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Abstract
This study proposes a machine learning-based framework for short- to medium-term (1–72 h) wave energy forecasting
using buoy-measured wave parameters collected from Samsun and Ordu buoys in the Black Sea. Multiple machine learning
(ML) techniques, including Long Short-TermMemory (LSTM), Extreme LearningMachine (ELM), Support Vector Machine
(SVM),BayesianRegression,ResidualNeuralNetworks (ResNet), andRecurrentNeuralNetworks (RNN),were implemented
to estimate wave power using forecasted wave parameters. Each model produced independent predictions, which were then
integrated through a stacking ensemble approach based on Extreme Gradient Boosting (XGB) to obtain the final wave
energy estimates. When compared individually, the ensemble framework provided noticeably lower error levels across all
performance indicators, including RMSE, MAE, and MSE, and achieved higher coefficients of determination. Among the
tested approaches, the XGB-based ensemble showed mostly reliable performance, particularly for short-term forecasts. For
one-hour-ahead predictions, RMSE values were generally between 0.01 and 0.02 m, while R2 values were consistently above
0.99. Although prediction accuracy gradually decreased for longer horizons, the model remained stable for lead times of up
to 72 h. Differences were also observed between buoy locations. Predictions derived from the Samsun buoy were more stable
than those from Ordu, which is likely related to local variability in wave conditions. Our findings suggested that site-specific
dynamics play an important role in wave energy forecasting. Overall, this work demonstrates the potential of combining
real-time buoy measurements with ensemble machine learning to estimate wave energy in the Black Sea, providing a practical
alternative to computationally intensive numerical wave models and supporting future offshore energy planning.

Keywords Wave energy prediction · Black sea · Real-time buoy data · Ensemble machine learning · Energy forecasting ·
Extreme gradient boosting · Renewable energy integration
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1 Introduction

Energy plays a central role in national development, shaping
economic growth, industrial activity, and overall quality of
life [1]. Over the past few decades, global energy demand
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has continued to rise, driven largely by population increase,
rapid urbanization, and expanding technological use [1]. This
growing demand has also led to a heavier dependence on fos-
sil fuels.While these resources have supported development,
their widespread use has brought serious environmental con-
sequences, particularly in the form of climate change and
global warming [2]. For this reason, there has been a strong
and growing interest in shifting toward cleaner andmore sus-
tainable energy sources [3].

Among the various renewable energy options, including
solar, wind, geothermal, biomass, hydropower, hydrogen,
and marine energy, wave energy has attracted increasing
attention in recent years [4, 5]. One of its main advantages is
that it provides a relatively dense andmore predictable source
of energy compared to many other renewables, while at the
same time having a comparatively low environmental foot-
print [6]. Given that oceans cover nearly 70% of the Earth’s
surface, a large portion of the global wave energy potential
remains largely unexplored [7].

Nevertheless, the commercial deployment of wave energy
converter (WEC) systems is still at a relatively early stage.
A major difficulty arises from the highly variable nature
of ocean waves, which makes both steady power genera-
tion and grid integration more challenging [8, 9]. For this
reason, reliable forecasts of site-specific wave character-
istics—such as significant wave height, wave period, and
wave direction—are critically important for optimizing sys-
tem performance and estimating energy output [10]. These
parameters, which are commonly derived from buoy mea-
surements, also play a key role in evaluating mechanical
stresses and maintaining the structural safety of WEC instal-
lations.

Moreover, wave forecasts are important not only for
energy applications but also for areas such as coastal struc-
ture design and disaster risk reduction [11]. Over time,
many different forecasting approaches have been developed,
including statistical methods, numerical models, and more
recent soft-computing and hybrid techniques. Among these,
numerical wave models are based on the physical laws that
describe wave motion and ocean–atmosphere interactions.
They make it possible to simulate wave conditions over
large spatial domains and long time periods using equations
derived from fluid dynamics and meteorology. Well-known
models such asWaveModel (WAM) [12], SimulatingWAves
Nearshore (SWAN) [13], andWaveWatch III (WW3) [14] are
widely used in coastal engineering andhave also been applied
to improve the design and performance of wave energy con-
version systems.

Wave forecasting and wave energy estimation have been
widely studied using a range of different methodologies.
Depending on the purpose of the study and the required
forecasting horizon, researchers have applied physics-based
numerical models, statistical techniques, as well as machine

learning approaches. Each of these methods offers certain
strengths, but also comes with limitations related to data
availability, computational demand, prediction accuracy, and
suitability for real-time applications. For this reason, many
recent studies compare different techniques to identify the
most appropriate solution for a given problem. In this study,
a summary of the most used wave forecasting approaches
reported in the literature is provided in Table 1.

Physics-based models are well-suited for long-term cli-
mate analyses; however, their high computational cost and
reliance on external meteorological inputs limit their appli-
cability in real-time and location-specific forecasting. By
contrast, machine learning-based methods are able to gen-
erate fast and site-specific predictions directly from buoy
observations. In addition, ensemble and stacking techniques
often lead to better forecasting results by compensating for
the weaknesses of individual models and increasing overall
accuracy. Within this framework, the present study seeks to
fill an important gap in the literature by developing an oper-
ational approach for short- and medium-term wave energy
forecasting that combines real-time buoy data with multiple
regression models through a stacking strategy.

On a global scale, the highest wave energy levels are typ-
ically found in the mid-latitude belts between 40° and 60° in
both the Northern and Southern Hemispheres, where strong
and persistent westerly winds dominate. Previous studies
have reported substantial wave power potential in several
of these high-energy regions, including approximately 574
GW along the Australian coastline and about 324 GWoff the
west coast of South America [19]. The geographical location
of the Black Sea is illustrated in Fig. 2b, where the region is
highlighted in blue and the corresponding latitude bands are
shown on the left axis. As indicated in the figure, the study
area falls within the 40°–60° N mid-latitude zone, which is
commonly considered favorable for wave and other marine
renewable energy applications.

Although ocean energy technologies (including wave and
tidal) are still under development, the total global installed
capacity of ocean power has gradually increased, reaching
roughly 500 MW by the end of 2024. A large share of this
capacity comes from established tidal barrage plants such as
the SihwaLake installation inKorea and the LaRance station
in France, which together account for most of the operating
capacity worldwide. Wave energy, however, represents only
a small fraction of the ocean energy portfolio, with relatively
few large-scale grid-connected projects in operation. As a
result, commercial-scale deployment ofwave energy systems
remains limited when compared to more mature renewables
like wind and solar, which have installed capacities in the
hundreds of gigawatts range. Despite this, gradual growth in
pilot and demonstration projects around the world suggests
increasing interest and investment in wave energy technolo-
gies [20].
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Table 1 Comparison of wave forecasting techniques used in literature

Method/approach Input data Computational
cost

Advantages Limitations

Physics-based models
(SWAN, WAM, WW3) [13]

Wind fields, bathymetry,
boundary conditions

High Physical consistency,
suitability for long-term
analysis

High computational
demand, dependency on
external meteorological
data

Statistical models (e.g.,
ARIMA) [15]

Historical wave data Low Simple implementation,
fast computation

Linear assumptions,
limited prediction
accuracy

Single ML models (LSTM,
SVM, ANN) [16]

Buoy measurements Moderate Ability to capture
nonlinear relationships

Model dependency,
limited generalization

Deep learning models
(ResNet, LSTM) [17]

Multivariate time series Moderate–High Learning of complex
patterns

Long training time, high
data demand

Ensemble/stacking methods
[18]

Multiple model outputs Moderate Improved accuracy, error
reduction

Increased model
complexity

This study (ML + stacking +
real-time buoy data)

Real-time buoy
measurements

Moderate Location-specific, fast,
high prediction accuracy

Not suitable for
long-term climate-scale
forecasting

Although the Black Sea is often considered less ener-
getic than the open oceans, regional studies indicate that
several sections of the Turkish coastline have notable wave
energy potential, in some cases comparable to the Aegean
and Mediterranean coasts [21, 22]. In particular, research
focusing on the southeastern Black Sea has identified areas
around Sinop, Samsun, and Ordu as especially promising for
wave energy development [23]. For example, Akpınar and
Kömürcü [12] applied the third-generation SWAN model
to evaluate offshore wave energy at seven locations along
Turkey’s Black Sea shoreline, and their results showed that
Sinop exhibits the highest wave power potential among the
examined sites.

In addition to physics-based modeling, ML approaches
have become increasingly popular for forecasting wave
parameters. A wide range of algorithms, including artificial
neural networks (ANNs), SVM [24], RNN, ResNet, LSTM
[25], and ELM, have been explored for their ability to repre-
sent the complex and nonlinear nature of ocean waves [26].
In particular, deep learning architectures such as ResNet [27]
andLSTM[17, 28] have achieved strong performance in both
short-term and long-termprediction tasks. In parallel, ensem-
ble learning techniques, including XGB [18] have shown
promising results by combining the outputs of different base
models, such as LSTM [29] and SVM [16] to improve overall
forecasting accuracy.

While previous studies have focused largely on the estima-
tion of wave height and period, few have directly addressed
how these predictions can be translated into accurate wave
energy potential forecasts. This constitutes a significant
research gap, especially in relatively underexplored basins

like the Black Sea. Additionally, while numerous compara-
tive analyses have evaluated model performance using buoy
data across global regions, comprehensive wave power pre-
dictions specific to the Turkish Black Sea coast remain
scarce.

In response to these gaps, this study proposes a hybrid
machine learning framework that integrates multiple regres-
sion models for predicting short-to medium-term forecasts
(from 1 to 72 h) of wave parameters and ultimately wave
energy potential. Utilizing one year of hourly buoy data
(2023) from two sites (Samsun and Ordu) provided by the
Turkish State Meteorological Service, the study develops
separate models for estimating significant wave height and
period. These buoy’s data are first processed through qual-
ity control, missing-data treatment, and normalization steps
to ensure that they are suitable for modeling. The cleaned
dataset is then split into training and testing sets while main-
taining the temporal structure of the time series. Afterward,
several base regressionmodels, namely, Bayesian regression,
ELM, SVM, RNN, LSTM, and ResNet are used to gener-
ate independent predictions of wave parameters for different
forecast horizons. These regression models were trained and
validated in MATLAB. The outputs from these regression
models are combined through a stacking strategy based on
an XGB meta-model. The XGB model was trained and vali-
dated in Python. The resulting final estimates of wave height
and wave period are used to calculate wave energy using
analytical equations. In the final step, system performance
is evaluated using standard metrics, including MAE, RMSE,
MSE, andR2. The overall workflow of the proposedmachine
learning-based wave energy forecasting framework is pre-
sented in Fig. 1.
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Fig. 1 Step-by-step workflow of
the proposed machine
learning-based framework for
short- to medium-term wave
height, wave period, and wave
power prediction

By merging the strengths of diverse algorithms, the
proposed framework aims to deliver improved forecasting
performance for both short- and medium-term horizons.
The proposed approach is designed to support practical
decision-making, including daily andweekly energy produc-
tion planning for WEC systems, maintenance scheduling,
and the integration of energy storage. In this context, the
developed model structure provides fast, location-specific
predictions using onlymeasured buoy data,without requiring
the high computational cost or externalmeteorological inputs
typically associated with numerical wave models. Through
its focus on the Black Sea which is an underrepresented yet
strategically important maritime region, this research seeks
to contribute valuable insights to the literature on renewable
energy forecasting and inform future WEC system deploy-
ments.

2 Methodology

This study aims to estimate the potential electrical energy
that can be harvested from ocean waves using multiple
measurement parameters obtained from marine buoys. The
methodological framework consists of three main stages:
preprocessing and cleaning of raw buoy data, training of
baseline regression models, and the implementation of a
stacking-based ensemble approach for forecasting significant
wave height and wave period. Subsequently, the potential
electrical energy is indirectly calculated using the predicted
wave height and wave period values. This structured pipeline
enables a systematic evaluation of wave energy potential
based on data-driven modeling techniques.

2.1 Study area and buoy data

This study utilizes 2023 observational data collected from
marine buoys locatedoff the coasts ofOrdu andSamsun in the
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Fig. 2 a Map of the Black Sea showing the locations of the study points, b the Black Sea study sites (Ordu and Samsun) latitude band

Black Sea, provided by the Turkish StateMeteorological Ser-
vice (TSMS). The Ordu buoy (ID: 17397) is situated near the
Ordu-Giresun Airport at coordinates 41°2′39" N, 38°6′51"
E. Similarly, the Samsun buoy (ID: 17391) is positioned in
the open waters of Samsun Bay, at 41°26′16" N, 38°33′34"
E. Both buoys have a total height of 4.51 m and are equipped
with a 1.8-m tower structure, powered by solar energy sys-
tems. The locations of the buoys used in this research are
illustrated in Fig. 2.

The data used in the study are real measurements taken
from buoys deployed at specific locations. The buoys are
equipped with different sensors depending on the parameter
to be measured. An accelerometer is used to measure wave
height. A three-axis accelerometer placed on the buoy detects
wave motion. The wave period is calculated by determin-
ing the time difference between two consecutive wave crests
using a data logger. Other parameters are measured using
appropriate sensors. In addition towaveheight andpeakwave
period measurements, several auxiliary environmental vari-
ables were monitored through standard meteorological and
oceanographic sensors integrated into the buoy system. In
this context, wind speed and wind direction were recorded
using anemometers, while sea surface conditions were mea-
sured via environmental sensors embedded in the buoy
platform. As a result, the proposed forecasting framework
offers a streamlined and operational data-driven structure
based exclusively on measured wave parameters.

The dataset includes a wide range of oceanographic
and meteorological parameters measured at varying depths.
These parameters are as follows: Current direction at 5 m,
10 m, 15 m, and 20 m depths (in degrees); current speed
at 5 m, 10 m, 15 m, and 20 m depths (in cm/s); significant
wave height (in meters); maximum wave height (in meters);
wave direction (in degrees); mean wave period (in seconds);
peak wave period (in seconds); sea surface temperature (°C);
air temperature (°C); actual atmospheric pressure (hPa); sea

level reduced pressure (hPa); mean wind speed (m/s); maxi-
mum wind speed (m/s).

The statistical summary of key parameters measured by
both Ordu and Samsun buoys is presented in Table 2. There
are cases where the buoys cannot take measurements, such
as during maintenance or in the event of a malfunction and
are turned off. Although the buoys are identical, they cannot
take measurements if they are turned off due to differences
in location. In some cases, they can measure temperature
but not wave height. Considering the parameters used in
model training, complete data setsmay differ between buoys.
The total number of data records obtained throughout 2023
was approximately 18,000 for the Ordu buoy and 15,000 for
the Samsun buoy. These datasets were divided into training
(80%) and testing (20%) subsets for use in the design and
validation of the predictive models. Temporal variations in
significant wave height and peak wave period recorded by
the Ordu and Samsun buoys are illustrated in Fig. 3.

The effects of the parameters on wave height and wave
periodvary. For estimatingwaveheight, the followingparam-
eters were used; current speed 5 m (cm/sec.), current speed
10 m (cm/sec.), current speed 15 m (cm/sec.), maximum
wave height (m), wave period (sec), mean wind velocity
(m/sec), and maximum wind velocity (m/sec) parameters
were used. For wave period estimation, the following param-
eters were used; significant wave height (m), maximumwave
height (m), mean wind velocity (m/sec), and maximumwind
velocity (m/sec) parameters were used to train the models.

2.2 Extreme learningmachine (ELM)

The ELM is a learning algorithm designed specifically for
single hidden layer feedforward neural networks (SLFNs).
Introduced by [30] ELM offers a significant advantage over
traditional feedforward neural networks in terms of training
speed and generalization performance. Unlike gradient-
based methods, ELM randomly assigns the input weights
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Table 2 Summary statistics of selected buoy parameters for Ordu and Samsun (2023)

Parameter Ordu Buoy—Mean Min Max Samsun Buoy—Mean Min Max

Current speed at 5 m (cm/s) 17.35 0.1 383.9 17.34 0.1 723.6

Current speed at 10 m (cm/s) 23.70 0.1 453.6 18.35 0.1 686.2

Current speed at 15 m (cm/s) 26.88 0.1 387.2 18.98 0.1 633.1

Significant wave height (m) 0.62 0.01 3.65 0.68 0.01 3.8

Maximum wave height (m) 1.00 0.01 5.58 1.11 0.01 5.96

Wave period (s) 2.98 1.9 4.9 2.89 1.9 4.8

Sea surface temperature (°C) 17.19 7.7 35.8 15.97 7.6 35.3

Actual pressure (hPa) 1015.86 1000.1 1036.6 1017.08 1000.1 1039.7

Sea level reduced pressure (hPa) 1016.12 1000.3 1036.9 1017.37 1000.3 1039.9

Mean wind velocity (m/s) 3.95 0.6 15.7 5.25 0.6 15.9

Maximum wind velocity (m/s) 4.96 0.7 20.4 6.39 0.8 20.9

Fig. 3 a Annual time series of significant wave height for Ordu buoy, b annual time series of significant wave height for Samsun buoy, c annual
time series of wave period for Ordu buoy, d annual time series of wave period for Samsun buoy

and hidden layer biases, and determines the output weights
analytically, leading to faster learning and reduced compu-
tational complexity. The output of an ELM is expressed as a
nonlinear transformation of the weighted sum of activation
values from the hidden layer nodes:

ELM(x) � g

⎛
⎝

L∑
j�1

βJ h j [x] + b0

⎞
⎠ (1)

where g is the activation function; h j [x], denotes the acti-
vation value of the j-th hidden neuron for input x; and βJ

represents the output weight associated with the j-th hidden
neuron.

g(z) � 1

1 + e−z
(2)

123



Arabian Journal for Science and Engineering

Fig. 4 Structural representation of the ELM

The activation value hi (x) of the i-th hidden node for an
input vector x ∈ mathbbRn is calculated as:

hi [x] � g

⎛
⎝

n∑
j�1

a j , i x j + b j

⎞
⎠ (3)

where a j , i are the randomly initialized input weights and
b j denotes the bias term of the hidden node. The general
structure and workflow of the ELM algorithm are illustrated
in Fig. 4.

2.3 Bayesian regressionmodel

Bayesian regression is a probabilisticmodeling approach that
incorporates prior knowledge or beliefs to generate more
reliable predictions from data. It has gained prominence as
a robust tool for handling uncertainty and modeling com-
plex relationships in datasets where traditional methods may
fall short [31]. By integrating uncertainty directly into the
regression framework, Bayesian regression offers a more
flexible and informative alternative to classical linear regres-
sion, particularly in cases where data is sparse or noisy. The
fundamental principle behind Bayesian regression lies in
updating prior beliefs about the parameters of a linear model
using observed data, through the application of Bayes’ Theo-
rem. This approach yields a posterior distribution over model
parameters, rather than fixed point estimates, thereby allow-
ing for quantification of uncertainty in predictions.

A Bayesian network which is a key component in this
approach is a directed acyclic graph (DAG) consisting of
nodes and a set of conditional probability tables (CPTs)
defining dependencies between them. Structurally, the net-
work is composed of two primary elements: the topological

Fig. 5 Structural diagram of an LSTM cell

arrangement of the nodes and the conditional distributions
that describe how each node depends on its parents [32].
This probabilistic structure not only supports regression
tasks but also proves beneficial for model selection, anomaly
detection, and robust handling of outliers. Overall, Bayesian
regression enhances predictive performance while offering
deeper interpretability in scenarios characterized by uncer-
tainty or variability.

2.4 Long short-timememory (LSTM)

LSTM is a specialized architecture of RNNs that is particu-
larly effective for modeling long-term dependencies in time
series data. Unlike standard RNNs, which tend to struggle
with vanishing or exploding gradient problems over long
sequences, LSTM networks are designed to remember infor-
mation over extended periods, making them highly suitable
for dynamic, temporal prediction tasks such as wave height
forecasting [33, 34].

What distinguishes LSTM from conventional RNNs is its
unique memory cell structure, which includes a cell state
and a set of gating mechanisms. The cell state acts as a con-
veyor belt, allowing information to flow unchanged across
many time steps unless intentionally modified by these gates.
This design helps mitigate the loss of important long-term
dependencies, a common issue in time series learning. The
architecture of an LSTM unit typically comprises three pri-
mary gates. Forget gate: Decides which information should
be discarded from the cell state. Input gate:Determineswhich
new information should be added to the cell state. Output
gate: Controls which part of the cell state is output as the
hidden state at each time step. A visual representation of the
LSTM cell structure is provided in Fig. 5, illustrating how
these gates interact to manage memory and flow of informa-
tion.

The horizontal line running across the top of the cell rep-
resents the internal cell state, acting as a persistent memory
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path throughout the sequence. This path allows information
to pass through time with minimal modification, thereby pre-
serving context over long sequences. The gatingmechanisms
(represented as neural network layers within the cell) selec-
tively add or remove information based on its relevance,
enhancing the model’s capacity to retain critical knowl-
edge over time [35]. Due to these features, LSTM networks
are widely used in time-dependent modeling tasks across
fields such as oceanography, meteorology, and financial fore-
casting, where the ability to capture long-term patterns is
essential.

2.5 Recurrent neural network (RNN)

RNNs offer a flexible and intuitive approach to model-
ing sequential data by incorporating temporal dependencies
through internal recurrence. Unlike feedforward networks,
RNNs are equipped with feedback connections that allow
information to persist across time steps. This feedbackmech-
anism enables RNNs to detect and learn patterns over time,
making themparticularlywell-suited for tasks involving time
series data, such as wave height prediction.

At each time step t, the network maintains a hidden state
ht,which serves as a memory of previous computations. The
output at each step depends not only on the current input
but also on the hidden state from the previous time step.
This recursive structure allows the network to capture depen-
dencies across different time intervals. Each element of a
sequence of length T is processed in an identical manner,
with the hidden state carrying forward relevant contextual
information [36]. The structural flow of information within a
basic RNN unit is illustrated in Fig. 6, highlighting how the
hidden state is updated iteratively and passed forward across
time steps.

RNNs are designed to operate on ordered input sequences
and can utilize historical information to enhance future
predictions. This makes them particularly effective in appli-
cations involving temporal patterns, such as modeling ocean
wave dynamics. In the context of wave height prediction,
RNNs are capable of learning from past wave data and cap-
turing the inherent sequential dependencies that influence
future wave behavior. Compared to more complex models
like LSTM or GRU, standard RNNs have a simpler archi-
tecture and typically require less computational effort for
training. While they may struggle with long-term dependen-
cies due to vanishing gradient issues, their efficiency and
simplicity make them a valuable tool for modeling short-
to medium-range temporal patterns. In this study, the RNN
model was trained on buoy-derived wave height data to con-
struct a regression model for predicting future wave heights.
Its ability to learn from sequential inputs makes it a suitable
candidate for this task.

2.6 Support vector machine (SVM)

The SVM algorithm, originally proposed by Vapnik [37],
employs an ε-insensitive loss function that allows a degree of
tolerance for errors within a definedmargin. The formulation
adopted in this study follows the terminology and approach
described bySmola andSchölkopf [38] andMüller et al. [39].
SVM maps the original data points from the input space to
a higher-dimensional feature space F using a transforma-
tion function �. In this transformed space, a linear model is
constructed that corresponds to a potentially nonlinear rela-
tionship in the original space:

� : Rn → F , wεF

f (x) � 〈w, �(x)〉 + b

⎫⎪⎬
⎪⎭

(4)

The objective of the ε-insensitive regression is to find a
function that approximates the training data with amaximum
deviation of ε, while also maintaining the function as flat as
possible. This is achieved by minimizing the norm ‖w‖2,
effectively searching for a small-weight vector that controls
the model’s complexity.

Wave height prediction is inherently nonlinear and influ-
enced by numerous interrelated meteorological and oceano-
graphic factors, including wind speed, water level, and
atmospheric pressure. SVM is well-suited for capturing
these complex dependencies, particularly through the use of
nonlinear kernel functions. Among them, the Radial Basis
Function (RBF) kernel is especially effective in modeling
intricate relationships between inputs and outputs, enabling
the SVM to deliver high prediction accuracy for wave height
estimation. The model’s bounded output and ability to avoid
extreme overestimations is particularly beneficial for appli-
cations involving safety–critical predictions such as wave
dynamics. SVMs also excel in multivariate problems, learn-
ing from multiple inputs—such as wind speed, air pressure,
and water temperature, simultaneously. Their strong gener-
alization capability allows them to perform well on unseen
data, reducing the risk of overfitting. Given these strengths,
SVM was selected in this study as a suitable machine learn-
ing model for wave height prediction. The buoy-derived data
were used to train the SVM-based regression model, lever-
aging its ability to model nonlinear interactions effectively
while maintaining robust generalization.

2.7 Residual neural network (ResNet)

The key innovation behind ResNet is the introduction of
shortcut (or residual) connections that allow the input of a
layer to be directly added to the output of a deeper layer.
These connections enable efficient gradient flow through-
out the network during backpropagation, making it easier
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Fig. 6 Schematic representation
of a basic RNN loop

to train very deep architectures. As a result, ResNet allows
the construction of deeper networks without suffering from
the vanishing gradient problem, leading to more accurate
learning, especially when working with large and complex
datasets [40]. Originally developed for image recognition
tasks, ResNet has also shown strong performance in regres-
sion problems by modifying the final layer to produce
continuous output values [41]. This makes it a suitable archi-
tecture for time series prediction, including applications such
as wave height forecasting. Wave height is influenced by a
wide range of environmental variables, such as wind speed,
water temperature, and atmospheric pressure, all of which
interact in nonlinear and complex ways. Accurately mod-
eling these interactions requires deep learning models with
high representational capacity. ResNet’s structure is well-
suited for this purpose, as its residual connections facilitate
the training of very deep networks capable of learning intri-
cate dependencies across variables and time steps. Another
advantage of ResNet is its ability to capture long-term
dependencies in sequential data throughdeeper architectures,
without degrading performance. In wave forecasting tasks,
this is particularly beneficial, since past measurements often
carry crucial information about future wave behavior. By
effectively learning from these long-range patterns, ResNet
models can provide more precise and robust predictions.

In this study, ResNet was adopted as a regression model
trained on buoy data for wave height prediction. Its ability
to handle multivariate inputs and its flexibility in learning
complex nonlinear relationships make it a powerful tool for
addressing the challenges of modeling ocean dynamics. Fur-
thermore, its strong generalization performance and training
efficiency highlight its potential for real-world applications
in marine forecasting, especially in scenarios requiring high
accuracy across multiple influencing variables [42].

2.8 Stacking approaches

Stacking is an ensemble learning technique that combines
the strengths of multiple regression models to improve pre-
dictive accuracy. In this approach, the original dataset is split
into several subsets, which are then used in k-fold cross-
validation to train a set of base-level models in the first layer.

The predictions generated by these base models are used
as input features for a second-level model, often referred
to as the meta-model. The meta-model aggregates the out-
puts of the base regressors, assigning appropriate weights
to each prediction to generate the final forecast [43, 44].
This layered architecture enhances overall performance by
leveraging the complementary strengths of diverse learning
algorithms. However, the accuracy of a stacking model is
inherently dependent on the quality and diversity of its base
models.Additionally, the number of basemodels selected has
a direct impact on computational efficiency. Therefore, in this
study, both prediction performance and training time were
considered when selecting the constituent models for the
stacking ensemble. The workflow of the stacking approach
used in this research is illustrated in Fig. 7.

In this study, the meta-model selected for the stacking
approach is the XGB algorithm. XGB constructs a powerful
ensemble of regression trees by iteratively minimizing a loss
function using second-order gradient descent [45]. It intro-
duces dropout regularization in the boosting process [46],
which helps improve generalization, reduce overfitting, and
lower both bias and variance. Unlike traditional implementa-
tions where XGB is used directly on input features, here it is
utilized as a meta-model that operates on the prediction out-
puts of six diverse regressors: LSTM, ELM, SVM, ResNet,
Bayesian Regression, and RNN. This integration allows the
stacking model to benefit from both linear and nonlinear pre-
dictive behaviors present in the base models. The structure
of the XGB algorithm is outlined in Fig. 8.

Within the stacking framework, XGB serves several key
functions:

• Leveraging Diverse Model Strengths By aggregating pre-
dictions from multiple base models, the meta-model cap-
tures a richer set of patterns and reduces the likelihood of
systemic bias.

• Error Minimization Prediction errors from base models
are refined by the meta-model to produce a more accurate
final output.
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Fig. 7 Workflow of the stacking-based regression model

Fig. 8 Process diagram of the
XGB algorithm

• Hybrid Integration of Linear and Nonlinear Models XGB
enables the effective combination of fundamentally differ-
ent modeling approaches within a single unified prediction
pipeline.

The flexibility and scalability of XGBmake it particularly
well-suited forwaveheight prediction. Throughhyperparam-
eter tuning, the model’s performance was further optimized,
allowing for the selection of the most effective configuration
based on experimental evaluation.

2.9 Evaluationmetrics

To assess the accuracy and performance of the developed pre-
dictionmodels, four commonly used evaluationmetrics were
employed: Coefficient of Determination (R2), Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and
Mean Square Error (MSE). These metrics provide insight
into how closely the predicted values match the actual obser-
vations and quantify the magnitude of prediction errors. The
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mathematical formulations of these metrics are as follows:

R2 �
(
1 −

∑N
t�1( ft − yt )2∑N
t�1( ft − y)2

)
(5)

RMSE �
√∑

t ( ft − yt )2

N
(6)

MAE �
∑

t | ft − yt |
N

(7)

MSE �
∑

t ( ft − yt )2

N
(8)

where ft is the actual value, yt is the predicted value, N is the
number of predictions and y is the mean of the test values.

2.10 Wave energy estimation

Regular ocean waves consist of numerous small wave com-
ponents, each with its own height, period, and direction of
propagation. In real sea states, where many such compo-
nents interact simultaneously, there is no single wave height
or period. Instead, wave energy is typically characterized by
using two parameters that are independent of wave direction:
significant wave heightHs (inmeters) andwave period Te (in
seconds). These spectral wave parameters are widely used to
estimate the energy flux per meter of wave crest, expressed
in watts per meter [12]. The wave power per unit wave crest
length can be calculated using the following equation:

P � ρ.g2

64π
× H2

s × Te (9)

where ρ is the density of sea water in kg/m3, g is the earth’s
gravity in m2/sec, Hs is significate wave height in m, and Te
wave period in second. Some studies in the literature, for the
Black Sea, assuming a seawater density of 1015 kg/m3 [12],
Eq. (9) can be simplified as follows:

P(kW/m ) � 0.486 × H2
s × Te (10)

This simplified formula was used to calculate the wave
energy potential in the Black Sea region based on buoy data,
serving as a basis for evaluating the accuracy of the machine
learning-based prediction models.

In this study, the wave energy potential is estimated to be
using an indirect approachbasedon the predictedwaveheight
and wave period values. Compared to direct wave energy
prediction, this strategy aims to reduce the adverse effects
of measurement noise and rare high-energy wave events on
the model performance. Consequently, the proposed frame-
workprovidesmore stable and reliable estimates, particularly
for short- to medium-term energy forecasting, and offers a

structure well-suited for real-time energymanagement appli-
cations.

3 Results and discussion

In this study, wave power potential was estimated by sep-
arately predicting significant wave height and wave period,
which were then used in Eq. (9) to compute the final wave
energy values. Rather than directly forecasting wave power,
which can be sensitive to noise and uncertainties in raw
buoy data—an indirect two-step strategy was adopted to
minimize the influence of potentially distorted measurement
parameters. To achieve this, six distinct regression models,
i.e., LSTM, ELM, Bayesian, SVM, ResNet, and RNN were
employed. Each model was independently trained and eval-
uated for both wave height and wave period predictions.
The predictive performance of each approach was system-
atically compared using four statistical evaluation metrics:
R2, RMSE,MAE, andMSE. This multi-model, metric-based
evaluation allowed for a comprehensive analysis of each
algorithm’s strengths and limitations in capturing the tem-
poral dynamics of ocean wave behavior.

3.1 Ordu buoy

Wave height and period predictions based on data from the
Ordu buoy reveal a clear trend across different forecasting
horizons. As the prediction interval increases, a consistent
deterioration in model performance is observed—charac-
terized by rising RMSE, MAE, and MSE values, and a
corresponding decline in R2. This outcome highlights the
increasing uncertainty associated with longer forecasting
windows and suggests that the models face challenges in
capturing the complex dynamics over extended timeframes.

Among themodels evaluated, ResNet consistently outper-
formed all other regression approaches across all time inter-
vals. Particularly in short-term predictions (1–6 h), ResNet
demonstrated remarkable accuracy, yielding low error met-
rics alongside high R2 scores. These results underscore the
model’s strength in learning short-termwave dynamics effec-
tively.

ResNet’s performance remained robust in mid-term fore-
casts as well. In 3-h predictions, it achieved excellent results
with minimal errors and strong correlation. Although a slight
degradation in performance was seen at 6 and 12 h inter-
vals, the accuracy remained competitively high. Even at the
24 hmark, ResNet maintained its predictive reliability. How-
ever, in the 72-h forecasts, a notable increase in RMSE and
MAE accompanied by a drop in R2 suggests a limitation in
long-term generalization capacity, likely due to the inherent
complexity and noise in wave data.
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Fig. 9 Wave height prediction for Ordu buoy a ResNet performance metrics over different time intervals, b RMSE comparison of all models for
24 h prediction

Beyond short-term accuracy, ResNet also demonstrated
superiority in mid-range wave height prediction, suggesting
its architecture can effectively capture temporally-evolving
nonlinear patterns. Themetric trends of ResNet across differ-
ent time windows and the RMSE comparisons of all models
for 24 h forecasts are presented in Fig. 9.

A similar pattern was observed in the prediction of wave
period. Once again, ResNet showed the best overall perfor-
mance, surpassing other models in all time horizons with
lower error values and higher R2 scores. The model exhib-
ited strong predictive ability particularly in the 3–6 h range.
While error metrics remained stable at 12 h, a sharper drop
in correlation was noted. As the forecast horizon extended to
72 h, performance gradually declined, indicating the need for
more complex input features ormodel architectures to handle
long-term variability. ResNet’s error and correlation trends,
as well as comparative RMSE values across all models, are
shown in Fig. 10.

Overall, ResNet clearly stands out among the regression
models in both wave height and period forecasting tasks.
While LSTM and RNN which are models typically well-
suited for time series data, also performed reasonably well,
they were more sensitive to fluctuations in the input param-
eters, which likely limited their effectiveness in capturing
the complexity of wave behavior. ResNet’s strength lies
in its residual connections, which facilitate deeper learn-
ingwithout degradation—an advantage particularly useful in
modeling the nonlinear and chaotic nature of oceanwaves. In
contrast, traditional models like Bayesian regression, SVM,
and ELM achieved acceptable performance in short-term
predictions, but their accuracy notably declined at longer
intervals.

The RNN model consistently yielded the weakest results,
especially in wave height prediction. It is worth noting, how-
ever, that for wave height, RMSE values amongmodels were

relatively close, indicating less variance in predictive capa-
bility. For wave period prediction, model RMSEs increased
steadily with time, but the ranking of models by performance
remained largely consistent. Notably, ResNet maintained its
lead in all time intervals.

A deeper analysis of ResNet’s metrics shows that wave
height predictions began to deteriorate notably in error after
the 12 h mark, with correlation declining beyond 24 h. For
wave period, error metrics increased in a near-linear fashion,
while a sharp drop inR2 was again observed after 12 h. These
trends suggest that while ResNet excels in capturing short-
and medium-term dynamics, long-term forecasting remains
a challenge due to rising input uncertainty and system com-
plexity.

3.2 Samsun Buoy

Although the prediction performance of regression models
based on the Samsun buoy data exhibits differences com-
pared to the Ordu buoy, the general behavioral trends remain
consistent. When examining model performance across vari-
ous forecast horizons, a typical pattern emerges: As the time
window extends, error metrics such as RMSE, MAE, and
MSE increase, while the R2 declines. Since the regression
modelswere appliedwithoutmodification across both buoys,
observing similar trends is expected and supports the design
goal of broad regional applicability. Notably, the hybrid
model was intentionally developed without location-specific
parameter tuning, to assess its generalization capability
across different buoy datasets. However, as in the Ordu
case, longer prediction intervals at the Samsun buoy resulted
in increased uncertainty, challenging the models’ ability to
accurately represent wave dynamics over extended periods.
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Fig. 10 Wave period prediction for Ordu buoy, a ResNet performance metrics over different time intervals, b RMSE comparison of models across
all time intervals

Fig. 11 Wave height prediction results for Samsun buoy; a temporal variation of ResNet’s performance metrics; b RMSE values for all models
across all time windows

Among all models, ResNet consistently outperformed the
others across all time frames. Particularly for short-term fore-
casts (1–6 h), it achieved notably low error rates and high R2

values, highlighting its capacity to effectively capture short-
term wave behavior. In the 3 h forecast scenario, ResNet
maintained strong predictive accuracy with high correla-
tion and minimal error. This performance trend continued
with 6 and 12 h forecasts, with only minor increases in
error. Even at the 24 h interval, ResNet sustained reliable
results, although its accuracy began to decline. For the 72 h
forecast, the model’s error metrics rose significantly, and
the R2 score dropped, indicating that long-range predictions
involve greater uncertainty, and that the model’s robustness
diminishes under such conditions. Regarding wave height
predictions, ResNet again stood out by demonstrating a
high level of predictability and generalizability across time
frames. Figure 11a illustrates how its performance metrics

evolved over time, while Fig. 11b compares RMSE values
across all models and time intervals.

In wave period predictions, ResNet also achieved the best
results, delivering the lowest error metrics and the highest
R2 scores across all forecast horizons. The correlation coef-
ficient showed a generally linear decreasing trend with time,
and performance degradation became especially evident in
the 72 h predictions. The detailed evolution of ResNet’s
metrics for wave period prediction and comparative RMSE
values across models are presented in Fig. 12.

Overall, the ResNet model demonstrated the highest pre-
diction accuracy for both wave height and wave period
based on the Samsun buoy data. In contrast, the RNN model
showed theweakest performance, particularly inwave height
prediction, where its MAE value was considerably higher
than in wave period prediction. Unlike in the Ordu buoy
case, the SVM model yielded higher error levels in wave
height estimation for Samsun. While conventional models
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Fig. 12 Wave period prediction results for Samsun buoy; a temporal variation of ResNet’s performance metrics; b RMSE values for all models
across all time windows

like Bayesian, SVM, and ELM performed reasonably well in
short-term predictions, their accuracy declined notably over
longer horizons. Among all, RNN consistently ranked lowest
in performance.

In the Samsun dataset, RMSE values for wave height pre-
diction varied closely across the models, but this consistency
did not extend to wave period prediction, where RMSE val-
ues increased more distinctly with time. Notably, the relative
ranking of models remained largely stable, except for SVM
and Bayesian models, whose performance metrics fluctuated
closely enough to swap rankings occasionally at certain fore-
cast intervals.

A detailed examination of ResNet’s error and correlation
metrics across time windows reveals that in wave height
predictions, a sudden increase in error and a linear drop in
correlation emerged after 24 h. For wave period forecasts,
both error metrics and the correlation coefficient exhibited
sharp deterioration beyond the 24 h mark. The model config-
urations, including parameters such as the number of hidden
neurons and learning rates, were determined based on the
Ordu buoy dataset. Notably, the Samsun buoy data featured
a less complex distribution compared to Ordu, with fewer
extreme values. These differences are likely attributable to
the distinct environmental conditions and geographic char-
acteristics of the two buoy locations. The similarity in model
design across locations provided an opportunity to assess
their adaptability and performance consistency. To further
enhancewave power prediction across varying buoy datasets,
a stacking-based ensemble model was developed by inte-
grating different regression algorithms with complementary
strengths. This hybrid model was trained and tested using
data from both buoys without modifying the underlying
parameters of individual algorithms. This approach was
adopted to test the robustness and flexibility of the hybrid
system in handling heterogeneous data characteristics. The

successful deployment of this model across two geograph-
ically distinct locations suggests that it holds promise for
broader application across the Black Sea region.

In summary, among the baseline regression models tested
on data from both Samsun and Ordu buoys, ResNet consis-
tently offered the most accurate and reliable predictions for
both wave height and wave period. Its strong performance,
especially for short- and mid-term forecasts, positions it as
a suitable candidate for real-time wave energy prediction
systems. However, the noticeable decline in accuracy over
longer forecast periods underscores the potential value of
hybrid or ensemble-based solutions in future work.

3.3 Stacking approaches

Wave height and period forecasts at the Ordu and Samsun
buoys were conducted using six base regression models:
Bayesian, ELM, LSTM, ResNet, RNN, and SVM. The pre-
dicted values generated by these base models were then used
as inputs for the XGB algorithm in the stacking ensemble
framework. The performance of the XGB algorithm within
the stacking approach was benchmarked against the ResNet
model, which served as a strong deep learning baseline.

For the Ordu buoy, the forecasting performances of the
ResNet and XGB algorithms for both wave height and wave
period are illustrated in Fig. 13. In the wave height prediction
task, the RMSE, MAE, and MSE metrics followed a similar
trend. For 1 h forecasts, ResNet outperformedXGBacross all
threemetrics. However, for longer forecast horizons (3, 6, 12,
24, and 72 h), XGB showed better performance than ResNet
in terms of RMSE, MAE, and MSE. Interestingly, ResNet
consistently achieved higher R2 values than XGB across all
time intervals, indicating its superior ability to capture the
variance in the data. When analyzing wave period predic-
tions, XGB achieved better results than ResNet in terms of
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Fig. 13 Comparison of ResNet and XGB models for the Ordu buoy: a Wave height; b wave period

RMSE, MAE, R2, and MSE across all time intervals except
for the 72 h forecast. In that case, ResNet outperformedXGB.

Regarding wave height prediction at the Ordu buoy,
ResNet outperformed XGB in all metrics for the 1 h fore-
cast window.Additionally, ResNet achieved higherR2 scores
than XGB at every time step. This performance distribution
can be explained by two key observations:

The XGB model used in the stacking approach was not
directly trained on raw buoy data but on the outputs of the
base regressors. For the 1 h horizon, the basemodels (exclud-
ing ResNet) performed suboptimally, which led to the XGB
model being unable to correct these prediction errors effec-
tively due to the limited sample size. In contrast, ResNet was
trained directly on the original data and exhibited better accu-
racy and generalization in this short-term forecast scenario.

While RMSE, MAE, and MSE focus on the magnitude
of prediction errors, the R2 metric evaluates how well the
model captures the variance and overall trend of the data.
ResNet’s superiorR2 values across all intervals suggest that it
was more effective in recognizing underlying patterns. This
can be attributed to ResNet’s strong feature extraction and
pattern-learning capabilities, while XGB is more sensitive
to outliers and requires extensive hyperparameter tuning to
achieve optimal performance.

In wave period prediction for the Ordu buoy, XGB sur-
passed ResNet in all metrics except for the 72 h forecast. This
exception is largely due to a sharp performance drop in some
of the base models, particularly RNN and LSTM, whose
errors significantly increased at the 72 h horizon. These sub-
par outputs appear to have degraded theXGBmodel’s overall
performance, allowing ResNet to regain an advantage in that
case. For the Samsun buoy, performance metrics of ResNet
andXGB in forecastingwave height and period are presented
in Fig. 14. The results show that the XGB model outper-
formed ResNet across all metrics and time intervals for both
wave height and wave period.

Anoverall evaluationof theSamsunbuoy forecasts reveals
that XGB consistently outperformed ResNet across all time
intervals and performance metrics. One possible explanation
is that the Samsun buoy data exhibits smoother transitions
and less variability compared to the Ordu buoy data. This
smoother dataset enables the stacking-based XGB model
to minimize prediction errors more effectively, resulting in
superior performance across both tasks.

3.4 Wave power estimation based on predicted
parameters

The primary objective of the proposed system is to esti-
mate wave power using buoy data. To achieve this, wave
height and wave period are predicted separately. The pre-
dicted wave power is calculated using the estimated wave
height and period values as defined in Eq. (11):

Ppred(kW/m) � 0.486 × H2
pred × Tpred (11)

Similarly, the actual wave power is calculated from buoy-
measured wave height and period using Eq. (12):

Ptest(kW/m) � 0.486 × H2
test × Ttest (12)

To evaluate the effectiveness of the stacking approach,
performance metrics of the XGB and ResNet models were
compared for wave power predictions. Figure 15 illustrates
the predicted and test wave power values over a 6-h period
at the Ordu buoy using both XGB and ResNet algorithms.
Sudden surges in wave power caused higher discrepancies
between predicted and actual values, highlighting the dif-
ficulty of accurately estimating wave power during rare
high-energy events. These anomalies are harder forMLmod-
els to capture due to their infrequency in the training data.
Similarly, Fig. 16 shows the comparison between predicted
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Fig. 14 Comparison of ResNet and XGB models for the Samsun buoy: a Wave height; b wave period

Fig. 15 a XGB-predicted vs. test wave power at Ordu buoy; b ResNet-predicted versus test wave power at Ordu buoy

Fig. 16 a XGB-predicted vs. test wave power at Samsun buoy; b ResNet-predicted vs. test wave power at Samsun buoy

and actual wave power values at the Samsun buoy. It is evi-
dent that the XGB algorithm provides results closely aligned
with actual values across all time intervals.

The performance metrics for both models in predicting
wave power across Ordu and Samsun buoys are presented in
Fig. 17. For the Ordu buoy, RMSE andMSE values are simi-
lar for both models in 1 h predictions, but XGB outperforms
ResNet in other time intervals. In terms ofMAEandR2,XGB

consistently shows better performance. At the Samsun buoy,
the XGB model outperforms ResNet across all performance
metrics and time intervals.

Direct wave power estimation from buoy data could be
an alternative approach. However, wave height and wave
period are influenced by different environmental factors.
Thus, estimating them separately improves accuracy. Direct
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Fig. 17 Comparison of RMSE, MAE, MSE, and R2 values for ResNet and XGB models at different forecasting horizons for both buoy stations

prediction of wave power would likely increases error values
and reduces the effectiveness of the stacking approach.

3.5 Model performance comparison

Wave power prediction performance was further analyzed
for both ResNet and XGB models. Overall, the XGB model
exhibited superior prediction accuracy at both buoy loca-
tions. At the Samsun buoy, XGB significantly outperformed
ResNet. At the Ordu buoy, XGB again yielded slightly bet-
ter results, with smaller performance gaps. The differences
between the two buoys are attributed to the base regression
models used to predict wave height and period, which vary in
performance based on the buoy location and environmental
features.

AlthoughXGBdemonstrated strong results, it is important
to note that it operates as a meta-model in a stacking ensem-
ble. Its input is the output of six base regression models. By
leveraging the strengths of these models, XGB effectively
reduces overall error and increases R2 scores especially in
short-term forecasts. Despite increased uncertainty in long-
term predictions, XGB still surpasses individual base models
in performance. Performance comparisons among basemod-
els revealed the following:

• LSTM and RNN: Effective at capturing temporal depen-
dencies but yielded lower overall accuracy. Particularly
underperformed in short-term (1H, 3H) forecasts.

• SVM and ELM: Performed reasonably well on small
datasets but struggled with nonlinear and complex buoy
data.

• ResNet: Delivered the best accuracy among base models,
especially for mid-range forecasts (6H, 12H), but its accu-
racy declined with longer horizons.

• Bayesian Regression: Advantageous for modeling uncer-
tainty yet limited in deterministic accuracy.

Each model has specific strengths and weaknesses:

• LSTM: Excellent for temporal modeling but prone to over-
fitting in deep configurations.

• ELM: Offers rapid results even on large datasets but lacks
generalization compared to LSTM/ResNet.

• SVM: Effective for nonlinear relationships but requires
careful hyperparameter tuning.

• ResNet:Well-suited for capturing complex, long-term pat-
terns but requires significant training time and data.

• Bayesian: Captures probabilistic uncertainty but is com-
putationally intensive.

• RNN: Good for sequence modeling but weak in handling
long-term dependencies.
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Given these characteristics, ResNet was expected to out-
perform other base models, which it generally did. However,
the XGB model by integrating outputs from all base models
ultimately achieved the highest performance in wave power
estimation. The superiority of the XGB model was more
pronounced in Samsun than in Ordu. The results reflect the
regional variability in buoy data quality and the interaction
of prediction features. At both locations, XGB performed
strongly in short-term forecasts, while ResNet lagged behind
overall.

The difference in feature sets for wave height and period
prediction also influenced model performance. Some depth
current parameters used for wave height prediction nega-
tively impacted period prediction, so they were excluded.
Studies by Karabulut and Ozmen [26] demonstrated the rel-
evance of 5 m, 10 m, and 15 m depth currents in wave height
prediction. Their findings confirmed that combining all three
depths improved accuracy but also increased computational
time—a similar outcome observed in this study.

In the context of the Black Sea, most previous studies
like Akpınar et al. [47], Islek et al. [48], and Rusu [49] have
utilized physical models such as SWAN and to estimate wave
power. However, no study in the literature has used real buoy
data and machine learning methods to directly estimate the
wave power and energy potential of specific locations within
the Black Sea.

Key differences between this approach and SWAN-based
studies include:

o Modeling method: SWAN uses physical equations and
wind data to simulate wave dynamics; this study uses ML
to predict wave parameters directly from measured data.

o Application scope: SWAN is commonly used for large-
scale coastal engineering; this study targets real-time,
location-specific energy generation potential.

o Forecast granularity: SWAN focuses on long-term power
trends; this study enables short-term and near-real-time
forecasting.

o Spatial resolution: SWAN models broad regions; this
study offers high-resolution analysis for specific sites
(Samsun and Ordu).

In conclusion, the stacking approach incorporating the
XGB algorithm significantly enhances the accuracy of wave
power prediction based on real-time buoy data. This method
offers a promising alternative to traditional physical model-
ing, particularly for localized, real-time energy forecasting
applications.

3.6 Comparison with literature

The wave height prediction results obtained in this study
were compared with similar studies conducted in different

regions and over various forecasting horizons reported in
the literature. Since the datasets, geographical locations, and
modeling approaches differ among studies, a direct one-to-
one comparison is not feasible. Nevertheless, comparing the
order of magnitude of commonly used error metrics, such as
RMSE and R2, provides a meaningful basis for evaluating
predictive performance. In the study conducted by Fan et al.
[50], RMSE values for wave height prediction were reported
to range between 0.07 and 0.32 m. Similarly, PMR Bento
et al. [11] reported RMSE values in the range of 0.3–0.5 m,
while Mousavi et al. [28] obtained RMSE values between
0.49 and 0.56 m for wave height forecasting. Compared with
these studies, the proposed method demonstrates RMSE val-
ues that are within the reported ranges and, in several short-
and medium-term forecasting cases, achieves lower predic-
tion errors.

Considering the influence of regional characteristics on
prediction performance, Karabulut [26] reported RMSE val-
ues of 0.064–0.074 m and R2 values ranging from 0.85 to
0.95 usingMediterranean Sea data. In the analysis performed
by Sadeghifar et al. [27] for different forecasting horizons,
RMSE values of 0.39, 0.44, 0.38, and 0.32 m were reported
for 3, 6, 12, and 24 h prediction intervals, respectively, while
the corresponding R2 values exhibited a decreasing trend
from 0.96 to 0.80. These findings indicate that prediction
performance naturally degrades as the forecasting horizon
increases, which is consistent with the trends observed in the
present study. In the work of Yao et al. [17], conducted using
data from the Hong Kong coastline, wave height predictions
over time horizons ranging from 0.5 to 12 h yielded RMSE
values between 0.11 and 0.79 m and R2 values between
0.89 and 0.99. This wide performance range highlights the
strong influence of both forecasting horizon and regional
wave regimes on prediction accuracy.

Overall, the machine learning-based stacking approach
presented in this study exhibits performance levels that are
consistentwith those reported in the literature across different
geographical regions and forecasting horizons. In particular,
the RMSE and R2 values achieved for short- to medium-term
forecasts demonstrate that the proposed method provides
a reliable and competitive alternative for wave height pre-
diction. Moreover, this Black Sea-focused study offers a
quantitative contribution to the limited number of data-driven
wave forecasting studies available for this region, highlight-
ing the adaptability of the proposed framework to regional
wave conditions.

4 Conclusion and future works

This study introduced an operational, data-driven frame-
work for forecasting wave energy potential in the Black Sea,
specifically utilizing high-resolution buoy observations from
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Samsun and Ordu. By implementing a stacking ensemble
architecture that employs XGB as a meta-learner to synthe-
size predictions from six diverse regressors (LSTM, ELM,
SVM, Bayesian Regression, ResNet, and RNN), the pro-
posed approach significantly enhanced prediction accuracy
across all standard metrics. Our findings demonstrate that
this ensemble strategy consistently outperforms individual
models, providing a more robust solution for handling the
nonlinear dynamics of marine environments.

Thequantitative comparisonbetween the ensemble frame-
work and the ResNet baseline revealed substantial perfor-
mance gains. At the Ordu station, the XGB-based ensemble
achieved a dramatic 75% reduction in RMSE for 24 h ahead
forecasts—dropping from 0.1908 to 0.0481—and main-
tained a 50% lower error rate even at the 72 h horizon. The
results at the Samsun station were similarly impressive, par-
ticularly for short-term forecasts where the 1 h ahead RMSE
showed an improvement of over 85% compared to individ-
ual models. Despite the inherent degradation in accuracy as
the forecasting window expands, the framework remained
remarkably stable, maintaining R2 values as high as 0.9735
at the 72 h mark. From a regional perspective, the frame-
work effectively adapted to the distinct wave dynamics of
each location, with the Samsun buoy yielding slightly more
consistent results due to its smoother data distribution.Unlike
traditional physics-based models that require heavy compu-
tational resources and external meteorological inputs, our
method offers a faster, site-specific alternative for real-time
energy management and operational decision-making in the
Black Sea. This research fills a critical gap in regional liter-
ature as one of the first applications of ensemble learning on
actual buoy data for wave power estimation in this basin.

While the current framework excels in short- to medium-
term forecasting, future work will aim to extend these
predictions to seasonal and long-term horizons by integrat-
ing multi-year datasets and large-scale climate variables.
Furthermore, we plan to explore hybrid models that com-
bine physics-based equations withmachine learning to better
capture rare, high-energywave events. Expanding this frame-
work to other coastal sites and developing a real-time,
user-accessible forecasting tool could significantly benefit
the planning and grid integration of wave energy converter
systems in the region.
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