGER::ID123,M,ID9,NN23,IK 

 INTEGER,DIMENSION(575,15000)::I9,J9 

 INTEGER,DIMENSION(1000,5000)::I3,J3,I4,J4,I5,J5,KDA3,KDA4,KDA5 

 INTEGER,DIMENSION(46086)::IR1,IR2 

 INTEGER,DIMENSION(575)::MN 

 INTEGER,DIMENSION(575,11000)::NDA,IDA 

 REAL,DIMENSION(575,5000)::U9,V9 

 character::line31 

 REAL::TDA1,TDA2  

 

!    Read in model grid index 

        OPEN(19,FILE='VELVECHINDEX.DAT',ACTION='READ') 

 DO L=2,LA 

 READ(19,*)IR1(L),IR2(L) 

 END DO 

        CLOSE(19)  

 

!      Read in Kalman Gain matrix for east-west velocity component          

         IF(N.EQ.100)THEN    

         ID=1                    

          OPEN(0316,FILE='U_KalmanGain.dat',ACTION='read',STATUS='UNKNOWN')  

            DO I=1,NPOINT 

            DO J=1,NPOINT       
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            READ(0316,*)UK1(I,J) 

            END DO 

            END DO 

         CLOSE(0316) 

        END IF 

 

!      Read in Kalman Gain matrix for north-south velocity component          

      IF(N.EQ.101)THEN                       

      OPEN(1801,FILE='V_KalmanGain.dat',ACTION='read',STATUS='UNKNOWN')  

          DO I=1,NPOINT 

          DO J=1,NPOINT       

            READ(1801,*)UK2(I,J) 

           END DO 

   END DO 

 CLOSE(1801) 

 END IF 

 

!    Update the model background states with Optimal Interpolation data  

!     assimilation algorithm using radar data 

 OPEN(1012,FILE='NNNT0.DAT',ACTION='WRITE',POSITION='APPEND') 

 IF(N.EQ.(259200+1200*ID).AND.(N.LE.492480))THEN 

     ID1=ID 

     ID2=ID+1 

 write(1012,*)N,TIMESEC,'DA line 109' 

 

!   Calculate the difference (Yo-Xb) between the radar measurements and model  

!    background states.  Uint: m/s 

      OPEN(1207,FILE='VINC1.DAT',ACTION='WRITE',POSITION='APPEND')   

      DO IAC=1,MN(ID) 

        UINC1(IAC)=(U9(ID1,IAC)/100.)-U(IDA(ID,IAC),KC) 
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        VINC1(IAC)=(V9(ID1,IAC)/100.)-V(IDA(ID,IAC),KC) 

 WRITE(1207,*)N,IAC,ID,U9(ID1,IAC),UINC1(IAC) 

      END DO 

      CLOSE(1207) 

 

!    Calculate the increment K*(Y0-Xb) by weighting the differences 

                  DO IAC=1,MN(ID) 

        UINC2(IAC)=0. 

        VINC2(IAC)=0. 

       END DO 

 write(1012,*)N,TIMESEC,'DA line 159'  

              OPEN(1205,FILE='VINC2.DAT',ACTION='WRITE',POSITION='APPEND')   

     DO IAD=1,MN(ID) 

     DO IAC=1,MN(ID) 

     UINC2(IAD)=UINC2(IAD)+UK1(NDA(ID,IAD),NDA(ID,IAC))*UINC1(IAC) 

     VINC2(IAD)=VINC2(IAD)+UK2(NDA(ID,IAD),NDA(ID,IAC))*VINC1(IAC) 

       END DO 

 write(1205,*)N,IAD,UINC2(IAD),VINC2(IAD) 

     END DO 

 CLOSE(1205) 

 

!    Add increments to the model background states        

   DO IAC=1,MN(ID) 

    U(IDA(ID,IAC),KC)=U(IDA(ID,IAC),KC)+UINC2(IAC) 

    V(IDA(ID,IAC),KC)=V(IDA(ID,IAC),KC)+VINC2(IAC)       

                END DO 

 

!     Update the model background states between two continuous measurement steps using  

!      temporally interpolated radar data 

OPEN(1104,FILE='OI.DAT',ACTION='WRITE',POSITION='APPEND') 
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      IF(N.LE.492480)THEN 

      IF((N.GT.(259200+1200*ID1)).AND.(N.LT.(259200+1200*ID2)))THEN 

      IF(N.EQ.(259200+1200*ID1+1*ID3))THEN 

          TDA1=(N-(259200+1200*ID2+1*ID3))/1200. 

          TDA2=((259200+1200*ID2+1*ID3)-N)/1200. 

      DO IK=1,MN(ID1) 

      DO IAC=1,MN(ID2) 

          IF(I9(ID1,IK).EQ.I9(ID2,IAC))THEN 

          IF(J9(ID1,IK).EQ.J9(ID2,IAC))THEN  

            U8(ID1,IK)=TDA2*U9(ID1,IK)+TDA1*U9(ID2,IAC) 

            V8(ID1,IK)=TDA2*V9(ID1,IK)+TDA1*V9(ID2,IAC) 

            UINC1(IK)=(U8(ID1,IK)/100.)-U(IDA(ID1,IK),KC) 

            VINC1(IK)=(V8(ID1,IK)/100.)-V(IDA(ID1,IK),KC) 

         END IF 

         END IF 

     END DO 

         END DO 

 

!     Calculate K*(Y0-Xb) and add it to the model background states 

   DO IAC=1,MN(ID1) 

      UINC2(IAC)=0. 

      VINC2(IAC)=0. 

   END DO 

 DO IAD=1,MN(ID1) 

  DO IAC=1,MN(ID1) 

        UINC2(IAD)=UINC2(IAD)+UK1(NDA(ID1,IAD),NDA(ID1,IAC))*UINC1(IAC) 

        VINC2(IAD)=VINC2(IAD)+UK2(NDA(ID1,IAD),NDA(ID1,IAC))*VINC1(IAC) 

       END DO 

      U(IDA(ID1,IAD),KC)=U(IDA(ID1,IAD),KC)+UINC2(IAD) 

      V(IDA(ID1,IAD),KC)=V(IDA(ID1,IAD),KC)+VINC2(IAD) 
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 END DO 

 WRITE(1104,1105)N,ID,ID1,ID2,ID3,UINC1(1),UINC2(1) 

 ID3=ID3+1 

 END IF 

 END IF 

 END IF 

 CLOSE(1104) 

    

      RETURN 

   8  FORMAT(I4,2X,I5,2X,I3,2X,I3,2X,E10.4,2X,E10.4) 

 1105 FORMAT(I6,4I4,1X,2F9.4) 

 END 

 

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

!    DANUDGING.FOR 

!   Parameters definition, common parameters in EFDC are defined in EFDC.PAR and EFDC.CMN files 

!   This subroutine gives a example of using radar data to update the model background states 

!    every minute with nudging data assimilation algorithm,. 

 

!   Define the type and dimension of the variables and parameters 

       SUBROUTINE DANUDGING 

        INCLUDE 'EFDC.PAR' 

        INCLUDE 'EFDC.CMN' 

 INTEGER::ID123,M,ID9,NN23,IK,ID3 

 INTEGER,DIMENSION(46086)::IR1,IR2 

 INTEGER,DIMENSION(575)::MN 

 INTEGER,DIMENSION(575,15000)::NDA,IDA 

 REAL,DIMENSION(575,15000)::U8,V8 

 REAL::TADA,TADAV,TDA1,TDA2 

 REAL,DIMENSION(10000)::DANGV,DANGU 
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 !       Set the values of nudging data assimilation parameters: timescale and depth of influence 

 TADAU=1/1800. 

 TADAV=1/1800. 

 ZDDA=4. 

 

!        Read in model grid index        

           OPEN(19,FILE='VELVECHINDEX.DAT',ACTION='READ') 

  DO L=2,LA 

   READ(19,*)IR1(L),IR2(L) 

  END DO 

 CLOSE(19) 

 

!      Update the model background states at the hourly radar measurement step with nudging  

!      data assimilation algorithm 

 OPEN(1012,FILE='NNNT0.DAT',ACTION='WRITE',POSITION='APPEND') 

 OPEN(99,FILE='NudgingDA.DAT',ACTION='WRITE',POSITION='APPEND') 

 IF((N.EQ.(259200+1200*ID)).AND.(N.LE.492480))THEN 

     ID1=ID 

              OPEN(120,FILE='UVDIFFERENCE.DAT',ACTION='WRITE',POSITION='APPEND')   

      DO IAC=1,MN(ID) 

         UINCRE1(IAC)=(U9(ID1,IAC)/100.)-U(IDA(ID,IAC),KC) 

         VINCRE1(IAC)=(V9(ID1,IAC)/100.)-V(IDA(ID,IAC),KC) 

        WRITE(120,*)N,IAC,ID,U9(ID1,IAC),UINCRE1(IAC) 

    END DO 

              CLOSE(120) 

 

              OPEN(0902,FILE='UV_INCRE1.DAT',ACTION='WRITE',POSITION='APPEND')  

      DO IAC=1,MN(ID) 

                    DANGU(IAC)=TADAU*EXP(HMP(IDA(ID,IAC)-1)/ZDDA) 
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        DANGV(IAC)=TADAV*EXP(HMP(IDA(ID,IAC)-1)/ZDDA) 

       UINCRE1(IAC)=DANGU(IAC)*UINCRE1(IAC) 

       VINCRE1(IAC)=DANGV(IAC)*VINCRE1(IAC) 

        WRITE(0902,*)'N-U-V(INCREMENT)',N,IAC,UINCRE1(IAC),VINCRE1(IAC) 

      END DO 

             CLOSE(0902)  

         

             DO IAC=1,MN(ID) 

      U(IDA(ID,IAC),KC)=U(IDA(ID,IAC),KC)+UINCRE1(IAC) 

      V(IDA(ID,IAC),KC)=V(IDA(ID,IAC),KC)+VINCRE1(IAC)            

            END DO 

     ID=ID+1 

     ID3=1 

            END IF  

        CLOSE(1012) 

 

!         Update the model background states between the two continuous radar measurement steps  

!          with nudging data assimilation algorithm 

      IF(N.LE.492480)THEN 

 IF((N.GT.(259200+1200*(ID-1))).AND.(N.LT.(259200+1200*ID)))THEN 

     ID2=ID-1 

     IF(N.EQ.(259200+1200*(ID-1)+20*ID3))THEN 

     TDA1=(N-(259200+1200*(ID-1)+20*ID3))/1200. 

     TDA2=((259200+1200*ID+20*ID3)-N)/1200. 

    WRITE(99,*)N,ID,ID2,ID3  

            DO IK=1,MN(ID2) 

            DO IAC=1,MN(ID) 

            IF((I9(ID2,IK).EQ.I9(ID,IAC)).AND.(J9(ID2,IK).EQ.J9(ID,IAC)))THEN 

                 U8(ID2,IK)=TDA2*U9(ID2,IK)+TDA1*U9(ID,IAC) 

     V8(ID2,IK)=TDA2*V9(ID2,IK)+TDA1*V9(ID,IAC) 
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                 DANGU(IK)=TADAU*EXP(HMP(IDA(ID2,IK)-1)/ZDDA) 

     DANGV(IK)=TADAV*EXP(HMP(IDA(ID2,IK)-1)/ZDDA) 

     UINCRE1(IK)=(U8(ID2,IK)/100.)-U(IDA(ID2,IK),KC) 

     VINCRE1(IK)=(V8(ID2,IK)/100.)-V(IDA(ID2,IK),KC)         

     UINCRE1(IK)=DANGU(IK)*UINCRE1(IK) 

     VINCRE1(IK)=DANGV(IK)*VINCRE1(IK) 

     U(IDA(ID2,IK),KC)=U(IDA(ID2,IK),KC)+UINCRE1(IK) 

     V(IDA(ID2,IK),KC)=V(IDA(ID2,IK),KC)+VINCRE1(IK) 

 END IF 

 END DO 

 END DO 

       ID3=ID3+1 

   END IF 

              END IF 

 END IF 

       CLOSE(99) 

      RETURN 

   8  FORMAT(I5,1X,I5,1X,I5,1X,I3,1X,F9.3,1X,F9.3) 

 END 

 

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

!    IDA.FOR 

!   Parameters definition, common parameters in EFDC are defined in EFDC.PAR and EFDC.CMN files 

!   This subroutine give a example of using radar data to update the model background states 

!    every fifteen minutes with indirect data assimilation algorithm via correcting wind stress. 

 

!   Define the type and dimension of the variables and parameters 

           SUBROUTINE IDA 

             INCLUDE 'EFDC.PAR' 

            INCLUDE 'EFDC.CMN' 
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 INTEGER::ID123,M,ID9,NN23,IK,ID2,ID3 

 INTEGER,DIMENSION(46086)::IR1,IR2 

 INTEGER,DIMENSION(575,15000)::NDA 

 REAL,DIMENSION(575,15000)::U8,V8,UCO,VCO 

 REAL,DIMENSION(575,15000)::UCO1,VCO1,UCO2,VCO2,UCO22,VCO22 

 REAL::UCO3,VCO3,UCO5,VCO5,UCO4,VCO4,UCO7,VCO7 

 REAL::TADA,TADAV,TDA1,TDA2 

 REAL,DIMENSION(10000)::DANGV,DANGU 

 

!     Initialize varialbles 

 UCO7=0. 

 VCO7=0. 

           OPEN(11,FILE='INCREMENT.DAT',ACTION='WRITE',POSITION='APPEND') 

 

!      Read in model grid index 

            OPEN(19,FILE='VELVECHINDEX.DAT',ACTION='READ') 

 DO L=2,LA 

 READ(19,*)IR1(L),IR2(L) 

 END DO 

           CLOSE(19) 

 

!      Update the model background states at the hourly radar measurement step with indirect  

!      data assimilation algorithm via correcting model force 

 OPEN(1012,FILE='NNNT0.DAT',ACTION='WRITE',POSITION='APPEND') 

 IF((N.EQ.(259199+1200*ID)).AND.(N.LE.492480))THEN 

    ID1=ID 

                 NNIDA=0 

   UCO3=0. 

   VCO3=0. 
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   UCO4=0. 

   VCO4=0. 

 

!      Change the units (m/s) 

      DO IAC=1,MN(ID) 

 UCO(ID1,IAC)=U9(ID1,IAC)/100. 

 VCO(ID1,IAC)=V9(ID1,IAC)/100. 

 END DO 

 WRITE(11,*)'Line145',N,ID,UCO(ID1,1),VCO(ID1,1) 

 

!      Calculate square of differences  (y0-Xb)**2 

               DO IAC=1,MN(ID) 

 UCO1(ID1,IAC)=((UCO(ID1,IAC)-U(IDA(ID,IAC),KC))**2) 

 VCO1(ID1,IAC)=((VCO(ID1,IAC)-V(IDA(ID,IAC),KC))**2) 

 

 UCO2(ID1,IAC)=ABS(UCO(ID1,IAC)-U(IDA(ID,IAC),KC)) 

 VCO2(ID1,IAC)=ABS(VCO(ID1,IAC)-V(IDA(ID,IAC),KC)) 

 UCO22(ID1,IAC)=(UCO(ID1,IAC)-U(IDA(ID,IAC),KC)) 

 VCO22(ID1,IAC)=(VCO(ID1,IAC)-V(IDA(ID,IAC),KC)) 

 END DO 

 WRITE(11,*)'Line159',N,ID,UCO22(ID1,1) 

 

              DO IAC=1,MN(ID) 

 UCO3=UCO3+150.*150.*UCO1(ID1,IAC)*UCO2(ID1,IAC) 

 VCO3=VCO3+150.*150.*VCO1(ID1,IAC)*VCO2(ID1,IAC) 

 UCO4=UCO4+150.*150.*UCO1(ID1,IAC) 

 VCO4=VCO4+150.*150.*VCO1(ID1,IAC)  

 END DO 

  

      IF((UCO4.EQ.0.).OR.(VCO4.EQ.0.))THEN 
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 UCO5=0. 

 VCO5=0. 

 ELSE 

 UCO5=UCO3/UCO4 

 VCO5=VCO3/VCO4 

              NNIDA=NNIDA+1 

 END IF 

 

!      Calculate the increments 

 DO IAC=1,MN(ID) 

 UCO6(ID1,IAC)=(10E-4)*UCO5*UCO22(ID1,IAC) 

 VCO6(ID1,IAC)=(10E-4)*VCO5*VCO22(ID1,IAC) 

 END DO 

 WRITE(11,*)'Line182',N,ID,UCO6(ID1,1) 

 

!        Average the increments over domain 

      DO IAC=1,MN(ID1) 

 UCO7=UCO7+UCO6(ID1,IAC) 

 VCO7=VCO7+VCO6(ID1,IAC) 

 END DO 

 UCO7=UCO7/FLOAT(NNIDA) 

 VCO7=VCO7/FLOAT(NNIDA) 

 UCO8=UCO7 

 VCO8=VCO7 

 WRITE(11,*)'Line188',N,ID1,MN(ID),UCO8 

 ID=ID+1 

 ID3=1 

 END IF 

 CLOSE(1012) 
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!     Calculate the additional wind stress between two continuous radar measurement steps 

      IF(N.LE.492480)THEN 

 IF((N.GT.(259199+1200*(ID-1))).AND.(N.LT.(259199+1200*ID)))THEN 

     ID2=ID-1 

                  NNIDA=0 

 WRITE(11,*)'Line207',N,ID,ID2 

 IF(N.EQ.(259199+1200*(ID-1)+20*ID3))THEN 

     TDA1=(N-(259199+1200*(ID-1)+20*ID3))/1200. 

     TDA2=((259199+1200*ID+20*ID3)-N)/1200. 

 WRITE(11,*)'Line211',N,ID,ID2,ID3 

      DO IK=1,MN(ID2) 

 DO IAC=1,MN(ID) 

 IF((I9(ID2,IK).EQ.I9(ID,IAC)).AND.(J9(ID2,IK).EQ.J9(ID,IAC)))THEN 

                  U8(ID2,IK)=TDA2*U9(ID2,IK)+TDA1*U9(ID,IAC) 

     V8(ID2,IK)=TDA2*V9(ID2,IK)+TDA1*V9(ID,IAC) 

     UCO(ID2,IK)=U8(ID2,IK)/100. 

     VCO(ID2,IK)=V8(ID2,IK)/100. 

 END IF 

 END DO 

         END DO 

 WRITE(11,*)'Line222',N,ID2,ID3,UCO(ID2,1),VCO(ID2,1) 

 

           DO IAC=1,MN(ID2) 

 UCO1(ID2,IAC)=((UCO(ID2,IAC)-U(IDA(ID2,IAC),KC))**2) 

 VCO1(ID2,IAC)=((VCO(ID2,IAC)-V(IDA(ID2,IAC),KC))**2) 

 UCO2(ID2,IAC)=ABS(UCO(ID2,IAC)-U(IDA(ID2,IAC),KC)) 

 VCO2(ID2,IAC)=ABS(VCO(ID2,IAC)-V(IDA(ID2,IAC),KC)) 

 UCO22(ID2,IAC)=(UCO(ID2,IAC)-U(IDA(ID2,IAC),KC)) 

 VCO22(ID2,IAC)=(VCO(ID2,IAC)-V(IDA(ID2,IAC),KC)) 

            END DO 
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 WRITE(11,*)'Line252',N,ID2,ID3,UCO22(ID2,1) 

 

            DO IAC=1,MN(ID2) 

 UCO3=UCO3+150.*150.*UCO1(ID2,IAC)*UCO2(ID2,IAC) 

 VCO3=VCO3+150.*150.*VCO1(ID2,IAC)*VCO2(ID2,IAC) 

 UCO4=UCO4+150.*150.*UCO1(ID2,IAC) 

 VCO4=VCO4+150.*150.*VCO1(ID2,IAC)  

             END DO 

 

             IF((UCO4.EQ.0.).OR.(VCO4.EQ.0.))THEN 

    UCO5=0. 

    VCO5=0. 

 ELSE 

    UCO5=UCO3/UCO4 

    VCO5=VCO3/VCO4 

                  NNIDA=NNIDA+1 

 END IF 

 

!     Calculate the increment 

 DO IAC=1,MN(ID2) 

 UCO6(ID2,IAC)=(10E-4)*UCO5*UCO22(ID2,IAC) 

 VCO6(ID2,IAC)=(10E-4)*VCO5*VCO22(ID2,IAC) 

 END DO 

 WRITE(11,*)'Line285',N,ID2,ID3,UCO6(ID2,1) 

 

!     Average over domain 

              DO IAC=1,MN(ID2) 

    UCO7=UCO7+UCO6(ID2,IAC) 

   VCO7=VCO7+VCO6(ID2,IAC) 

 END DO 
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  UCO7=UCO7/FLOAT(NNIDA) 

  VCO7=VCO7/FLOAT(NNIDA) 

  UCO8=UCO7 

  VCO8=VCO7 

  WRITE(11,*)N,ID2,ID3,MN(ID2),UCO8 

  ID3=ID3+1 

           END IF 

         END IF 

         END IF 

         CLOSE(11) 

         RETURN 

   8  FORMAT(I5,1X,I5,1X,I5,1X,I3,1X,F9.3,1X,F9.3) 

        END 
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