
Version submitted for publishing  

1 

 

Deep Learning based bias correction model for numerical simulations of wave spectra 1 

Lu Zhang1,2,3, Wenyang Duan1,2, C. Guedes Soares2,3, Jie Zhang1,2, Yuliang Liu4,5, 2 

Limin Huang*1,2 3 
1 College of Shipbuilding Engineering, Harbin Engineering University, Harbin 4 

150001, China 5 
2 International Joint Laboratory of Naval Architecture and Offshore Technology 6 

between Harbin Engineering University and the University of Lisbon, Harbin 150001, 7 

China. 8 
3 Centre for Marine Technology and Ocean Engineering (CENTEC), Universidade de 9 

Lisboa, Instituto Superior Técnico, Av. Rovisco Pais, 1049-001, Lisboa, Portugal 10 
4 Qingdao Institute of Collaborative Innovation, Qingdao 266000, China 11 

5 College of Intelligent Systems Science and Engineering, Harbin Engineering 12 

University, Harbin, 150001, China 13 

 14 

* Correspondence to: Limin Huang, huanglimin@hrbeu.edu.cn 15 

 16 

Abstract: To accurately characterise the energy distribution under different 17 

frequency ranges, this paper developed a deep learning-based wave spectral bias 18 

correction model for numerical simulations of wave spectra, which addresses the shape 19 

of the numerically predicted spectra. This model preprocesses the measured wave 20 

spectra using a Gaussian filter, and the frequency of the numerical simulation results 21 

from WAVEWATCH III  is matched using the interpolation method. Afterwards, the 22 

simulated wave spectra serve as the input to the proposed model, and discrepancies 23 

between the numerical simulation results and buoy measurement data are fitted using 24 

the neural network model. Moreover, the correction performance of the model is 25 

validated using measured data in terms of spectral shape, significant wave height, peak 26 

frequency, and peak energy density. With the proposed method the mean absolute 27 

percentage error of those parameters of decreases by 5% to 15% and the spectral 28 

correlation for the Hawaiian waters is no less than 0.93. The results demonstrate that 29 

the proposed model can more accurately characterize the wave energy distribution and 30 

significantly improve the accuracy of wave simulations. 31 

Keywords: Wave Spectra; Bias Correction; Buoy Measurement; WAVEWATCH 32 

III; Deep Learning 33 
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1. Introduction 35 

The wave spectrum is an essential tool for describing wave characteristics and is 36 

widely applied in fields such as ocean dynamics research and marine engineering 37 

design. It reflects the energy distribution of waves across different frequency and 38 

wavenumber spaces. Additionally, the wave spectrum can reveal the components of 39 

waves, including the generation and development of local wind waves, the propagation 40 

of distant swells, and the interactions between multiple wave systems. Furthermore, 41 

information such as the energy peak position and spectral width within the wave 42 

spectrum can further reflect the typical characteristics of waves, providing a basis for 43 

forecasting wave height, period, and other parameters. An accurate description of the 44 

wave spectrum provides more detailed results for describing the wave conditions 45 

(Lucas et al. 2011; 2023) than the simple information based on significant wave height 46 

and characteristic period. It can also support research on ocean climate change, ship 47 

navigation safety, and related studies. 48 

Wave numerical models solve ocean waves using wave action balance equation 49 

(Whitham, 1965; Bretherton and Garrett, 1968). The development of third-generation 50 

wave models began with the WAM model (WAMDI Group, 1988), which provided the 51 

first framework for resolving wave–wave interactions explicitly. They describe the 52 

input, propagation, and dissipation of wave energy. WAVEWATCH III (WW3) and 53 

SWAN, as typical representatives of third-generation wave models, are widely used for 54 

numerical simulation of ocean waves (Abbasi and Sheykhbahaei, 2025; Shankar, 2025).  55 

In the wave model calculation process, the wind field forcing (Gowri Shankar, 56 

2025; Ponce de Leon and Guedes Soares, 2008; Vledder and Akpinar, 2015), the source 57 

term methods (Beyramzadeh et al. 2022; Zieger et al. 2015), and the grid discretisation 58 

(Campos et al. 2022; Oladejo et al. 2025) all affect the wave computation. Based on 59 

wave models, Ahn et al. (2022), Feng et al. (2020), and Ponce de León et al. (2020) 60 

have analysed the simulation accuracy of wave spectra. Zhang et al. (2025) investigated 61 

the accuracy of wave simulation results using different source terms and source term 62 

calculation schemes in the WW3 model for the Hawaiian waters. They evaluated the 63 
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simulation performance of each scheme for wave spectra and spectral parameters. They 64 

also explored the reasons for the differences by analysing the source term spectra.  65 

Stopa et al. (2016) evaluated wave spectrum models against satellite and buoy 66 

observations, analyzing the simulation accuracy under different physical 67 

parameterizations. They found that all models performed well in representing low-order 68 

wave moments, but their ability to reproduce directional spreading remained limited 69 

and requires improvement.  70 

Amarouche et al. (2023) compared the wave spectrum simulation performance of 71 

the SWAN and WW3 models for the eastern Black Sea. They validated the simulation 72 

accuracy of both models across different frequency domains using annual and seasonal 73 

average scales. The results indicated that the WW3 model exhibited higher simulation 74 

accuracy in the frequency range of 0.13 Hz < f < 0.17 Hz. However, issues such as the 75 

underestimation of low-frequency energy and the overestimation of high-frequency 76 

energy remained. Additional results concentrating on the more difficult extreme 77 

conditions can be found in Bernardino et al. (2021).  78 

Elshinnawy et al. (2024a, 2023) conducted long-term wave hindcast studies 79 

exceeding 50 years for the Red Sea and the Mediterranean using the WW3 model with 80 

ERA5 wind fields as input. They analyzed the seasonal and interannual variations of 81 

waves, long-term trends of wind-driven waves and swells, and specifically focused on 82 

wave behavior under extreme weather conditions. Elshinnawy et al. (2024b) evaluated 83 

the wave simulation performance using the WW3 model with ERA5 wind fields as 84 

input. In addition, a parameterization was developed for WW3 to correct biases in 85 

ERA5 wind speeds, enabling high-accuracy modeling of waves under extreme 86 

conditions. 87 

Wave models describe the wave propagation process using different source 88 

functions during the solution of wave dynamics. The simulation accuracy is often 89 

influenced by the simplification of physical processes, source term parameterisation, 90 

and uncertainties in boundary conditions, which leads to differences between the 91 

simulated results and the actual marine environment (Zhang et al. 2024). 92 

As a crucial means of obtaining measured wave information, buoy measurements 93 
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are widely used for validating numerical model results due to their high observational 94 

accuracy (Sun et al., 2019; Bennett and Mulligan, 2017). They are also extensively 95 

applied in studies ranging from ocean climate analysis (Jamous and Marsooli, 2023; 96 

Gemmrich et al., 2011) to local area studies (Rusu and Guedes Soares, 2014). Buoys, 97 

equipped with accelerometers and gyroscopes, collect time series data of vertical 98 

displacements and horizontal surface movements to capture the dynamic characteristics 99 

of wave fluctuations. Through data quality control, methods such as correlation 100 

functions, maximum entropy, and fast Fourier transform are further utilised to compute 101 

the wave spectrum. Additionally, buoys can extract key parameters such as significant 102 

wave height, period, and propagation direction by recording the wave variation process. 103 

The existing distribution of ocean buoys is sparse, with a concentration along 104 

continental coastlines.  105 

Currently, publicly available buoy data are provided by several major centres, 106 

including the National Data Buoy Center (NDBC), the Copernicus Marine 107 

Environment Monitoring Service (CMEMS), and the Japan Meteorological Agency 108 

(JMA). Among them, NDBC operates under the National Oceanic and Atmospheric 109 

Administration (NOAA) of the United States. The time resolution of the wave data can 110 

reach up to 0.5 hours, with a measurement accuracy of 0.2 meters for wave height.  111 

However, buoys face challenges such as high cost and deployment difficulties. As 112 

a result, their distribution is sparse, and their spatial coverage is relatively limited. This 113 

makes continuous global ocean observation difficult. Furthermore, buoy data are often 114 

subject to loss or interruptions due to factors such as equipment ageing, communication 115 

failures, and extreme weather events. This affects both data continuity and overall 116 

reliability. 117 

Environmental information computed by wave models has been improved using 118 

buoy observational data. The results better reflect the actual oceanic and meteorological 119 

conditions by incorporating discrete observational data into numerical models.  120 

Common data assimilation methods, such as variational assimilation, Kalman filtering, 121 

and optimal interpolation, have been applied (Almeida et al. 2016; Zou, 2025). Jiang 122 

(2025) optimised the physical parameterisation schemes of WRF and SWAN 123 
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simulations for Typhoon cases in the South China Sea using assimilation techniques. 124 

The results showed that, compared to the default scheme, this method effectively 125 

improved the wave simulation outcomes. After assimilation, the RMSE of the 126 

significant wave height was 0.322 m. For typhoon waves with return periods of 100 127 

and 50 years, the improvements in wave height were 1.12 m and 0.96 m, respectively. 128 

Wang et al. (2024) corrected the WW3-simulated wave results using wave spectrum 129 

data observed by the Surface Wave Investigation and Monitoring instrument aboard the 130 

China-France Oceanic Satellite (CFOSAT) satellite. Hasselmann (1997) proposed a 131 

wave spectrum assimilation method based on optimal interpolation. The wave spectrum 132 

was decomposed into different wave systems and represented by three characteristic 133 

parameters: significant wave height, average propagation direction, and average 134 

frequency. Radar data were used to optimise these parameters, enabling wave spectrum 135 

assimilation.  136 

In recent years, with the continuous advancement of artificial intelligence 137 

technology, machine learning methods have been increasingly applied in marine 138 

environments. Deep learning methods have been applied in recent years to optimise 139 

existing wave data.  140 

Deshmukh et al. (2016) developed an artificial neural network (ANN)-based data 141 

assimilation method to enhance the forecast accuracy of significant wave height and 142 

wave period in numerical wave models. Zhang et al. (2024) developed the WW3-ANN 143 

model using deep learning methods. The model corrects the significant wave height by 144 

addressing the differences between buoy observations and simulation results.  145 

Silva et al. (2025) optimised the wave height of the WW3 model based on the 146 

Long Short-Term Memory (LSTM) model. The model was trained using wave height, 147 

wind speed, and coordinate location to achieve high-precision wave forecasting for the 148 

Brazilian coastal region. Costa et al. (2023) also used the LSTM model and compared 149 

its performance with that of the multilayer perceptron.  150 

Henriques et al. (2025) employed five different AI methods to enhance wave 151 

forecasts using buoy data, offering a comprehensive comparison of the methods' 152 

capabilities with LSTM. This approach solves the problem of balancing accuracy and 153 
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efficiency in traditional models.  154 

Lucero et al. (2023) improved the post-forecast results of the WW3 model using 155 

a machine-learning model. By using the wave spectrum as input, they reduced the 156 

calculation errors for significant wave height, mean period, and mean wave direction.  157 

Hwang et al. (2024) proposed a wave spectrum computation model based on a 158 

Deconvolutional Neural Network, in which wave parameters such as wave height and 159 

wave period were used as model inputs. The model results were validated against buoy-160 

observed spectra, and the accuracy was found to be comparable to that of the 161 

JONSWAP spectrum. Zhang et al. (2024) developed a wave spectrum correction 162 

method using a Vision Transformer (ViT) deep learning model to adjust the CFOSAT 163 

satellite-observed spectra. This approach resolved issues in the original SWIM spectra, 164 

including speckle noise, low-frequency interference peaks, and missing short-wave 165 

data.  166 

However, traditional data assimilation methods rely on ocean observation 167 

information. When observational data is unavailable, especially in remote areas or 168 

under extreme weather conditions, the applicability of conventional assimilation 169 

methods is challenged. Therefore, optimising and correcting ocean environmental data 170 

in the lack of sufficient observational data has become an important research direction 171 

for improving the accuracy of ocean environment forecasting (Emmanouil et al. 2010). 172 

The current deep learning-based wave correction methods primarily focus on global 173 

wave parameters, such as significant wave height and wave period, whereas corrections 174 

to the wave spectrum rely mainly on spectral parameters. 175 

A wave spectral bias correction model (Ef -ANN) is constructed in this paper based 176 

on the advantages of deep learning methods in large-scale data processing, complex 177 

feature extraction, and non-linear modelling. The model utilises buoy measurements to 178 

identify discrepancies between the simulated and real data, thereby achieving an 179 

effective correction of the wave spectrum. This method addresses the error issues 180 

caused by the simplification of physical processes in traditional methods. It also 181 

overcomes the limitations of data assimilation methods that are constrained by the 182 

availability of measurements. Furthermore, the model's correction performance is 183 
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evaluated through multiple metrics, including the wave spectrum and key spectral 184 

parameters such as significant wave height, peak frequency, and peak value. The 185 

model’s applicability is also explored by utilising multiple buoy locations within the 186 

sea area. 187 

The organisation of this paper is as follows: Section 2 introduces the data used in 188 

this study. Section 3 presents the wave numerical simulation method based on the WW3 189 

model. Section 4 describes the wave spectrum bias correction method based on deep 190 

learning. Section 5 analyses the correction performance and adaptability of the model. 191 

Section 6 concludes the work presented in this paper. 192 

2. Datasets 193 

The data utilised in this study include wind field, topography, and buoy 194 

measurement data. 195 

The European Centre for Medium-Range Weather Forecasts (ECMWF) developed 196 

the ECMWF Reanalysis v5 (ERA5) dataset, which is utilised in this study to provide 197 

wind field information. ERA5 combines model data with observations from around the 198 

world to create a globally complete and consistent dataset, using the laws of physics. 199 

The dataset encompasses atmospheric, oceanic, and land variables dating back to 1940. 200 

For the wind field, ERA5 provides an hourly temporal resolution and a spatial 201 

resolution of 0.25°. 202 

The topographic data are obtained from the ETOPO1 dataset developed by the 203 

National Geophysical Data Center (NGDC). This dataset integrates multi-source 204 

observations, including satellite altimetry, sonar sounding, and land survey data, to 205 

generate high-resolution global topographic information. 206 

The buoy measurement data is sourced from the National Data Buoy Center 207 

(NDBC). NDBC is part of the National Oceanic and Atmospheric Administration 208 

(NOAA). It provides and maintains observational data from over 100 buoys and coastal 209 

stations worldwide. The provided data includes ocean wave parameters (wave spectrum, 210 

significant wave height, and wave period) and meteorological variables (wind speed, 211 

wind direction, air temperature, and atmospheric pressure). The wave spectrum data is 212 

updated every 0.5/1 hour, ranging from 0.02 Hz to 0.485 Hz. 213 
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Five buoys (51000#-51004#) are selected for the Hawaii region, with specific 214 

information shown in Fig 1 and Table 1. The year’s wave data from 2022 are used to 215 

test and validate the model. Due to equipment issues and extreme weather conditions, 216 

some periods have missing data. Over 8000 data sets are available for the above buoy 217 

locations throughout 2022. 218 

 219 

Fig 1 Schematic diagram of the buoy locations 220 

Table 1 Buoy locations 221 

No. Buoy Station Latitude (°) Longitude (°) 

1 51000 23.528 153.792 

2 51001 24.453 162.000 

3 51002 17.043 157.742 

4 51003 19.196 160.639 

5 51004 17.533 152.255 

3. Wave Numerical Simulation Based on the WW3 Model 222 

3.1 Principles of the WW3 model 223 

For the numerical simulation of large-scale waves, wave models based on the 224 

spectral energy equation can accurately describe wave generation, propagation, and 225 

dissipation. As a representative third-generation wave model, WW3 has been widely 226 

used in global and regional wave simulations, marine hazard warnings, and climate 227 

research due to its computational efficiency (Mei, 1966). 228 

Wave energy (E) represents the total energy of the waves per unit area. By 229 

normalising wave energy with respect to frequency, wave action (A) is obtained. In non-230 

quiescent water environments, the work done by the current is on the mean momentum 231 
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transfer of waves. Under the influence of the current, frequency changes lead to the 232 

non-conservation of E, while A remains conserved. In the WW3 wave model, A and E 233 

are described in terms of their distributions in wave number-direction space through the 234 

wave action density spectrum (N) and the wave energy density spectrum (F), 235 

respectively. 236 
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

  (1) 237 
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In Eq. (1)-(2), σ=2πfr represents the frequency, k denotes the wave number, and θ 239 

represents the wave direction. 240 

The WW3 model numerically solves wave dynamics based on the wave action 241 

density spectrum. The calculation process incorporates the effects of wind fields, ocean 242 

currents, sea ice, and seabed topography. The physical processes are represented 243 

through source term parameterisation (Whitham, 1965; Bretherton and Garrett, 1968).  244 

 245 
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In Eq. (3)-(4), S represents the source terms, where Sln is the linear input term, Sin 248 

is the wind energy input, Snl denotes non-linear wave-wave interactions, Sds represents 249 

the dissipation term, Sbot is the wave-bottom interaction term, and Sice represents wave-250 

ice interaction term. 251 

3.2 The WW3 model setup and calibration 252 

This subsection employs the WW3 wave model to conduct a one-year numerical 253 

simulation of waves in the Hawaiian waters. Located in the central Pacific Ocean, this 254 

area is characterised by wide-open waters and complex sea states influenced by both 255 

local wind fields and remotely generated swells. During the WW3 simulations, the 256 

ERA5 dataset provides wind forcing, while the ETOPO1 dataset supplies bathymetric 257 

information. 258 

Distant waves affecting the Hawaiian waters (15°N–26°N, 164°W–150°W) are 259 
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considered using a nested approach. The size of the boundary sea area is important. A 260 

small boundary cannot account for long-distance swell propagation, while a large 261 

boundary increases computational cost and simulation time. Three schemes are 262 

designed to investigate the impact of boundary size on wave simulation accuracy in the 263 

target sea area, as detailed in Table 2. 264 

Table 2 Boundary sea area configuration schemes 265 

No. Boundary Sea Area Target Sea Area 

B1 — 

15°N-26°N; 164°W-150°W B2 0°N-41°N; 180°E-135°W 

B3 20°S-61°N; 160°E-115°W 

The influence of the three boundary schemes on wave simulation results is 266 

investigated through a boundary-domain size convergence analysis, as shown in Fig 2. 267 

0
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 Buoy

 WW3-B1

2022/09/05 2022/09/15 2022/09/25

 WW3-B2

 WW3-B3

 268 

Fig 2 WW3 simulation results under different boundary sea area at Buoy 51000 269 

The comparison shows that WW3-B3 better represents the wave conditions within 270 

the sea area, with simulated wave results in closer agreement with buoy measurements. 271 

Therefore, enlarging the boundary domain can improve the accuracy of wave 272 

simulations. However, a larger boundary domain is not always better, as it requires 273 

higher computational resources. The results show that the current scheme WW3-B3 274 

adequately represents the wave conditions in the study area. Therefore, this scheme is 275 

adopted to configure the boundary conditions for WW3 simulations in the Hawaiian 276 

region. Fig 3 illustrates the specific nested configuration used in the WW3 simulations. 277 
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 278 

Fig 3 Boundary condition setup scheme 279 

The WW3 model represents wind energy input, energy dissipation, and wave–280 

wave energy transfer through source terms. To evaluate the effects of wind input and 281 

dissipation on wave simulations in the Hawaiian region, the ST3 and ST4 schemes 282 

proposed by Ardhuin et al. are applied. The BJA scheme, which performs better under 283 

ST3, and the T471 scheme, which performs better with ECMWF wind forcing under 284 

ST4, are selected. The detailed parameter settings are provided in Table 3. In addition, 285 

the Discrete Interaction Approximation (DIA) proposed by Hasselmann et al. (1985) is 286 

applied to simulate nonlinear wave–wave interactions, with λnl set to 0.25 and C set to 287 

2.5 × 10⁷. Linear energy input is represented using the LN1 scheme of Tolman et al. 288 

(2008) to compute wave growth under initial conditions. the bed friction induced wave 289 

energy dissipation is modeled using the SOWEX formulation of Ardhuin et al. (2003). 290 

Moreover, as the Hawaiian region lies at the boundary between tropical and subtropical 291 

zones, sea ice effects on waves are not considered. 292 

Table 3 Source term configuration schemes 293 

No. Sin+Sds Parameter settings 

S1 ST3 BJA: zu=10; α0=0.0095; βmax=1.2; pin=2; zα=0.011; s1=0 

S2 ST4 T471: zu=10; α0=0.0095; βmax=1.43; pin=2; zα=0.006; s1=0.66 

1
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 294 
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Fig 4 WW3 simulation results under different source term schemes at Buoy 51000 295 

The results of two source term configurations are compared using buoy-observed 296 

wave heights, as shown in Fig 4. It can be seen that the WW3-S2 scheme aligns more 297 

closely with the buoy observations. Therefore, the ST4 scheme is selected for wave 298 

simulations in the Hawaiian region. 299 

The domain of the wave spectra is discretised into 36 directions, with 10° bins, 300 

and 47 frequencies spaced nonlinearly from 0.04118 Hz to 0.9254 Hz, employing a 301 

frequency increment factor of 1.07. The model requires the definition of four time steps: 302 

the maximum global time step (dtmax), the maximum CFL time step for x-y (dtxy), the 303 

maximum CFL time step for k-th (dtkθ), and the minimum source term time step (dtmin). 304 

These are set to 1800s, 600s, 900s, and 30s, respectively. This configuration defines the 305 

spatiotemporal discretisation settings for the WW3 simulation in the Hawaiian region 306 

for the period from January 1 to December 31, 2022. 307 

4.Wave Spectrum Bias Correction Method Based on Deep Learning 308 

4.1 The Ef -ANN model 309 

Artificial Neural Network (ANN), proposed by McCulloch and Pitts in 1943, is a 310 

data model inspired by the human brain’s neural network. It is widely used in tasks such 311 

as pattern recognition, data classification, regression prediction, and optimisation. The 312 

model transmits data through neurons and consists of input, hidden, and output layers. 313 

ANN learns the non-linear relationships between data by continuously optimising the 314 

connection weights between neurons in each layer.  315 

 316 

Fig 5 Schematic diagram of interneuronal information transmission 317 

The structure of the ANN is shown in Fig 5, and it can be represented by 318 
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In Eq. (5), x represents the model input, y represents the model output, l represents 320 

the current layer, j represents the neurons in the current layer, k represents the neurons 321 

in the upper layer, m represents the number of neurons in the upper layer, w represents 322 

the weights corresponding to each input element in the current neuron, and b represents 323 

the bias of the neuron. 324 

This study develops the Ef-ANN model based on the ANN to correct the wave 325 

energy spectrum (hereinafter denoted as Ef). The model targets the wave spectrum 326 

calculated by the wave model, using buoy measurements as a reference. The model 327 

effectively corrects the simulated wave spectrum by modelling the discrepancies 328 

between the two. This addresses the issue of differences between simulation results and 329 

actual wave conditions caused by the simplifications in physical process descriptions 330 

when solving wave dynamics numerically in models like WW3. The specific structure 331 

of the model is shown in Fig 6. 332 

 333 

Fig 6 Schematic diagram of the Ef-ANN model structure 334 

The Ef-ANN model constructed in this study consists of three components: Wave 335 

Model, Buoy Measurement, and ANN Correction. 336 

The Wave Model employs numerical wave models to generate a simulated wave 337 
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spectrum dataset (Ef_WW3). This module utilises wave models to numerically solve the 338 

wave energy spectrum within the target domain based on ocean surface wind fields and 339 

bathymetric information. To address the discrepancies between numerically simulated 340 

and buoy-measured wave spectra in the frequency domain, linear interpolation is 341 

applied to unify their spectral resolutions. The calculation method is as follows: 342 

 ( )1

1

( ) ( )
( ) ( ) i i

ndbc i ndbc i

i i

E f E f
E f E f f f

f f

+

+

−
= +  −

−
 (6) 343 

In Eq. (6), fndbc represents the buoy observation frequency, fi denotes the WW3 344 

simulated spectrum frequency, and E stands for the wave spectrum. After frequency 345 

alignment, the wave spectrum frequency range is 0.0425-0.485 Hz, with a total of 44 346 

frequency bins. In addition, considering the issues of missing or incomplete buoy data, 347 

the time series of wave spectra at specific locations is preprocessed using observational 348 

data as a reference. Finally, Ef_WW3 serves as the input for the ANN Correction module. 349 

The Buoy Measurement module constructs an observed wave spectrum dataset 350 

(Ef_Buoy) based on buoy data. Observational records from NDBC and other sources are 351 

processed using Gaussian filtering (Ito and Xiong, 2000). This smooths out abnormal 352 

fluctuations in the raw data, resulting in a preliminary smoothed spectrum. A peak 353 

restoration method is applied to preserve the original spectral shape’s dominant 354 

frequency and energy distribution characteristics. The specific calculation method is as 355 

follows: 356 
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In Eq. (7)-(10), G(t) represents the Gaussian kernel. G(m) denotes the discretised and 361 

truncated Gaussian kernel, typically represented as a symmetric sequence of length 362 
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2k+1. y0 denotes the original signal, and y0_max refers to the peak value in the original 363 

signal. yG represents the output signal after Gaussian filtering, while y is the final output 364 

after peak recovery. t is the independent variable, n indicates the index position, m 365 

represents the sliding window offset, s denotes the standard deviation of the Gaussian 366 

kernel, k is the Gaussian kernel radius, and β is the weighting coefficient for peak 367 

recovery.  368 

-4 -2 0 2 4
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)

t

Gaussian Kernel (s =1.5)

 369 

Fig 7 Shape of the Gaussian kernel 370 

For the buoy-observed wave spectrum, a Gaussian kernel G(x) is constructed using 371 

Eq. (7), generating a symmetric, centrally focused weighting function, as shown in Fig 372 

7. Eq. (8) applies convolution smoothing to the original signal. A symmetric window 373 

with radius k is used for local sliding weighted averaging of the observed wave 374 

spectrum y0, performed through the Gaussian kernel, which removes abnormal 375 

fluctuations and observational errors. The filtered signal yG is obtained, smoothing the 376 

observed wave spectrum. Eq. (9) extracts the peak values y0_max from the observed 377 

signal, retaining the dominant wave energy information. During the filtering process, 378 

extreme values are also smoothed, reducing the energy peak. Eq. (9) identifies and 379 

records the original spectrum's peak positions and corresponding energy levels. Eq. (10) 380 

restores the wave spectrum peaks. A weighting factor is introduced to merge the original 381 

values y0(np) and the filtered values yG(np) at the peak points, balancing the retention of 382 

the energy peak and the overall smoothing characteristics. The final output, y(n) is a 383 

smoothed signal with high fidelity. 384 

Additionally, data gaps resulting from extreme weather events or equipment 385 

failures are removed from the dataset. Finally, Ef_Buoy serves as the output for the ANN 386 

Correction module. 387 

The ANN Correction module corrects the wave spectrum (Ef). The module takes 388 
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the Ef_WW3 as input and outputs the Ef_Buoy. Both Ef_WW3 and Ef_Buoy have a data 389 

dimension of 44×6324, where 44 is the number of frequency bins, and 6324 represents 390 

the number of time steps. The module consists of an input layer, hidden layers, an output 391 

layer, and the model output. The input and output layers contain 44 neurons, 392 

representing the wave spectrum results corresponding to 44 frequencies at a single time 393 

step. The model uses three fully connected hidden layers, with 200, 200, and 100 394 

neurons, respectively. All hidden layers use the Rectified Linear Unit (ReLU) activation 395 

function to enhance the model’s ability to express nonlinearity. The output layer 396 

employs a linear activation function.  397 

The model processes the Ef_WW3 in batches during parameter training, which is 398 

read and fed into the network one time step at a time for forward propagation, and 399 

outputs the corrected wave spectrum (Ef_ANN). The model employs the Mean Squared 400 

Error (MSE) as the loss function to measure the difference between the model output 401 

and the observed spectrum (Ef_Buoy). During optimisation, the Adam optimiser 402 

(Diederik, 2014) is employed with a learning rate of 0.001. The number of training 403 

iterations is set to 200. This ultimately enables the correction of the wave spectrum (Ef). 404 

 

( )
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1

1
ˆ

n

i i

i

Loss y y
n =

= −
 

(11) 405 

In Eq. (11), n represents the number of samples, yi and ˆ
i

y   represent the actual 406 

values(Ef_Buoy) and model predicted values(Ef_ANN), respectively. 407 

In this study, wave spectra at five buoy locations provided by NDBC are updated 408 

every 0.5/1h. After temporal unification and missing-value processing, more than 8000 409 

sets of simulated and observed wave spectra are available at each buoy location. For 410 

each buoy, 70% of the spectra are randomly selected as training data, and the remaining 411 

are used as testing data to construct the dataset. The wave spectra at buoy 51000 are 412 

employed for model accuracy validation, while the other four buoys are used for model 413 

adaptability analysis. Ultimately, the Ef-ANN model is developed with Ef_WW3 as input 414 

and Ef_Buoy as output. By constructing the bias between numerically simulated wave 415 

spectra and buoy measurements, the model enables the correction of wave spectrum 416 

simulations within the study area. 417 
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4.2 Evaluation metrics 418 

To validate the model's accuracy, the mean absolute error (MAE), mean absolute 419 

percentage error (MAPE), root mean square error (RMSE), and Pearson’s correlation 420 

coefficient (r) are used as the accuracy evaluation metrics in this study. The specific 421 

calculation methods are shown in Eq. (12)–(15). 422 
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426 

In the above equations, n represents the sample size, while yi and i
y  represent the 427 

wave observation results and the wave calculation results, respectively. 428 

In addition, in order to further assess the accuracy of wave spectrum calculation, 429 

the spectral shape parameters Emax, Fp, Hs are introduced to evaluate the spectral peak 430 

value and spectral distance. 431 
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(18) 434 

In Eq. (16)-(18), Ef represents the wave spectrum, Hs is the significant wave height, 435 

Fp is the peak frequency, and Emax is the wave spectrum peak value. 436 
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5 Results and Discussion 437 

5.1 Model accuracy 438 

In this section, the accuracy of the Ef -ANN model is analysed. Four random time 439 

instances are selected to compare the wave spectrum results before and after correction 440 

by the model. The comparison includes the buoy-observed wave spectrum, WW3 441 

numerical simulation wave spectrum, and the wave spectrum corrected by the Ef-ANN 442 

model at different times. The results are shown in Fig 8. 443 
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Fig 8 Comparison of wave spectra before and after correction  

by the Ef -ANN model at Buoy 51000 

The comparison shows that after correction by the Ef -ANN model, the wave 444 

spectra are closer to the buoy measurements. The WW3 numerical simulation wave 445 

spectra reflect the frequency distribution and overall trend of the wave spectrum well, 446 

but there are still some discrepancies between the simulated and observed peak values 447 

at certain times. The Ef -ANN model can effectively correct the wave spectra and 448 
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reproduce the distribution of wave energy better. 449 

The MAE, RMSE, MAPE, and r are shown in Fig 9. At Buoy 51000#, the MAE, 450 

RMSE of the WW3 simulation are 0.62 m²Hz⁻¹, 1.13 m²Hz⁻¹, and the MAPE is 37.0%. 451 

After correction by the Ef -ANN model, the MAE, RMSE and MAPE significantly 452 

decrease compared to WW3, with MAPE decreasing to 27.6%. As shown in Fig 10, the 453 

regression equation for WW3 compared to the observations is y=0.660x+0.145, 454 

indicating a general underestimation in the computations. In contrast, the regression 455 

equation for Ef -ANN is y=0.856x+0.117. The spectral correlation improves from 0.83 456 

to 0.94. These results indicate that the Ef -ANN model effectively improves the 457 

simulation accuracy of the wave spectrum. 458 
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 459 

Fig 9 Comparison of accuracy before and after the Ef -ANN model at Buoy 51000 460 

  

(a) (b) 

Fig 10 Comparison of wave spectrum correlation before and after the Ef -ANN 

model at Buoy 51000 

Moreover, the accuracy of waves in extreme sea conditions is more important. The 461 

correction effect of the Ef -ANN model in medium to high sea conditions was analysed, 462 

and the results are shown in Table 4. 463 
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Table 4  Comparison of the Ef correction effect under high sea ststes at Buoy 51000 464 

Sea State WW3 Ef -ANN 

Level Hs MAE RMSE MAPE r MAE RMSE MAPE r 

6 2.0~3.0 0.52  0.98  33.5% 0.87  0.38  0.74  25.1% 0.94  

7 3.0~4.0 1.62  3.00  33.8% 0.85  0.93  1.84  22.0% 0.95  

8 4.0~5.5 3.58  6.30  33.5% 0.91  2.20  4.24  22.8% 0.96  

9 5.5~7.0 5.12  8.90  31.8% 0.91  2.89  5.40  18.8% 0.95  

By comparison, the Ef -ANN model shows higher accuracy in wave spectrum 465 

correction. The MAPE values under sea states of levels 6, 7, 8, and 9 are 25.1%, 22.0%, 466 

22.8%, and 18.8%, respectively, indicating a significant improvement over the WW3 467 

results. Additionally, the correction effect of the wave spectrum under sea states of 468 

levels 8-9 is demonstrated, as shown in Fig 11. It can further be seen that the model 469 

achieves high accuracy in extreme sea states, reducing the underestimation of wave 470 

calculations and better capturing peak values during extreme storms. 471 
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Fig 11 Comparison of wave spectra before and after correction  

under medium to high sea states at Buoy 51000 

To comprehensively evaluate the Ef -ANN model's correction performance, three 472 

parameters (i.e., Hs, Fp, and Emax) are used to calculate the accuracy of both the spectral 473 

width and the spectral peak. As shown in Table 5 and Fig 12, the MAPE for Hs, Fp, and 474 

Emax calculated by the Ef -ANN model decreases from 16.4%, 16.2% and 28.2% in WW3 475 

to 11.1%, 9.8% and 24.1%. In Fig 12, 10MAPE refers to 10 times the MAPE. The 476 
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correlation coefficients (r) improve from 0.94, 0.645 and 0.88 to 0.97, 0.789 and 0.93, 477 

respectively. These results demonstrate that the Ef -ANN model effectively enhances the 478 

accuracy of spectral shape parameter calculations and enables comprehensive 479 

correction of wave information. 480 

 481 

Table 5 Multi-metric combined validation at Buoy 51000 482 

 WW3 Ef -ANN 

 MAE RMSE MAPE r MAE RMSE MAPE r 

Hs 0.07 0.13 16.4% 0.94 0.04 0.07 11.1% 0.97 

Fp 0.013 0.022 16.2% 0.645 0.009 0.017 9.8% 0.789 

Emax 2.76 5.67 28.2% 0.88 2.02 3.89 24.1% 0.93 

 483 
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Fig 12 Comparison of spectral shape parameter accuracy at Buoy 51000 485 

Next, the improvement in the calculation accuracy of the wave spectrum and 486 

spectral shape parameters has been analysed. 487 
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(19) 488 

In Eq. (19), δ represents the reduction in MAPE for each parameter after correction 489 

by the Ef -ANN model. As shown in Table 6, for the Buoy 51000, the Ef -ANN model 490 

improves the accuracy of wave spectrum calculations by 25.6%. Among the spectral 491 

shape parameters, the greatest improvement is observed for Fp, with an accuracy 492 

enhancement of 39.3%. Hs follows, and Emax shows the smallest improvement. 493 

 494 
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Table 6 Percentage decrease in MAPE (δ) at Buoy 51000 495 

Parameter δ 

Ef 25.6% 

Hs 32.3% 

Fp 39.3% 

Emax 14.4% 

The temporal variations of Hs, Fp, and Emax are shown in Fig 13. Additionally, the 496 

specific observed and computed results for spectral parameters at times (a) and (b) in 497 

Fig 8 are shown in Table 7. Taking Hs as an example, the correlation between the 498 

calculated wave height and buoy observations before and after model correction is 499 

shown in Fig 14, where panels (a) and (b) represent the results before and after 500 

correction, respectively. After correction using the Ef-ANN model, the correlation 501 

between the computed Hs and the observations significantly improves, with a closer 502 

alignment to the perfect computation (y=x), and the underestimation is notably reduced. 503 

From the above comparisons, it can be concluded that the Ef -ANN model effectively 504 

corrects the wave spectrum and spectral parameters, significantly improving the 505 

simulation accuracy of the wave model. 506 

Table 7 Comparison of spectral parameter results before and after correction at 507 

Buoy 51000 508 

 Time a Time b 

 Buoy WW3 Ef -ANN Buoy WW3 Ef -ANN 

Hs (m) 0.489 0.387 0.491 0.151 0.144 0.165 

Fp (Hz) 0.078 0.083 0.078 0.130 0.130 0.130 

Emax (m
2Hz-1) 13.050 8.171 12.353 2.370 2.021 2.226 

 509 
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Fig 13 Comparison of spectral parameter results before and after correction at Buoy 

51000 with buoy data 
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(a) (b) 

Fig 14 Correlation comparison of Hs before and after correction at Buoy 51000 

 

Furthermore, this method is compared horizontally with existing studies on the 510 

accuracy of wave spectrum computation. Zhang et al. (2024) developed a wave 511 

spectrum correction approach using a Vision Transformer deep learning model to adjust 512 

the COFAST-SWIM wave spectrum. After correction, the correlation between the 513 

modelled spectrum and buoy-observed spectrum is 0.833, while the RMSE for 514 

significant wave height computation is 0.23 m.  515 

Hwang et al. (2024) proposed a wave spectrum computation model based on the 516 

DeCNN method, utilising wave parameters such as wave height and wave period as 517 

model inputs. The resulting Pearson correlation coefficients of the computed spectra at 518 

different buoy locations range from 0.89 to 0.95, and the RMSE of wave height 519 

prediction is 0.21–0.34 m. Wang et al. (2024) correct the WW3-simulated wave results 520 

using wave spectrum data observed by the CFOSAT satellite. After assimilation, the 521 

RMSE of the significant wave height is 0.322 m.  522 

In this study, after correction using the Ef -ANN model, the Pearson correlation 523 

coefficient of the wave spectrum is 0.94, while that of wave height is 0.97. These results 524 

indicate that, compared with existing approaches, the Ef -ANN model achieves higher 525 

computational accuracy. 526 

In addition, compared to traditional data assimilation methods, the Ef -ANN model 527 

for wave spectrum correction is not constrained by the observation time. Traditional 528 
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data assimilation methods rely on high-quality real-time wave data, with the 529 

assimilation results directly corresponding to the observation data in the time dimension. 530 

In contrast, once trained, the Ef -ANN model developed in this study can independently 531 

correct the wave spectrum. By learning the discrepancies between historical numerical 532 

simulation results and observational data, the model compensates for simulation biases 533 

caused by simplifications of physical processes or parameterisation errors, thereby 534 

improving the accuracy of wave spectrum correction. This model significantly reduces 535 

the dependence on real-time observational resources, allowing it to maintain high 536 

computational accuracy in wave spectrum correction even when data acquisition is 537 

delayed or restricted. 538 

However, the Ef -ANN model still has certain limitations. As shown in Fig 8(d), 539 

although the model improves the wave spectrum accuracy, but there are still some 540 

differences between the optimised spectrum and actual values at some time due to the 541 

input data limitations. Therefore, the model’s accuracy depends on the wave model’s 542 

calculation accuracy. Also, the improvement in Emax is slightly smaller than that of the 543 

wave spectrum and other parameters. 544 

5.2 Model adaptability 545 

Furthermore, the adaptability of the Ef -ANN model to different sea areas is 546 

analysed. The model is tested using four buoys (51001#-51004#) within the sea area. 547 

Two random time instances are selected for these buoy locations to compare the wave 548 

spectrum results before and after model correction. The specific results are shown in 549 

Fig 15- Fig 18. 550 

 551 
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Fig 15 Wave spectrum comparison before and after correction at Buoy 51001 
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Fig 16 Wave spectrum comparison before and after correction at Buoy 51002 
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Fig 17 Wave spectrum comparison before and after correction at Buoy 51003 
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Fig 18 Wave spectrum comparison before and after correction at Buoy 51004 

 

The comparison shows that the Ef -ANN model performs well at different locations 552 

and effectively corrects the WW3 wave spectrum. As shown in Table 8 and Fig 19, the 553 

Ef -ANN model significantly improves the wave spectrum accuracy compared to WW3. 554 

The MAPE decreases from 38.5%, 37.4%, 41.2% and 36.9% to 33.3%, 27.6%, 29.4% 555 

and 26.5% at four buoy locations. After correction, the spectral correlation exceeds 0.93 556 

at all locations. 557 

 558 

Table 8 Model adaptability analysis - wave spectrum 559 

 WW3 Ef -ANN 

 MAE RMSE MAPE r MAE RMSE MAPE r 

51001# 0.75  1.39  38.5% 0.83  0.48  0.91  33.3% 0.93  

51002# 0.44  0.84  37.4% 0.80  0.27  0.53  27.6% 0.94  

51003# 0.51  0.92  41.2% 0.80  0.32  0.61  29.4% 0.94  

51004# 0.48  0.88  36.9% 0.81  0.28  0.55  26.5% 0.94  

 560 
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Fig 19 Model accuracy comparison at multiple locations 562 

Furthermore, a multi-metric evaluation of the model correction is conducted using 563 

spectral shape parameters Hs, Fp, and Emax. As shown in Table 9, after correction by the 564 

Ef -ANN model, the MAPE of Hs does not exceed 12.9%, the MAPE of Fp does not 565 

exceed 10.5%, and the MAPE of Emax does not exceed 25.0%. The variation of spectral 566 

shape parameters over time is shown in Fig 20. 567 

Table 9 Model adaptability analysis - spectral shape parameters 568 

 Hs Fp Emax 

 WW3 Ef -ANN WW3 Ef -ANN WW3 Ef -ANN 

51001# 17.9% 
 

12.9% 
 

16.1% 
 

10.0% 
 

30.7% 
 

25.0 % 
 

51002# 14.6% 
 

10.2% 
 

20.3% 
 

10.5% 
 

29.8% 
 

24.3% 
 

51003# 17.9% 
 

11.4% 
 

18.0% 
 

9.9% 
 

29.7% 
 

23.5% 
 

51004# 16.3% 
 

9.9% 
 

19.4% 
 

10.4% 
 

30.9% 
 

22.7% 
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(c) 

Fig 20 Comparison of spectral parameter results before and after correction 

with buoy data at Buoy 51001 
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Fig 21 Improvement in the accuracy of spectral shape parameters 571 

Table 10 Percentage decrease in MAPE (δ) at different locations 572 

 Ef  Hs  Fp  Emax  

51001# 13.4% 27.9% 37.7% 18.7% 



Version submitted for publishing  

30 

 

51002# 26.2% 29.98% 48.3% 18.7% 

51003# 28.8% 36.2% 45.2% 21.0% 

51004# 28.1% 39.2% 46.4% 26.5% 

 573 

Additionally, as shown in Fig 21 and Table 10, the MAPE of the spectrum Ef at 574 

Buoy 51001-51004 decreases by more than 25% overall after model correction. The 575 

reduction at location 51001# is relatively low, at 13.4%. The MAPEs of the spectral 576 

parameters Hs, Fp and Emax decrease by at least 27.9%, 37.7% and 18.7%, respectively. 577 

It can be seen that the model can accurately correct the wave spectrum at different 578 

locations within the study area without relying on real-time observational data, thus 579 

overcoming the dependency on real-time observations inherent in traditional data 580 

assimilation methods. This further enhances the model’s adaptability and practicality 581 

in oceanographic forecasting applications. The results demonstrate that the Ef -ANN 582 

model shows good adaptability and can effectively correct the wave spectra at various 583 

locations within the sea area. 584 

6. Conclusions 585 

In this study, the Ef -ANN model is developed. The model employs deep learning 586 

methods to correct the wave spectrum by fitting the discrepancies between numerical 587 

simulation results and buoy measurement data. Through the analysis of the model’s 588 

accuracy and adaptability, the following conclusions are drawn: 589 

(1) The Ef -ANN model effectively improves the accuracy of wave spectrum 590 

computation and better reproduces the distribution of wave energy. After correction by 591 

the Ef -ANN model, the MAPE of the wave spectrum decreases from 37.0% for WW3 592 

to 27.6%. The spectral correlation increases from 0.83 to 0.94. The percentage 593 

decreases in MAPE (δ) for Ef, Hs, Fp, and Emax are 25.6%, 32.3%, 39.3% and 14.4%, 594 

respectively. 595 

(2) The Ef -ANN model demonstrates good sea area adaptability. Multiple buoy 596 

locations within the sea area are selected to test the Ef -ANN model. After correction by 597 

the Ef -ANN model, the MAPE of the wave spectrum decreases from a maximum of 598 

41.2% to 29.4%, and the correlation coefficient increases from 0.83 to 0.93. For key 599 
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spectral parameters, the final MAPE for Hs, Fp, and Emax are no higher than 12.9%, 10.5% 600 

and 25.0%, respectively.  601 

The results demonstrated that the proposed Ef -ANN provides a novel and effective 602 

method for wave spectrum computation, and it provides a comprehensive 603 

representation of the wave energy distribution. 604 
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