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A B S T R A C T

This study investigates the prediction of sea surface elevation spectra from pressure measurements using 
frequency-specific artificial neural networks (ANNs). Unlike traditional time-domain approaches, the proposed 
methodology employs spectral analysis to decompose pressure signals into discrete frequency components and 
applies compressive sampling for outlier handling at the preprocessing stage. A separate ANN is trained for each 
frequency, utilising the water depth and other scalar features—including the statistical properties of the pressure 
head (mean, variance, peak period, and the narrow-bandedness parameter) - as inputs. The models are trained on 
3005 samples, validated on 1252 samples, and tested on 751 samples. After model development, the ANNs were 
applied to a separate set of 100 previously unseen samples to evaluate the extrapolation framework. Model 
performance was assessed using a comprehensive set of error metrics. Results indicate that incorporating spectral 
features of pressure signals into ANN architectures provides a robust and efficient framework for sea surface 
spectra prediction, with potential applications in ocean and coastal engineering.

1. Introduction

Understanding and predicting hydrodynamic processes are essential 
for the design and operation of coastal and offshore infrastructure in 
ocean engineering. These applications include wave energy converters, 
offshore wind farms, maritime transport, and port structures that 
operate in dynamic marine environments. Ensuring their safety, effi
ciency, and durability requires detailed investigations of wave-structure 
interactions, hydrodynamic and mooring loads, and free surface dy
namics. Both physical and numerical experiments are widely used for 
this purpose. Experimental data are fundamental for model validation 
and refinement. Physical experiments generally provide higher accuracy 
but require greater resources and are therefore preferred when avail
able. However, data collection in ocean engineering experiments is often 
affected by sensor failures, environmental conditions, and data trans
mission errors. Missing or incomplete measurements create challenges 
in wave analysis, where gaps or inaccuracies in signals affect the accu
racy of estimated variables. Traditional approaches, including autore
gressive moving average (ARMA) models (Box et al., 2015), which have 
been widely applied in fields such as oceanography (Ge and Kerrigan, 
2016; Martzikos and Soukissian, 2017), statistical methods such as 
Kalman filtering (Evensen, 2003) and interpolation (Gambarelli et al., 

2024), and analytical techniques based on deterministic formulations, 
such as Fourier analysis (Laface et al., 2017; Massel, 2001) and differ
ential equations (Strogatz, 2014), have been used to refine and recon
struct time series data by leveraging temporal dependencies. In contrast, 
compressive sampling (CS), a sparsity-driven framework, offers an 
alternative approach for recovering signals from incomplete data 
(Candes and Wakin, 2008; Donoho, 2006; Malara, 2022). These methods 
provide useful approximations and can also be employed for short-term 
forecasting. However, they are constrained by fixed mathematical as
sumptions, which may limit their effectiveness in capturing complex 
physical processes.

To address these limitations, data-driven approaches, enhanced by 
advancements in artificial intelligence (AI), have gained attention for 
their ability to model complex nonlinear relationships efficiently in 
ocean engineering (Panda, 2023; Portillo Juan et al., 2023; Portillo Juan 
and Negro Valdecantos, 2022). AI techniques, particularly artificial 
neural networks (ANNs), have enabled significant progress in applica
tions such as forecasting (Fan et al., 2020; Jörges et al., 2021; Kagemoto, 
2020), load dynamics (Li and Choung, 2017; Martzikos et al., 2024; 
Sidarta et al., 2019), and signal reconstruction (Durán-Rosal et al., 2016; 
Li et al., 2025). Other methods, including deep neural networks (DNNs), 
long short-term memory models (LSTM), convolutional neural networks 
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(CNNs), genetic algorithm-assisted CNNs (GA + CNN), and random 
forests, have also demonstrated effectiveness in similar domains 
(Campos et al., 2021; Minuzzi and Farina, 2024; Wei and Davison, 2022; 
Yuan et al., 2024; Zanganeh, 2017). By leveraging large datasets, these 
approaches provide flexible and adaptive solutions that can outperform 
traditional analytical models.

One specific application of AI in ocean engineering is predicting sea 
surface elevation (SSE) from pressure head records, especially when 
missing data disrupt the signal or when outliers introduce in
consistencies that need correction. Traditional methods, such as CS, are 
widely used for wave signal reconstruction by relying on signal sparsity 
and are limited to filling gaps or extrapolating data via a predetermined 
representation of the process under examination (Malara, 2022; Malara 
et al., 2018). In contrast, ANNs provide a data-driven alternative that 
adapts to nonlinear and nonstationary relationships, making them more 
efficient in reconstructing the entire time series if required. Addition
ally, they can handle scattered missing data points rather than just 
sequential gaps, as often caused by sensor failures.

This study develops a framework that utilises spectral features of 
pressure signals to predict SSE, providing a data-driven alternative to 
time-domain and analytical methods. By decomposing pressure signals 
into discrete frequency components, the proposed approach enables a 
more detailed representation of wave characteristics. The findings have 
important implications for oceanographic modelling and the reliability 
of experimental observations in marine environments. In particular, this 
study serves as a basis for the construction of low-cost monitoring sys
tems to be employed in coastal areas or in the vicinity of marine in
frastructures. In this context, typical tools utilised for monitoring 
purposes are wave buoys, acoustic doppler current profilers (ADCP), 
satellite observations, high-frequency (HF) coastal radars, and ship
board observations, that are adopted with the purpose of estimating 
relevant statistical quantities, such as significant wave height and mean 
wave periods and directions (Pandian et al., 2010). Also, other notable 
options are available, such as the stereo – cameras (Benetazzo et al., 
2012). However, they are generally characterised by high costs of the 
equipment and, in case of stereo-cameras, by the need of highly per
formant post-processing units. Instead, sensors measuring water pres
sures are widely accessible even for low budget projects and do not have 
exorbitant computational requirements. Thus, they are ideal tools for 
building a low-cost wave measurement station.

The objective of this study is to assess the reliability of ANNs for 
predicting SSE from pressure head signals in the frequency domain. To 
this end, a modular frequency-domain neural network framework is 
proposed. Unlike previous approaches that typically operate in the time 
domain or rely on a single global model, the proposed method trains a 
distinct ANN for each spectral component. This architecture, based on 
the analytical independence of wave frequencies, allows each ANN to be 
independently trained, validated, and tuned. This modular approach 
facilitates systematic performance assessment across the spectrum, 
making it easier to detect underperforming models or anomalies and 
thus contributing to a more reliable framework. The use of field- 
measured pressure spectra as input increases the relevance of the 
framework for practical ocean monitoring applications, in contrast to 
methods relying on synthetic datasets. To the authors’ knowledge, this 
represents a novel application of ANNs for full-spectrum SSE extrapo
lation in the frequency domain from pressure data, based on an 
ensemble of frequency-specific models.

The remainder of this paper is structured as follows. Section 2 details 
the methodology, including theoretical background, data collection, 
data processing and feature extraction, model development, and the 
evaluation of the extrapolation framework. Section 3 presents the results 
and discussion, analysing overall performance using key error metrics. 
Finally, Section 4 summarises the main findings, discusses potential 
applications, and outlines future research directions.

2. Methodology

The methodological framework combines theoretical foundations 
and machine learning techniques. As a first step, the classical approach 
to deriving wave elevation spectra from pressure spectra is outlined, and 
its limitations—particularly its sensitivity to high-frequency attenu
ation—are discussed, motivating the development of the ANN-based 
method presented here. The development and evaluation of the pro
posed ANNs follow a structured process: beginning with data collection 
in the time domain, followed by preprocessing and feature extraction 
involving outlier correction, frequency-domain transformation, and 
feature normalisation. The data are then divided into frequency com
ponents and used to train ANNs corresponding to each frequency. The 
overall performance of the extrapolation framework is subsequently 
evaluated using a separate set of 100 previously unseen records.

2.1. Theoretical background and limitations

Random water wave fields are commonly represented via spectral 
representation under the assumption that the wave field is a Gaussian 
stationary ergodic random process (Ochi, 1998). Therefore, sea surface 
displacement η(t) and wave pressure heads ph(z, t) , at a given water 
depth z, can be expressed as the superposition of a large number N of 
harmonic components, as follows: 

η(t)=
∑N

i=1
ai cos(ωit+ εi), (1) 

and 

ph(z, t)=
∑N

i=1
ai

cosh[ki(d + z)]
cosh(kid)

cos(ωit+ εi), (2) 

where ai denotes the amplitude, ωi the radian wave frequencies all 
different from each other, εi a random phase angle uniformly distributed 
in [0,2π), d is the total water depth, and ki is the wave number associated 
with the wave frequency through the linear dispersion rule: 

ki tanh(kid)=
ω2

i
g
, for i=1,…,N (3) 

where the amplitudes ai are all infinitesimals of the same order, related 
to the wave frequencies via the power spectral density function of the 
free surface displacement process Sη(ω), as expressed by the equation: 

Sη(ω)δω=
1
2
∑

i
a2

i , for ω −
δω
2

< ωi < ω +
δω
2

(4) 

The ratio of hyperbolic cosines in Eq. (2) is commonly called atten
uation factor. It is a decaying function of the water depth and renders the 
physical evidence that the wave pressure head amplitude decays by 
moving away from the mean water level towards the seabed.

Clearly, sea surface displacement and pressure head can be analysed 
in frequency domain by Fourier transform of Eq. (1) and of Eq. (2). By 
doing that, it is seen straightforwardly that the spectra of these quanti
ties are related to each other by the equation: 

Sph (ω)= Sη(ω)
cosh2

[k(d + z)]
cosh2

(kd)
, (5) 

where Sph (ω) denotes the power spectral density function of the wave 
pressure head ph.

The direct relationship between Sη(ω) and Sph (ω) suggests the idea 
that only one quantity is sufficient to determine the spectrum of either 
η(t) or ph(z, t), given that the square of the attenuation factor can be 
computed directly over the relevant frequency domain. This fact can be 
used to show a classical result of the sea states theory: the spectra of the 
wave pressure heads are narrower than the ones of the free surface 
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displacement. Indeed, the squared attenuation factor in Eq. (5) decays 
rapidly in the high frequency tail of the spectrum Sη(ω). Thus, rendering 
the cut-off of the high frequency tail of the wave pressure head spectrum 
(Boccotti, 2000a). However, the computation of the sea surface 
displacement spectrum Sη(ω) from a wave pressure head spectrum 
Sph (ω) can be a daunting task. Indeed, the inverse of the attenuation 
factor is exponentially dependent on the wave frequency ω, so that a 
direct application of Eq. (5) would lead to a physically inconsistent 
spectrum in the high frequency region. The methodology described in 
the following sections allows for circumventing this problem by 
leveraging a specifically designed ANN architecture.

2.2. Data collection

The dataset utilised in this study was derived from field experiments 
previously conducted at the Natural Ocean Engineering Laboratory 
(NOEL) at the Mediterranea University of Reggio Calabria, Italy. NOEL’s 
infrastructure, designed for real-time monitoring of natural sea condi
tions, facilitated the collection of data under uncontrolled field condi
tions. These experiments focused on small, wind-driven sea states, 
characterised by typical significant wave heights ranging from 0.20 m to 
0.80 m and peak wave periods between 2.0 and 3.6 s, resembling 
JONSWAP spectra. The data were extracted from a database comprising 
records recorded continuously between 2016 and 2018. Specifically, in 
this work, a sample of collected data between July 15, 2016 and January 
3, 2018 was used. Each record is 10 min long with a sampling frequency 
of 10 Hz, and the measurements were conducted in shallow water, with 
a total depth of approximately 4 m. The monitoring activity relied on the 
use of ultrasonic probes placed above the mean water level and on 

pressure transducers placed below the mean water level under the ul
trasonic probe (see Fig. 1). Two ultrasound – pressure transducer pairs 
have been used during the whole monitoring activity in order to ensure 
redundancy of measurements. In both cases, the transducer has been 
placed at a distance of 1.05 m from the seabed, and the ultrasound has 
been placed at a distance of 2.62 m from the pressure transducer. The 
two pairs of sensors operated at a distance of 1.44 m, which ensured the 
absence of mutual interferences between the sensors.

2.3. Data processing and feature extraction

Before processing the data, the signals were checked for outliers that 
may have been caused by sensor-related discontinuities and anomalies 
not corresponding to real measurements. To identify these outliers, a 
conservative threshold was applied based on prior laboratory experi
ence. In this approach, values exceeding the mean ± 5⋅std were consid
ered outliers and treated as missing data. These were subsequently 
reconstructed using the CS method described by Candès et al. (2006). 
This methodology was employed to restore corrupted signals by treating 
the identified outliers as gaps, thereby enforcing the data reconstruction 
via an L1-norm minimisation procedure.

Subsequently, the time-domain signals ph(z, t), η(t), representing 
wave pressure head and sea surface displacement respectively, each 
consisting of 6000 values per record, were transformed into the fre
quency domain using the method described by Boccotti et al. (2011). 
The resulting power spectral density functions, denoted as Sph (ω) and 
Sη(ω), were obtained by applying the Fourier transform of the detrended 
time series. Prior to transformation, the mean was removed from each 
signal to eliminate the direct current (DC) component and focus the 
spectral analysis on dynamic fluctuations. The spectral density was 
computed by estimating the squared amplitude of the Fourier co
efficients, followed by frequency binning to obtain the power spectral 
density. Both spectra were normalised with respect to the pressure 
variance and interpolated over a fixed non-dimensional frequency grid 
comprising 100 values to ensure consistency across records and 
construed by normalising the dimensional frequency values by the 
pressure peak frequency value ωp. Further, following Boccotti et al. 
(2011), a low-frequency cut-off and a high-frequency cut-off were 
introduced, respectively, at 0.5ωp and 5.0ωp. The first frequency allowed 
excluding from the computation low frequency phenomena, such as 
tidal variations, that are not relevant in the definition of wind-wave 
spectra characteristics; the second frequency allowed ignoring the 
contribution of negligible high frequency components. In this regard, 
note that typical wind-wave generated seas have a power law decaying 
pattern ensuring that a negligible energy content is comprised in the 
frequency band ω > 3.0ωp. Therefore, the threshold utilized in this 
analysis ensures capturing most of the sea frequency content.

In addition to the normalised frequency spectra of the wave pressure 
and sea surface displacement obtained above, other scalar parameters 
were computed from both the time and frequency domain to support 
processing and analysis. These include the peak spectral period Tp, the 
variance and mean of the measured pressure head signal ph(z, t), the 
water depth (d), and the narrow-bandedness parameter ψ*, providing a 
comprehensive description of the wave field. The parameter ψ* is 
defined as: 

ψ* =

⃒
⃒
⃒
ψ(Τ*)

ψ(0)

⃒
⃒
⃒ (6) 

where ψ is the autocovariance function of the surface elevation time 
series, T* is the time lag corresponding to the absolute minimum of 
function ψ and ψ(0) is the autocovariance at zero lag, which corresponds 
to the variance of the signal. Lower values of ψ* indicate broader 
spectra, while higher values suggest narrower spectral distributions. 
Based on extensive field measurements at NOEL, Boccotti (2000b)

Fig. 1. Sensors used for recording the water pressure (pressure transducers) 
and the free surface displacement (ultrasonic probes). The pressure transducers 
were located 1.05 m above the seabed and the ultrasonic probes 2.62 m above 
the transducers. The total water depth during the measurements was approxi
mately 4 m.
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reported that typical wind-generated waves exhibit ψ* values within the 
range of 0.65–0.75, with a value of approximately 0.73 for the mean 
JONSWAP spectrum. This range is used as a reference when analysing 
wave conditions, and ψ* can therefore serve as a reliable indicator for 
distinguishing purely wind-driven waves from mixed or 
swell-influenced sea states. This limitation is also considered in the 
present study to assess the spectral characteristics, resulting in the se
lection of 5009 files used in this application.

Prior to model development, the aforementioned parameters that 
were neither already normalised nor inherently confined to the [0,1] 
range were normalised to ensure consistent scaling across the dataset 
and uniform magnitude among features. A min-max scaling approach 
was applied, using the global minimum and maximum values calculated 
from the entire dataset. Each parameter was transformed according to 
the formula: 

xnorm =
x − xmin

xmax − xmin
(7) 

2.4. Model development

After splitting each record into 100 frequency components, corre
sponding to specific indices derived from the spectral analysis described 
in the previous section, a separate dataset was created for each fre
quency, and an individual ANN was trained for each component, 
resulting in 100 models. While the framework involves 100 frequency- 
specific ANNs, these models are not developed in parallel but indepen
dently and sequentially, making it easier to detect and isolate perfor
mance issues at specific frequencies and reducing the risk of local errors 
affecting the full-spectrum extrapolation.

An overview of this workflow is illustrated in Fig. 2. The six scalar 
features used as inputs to the ANN models include: water depth, the 
value of the power spectral density function of the wave pressure head at 
each frequency, peak spectral period Tp, variance and mean of the 
pressure head, and the narrow-bandedness parameter ψ*.

Accordingly, each of the 100 frequency-specific ANNs is structured 
with six input nodes (one per feature) and a single output node corre
sponding to the predicted value of the SSE spectrum Sη(ω) at that fre
quency. The models were developed and trained in Python using 
TensorFlow (2024), based on the previously extracted and normalised 
variables, as summarised in Table 1. The dataset was randomly split to 
ensure robust training and evaluation, with 60 % (3005 samples) used 
for training, 25 % (1252 samples) for validation, and 15 % (751 sam
ples) for testing.

Alternative modelling approaches, such as using a single ANN to 
predict the entire SSE spectrum directly from the pressure spectrum, 
were initially explored. However, these attempts led to unstable results 

and limited accuracy. This motivated a different strategy in which each 
frequency is modelled separately using its own ANN, taking into account 
the physical interpretation of the wave spectrum. This approach is 
consistent with conventional practices in ocean engineering, where the 
frequency components are commonly analysed independently. The 
resulting architecture improved training stability enabled clearer 
interpretation of results, and aligned more closely with established wave 
analysis methods.

Hyperparameter tuning for each model was conducted using 
Bayesian Optimisation, enabling systematic exploration of the model 
architecture and training parameters. To identify the most suitable 
network architecture, 30 Bayesian Optimisation trials were conducted 
for each frequency model, testing various combinations of nodes, layers, 
and dropout rates, with the architecture that minimised the validation 
loss being selected. The tuned hyperparameters and training settings are 
summarised in Table 2. Key parameters included the number of hidden 
layers, units per layer, activation functions, dropout rates, and the 
learning rate, which followed an Exponential Decay schedule to improve 
convergence.

Fig. 2. Workflow for predicting the sea surface elevation spectrum Sη(ω) using frequency-specific ANNs. Each ANN is trained with six scalar input features derived 
from frequency- and time-domain processing of the wave pressure signal ph(z, t), including: the pressure spectral density Sph (ω), the peak spectral period 
Tp, the mean and variance of ph, the water depth d, and the narrow-bandedness parameter ψ*.

Table 1 
Input features and target variable used for training the frequency-specific ANN 
models.

Variable Symbol Unit Type

Water depth d m Input
Power spectral density of wave pressure head Sph (ω) m2/Hz Input
Wave peak period Tp s Input
Variance of Pressure head σ2

ph
m2 Input

Mean of Pressure head μph
m Input

Narrow-bandedness parameter ψ* – Input
Power spectral density of sea surface elevation Sη(ω) m2/Hz Target

Table 2 
Overview of hyperparameters and training configurations for the ANN 
models.

Parameter Value

Batch size 32
Number of epochs 1000
Early stopping patience 10 epochs
Initial learning rate 10− 4-10− 2

Decay rate of learning rate 0.9
Decay steps 1000
Number of hidden layers 1–3
Units per hidden layer 32–128
Activation functions ReLU, Tanh, SELU
Dropout rate 0.1–0.3
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The models were trained using the Adam optimiser with a loss 
function designed to minimise the squared differences between pre
dicted and actual values. Each network was trained for up to 1000 
epochs, with early stopping applied to prevent overfitting. At this phase, 
cross-validation was not performed, as training 100 ANNs—each cor
responding to a specific frequency—already provides insight into model 
performance variability. The need for cross-validation will be recon
sidered if required for a more robust uncertainty estimation.

Model performance was primarily assessed using the Root Mean 
Square Error (RMSE) and the Normalised Root Mean Square Error 
(NRMSE), which evaluated the accuracy between predicted and actual 
values. These metrics are defined as follows: 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

t=1

(
yt,predicted − yt,actual

)2
√

(8) 

NRMSE=
RMSE

ymax − ymin
⋅100 (9) 

During training, the Mean Squared Error (MSE) was employed as the 
loss function to minimize the difference between predicted and actual 
values. It is defined as: 

MSE=
1
n
∑n

t=1

(
yt,predicted − yt,actual

)2
(10) 

Where yt,predicted and yt,actual denote the predicted and actual values of the 
sea surface elevation spectrum Sη(ω) at the t-th frequency component. 
The terms ymax and ymin refer to the global maximum and minimum 
values of the target spectrum Sη(ω), calculated across all records for each 
frequency and n is the number of frequency components in the spectrum 
(i.e., n = 100).

2.5. Evaluation of the extrapolation framework

After model development, the trained ANNs were evaluated not only 
to assess individual model performance, but also to validate the overall 
extrapolation framework, in which outputs from all 100 frequency- 
specific models are combined to reconstruct the SSE spectrum. For this 
purpose, a separate set of 100 previously unseen records was used. These 
records were randomly selected from the original dataset and were not 
included in the training, validation, and testing phases. For each record, 
the input features corresponding to each frequency were fed into the 
respective ANN, and the resulting predictions were aggregated to 
reconstruct the complete normalised spectrum.

Following prediction, the outputs were denormalised to restore the 
original scale of the SSE spectrum. The 100 reconstructed spectra were 
then compared to the original spectra to evaluate prediction accuracy. 
This evaluation included the computation of RMSE, NRMSE to quantify 
differences between the predicted and actual values. In addition, Mean 
Absolute Error (MAE) was also estimated based on absolute differences: 

MAE=
1
n
∑n

t=1

⃒
⃒
⃒yt,predicted − yt,actual

⃒
⃒
⃒ (11) 

To complement the error metrics, the coefficient of determination R2 

was also computed to quantify how well the predicted spectra align with 
the actual spectra, as follows: 

R2 =1 −

∑n

t=1

(
yt,predicted − yt,actual

)2

∑n

t=1

(
yt,actual − yactual

)2 (12) 

Where yt,actual, yt,predicted represent the actual and the predicted values of 
the SSE spectrum Sη(ω) at the t-th frequency component, with t = 1,…,

100, and yactual denotes the mean of the actual spectrum Sη(ω) across 

frequencies per record.
To complement the numerical results, plots comparing actual and 

predicted SSE spectra were generated, providing visual insight into the 
prediction quality across the frequency domain.

3. Results and discussion

The time-domain pressure head ph(z, t) and sea surface elevation η(t)
signals, each comprising 6000 samples per record, constitute the dataset 
used for developing the ANN models. Both signals were first processed to 
identify and reconstruct anomalies and then transformed into the fre
quency domain as described in Section 2.3. This transformation resulted 
in the wave pressure spectrum Sph (ω) and the SSE spectrum Sη(ω).

Fig. 3 presents a representative example of these two initial steps 
(outliers handling and spectral transformation) applied to the η(t) sig
nals, where anomaly correction was more frequently required due to the 
nature of the data. The visual representation of ph(z, t) signal is omitted 
here, as they exhibited fewer anomalies and would not offer additional 
insight. The raw SSE signal (Fig. 3a) shows visible anomalies, which 
were addressed using the outlier detection and reconstruction method. 
The corrected signal (Fig. 3b) displays improved continuity, enabling 
more accurate spectral analysis. Subsequently, the signal was trans
formed into the frequency domain (Fig. 3c), highlighting the dominant 
wave components.

After these steps, the normalised Sη(ω) was used as the target vari
able, and the corresponding pressure head spectrum Sph (ω), along with 

other five extracted scalar features (d,Tp, σ2
ph
, μph

,ψ*
)

served as the input 

to each frequency-specific ANN.
The RMSE during the training process was analysed to characterise 

the convergence behaviour and performance of the models. The training 
of the 100 ANNs was optimised using Bayesian optimisation with early 
stopping to ensure efficient convergence and prevent overfitting. Each 
model corresponds to a specific frequency component of the SSE spec
trum, with the complete frequency-domain representation recon
structed by aggregating the predictions from all 100 models.

Fig. 4 illustrates the number of epochs required for convergence 
across all frequency models. Most models converged within 20–50 
epochs, indicating a stable and efficient training process. A few outliers 
required over 80 epochs to converge, potentially due to the increased 
complexity or variability of certain frequency components. Nonetheless, 
the loss curves for these models (Fig. 5a–c) demonstrated stable 
convergence, suggesting that the extended training was necessary to 
capture more subtle spectral features rather than resulting from training 
instability.

Fig. 6 (a)and (b) show the RMSE and NRMSE values across fre
quencies. As expected, RMSE values Fig. 6 (a) are higher at lower fre
quencies due to the larger magnitudes of the target spectrum in this 
range. However, because RMSE is scale-dependent, it does not allow for 
direct comparison of model performance across frequencies. Instead, 
NRMSE provides a normalised measure that enables such comparisons. 
Fig. 6 (b) shows that NRMSE remains consistently low across most fre
quencies, with the majority of values below 13 %, and only a few higher 
outliers at higher frequencies. These results indicate that the training 
approach and selected hyperparameters were appropriate, supporting 
the effectiveness of the ANN models for frequency-domain SSE predic
tion. Moreover, the variation in RMSE across the 100 frequency-specific 
ANNs is small, as shown in Fig. 6 (a), indicating that the models achieve 
similar levels of accuracy. This consistency in performance suggests that 
the training and validation procedure used for each model is sufficient, 
making additional cross-validation unnecessary for robust uncertainty 
estimation in this study.

After developing the ANNs, a separate batch of 100 previously un
seen records was set aside to evaluate the extrapolation framework, as 
described in Section 2.5. For each record, the input features corre
sponding to all frequencies were processed through their respective 
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frequency-specific ANNs to predict the SSE spectrum component. These 
predicted components were then aggregated to reconstruct the full SSE 
spectrum for each record. To ensure a balanced assessment of prediction 
accuracy, three error metrics were computed (RMSE, NRMSE, and MAE) 
by comparing the actual and reconstructed spectra.

Fig. 7 Shows the distribution of these errors across the 100 evalua
tion records, with a colour gradient representing the narrow-bandedness 
parameter (ψ*), to explore whether prediction accuracy is influenced by 
spectral shape. RMSE and MAE differ in their sensitivity to large errors, 
as RMSE penalises large deviations more heavily, whereas MAE provides 
a more direct measure of average absolute error. In this case, this dif
ference affects only the magnitude of the errors, as both metrics exhibit 
similar distributions in Fig. 7 (a) and 7 (c), with most errors close to zero. 
Fig. 7 (b) shows that the majority of NRMSE values are below 25 %, 
although a few cases exceed this threshold, reflecting reduced prediction 
accuracy in those cases. However, the colour gradient does not reveal a 
consistent relationship between high error magnitude and ψ*, suggest
ing that the narrow-bandedness parameter is not a dominant factor 
affecting performance. Large errors are not consistently associated with 

Fig. 3. Sea surface elevation (SSE) signal processing steps: (a) the raw SSE as recorded by the ultrasonic probe in the time domain, (b) the corrected SSE after outlier 
removal, and (c) the corresponding energy spectrum Sη(ω) obtained through the conversion to the frequency domain.

Fig. 4. Number of epochs required to train the ANNs across different fre
quency indices.

Fig. 5. Training and validation loss for the ANN models requiring the highest number of epochs (a–c).
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Fig. 6. Distribution of RMSE (a) and NRMSE (b) values for the trained ANNs across different frequency indices.

Fig. 7. Error metrics—RMSE (a), NRMSE (b), and MAE (c)—across the 100 records used to evaluate the extrapolation framework, shown in relation to the narrow- 
bandedness parameter (ψ*).

Fig. 8. Comparison of actual and predicted sea surface energy spectrum Sη(ω) (a–c) and the corresponding scatter plots (d–f) for three records used to evaluate the 
extrapolation framework.
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either more irregular sea states (low ψ*) or narrow-banded conditions 
(high ψ*). Overall, most points cluster in low-error regions, highlighting 
the robustness of the trained ANNs when applied in a full-spectrum 
extrapolation framework.

Fig. 8 Compares actual and predicted SSE spectra in the frequency 
domain (a-c) along with corresponding scatter plots (d-f) for three 
representative records, from the 100 previously unseen cases used to 
evaluate the extrapolation framework. The predicted spectra closely 
follow the actual spectra, accurately capturing peak frequencies and 
energy distributions, with minor discrepancies at higher frequencies 
where energy content is low. The scatter plots show a strong alignment 
of data points along the 1:1 line, indicating high predictive accuracy, 
supported by R2 values around 0.980. These results demonstrate the 
model’s ability to explain over 98 % of the data variance, with minimal 
deviations at higher actual values. Given the absence of directly com
parable studies in physical experiments, to the best of the authors’ 
knowledge, these findings provide a valuable reference for future 
research on ANN-based SSE spectrum extrapolation, providing a foun
dation for further methodological developments.

While the proposed framework demonstrates strong predictive per
formance under the examined conditions, several limitations should be 
acknowledged. The NOEL dataset used for model development reflects 
the prevailing conditions at the measurement site, which are charac
terized by relatively low, wind-driven sea states and a configuration 
involving both pressure sensors and ultrasonic probes. As such, the 
framework has not been validated in environments characterised by 
strong nonlinearities—such as wave breaking, shallow-water in
teractions, or storm conditions—where linear theory may no longer be 
valid. Its generalisation to different sensor configurations or geographic 
locations may also be constrained if the training data is not sufficiently 
representative. Nevertheless, the approach can be readily applied to 
other nearshore environments or field stations that employ similar 
instrumentation and experience comparable sea states. Finally, although 
the modular ANN architecture results in increased computational cost, 
the framework remains computationally feasible and can be executed on 
a typical personal computer without requiring specialised hardware. 
This choice was motivated by preliminary tests, in which alternative 
architectures—such as global ANNs—exhibited unstable training and 
reduced accuracy. In contrast, the frequency-specific formulation 
adopted here, guided by the physical interpretation of wave spectra and 
grounded in the analytical independence of frequency components, 
proved more effective in this context, resulting in stable training and 
improved accuracy.

4. Conclusions

This study presents a neural network framework for extrapolating 
SSE spectrum from pressure measurements in the frequency domain. By 
decomposing pressure signals into discrete frequency components and 
training separate ANNs for each frequency, the proposed approach 
effectively describes the spectral characteristics of the wave field. The 
extrapolation framework was evaluated on 100 previously unseen re
cords using error metrics such as RMSE, NRMSE, and MAE, with results 
indicating accurate predictions across most frequencies.

Spectral features were used as input variables to estimate SSE spec
trum Sη(ω), offering an alternative approach to traditional time-domain 
methods, particularly when dealing with missing data and sensor fail
ures. Applying outlier handling in raw data through compressive sam
pling, transforming it into the frequency domain and normalising 
proved an effective preprocessing strategy.

The methodology demonstrated generalisation capabilities, with 
most models converging within 50 epochs. The RMSE was close to zero 
across most frequencies, with larger values observed at lower fre
quencies—an expected outcome due to the higher energy content in this 
range. However, these components contribute relatively little to the 

overall signal and can be reasonably disregarded. At higher frequencies, 
variations were less pronounced, reflecting the lower energy associated 
with those components. When evaluated using the more informative, 
scale-independent NRMSE metric, most frequency-specific ANNs ach
ieved errors below 13 %, with only a few outliers, thereby demon
strating the robustness and accuracy of the proposed framework.

The narrow-bandedness parameter ψ* did not show a consistent in
fluence on model performance, suggesting that the framework gener
alises well across different spectral shapes within the examined range. 
This is further supported by the strong agreement between actual and 
predicted spectra observed in Fig. 8, with R2 values around 0.980 across 
representative cases. These results indicate that the approach is suitable 
for the sea states examined in this study, which are representative of 
wind-generated waves.

In addition to its predictive performance, the proposed framework 
introduces a modular architecture that reflects the analytical indepen
dence of frequency components and enables independent development 
and evaluation of each ANN. This structure allows for the identification 
of frequency-specific modelling issues and improves uncertainty control 
compared to more compact or global ANN architectures.

The proposed framework has practical implications for ocean engi
neering applications that involve oceanographic monitoring and where 
reliable wave data reconstruction is required.

Future studies could examine the application of this framework to a 
wider range of sea states, including swell-dominated environments, 
consider the inclusion of additional input features, or investigate other 
machine learning architectures, such as convolutional neural networks 
(CNNs) or genetic algorithm-assisted CNNs (GA + CNNs), to evaluate 
potential differences in predictive performance.
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