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Abstract
This study presents an integrated experimental and computational analysis of hybrid floating breakwaters and Wave Energy
Converters (WECs). Laboratory experiments were carried out at the Hydraulic Laboratory at Port Said University using
floating breakwaters with different rear-wall designs. Based on the experimental data, a novel Ensemble Floating Breakwaters
Prediction (EFBP) model was created by combining three Artificial Intelligence (AI) techniques: Artificial Neural Networks
(ANN), Support Vector Machines (SVM), and Gene Expression Programming (GEP). The ensemble method leverages
the complementary strengths of these algorithms by averaging to improve prediction reliability and accuracy. The EFBP
model showed exceptional performance (R2 � 0.9928, MSE � 1.4543 × 10-4), surpassing all individual models. This
research establishes the EFBP as a robust predictive tool for optimizing hybrid floating breakwater-WEC systems, aiding the
development of sustainable marine energy technologies.
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Symbols

d Water depth [m]
L The incident wavelength [m]
d1 The immersed front wall [m]
d2 The immersed rear wall [m]
da The diameter of pneumatic air [m]
A Swept area of the turbine [m2]
B Width of model [m]
T Wave period [s]
γ w Specific weight of water [N/m3]
V Velocity [m/s]
P Internal chamber power amplitude [W]
ρ Density of water, [kg/m3]
Ht Transmitted wave height [m]
Hr Reflected wave height [m]
Hi Incident wave height [m]
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Cr Reflection coefficient
Ct Transmission coefficient
Ce The energy coefficient
RMSE Root Mean Square Error
MAE Mean Absolute Error
R2 Correlation coefficient
MSE Mean Squared Error

Abbreviations

SGD Sustainable Development Goals
FBs Floating Breakwaters
OWC Oscillating Water Column
WEC Wave Energy Converter
AI Artificial Intelligence
ML Machine Learning
ANN Artificial Neural Networks
GP Genetic Programming
SVM Support Vector Machines
GEP Gene Expression Programming
PSO Particle Swarm Optimization
EFBP Ensemble Floating Breakwater Prediction
WG Wave Gauge
PG Pressure Gauge
PTO Power Take Off
FPV Final Prediction Value

1 Introduction

Coastal regions worldwide face intensifying threats from
climate change and human activities, resulting in shoreline
erosion, environmental degradation, and increasing energy
demands. This is particularly acute in developing nations.
Addressing these interconnected challenges requires inno-
vative, multipurpose coastal infrastructures that combine
protective functions with sustainable energy generation.
Hybrid floating breakwaters (FBs) integrated with Wave
Energy Converters (WECs), particularly Oscillating Water
Column (OWC) devices, offer a promising dual-purpose
solution by attenuating wave energy and producing clean
energy. These systems directly support key United Nations
Sustainable Development Goals (SDG 7, 9, 11, 13, 14 &
15) (Fan et al. 2023; Harikrishnan and Sreedharan 2025)
and strategic national visions, such as Egypt’s Vision 2030,
which emphasizes climate adaptation and renewable energy.
Furthermore, advances in Machine Learning (ML) and Arti-
ficial Intelligence (AI) present transformative opportunities
for optimizing the design and performance of these complex
systems.

A critical factor in the performance of FB-OWCsystems is
their geometric configuration. Extensive research has inves-
tigated the influence of parameters such as the floating body
shape (e.g., horizontal, slope, A-type, U-type, pontoon) and
the internal geometry of the OWC’s pneumatic chamber on
hydrodynamic performance and energy extraction (Kennedy
and Marsalek 1969; Harms 1979; Bishop 1982; Zhang et al.
2018; Howe et al. 2020; López et al. 2021; Çelik 2022).
Studies have demonstrated that modifications to the cham-
ber’s front wall, rear wall, stepped bottom, or underwater lips
can significantly enhance performance (Ashlin et al. 2016;
Elhanafi et al. 2017). For instance, surging front-wall config-
urations (Deng et al. 2013),U-shaped chambers (Malara et al.
2017), and floating rear bottom corners (Jalani et al. 2022)
have all been demonstrated to improve pneumatic chamber
efficiency.Crucially, these findings collectively highlight that
the geometry of the floating structure’s walls, particularly the
rear wall, exerts a dominant influence on the internal air col-
umn behavior and, consequently, on the primary conversion
efficiency.

However, these approaches are insufficient to predict
performance parameters such as wave transmission (Ct),
reflection (Cr), and energy coefficients (Ce), particularly for
complex hybrid structureswith varying rear-wall geometries.
These limitations lead researchers to explore Artificial Intel-
ligence (AI) techniques as amore reliable approach. In recent
decades, the use of AI techniques to forecast wave hydrody-
namic coefficients and to evaluate breakwater-WEC systems
has been the subject of numerous studies. Artificial Neu-
ral Networks (ANNs), Support Vector Machines (SVMs),
Genetic Programming (GP), Gene Expression Programming
(GEP) illustrate the progression from straightforward single-
method implementations to increasingly sophisticated and
integrated frameworks. (Deo et al. 2001; Deo and Jagdale
2003; Castro et al. 2014; Elbisy 2015; Robertson et al. 2017;
Oliver et al. 2021). Artificial Neural Networks (ANNs) are
widely used with high accuracy for a variety of coastal engi-
neering predictions and designs, including wave–structure
interactions, wave transmission, seawall erosion, and seabed
changes (Clauss et al. 1992; Jeng et al. 2004; Tseng et al.
2007; Lee et al. 2009; Alshahri and Elbisy 2023; Portillo
et al. 2024; Nawaz et al. 2025). Support Vector Machines
(SVMs) are noted for their strong generalization capability
and resistance to overfitting, making them robust for tasks
such as breakwater stability prediction and wave hydrody-
namics forecasting (Han et al. 2007; Samui and Dixon 2012;
Suykens and Vandewalle 1999; Cogdill and Dardenne 2004;
Van Gestel et al. 2004; Kim et al. 2014; Gupta and Kar-
makar 2023; Alshahri and Elbisy 2023). Gene Expression
Programming (GEP) offers a distinct advantage by generat-
ing explicit, interpretablemathematical formulas,whichhave
proven valuable in predicting wave setup, breakwater behav-
iors, and seabed sedimentation (Guven and Gunal 2008;
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Hashmi et al. 2011; Azamathulla 2012). Recently, hybrid
and ensemble approaches (e.g., PSO-ANN, GA-SVM) have
shown promise in improving predictive accuracy for specific
structures like low-crested or floating pipe breakwaters.

The predictive capabilities of these individual AI tech-
niques have been well demonstrated in specific coastal
engineering applications. For instance, ANNs have been
successfully deployed to model wave refraction coefficients
(Cr) with high robustness (Zanuttigh et al. 2013), forecast
nearshore wave power (Castro et al. 2014), and predict key
parameters like overtoppingdischarge and transmission coef-
ficients across diverse structures (Formentin et al. 2017).
Similarly, SVMs and hybrid ML approaches have shown
superior generalization for tasks such as wave transmission
prediction over low-crested structures (Kim et al. 2021) and
wave overtopping estimation (Alshahri and Elbisy 2023),
often outperforming ANNs in terms of reduced overfitting
(Mahjoobi and Mosabbeb 2009). Furthermore, GEP has
proven effective in generating accurate, interpretable for-
mulas for wave transmission in floating breakwaters (Patil
et al. 2012) and wave setup prediction (Dalinghaus et al.
2022), with models validated across laboratory and field
scales (Robertson et al. 2017). However, a critical review
reveals three persistent limitations relevant to hybrid FB-
OWC systems. First, previous studies have typically focused
on predicting a single output parameter (e.g., only Ct or
only overtopping discharge q) for a fixed or relatively simple
structure. Second, applications targeting the geometrically
complex configuration of hybrid floating breakwaters inte-
grated with OWCs remain limited, with notable exceptions
like (Patil et al. 2012) being confined to specific breakwater
types. Moreover, while the importance of FB–OWC rear-
wall geometry has been well established, there is a scarcity
of studies that combine targeted physical experiments on
this variable with advanced AI modeling to create robust,
validated predictive tools. Third, despite the complementary
strengths of ANNs in pattern recognition, SVMs in robust
generalization, and GEP in physical interpretability, these
methods have not been integrated into a combined ensemble
framework capable of simultaneously predicting the multi-
faceted performance (Ct, Cr, and Ce) required for holistic
FB-OWC design optimization. Table 1 shows the compari-
son of the presented methods learning.

To address these gaps, this study introduces an Ensemble
Floating Breakwater Prediction (EFBP) model, a novel AI
framework that integrates three complementary ML meth-
ods ANN, SVM, and GEP, to simultaneously predict three
critical hydrodynamic coefficients (Cr, Ct, andCe) for hybrid
FB-OWC systems. The model is trained and validated using
original experimental data from wave-flume tests with vary-
ing rear-wall geometries, ensuring reliability and practical
relevance. By leveraging an ensemble approach, EFBP aims

to overcome the limitations of single-model predictions, pro-
viding a more accurate and generalizable tool for optimizing
the design and performance assessment of multifunctional
coastal energy and protection structures.

This study is organized as follows: Sect. 2 describes the
experimental setup and data. Section 3 outlines themethodol-
ogy,while Sect. 4 presents the experimental results. Section 5
presents the results and discussion. Finally, Sect. 6 concludes
the main findings and future directions.

2 Description of experimental
set-up and data

The experimental studies occurred in the wave flume at the
HydraulicLaboratory, Faculty ofEngineering, Port SaidUni-
versity. The wave flume measures 13 m in length, 0.3 m in
width, and 0.5 m in height. Wave gauges (WG) and pres-
sure gauges (PG) are necessary instruments for collecting
experimental data used inmodel development andmodel val-
idation. For wave gauges (WG1-WG4), measured incident,
transmitted, and reflected wave heights with a high degree
of accuracy. One PG was installed on top of the pneumatic
chamber tomeasure changes in internal air pressure. TheWG
and PG data were integrated to provide the models with reli-
able inputs, accurately capturing the hydrodynamic behavior
and energy conversion efficiencies of the hybrid floating
breakwater, as shown in Fig. 1. The model was positioned
at the center of the flume, 7.5 m from the wave maker. Four
different configurations were analyzed: (a) Model-A, simple
pontoon; (b) Model-B, short slope rear wall; (c) Model-C,
vertical back wall then short slope; and (d) Model-D, long
slope, as shown in Fig. 2. Every model is characterized
by opening the top, representing a simulated Power Take
Off (PTO) turbine with a chamber diameter of 11 cm. Key
parameters measured the hydrodynamic performance of the
breakwater include the incident-wave height (Hi), reflected-
wave height (Hr), and transmitted-wave height (Ht). The
functional relationships defining the breakwater’s perfor-
mance are formally expressed by Eq. 1:

F � (Hi , Hr , Ht , p, B, d, d1, d2, L , g, γw, da, A, V )
(1)

Key parameters include themodel widthB, internal cham-
ber power amplitude p,water depth d, front wall draft d1, rear
wall draft d2, wavelength L, gravitational acceleration g, the
specific weight of water γw, chamber diameter da, turbine
swept area A, and flow velocity V . Further, the independent
input parameters are expressed in the form of Eq. 2 using
Buckingham’s-π theorem (Shirlal and Rao 2008). The out-
put coefficients (Cr), (Ct), and (Ce) at a floating breakwater
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Table 1 Comparison between presented methods

Technique Proposed
Model

Predictions Type Advantages Disadvantages

ANN
Patil et al. (2011)

HIMMFPB Transmission coefficient
(Ct)

• Effective Data
Compression

• Hybrid Learning
Algorithm

(ANFIS)
• Statistical Performance

• Complexity of
Implementation

• Interpretability Issues

• Dependence on Quality
of Data

ANN
Castro et al. (2014)

SWAN Energy coefficient (Ce) • Predictive Power

• Reduced Need for
Detailed Data

• Flexibility in Architecture

• Lack of Established
Guidelines

• Dependence on Training
Data

ANN, SVM
Kuntoji et al. (2020)

PSO-ANN,
PSO-SVM

Transmission coefficient
(Ct)

• Avoidance of Local
Minima

• Generalization Capability

• Sparse Solution
Representation

• Complex
Implementation

• Need for Large Datasets

• Need for Precise
Adjustment

ANN
Zanuttigh et al. (2013)

CLASH Reflection coefficient (Cr) • Adaptability to Complex
Structures

• High Predictive Accuracy

• Robust Training Process

• Sensitivity to Input
Parameters

• Dependence on Quality
of Data

• Potential Overfitting

ANN
Garrido and Medina (2012)

ES Reflection coefficient (Cr) • Ability to Capture
Nonlinear Relationships

• Data-Driven Approach

• Black Box Nature

• Complexity in Model
Training

• Dependence on Quality
Data:

ANN
Formentin et al. (2017)

CLASH
database

Discharge coefficient(q),
Transmission coefficient
(Ct), and Reflection
coefficient (Cr)

• Efficiency in Prediction

• Adaptability

• Comprehensive Input
Parameters

• High Data Requirement

• Error Variability

• Complexity in Training

Ten ML model types Kim
et al. (2021)

LCS Transmission coefficient
(Ct)

• Interpretability

• Feature Importance
Analysis

• Flexibility

• Complexity

• Data Dependency

• Interpretation
Challenges

can be expressed as:

Cr , Ct , andCe � F (d/L , Hi/L , B/L , d1/d, d1/d2)
(2)

Where (d/L) is the relative depth, Hi/L is the wave steep-
ness,B/L is the relative width, d1/d is the relative front depth,
and d1/d2 is the relative draught.

2.1 Data processing

A total of 360 experimental data points were collected and
analyzed from the laboratory tests, including a wide range of

wave conditions andmodel configurations. The raw observa-
tions include (Hi), (Hr), and (Ht) wave heights, in addition
to pressure and flow velocity data inside the oscillating water
column chamber for power calculations.

Equation 3, 5 show hydrodynamics coefficients include
(Cr), (Ct), and (Ce), which represent the ratio of energy
captured within the chamber to the available incident wave
energy. The hybrid floating breakwater is considered to have
a higher energy conversion performance when the (Ce) value
is higher.

Cr � Hr

Hi
(3)
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Fig. 1 (A) Photos of the WEC-type floating breakwaters system, and (B) Schematic view of the experimental setup model position, and wave
recording locations: (a) wave maker, (b) WG, (c) PG, (d) PTO, (e) first wave absorber and (f) end wave absorber

Ct � Ht

Hi
(4)

Ce � P

0.5ρAV 3
(5)

whereρ iswater density (kg/m3),A�πr2is the turbine swept
area (m2), and V is the flow velocity (m/s), defined here as V
� L/T , where L is wavelength (m), and T is wave period.

Each data point was characterized by five non-
dimensional input ratios (d/L, Hi/L, B/L, d1/d, and d1/d2),
which describe the relative geometry and hydrodynamic
conditions. The calculated coefficients were validated for a
selected subset of results by comparisonwith previous exper-
imental studies before training and testing (Teh and Ismail
2013; Ram et al. 2022; Peng et al. 2024).

3 Methodology

In this section, a hybrid prediction model, the Ensemble
Floating Breakwaters Prediction (EFBP) model, is proposed
to predict hydrodynamic performance parameters of float-
ing breakwaters, specifically Cr, Ct, and Ce. The model
was developed using 360 experimental data points, of which
70% (252 data points) were used for training, and 15% (54
data points) for validation to evaluate the model’s perfor-
mance and generalization capability. According to Fig. 3,
the EFBP includes three AI techniques called GEP (Patil
et al. 2012), SVM (Balas et al. 2010), and ANN (Man-
dal et al. 2005). The selection of these models is based on
their proven effectiveness and strong overall performance in
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Fig. 2 Details of the tested breakwater models

Fig. 3 The steps of Ensemble Floating Breakwater Prediction (EFBP) model
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solving regression-based hydrodynamic problems with com-
plex, nonlinear relationships, as consistently demonstrated in
coastal and hydraulic research (Abdi Chooplou et al. 2024).

The final prediction is calculated as the arithmetic aver-
age of the projections from the three techniques. This
fundamental averaging approach combines the outputs of
ANN, SVM, and GEP models to achieve complemen-
tary strengths and overcome their individual limitations.
Specifically, ANN captures nonlinear relationships, SVM
significantly improves generalization, and GEP enhances
model interpretability. The use of equal-weight was selected
because it ensures balanced predictions without introducing
bias towards any single model. Furthermore, this strategy
effectively avoids the increased complexity and potential
overfitting risks associated with more intricate ensemble
methods, such as weighted averaging or stacking. The imple-
mentation of the EFBP involves four main stages: training,
testing, validation, and averaging. During the training stage,
the three techniques (GEP, SVM, andANN) are trained using
the training dataset. Next, the models are evaluated on the
testing dataset and subsequently validated with the valida-
tion dataset.

Finally, the predictions from GEP, SVM, and ANN are
combined during this stage to determine the Final Prediction
Value (FPV), which is estimated using Eq. 6.

FPV (Ii ) �
∑c

k�1 pk
c

(6)

where FPV (Ii ) is the final prediction value for ith item (I),
c is the total number of techniques or prediction values (c
� 3), and pk is the prediction value, where k indicates the
number of prediction techniques integrated within the EFBP
model.

In this study, the proposed EFBP is applied under three
different scenarios, each implemented separately to predict
one of the following: (Cr, Ct, and Ce).

3.1 Artificial neural network (ANN)

An Artificial Neural Network (ANN) model was used to
predict the hydrodynamic coefficients (Cr, Ct, and Ce) by
capturing the complex nonlinear relationships between wave
parameters and breakwater geometry, following successful
applications in a similar engineering problem (Ghasemi et al.
2016).

The final architecture consisted of three layers: an input
layer with five neurons, a single hidden layer with eight neu-
rons using the ReLU activation function, and an output layer
with one neuron using a linear activation function, which is
effective for regression-based problems (Bungay 2021). For
clarity and improved readability, the full weight matrices and
bias values are provided in Appendix 1.

Fig. 4 The steps of the GEP model

3.2 Gene expression programming (GEP)

The GEP approach was introduced by (Ferreira 2010) as a
research based on a set of computer programs and is con-
sidered an extension of (GP), as described by (Patil et al.
2012). Although each gene has a starting point, its end point
may vary and does not correspond to the last position. After
this encoding process, the chromosome data decodes into
expression trees through a procedure known as translation
(Seif et al. 2024). Figure 4 summarizes the main steps of the
GEP modeling process.

3.3 Support vector machine (SVM)

The description of the will be presented in this subsec-
tion. The SVM is a family of supervised learning methods
for regression and classification tasks. These techniques
are particularly effective in handling complex non-linear
relationships within datasets. The SVM constructs a high-
dimensional feature space by transforming the input data, x,
using a fixed, non-linear mapping described by (Patil et al.
2012). Within this newly constructed space, a linear model
is formulated to find the optimal separating hyperplane, as
shown in Fig. 5. A typical approach (converting a linear clas-
sifier into a non-linear one) involves mapping the original
input space X to a new feature space F of a non-linear func-
tion by ϕ: x → f. Based on the transformed features, the
discriminant function is then defined within the F space.
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Fig. 5 Architecture of support
vector machine

SVM was selected for its robust generalization capabil-
ity, low susceptibility to overfitting, and proven reliability
in modeling small datasets with non-linear behavior. These
characteristics make it particularly suitable for predicting the
hydrodynamic coefficients examined in this study.

4 Experimental results

The proposed EFBP model, which integrates three AI tech-
niques, ANN, GEP, and SVM, is implemented in the present
study. The EFBP model is applied in three different scenar-
ios to predict Cr, Ct, and Ce of the hybrid breakwater. This
approach aims to minimize the experimental cost while effi-
ciently evaluating wave attenuation performance.

Four statistical metrics, including theMean Squared Error
(MSE), Correlation Coefficient (R2), Mean Absolute Error
(MAE), and Root Mean Squared Error (RMSE) are used
to assess the predictive performance of the applied models.
The experimental implementation is carried out through three
scenarios corresponding to the output parameters: the first
predicts (Cr), the second predicts (Ct), and the third predicts
(Ce) based on its data.

4.1 Performancemetrics

Four statistical measures called Mean Squared Error (MSE),
Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Coefficient Determination (R2) are utilized to
evaluate the performance of the proposed EFBP model com-
pared to other models (Eltarabily et al. 2024). Equation 7–10
present the formulations used to compute these metrics:

MSE � 1

n

∑n

i�1
(xi − yi )

2 (7)

MAE � 1

n

∑n

i�1

∣
∣xi − yi

∣
∣ (8)

RMSE �
√
√
√
√

∑(
Xi−Yi

)2

∑(
Xi − Xi

)2 (9)

R2 � 1 −
∑n

i�1

(
xi − yi

)2

∑n
i�1(xi − xi)2

(10)

wheren is the number of samples in the dataset, xi is the actual
parameter coefficient from experimental work, xi represents
the mean of the actual coefficient, and yi is the predicted
coefficient.

5 Results and discussion

This section presents the results of ANN, SVM, GEP, and
the proposedEFBPmodels, in addition to the empirical equa-
tions.MSE,MAE, RMSE, and R2 metrics are used formodel
evaluation. Each machine learning method (ANN, SVM,
GEP, and EFBP) is used for predicting three different hydro-
dynamic parameters. This comprehensive analysis presents
parameters that affect the performance of floating breakwa-
ters.

5.1 Testing EFBP to predict reflection coefficient (Cr)

Table 2 presents the descriptive statistics of the collected
datasets, focusing on the performance of the four machine
learning models. Figure 6a-d compares the actual and pre-
dicted values of (Cr) for the ANN, SVM, GEP, and EFBP
models. The ANN exhibited the strongest correlation, with
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Table 2 Descriptive statistics of
the collected datasets (Cr) Model MSE MAE RMSE R2

ANN 9.070*e−7 0.043532 0.28476 0.991121

GEP 6.869*e−6 4.807*e−4 0.18134 0.93032

SVM 0.000277 0.01195 0.186661 0.95

EFBP 1.454*e−4 0.07654 0.19877 0.9889
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Fig. 6 Shows the comparison between the actual and predicted Cr values using (a) ANN (b) GEP (c) SVM (d) EFBP models

predicted values closely aligned along the 1:1 line, indicat-
ing high accuracy and strong generalization capacity (Loukili
et al. 2025).

In contrast, the SVM and GEP models demonstrated the
weakest performance, showing significant deviations from
the ideal line, which suggests poor generalization and lim-
ited ability to capture the nonlinear behavior of (Cr). The
proposed EFPBmodel outperforms all others, with predicted
values tightly clustered around the 1:1 line, providing the
most consistent and reliable prediction, followed by ANN.

Figure 7a-b compares the model’s performance in predicting
the (Cr) using line and scatter plot representations. In Fig. 7a,
the normalized observed (Cr) values are compared, and the
line graph of the predicted values is shown.

Both ANN and EFBP show strong alignment with the
observed value, indicating high predictive accuracy, whereas
GEP and SVM exhibit larger deviations. In Fig. 7b, the scat-
ter plots of actual versus predicted (Cr) values indicate that
most points fromANN and EFBP fall within the± 25% error
margin of the perfect agreement line, suggesting accurate and
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Fig. 7 The representation of actual Cr values vs. predicted values from ANN, SVM, GEP, and EFBP; (a) Line graphs representation and (b) scatter
plots representation

consistent predictions. Conversely, GEP and SVM show a
scatter, reflecting lower performance. Overall, the EFBP and
ANN outperformed GEP and SVM, with EFBP demonstrat-
ing the most consistent and reliable prediction capability.

5.2 Testing EFBP to Predict Transmission Coefficient
(Ct)

Table 3 presents the statistical performance metrics of four
machine learning models, ANN, GEP, SVM, and EFBP, for
predictingCt. Figure 8a-d shows the scatter plots of predicted
versus actual (Ct) values for each model.

As shown in Fig. 8a, the ANNmodel demonstrates strong
predictive performance. The data points closely follow the
1:1 trend line, indicating accurate prediction and consistent
alignment with the observed growth pattern. This suggests
that the ANN model effectively validates the experimental
data and presents reliable predictions, with minor deviations
that do not significantly affect overall accuracy (Karami and
Saghi 2024).

In contrast, the GEP model in Fig. 8b, shows a scattered
distribution of points around the trend line, reflecting lower
predictive accuracy and greater deviation from observed val-
ues. Conversely, the SVM model in Fig. 8c shows moderate
accuracy, with prediction generally following the trend line,
although some larger deviations are evident. The EFBP in
Fig. 8d model demonstrates a strong clustering of points
around the trend line, confirming strong predictive capabil-
ity, although a slightly wider spread is observed compared to
ANN. Overall, the ANN, SVM, and EFBP models outper-
form the GEP model in predictive accuracy.

In the line graph Fig. 9a, the predicted line from all
models generally follows the measured (Ct) pattern, though
differences in accuracy are apparent, particularly at peak
and trough points. The ANN model effectively captures
these sharp changes, with the predictions nearly overlapping
the observed value. Both SVM and EFBP respond well to
dynamic variation but do not reach the same level of accu-
racy as ANN in some critical regions. Conversely, the GEP
model shows limited ability to track abrupt fluctuations, as
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Table 3 Descriptive statistics of
the collected datasets (Ct). Model MSE MAE RMSE R2

ANN 0.015738 0.043532 0.28476 0.92378

GEP 0.03479 0.1107729 0.18134 0.80

SVM 0.0099368 0.063778 0.0968 0.85

EFBP 0.00123 0.0345 0.296 0.9752

Fig. 8 Shows the comparison between the actual and predicted Ct values using (a) ANN (b) GEP (c) SVM (d) EFBP models

its predicted lines deviate more from the observed data, indi-
cating weaker adaptability to nonlinear variations.

In the scatter plot Fig. 9b, points closer to the 1:1 dashed
line indicate higher prediction accuracy. The closer the points
are to the trend line, the more accurate the model. The ANN
model demonstrates tightly clustered points near the line,
confirming high predictive reliability. EFBP and SVM also
perform well, although their point distribution are slightly
wider. The GEP shows a wide spread of points along the
lines, and these models are not very accurate in making valu-
able predictions. Finally, the EFBP model achieved the best
overall performance in predicting (Ct), followed by ANN
and SVM models, while GEP exhibits the weakest accuracy
among the models.

5.3 Testing EFBP to predict energy coefficient (Ce)

This section compares the performance of the proposed
EFBP model in predicting (Ce) against three conventional
machine learning models: ANN, SVM, and GEP. The eval-
uation was conducted using four statistical metrics: MSE,
MAE, RMSE, and R2, as presented in Table 4.

As illustrated in Fig. 10a-d, all models demonstrate strong
predictive capabilities. Among them, the ANN achieves the
highest performance, with R2 � 0.93 and the lowest error
metrics (MSE � 0.01456, MAE � 0.072985, RMSE �
0.1218476), indicating excellent prediction accuracy. The
EFBP model achieved R2 � 0.95, with slightly higher MSE,
MAE, andRMSE than theANNmodel, resulting in a slightly
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Fig. 9 (a) Line graphs of predicted vs. measured Ct and (b) Scatter plots by proposed methods.

Table 4 Descriptive statistics of
the collected datasets (Ce) Model MSE MAE RMSE R2

ANN 0.01456 0.072985 0.1218476 0.93397

GEP 0.03479 0.1107729 0.18134 0.90

SVM 0.15647 0.12234 0.9865 0.96

EFBP 0.0266 0.16768 0.9356 0.95

wider scatter about the1:1 line. In contrast, the GEP model
exhibited the weakest performance (R2 � 0.90) with a wider
scatter. Although the SVM showed a strong correlation (R2

� 0.96), it also exhibited a higher prediction error (RMSE
� 0.98), possibly due to overfitting at the extreme values.
Despite these differences, the EFBP model shows reliable
performance, especially in capturing the nonlinear behavior
(Ce).

Figure 11a shows the line graphs comparing predicted and
experimental (Ce) values. It is evident that ANN and SVM
models effectively capture the sharp fluctuations at peak and
trough points, indicating their adaptability to dynamic varia-
tions.While EFBP also follows the overall trend, its response

around critical transitions is slightly less accurate than that
of ANN. Conversely, the GEP model demonstrates limited
tracking ability and shows a notable deviation compared the
experimental values.

The scatter plots in Fig. 11b illustrates this difference.
The ANN results are clustered closest to the 1:1 line, indi-
cating the most accurate prediction, followed by the SVM
and EFBP models. In contrast, the GEP shows a broader dis-
persion, suggesting less reliable predictions. Approximately
75% of ANN, SVM, and EFBP at a ± 25% error range,
demonstrating strong predictive consistency. However, the
wider point spread of EFBP indicates slightly higher uncer-
tainty. ANN achieves the highest accuracy in predicting (Ce),
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Fig. 10 Shows the comparison of the actual and the predicted Ce values using a ANN (b) GEP (c) SVM (d) EFBP models

and EFBP and SVM also achieve high accuracy, but GEP has
less accuracy.

5.4 Sensitivity analysis

The sensitivity analysis presents data characteristics and
facilitates the identification of the significance of the input
parameters corresponding to the output. Figure 12 illustrates
the importance of the input ratios (d/L, B/L, Hi/L, d1/L, and
d1/d2) in predicting (Cr, Ct, and Ce(.

The result indicated that independent variables affected
the dependent variables (Cr and Ce) by 11.11%, 22.22%,
22.22%, 11.11%, and 33.33%, respectively, while (Ct)
was influenced by 28.75%, 21.48%, 14.29%, 5.66%, and
7.69%, respectively. The analysis revealed that relative depth
(d1/d2), relative width (B/L), andwave steepness (Hi/L) have
the most significant effects on (Cr (and (Ce(. In contrast, the
relative depth (d/L) and relative draught (d1/L) have the least
influence. Furthermore, the results demonstrate that (Ct) is
primarily influenced by relative depth (d/L), relative width
(B/L), andwave steepness (Hi/L).In contrast, relative draught

(d1/L) and relative depth (d/L) have the least impact on the
reflection coefficient.

6 Conclusions and future directions

This study developed and validated a novel Ensemble Float-
ing Breakwater Prediction (EFBP) model to forecast the
hydrodynamic performance of hybrid floating breakwa-
ter–Wave Energy Converter (WEC) systems. Experimental
data were utilized to train the model and ensure its accuracy.

The shape of the floating breakwater plays a crucial role
in wave energy conversion, with Model D demonstrating the
optimal performance. The Enhanced Floating Breakwater
Prediction (EFBP) model shows significant improvements in
predictive accuracy compared to traditional models, achiev-
ing (R2) of approximately 0.97, 0.96, and 0.95 for Cr, Ct,
and Ce, respectively. These improvements enable optimized
real-time power take-off (PTO) control and enhanced energy
extraction efficiency, directly supporting design and oper-
ational strategies in wave energy-based coastal protection
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Fig. 11 (a) Line graphs of predicted vs. measured Ce and (b) Scatter plots by proposed methods.
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Fig. 12 Importance of the input ratios in predicting values

systems. Sensitivity analysis revealed that the relative depth
(d1/d2) andwave steepness (Hi/L) have a notable effect onCr
and Ce, while the relative width (B/L) primarily influences
Ct.

However, the 360 dataset is limited in scale and con-
trolled conditions, which may not fully represent real-sea
environments. Future validation using full-scale experiments

or independent simulations, alongside expansion of datasets
under diverse wave conditions, is essential to ensure robust-
ness and practical applicability in offshore engineering.
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Fig. 13 ANN Model a Error Histogram b Validation Performance across Epochs

Appendix A. Additional technical details

A.1 Artificial neural network (ANN)

In this case, a single hidden-layer ANN was implemented,
and the number of hidden nodes was selected using a trial-
and-error approach. As illustrated in Fig. 13a, the best
validation performance was achieved at epoch 30, corre-
sponding to the minimum mean square error MSE value of
6.345e-03. This indicates a general trend of decreasing MSE
with increasing epochs. Additionally, an error histogramwas
plotted in Fig. 13b to evaluate error density. As depicted, the
error distribution is normal and more concentrated around
zero. Based on the number of neurons in the hidden layer
that resulted in the lowest MSE, the optimal ANN architec-
ture was established as 5–10-1, as illustrated in Fig. 14a.
In this architecture, the ANN model begins with an input
layer containing five neurons, each representing one of the
input ratios. This is followed by a hidden layer of 10 neurons
that use the sigmoid activation function to process the data.
Figure 14b shows the ANN model prediction of the float-
ing breakwater’s Cr, Ct, and Ce coefficients using five ratios
(d/L, Hi/L, B/L, d1/d, d1/d2) as inputs.

Equation (11) was developed based on the ANN model
for predicting the output coefficients. It can be expressed as
follows:

Output �
[
W2

{
2

1+exp[−2(W1X+B1)]]

}]
+ B2 + 1

7.692
+ 0.32

(11)

where X is the input layer matrix, B1 is the vector of weights
of the bias neurons in the hidden layer, B2 is the vector of
weights of the bias neurons in the output layer, W1 is the

connection weight matrix between the neurons of the input
and hidden layer, and W2 is the connection weight matrix
between the hidden and output layers. In the context of the
described ANN model, the vectors of X, B1, B2, W1, and
W2 can be represented as follows:

X �

⎡

⎢
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⎢
⎣
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− 1
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− 1
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⎥
⎥
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⎥
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⎢
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⎢
⎢
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−3.0978
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⎥
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; B2 � [0.5664] (12)

W1� [arrayccccc10.427 -0.006 -0.972 0.787 -3.25 -0.366
0.107 -3.26 -3.52 0.239 0.151 3.71 0.155 -1.96 -0.193 1.80
1.37 0.470 2.18 -0.376 1.38 0.091 -0.152 0.680 -3.14 -0.304
0.219 0.955 0.251 -2.57 0.229 -4.31 0.005 2.91 0.135 0.662
0.0452 0.552 -0.351 1.73 -2.30 2.64 2.34 -0.066 -0.0137 1.30
-0.166 4.6 2.7 -0.229].

W2 � [-2.13 -1.11 0.914 -0.123 2.33 -2.29 0.83 -2.08
-0.493 -1.38].
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Fig. 14 The architecture of artificial neural network a Schematic diagram of the developed ANN model by the MATLAB software b Inputs and
output of the ANN model

Table 5 Applied setting for developed models

Method Category Parameters Values

GEP General settings
Fitness
Quantitative Constants

Quantity of chromosomes
Quantity of genes
Head size
Tail size
Gene size
Linking function
Function
Data type

30
3
8
25
58
Multiplication
RMSE (Root Mean Square Error)
Floating-point

ANN General settings epoch
Hidden layer
Function

30
10
linear activation

A.2 Gene expression programming (GEP)

After conducting multiple experiments, it was observed that
the fitness function values and the coefficient of determina-
tion for both training and testing datasets remained nearly
unchanged after 219,016 generations, suggesting that the
number of generations may cease. To create the best model
of the GEP, which takes the form of an algebraic equation

between the input and output variables, all mentioned param-
eters were selected using the trial-and-error technique. Table
5 shows general settings for the developed models.

Equation (13) was derived from the GEP model to predict
the output coefficient and is presented as follows:

y � 1

2

[

1.0 −
(
d2
d

+
B

L
+
2Hi

L

)2
+

B

L

]2
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+ tanh

(
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3.692 · d
L

· tanh
(
d

d

))

+

(
B

L
+
d

L
/2

)2
])

+

(

1.0 −
(

1.0 −
(
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·
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(13)
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