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A B S T R A C T

Tidal energy, with its predictable and consistent nature, offers a scalable ocean renewable resource that can
diversify the energy generation mix for countries with suitable coastal conditions. Accurate tidal current-to-
power forecasting is essential to optimize power system management, improve grid stability, and inform the
design of power processing and storage units. This study proposes a novel hybrid model integrating Swarm
Decomposition with a Multi-Layer Kernel Meta Extreme Learning Machine to forecast non-stationary tidal
currents. The Swarm Decomposition isolates key oscillatory components, reducing noise and improving feature
extraction, while the kernel-based architecture enhances generalization and scalability by minimizing the need
for extensive parameter tuning, resulting in higher forecasting accuracy and computational efficiency. The
model is validated on two real-world tidal current datasets from distinct locations, incorporating seasonal
variations, and compared against well-established extreme learning machines and deep learning models. A
sensitivity analysis of signal decomposition parameters demonstrated their impact on decomposition quality
and computational cost. The proposed model outperformed superior performance on both tidal datasets,
achieving a 5-fold reduction in mean squared error and increased 𝑅2 from 0.9653 to 0.9933. These findings
highlight the model’s robustness and adaptability to diverse tidal conditions, making it a reliable tool for tidal
power forecasting.
1. Introduction

Ocean renewable energy is abundant and geographically diverse,
comprising a variety of renewable sources, including wave, tidal stream
and range, ocean thermal, and offshore wind [1]. In response to the
unprecedented strain on global energy supplies in 2022, governments
in Europe, the United States, and China are increasingly diversifying
their national energy mixes. As part of this effort, ocean energy sources
such as tidal and offshore wind are emerging as vital solutions to
enhance energy security and autonomy. Among these, tidal energy
has attracted significant attention in the past decade, benefiting from
technology adapted from the established wind sector [2]. By 2024,
the global cumulative capacity of the tidal stream has reached 43.6
MW, contributing to an annual energy production of 93 GWh [3].
This capacity is projected to grow significantly, with an additional 137
MW under development over the next five years, driven by European
Union (EU) and national support programs. While the tidal energy is
generally predictable, several factors affect the intensity and behavior
of tidal currents. Local variabilities and environmental factors, such
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as coastal geography, seafloor topography, water temperature, and
seasonal weather patterns, can influence tidal current strength and cre-
ate local variations that require precise forecasting for optimal power
output predictions [4]. Moreover, short-term, non-periodic influences,
such as storms and turbulence, further affect the behavior of the tidal
current [5]. For effective grid integration, high-resolution forecasts
are essential to synchronize tidal power output with demand patterns,
and efficiently design and manage energy storage units [6]. Accurate
forecasting models also enable optimized tidal turbine operation, reduc-
ing wear, maximizing efficiency, and supporting timely maintenance
scheduling to minimize downtime.

The traditional method of harmonic analysis based on the astronom-
ical forces that affect ocean tides for tidal prediction is discussed in [7].
Incorporating observational data into physical models is proposed to
improve the predictive accuracy based on current conditions. Similarly,
the study in [8] employs harmonic analysis to preprocess tidal data,
which is then used with deep learning models, Long short-term mem-
ory (LSTM), Gated recurrent unit, and bi-directional Long short-term
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Nomenclature

𝛿 Flexibility of swarm.
𝑓 (⋅) activation function.
𝐻 (𝑚)

𝑗 and 𝑋(𝑚)
𝑗 Output and input matrices for the 𝑗th subset

in the 𝑚th layer, respectively.
𝑀 The number of swarms.
𝑛 The number of steps.
𝑃𝑖 Position of 𝑖th prey.
𝑅2 Coefficient of determination.
𝑉𝑖 Velocity of 𝑖th prey.
𝑊 (𝑚)

𝑗 and 𝑏(𝑚)𝑗 Weight and bias vectors for the 𝑗th subset
in the 𝑚th layer, respectively.

𝛺 Kernel matrix.
ANN Artificial neural network.
ARIMA Autoregressive integrated moving average.
Bi-LSTM Bi-directional long short-term memory.
CEEMDAN Complete ensemble empirical mode decom-

position with adaptive noise.
CNN Convolutional neural network.
CV Coefficient of variation
DBN Deep belief network.
ELM Extreme learning machine.
EU European Union.
LSTM Long short-term memory.
MAE Mean absolute error.
ML Machine learning.
ML-MetaKELM Multi-Layer Kernel Meta Extreme Learning

Machine.
MLP Multi-layer perceptron.
MSE Mean squared error.
NOAA National Oceanic and Atmospheric Admin-

istration.
OC Oscillatory components.
PI prediction interval.
RBF Radial basis function.
RMSE Root mean squared error.
SVT Support vector regression.
SWD Swarm decomposition.
SWF Swarm filtering.
VMD Variational mode decomposition.
WD Wavelet decomposition.

memory (Bi-LSTM) to assess the impact of wind on tidal predictions.
The results highlight wind as a critical factor in enhancing short-term
tidal forecasting accuracy. However, a notable limitation of these deep
learning models is their data-intensive nature and longer training times,
which can challenge their scalability. In [9], numerical simulations
re integrated into deep learning approaches, including Multilayer
erceptron (MLP) and LSTM to correct for tidal velocity errors for high-

accuracy tidal current predictions and energy resource assessments.
However, the numerical models heavily depend on accurate boundary
conditions, such as tidal constituents, bathymetry, and initial condi-
tions, to simulate tidal dynamics. Any inaccuracy in these inputs, such
as imprecise bathymetric data or boundary forcing parameters, can
result in significant deviations between simulated and real-world tidal
behavior. Furthermore, physics-based models are computationally in-
tensive, making it challenging to scale for large regions, high-resolution
domains, or long-term simulations. More critically, their performance is
2

highly sensitive to parameter choices – like bottom friction coefficients,
vertical mixing schemes, and grid resolution – which can significantly
affect simulation fidelity.

To overcome the limitations of traditional methods and better cap-
ture complex, nonlinear tidal behaviors, recent research has increas-
ingly adopted machine learning (ML) approaches, which offer flexible,
data-driven solutions to forecast water levels and discharges in tidal
nvironments [10]. The study in [11] employs a Deep Neural Network

to replace missing tidal data and forecast tidal levels. The proposed
method outperforms traditional statistical methods and other artificial
neural network (ANN) models for missing value imputation and tidal-
level forecasting. However, its robustness in handling highly non-linear
and multi-factorial tidal variations is limited, as it lacks mechanisms to
isolate complex frequency components and does not consider external
environmental factors such as wind, atmospheric pressure, and coastal
topography. In [5], the hybrid ARIMA-SVR model utilizes Autore-
gressive integrated moving average (ARIMA) for linear components
and Support vector regression (SVR) for nonlinear dynamics to im-
prove the accuracy of the prediction of tidal currents. While this
approach captures some linear–nonlinear interactions, it may struggle
with multi-frequency, non-stationary characteristics in highly variable
tidal conditions. In addition, its computational demands could limit
the scalability for long-term forecasts. In [12] a hybrid forecasting

odel is proposed that combines ARIMA and Deep Belief Network
DBN) to predict the occurrences of red tide, with ARIMA modeling
inear components and DBN capturing non-linear dependencies on
nvironmental factors. Particle Swarm Optimization is used to optimize
arameters in both ARIMA and DBN, enhancing training speed and
ccuracy. Although this approach effectively addresses both linear and
onlinear aspects of red tide data, reliance on ARIMA may reduce
lexibility in handling complex, non-stationary fluctuations, potentially
imiting forecasting accuracy in highly variable marine environments.
he study in [13] employs LSTM to effectively capture the sequential

and cyclical nature of tidal data, outperforming traditional models
like ARIMA and other ML methods implemented, i.e., ANN, Convo-
lutional neural network (CNN), SVR. However, LSTM may be limited
in handling multi-frequency, high-variability tidal patterns in complex
tidal environments. Das et al. in [14] introduce an MLP-based model
for time-series forecasting, optimized for computational efficiency and
effective in long-term forecasting with lower memory requirements.
However, it may face challenges in accurately capturing the complex
temporal dynamics of tidal environments. The study in [15] introduces
 probabilistic approach to forecasting tidal currents with SVR-based
rediction intervals (PIs) rather than point forecasts. Constructing PIs
ncreases the computational intensity, which is typical in SVR, limiting

the model’s practicality for large or high-resolution tidal datasets. Given
these limitations in handling multi-frequency and non-stationary tidal
characteristics, recent research has increasingly focused on integrating
signal decomposition techniques with ML models to better capture the
complex temporal dynamics inherent in tidal environments.

Hybrid models integrate various signal processing techniques with
conventional or advanced machine learning models to address the
nonlinearities and aperiodic behavior inherent the data [16]. While
the nonlinearity of tidal streams arises from their complex nature, ape-
riodic behavior refers to irregular or non-repeating variations caused
by factors such as meteorological influences (e.g., storms, wind surges,
atmospheric pressure changes), geophysical dynamics (e.g., estuarine
conditions and bathymetry), and non-linear interactions with local
hydrodynamics (e.g., eddies and turbulence) [17]. In this respect, signal
processing methods are used to decompose tidal signals into inde-
pendent oscillatory components. Isolating these components allows
the subsequent forecasting models to focus on specific patterns while
reducing the influence of noise and unrelated signals. In [10], hy-
brid models are presented that integrate wavelet decomposition (WD)
and harmonic analysis within ML frameworks to effectively manage
non-stationary, multi-frequency tidal data, capturing both high- and
low-frequency variations essential to accurately model tidal currents.
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Peng et al. [4] decompose tidal current data into periodic and random
components using a layered hybrid model, where Hierarchical extreme
learning machine (ELM) captures turbulence-induced randomness and
STM handles periodic trends. This decomposition enhances short-
erm forecasting accuracy by allowing the model to process predictable
nd irregular fluctuations independently. The study in [6] incorporates

wavelet-based signal decomposition with a Neural Network to enhance
tidal current forecasting accuracy. The WD captures oscillatory behav-
ior in tidal data, improving the model’s adaptability to both short-term
fluctuations and long-term trends. Additionally, k-means clustering
organizes the decomposed data into similar patterns, further enhancing
forecasting precision by grouping data with similar tidal characteristics.
The hybrid model proposed in [18] utilizes CNN’s feature extraction
apabilities and Bi-LSTM’s temporal processing strength. The study

employs an improved symplectic geometric mode decomposition to
decompose the tidal data into stable sub-components that better rep-
resent the non-stationary, complex nature of tidal energy fluctuations.
While this multi-stage approach achieves high precision in capturing
complex energy patterns, its layered structure and high computational
demands may limit scalability and efficiency, particularly for real-time
or large-scale forecasting applications. In [19], an uncertainty-aware
eep neuroevolution algorithm is proposed to optimize the parameters
f a deep learning model (e.g., CNN-LSTM), achieving superior accu-
acy in tidal level interval forecasting. In [20], the Variational Mode
ecomposition (VMD) method is used to decompose the original tidal

height time series into frequency-specific components, which an LSTM
model individually processes. The predictions for each component are
then superimposed and summed, demonstrating superior performance
in tidal height prediction compared to single Support vector machine
and LSTM models, as well as the CEEMDAN-enhanced LSTM model.
Cheng et al. In [21] integrate time-frequency analysis using Discrete
Wavelet Transform with a convolutional neural network to model
intra-period and inter-period variations in tidal current time series to
address the challenges of capturing multiple periodicity in tidal current
forecasting. Although this approach significantly improves short-term
forecasting accuracy, the wavelet-based analysis is computationally
intensive, leading to inefficiencies in processing time. As a result, these
decomposition-aided hybrid models have advanced tidal forecasting by
effectively capturing both linear and nonlinear components. However,
the inherent trade-offs between forecasting accuracy and computational
demand indicate the need for further innovation to address the unique
complexities of highly dynamic tidal environments.

Despite advances in tidal forecasting methods, significant challenges
emain unresolved. Traditional models, such as harmonic analysis, are
imited in capturing non-linear and multi-frequency tidal dynamics,
hile numerical simulations are highly dependent on accurate bound-
ry conditions, which are often difficult to obtain. Hybrid approaches
hat integrate signal decomposition techniques with ML models offer
mproved accuracy but are often hindered by increased computational
omplexity, sensitivity to parameter tuning, and limited scalability for
eal-time or large-scale applications. Furthermore, there is a gap in
odels, balancing forecasting accuracy and computational efficiency,
articularly when addressing the seasonal and non-stationary varia-
ions inherent in tidal environments. In this respect, this study aims
o address these challenges by proposing a novel hybrid approach
hat combines high accuracy with computational scalability while ef-
ectively managing the complexities of multi-frequency and seasonal
idal variations. In this study, the following research questions were
eveloped : (i) How can tidal forecasting models achieve an optimal
alance between high precision and computational scalability? (ii) How
an a hybrid approach combining Swarm decomposition (SWD) and
ulti-Layer Kernel Meta Extreme Learning Machine (ML-MetaKELM)

ptimize this trade-off? (iii) To what extent does the SWD enhance
orecasting accuracy by isolating multi-frequency and non-stationary
idal signals? (iv) How can modular training in ML-MetaKELM reduce
raining times while maintaining forecasting accuracy in complex tidal
3

environments?
Building on these advances in the literature, this study introduces a

ovel hybrid model designed for accurate, reliable, and scalable tidal
urrent-to-power forecasting. In this model, the architecture is designed

to balance complexity and computational efficiency in handling diverse
datasets. The proposed approach integrates the SWD technique with the
proposed ML-MetaKELM model. The structure adopts the strengths of
SWD for signal decomposition and ML-MetaKELM for advanced feature
learning, providing a smooth integration of data preprocessing and
prediction capabilities. The SWD module efficiently decomposes non-
stationary tidal signals into distinct oscillatory components, reducing
noise and isolating critical features for improved forecasting accuracy.
This is complemented by the ML-MetaKELM architecture, which utilizes
kernel-based transformations and modular training to improve gener-
alization and accelerate training times. Partitioning data subsets and
training each ELM on a different segment reduce the computational
time. Such modularity in training enhances adaptability and reduces
the burden of hyperparameter optimization. This design enables the
model to manage large-scale and non-stationary tidal datasets, while
maintaining robust generalization performance. The proposed model is
evaluated using two real-world tidal current datasets from geograph-
ically distinct locations, capturing seasonal variations, from January,
April, July, and October. Its performance is comparatively validated
against other ELM-based models and the widely used deep learning
model, LSTM, using numerical metrics such as the mean absolute error
(MAE), the mean squared error (MSE), the root mean squared error
(RMSE), the coefficient of determination (𝑅2), and the coefficient of
variation (𝐶 𝑉 ). Additionally, a sensitivity analysis is performed to
assess the impact of SWD parameters on the quality and computational
efficiency of the decomposition process. As such, the robustness of the
SWD methodology is demonstrated.

The remainder of this paper is organized as follows: Section 2
describes the proposed methodology and mathematical development of
the model; Section 3 presents the analysis of the tidal current datasets
used and discusses the results of the testing and validation results
including a sensitivity analysis,; and Section 4 provides concluding
remarks and future research directions.

2. Methodology

2.1. Approach

The main architecture of the proposed model consists of three
cascaded modules, as presented in Fig. 1. The SWD module is intro-
uced within a Kernel-Based Meta-ELM model to improve tidal current
rediction accuracy while maintaining low computational complex-
ty. In the decomposition module, unlike the traditional forecasting
odels, relying on the singular characteristics of signal, the SWD is

pplied to capture oscillatory components from non-stationary signals,
nabling detailed feature extraction from tidal stream data. This ap-
roach improves forecasting accuracy for each sub-component of the
ata. The Swarm Filtering (SWF) process within SWD optimally extracts
scillatory components, reducing the pseudo-Gibbs phenomenon that
ypically associated with traditional decomposition methods such as

D. This results in sub-components with richer time-frequency char-
cteristics, which deepens the physical understanding of tidal currents
hile maintaining computational efficiency. In the forecasting module,

he decomposed sub-components feed into the Multi-Layer Kernel based
eta ELM model. The proposed forecasting model addresses key deep

earning challenges in feature extraction and representation. While
eep ELM models, typically stacking ELM autoencoders [22], have

been proposed in the literature, our approach mitigates the need for
extensive trial-and-error tuning by employing a simplified architecture.
The kernel-based design improves generalization, while the Meta-ELM
accelerates training by dividing data into subsets and training each ELM
on separate parts. This approach significantly reduces computational
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Fig. 1. The main framework of the proposed forecasting methodology.
time and enhances forecasting accuracy, making it suitable for complex,
non-stationary datasets. Finally, the aggregation module combines indi-
vidual forecasts from all sub-components, producing a comprehensive
tidal current prediction.

2.2. The swarm decomposition

The SWD method is an intelligent signal analysis approach designed
to decompose nonstationary multi-component signals into their indi-
vidual oscillatory components (OCs) [23]. It is based on the principles
of SWF, which simulates the behavior of a swarm-prey hunting mecha-
nism to iteratively extract oscillatory modes from complex signals. This
method adapts swarm intelligence, where a virtual swarm of agents
interacts with a dynamic prey, corresponding to the desired compo-
nents within the signal. SWD aims to efficiently decompose signals by
iteratively applying SWF to isolate these components based on their
energy spectral density.

The decomposition process begins with the identification of the
center frequency of the dominant oscillatory component using the
power spectrum of the input signal. The swarm then moves toward this
target frequency by calculating both the driving and cohesion forces,
which influence the movement of each swarm member. These forces are
modeled to ensure that the swarm members co-here around the prey,
leading to the isolation of the most prominent oscillatory component
in the signal. Once a component is extracted, it is subtracted from the
original signal, and the process is repeated for the residual signal until
no further significant components are found. If i and n are the number
of members and steps, respectively, the driving force 𝐹𝑑 𝑟(𝑛, 𝑖) is defined
as follow:

𝐹𝑑 𝑟(𝑛, 𝑖) = 𝑃𝑝𝑟𝑒𝑦(𝑛) − 𝑃𝑖(𝑛 − 1). (1)

The position of the prey is denoted by 𝑃𝑝𝑟𝑒𝑦. Unlike the driving force,
the cohesion force 𝐹 , which represents the interactions among all
4

𝐶 𝑜ℎ,𝑖
members, can be calculated by

𝐹 𝑛
𝐶 𝑜ℎ,𝑖 =

1
𝑀 − 1 .

𝑀
∑

𝑗=1,𝑗≠𝑖
𝑓 (𝑃𝑖 [𝑛 − 1] − 𝑃𝑗 (𝑛 − 1)), (2)

𝑓 (𝑑) = −𝑠𝑔 𝑛(𝑑). ln
(

|𝑑|
𝑑𝑐 𝑟

)

, (3)

where 𝑀 represents the number of swarms, and the function 𝑓 (.) is
defined based on the distance between members, 𝑑, and the critical
distance, 𝑑𝑐 𝑟. In this context, 𝑠𝑔 𝑛(.) and 𝑙 𝑛(.) correspond to the sign and
logarithmic functions, respectively. During the hunting process of the
swarm and prey, the members are required to update their positions,
𝑃𝑖, and velocities, 𝑉𝑖, as follows:

𝑉𝑖 [𝑛] = 𝑉𝑖 [𝑛 − 1] + 𝛿 .
(

𝐹 𝑛
𝐷 𝑟,𝑖 + 𝐹 𝑛

𝐶 𝑜ℎ,𝑖
)

, (4)

𝑃𝑖 [𝑛] = 𝑃𝑖 [𝑛 − 1] + 𝛿 . (𝑉𝑖 [𝑛]
)

. (5)

The parameter 𝛿 is the flexibility of the swarm. Once the hunting
process is finished, the output of the SWF can be expressed by

𝑦 [𝑛] = 𝛽 .
𝑀
∑

𝑖=1
𝑃𝑖 [𝑛] , (6)

where 𝛽 is the scale parameter that is selected to be 0.005 as in [24].
The output of SWF is influenced by two key parameters: 𝛿 and 𝑀 . These
parameters are determined on the basis of the normalized frequency as
follows:

ar g𝛿 ,𝑀 𝑚𝑖𝑛
∑

𝑘

{

|

|

𝑌𝛿 ,𝑀 [𝑘] − |𝑆[𝑘]||
|

}2 , (7)

𝑀(𝜔̂) = [33.46𝜔̂−0.735 − 29.1], (8)

𝛿(𝜔̂) = −1.5𝜔̂2 + 3.454𝜔̂ − 0.01. (9)
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The critical factors affecting SWD include the number of swarm
embers (𝑀) and the parameter 𝛿, which influences the flexibility of

he swarm. These parameters, along with thresholds used to extract
scillatory components play a significant role in optimizing the decom-
osition process. The adaptability of SWD enables it to manage signals
ith varying frequencies and amplitudes efficiently. The integration of

he Savitzky-Golay filter enhances the smoothing phase during decom-
osition, improving computational efficiency by narrowing the search
ange in frequency selection [25].

2.3. Multi-layer kernel meta extreme learning machine (ML-MetaKELM)

The architecture of ELM displays structural similarities with other
prominent neural network models, such as Back Propagation Neural
Networks and radial basis function networks. Among the various neural
network models, ELM has gained recognition as a highly efficient
and powerful method [26] due to its unique characteristics, including
apid learning, simple implementation, and strong generalization ca-
ability [27]. While ELM achieves fast results by training single-layer

artificial neural networks with randomly assigned weights, its precision
ay be limited in complex problems.

The ML-MetaKELM model presented in this study overcomes the
imitations of classical ELM and provides a more powerful and flexible
tructure. It provides information transfer between layers in a manner

similar to deep learning models, using kernel-based transformations at
each layer while learning from data divided into subsets. The model
adopts an auto-encoder-like approach, where each layer learns pro-
gressively higher-level representations of the input data, passing these
refined representations to the subsequent layer.

The model has an L-layer structure. In each layer, the data is divided
nto 𝑀 subsets and each subset learns its own hidden layer weights and

kernel transformation. The outputs of the layers are used as input to the
next layer. First, hidden layer weights and bias values are randomly
ssigned in the meta sub-ELM groups in each layer. With the data sets
ivided into subsets in the meta-sub-ELM groups, the output weights of
hese sub-ELM groups are updated by

𝐻 (𝑚)
𝑗 = 𝑓

(

𝑋(𝑚)
𝑗 𝑊 (𝑚)⊤

𝑗 + 𝑏(𝑚)𝑗

)

, (10)

where 𝐻 (𝑚)
𝑗 denotes the output of the hidden layer for the 𝑗th subset in

he 𝑚th layer, 𝑋(𝑚)
𝑗 represents the input data matrix for the 𝑗th subset

in the 𝑚th layer, 𝑊 (𝑚)
𝑗 stands for the weight matrix for the 𝑗th subset

in the 𝑚th layer, 𝑏(𝑚)𝑗 denotes the bias vector for the 𝑗th subset in the
𝑚th layer, and 𝑓 (⋅) is the activation function. The output weights for
each meta-sub-ELM group are obtained using the autoencoder method
as follows:

𝛽(𝑚)𝑗 = 𝐻†(𝑚)
𝑗 𝑋(𝑚)

𝑗 , (11)

where 𝐻†(𝑚)
𝑗 represents the inverse matrix of 𝐻 (𝑚)

𝑗 using Moore–Penrose
seudo-inverse method, 𝛽(𝑚)𝑗 is the output weights for the 𝑗th subset in
he 𝑚th layer. For each sub-meta ELM group in the relevant layer, the
idden layer outputs 𝐻 (𝑚) are calculated for the entire input data set
(𝑚) by

𝐻 (𝑚) =
𝑀
∑

𝑗=1
𝛽(𝑚)𝑗 𝑓

(

𝑋(𝑚)𝑊 (𝑚)⊤
𝑗 + 𝑏(𝑚)𝑗

)

. (12)

Then, a kernel matrix 𝛺 using the kernel function 𝐾 can be defined
by applying Mercer’s conditions on each layer output:

𝛺(𝑚) = 𝐻 (𝑚)𝐻 (𝑚)⊤ , (13)

where 𝛺(𝑚) equals 𝐾 (𝑚)(𝑥𝑖, 𝑥𝑗 ) = 𝑒𝑥𝑝(− ‖

‖

‖

𝑥𝑖 − 𝑥𝑗
‖

‖

‖

∕2𝜎𝑚2). Kernel func-
tions satisfy the Mercer condition, making them suitable for practical
applications. Various kernel functions can be considered, such as the
polynomial kernel, Gaussian kernel, hyperbolic tangent kernel (Sigmoid

28]. In this study, the kernel of the
5

kernel), and wavelet kernel [
radial basis function (RBF) is selected for analysis. Depending on the
peration of the kernel, the transformation matrix (𝛤 (𝑚)) is found as

follows:

𝛤 (𝑚) =
(

𝐼
𝐶 (𝑚)

+𝛺(𝑚)
)−1

𝑋(𝑚), (14)

where 𝐼 represents the unit matrix, 𝐶 (𝑚) represents the regularization
parameter in the 𝑚th layer. Based on previous research [29,30], a value
of 50 is adopted for the 𝐶 parameter in this study. The input of the next
ayer 𝑋(𝑚+1) is the product of 𝛺(𝑚) and 𝛤 (𝑚) by

𝑋(𝑚+1) = 𝛺(𝑚) ⋅ 𝛤 (𝑚). (15)

These procedures are applied in each layer of ML-MetaKELM until
he final layer is reached. The procedures in the last layer of the model

are as follows:

𝐻 (𝐿)
𝑗 = 𝑓

(

𝑋(𝐿)
𝑗 𝑊 (𝐿)⊤

𝑗 + 𝑏(𝐿)𝑗

)

, (16)

where 𝐿 is the number of layers, 𝐻 (𝐿)
𝑗 denotes the output of the final

layer for the 𝑗th subset in the 𝐿th layer, 𝑋(𝐿)
𝑗 represents the input

data matrix for the 𝑗th subset in the 𝐿th layer, 𝑊 (𝐿)
𝑗 is the final

weight matrix for the 𝑗th subset in the 𝐿th layer, 𝑏(𝐿)𝑗 is the final bias
vector for the 𝑗th subset in the 𝐿th layer. The output weights for each
meta-sub-ELM group are determined as given by

𝛽(𝐿)𝑗 = 𝐻†(𝐿)
𝑗 𝑇𝑗 . (17)

where 𝑇𝑗 denotes the target data vector for the 𝑗th subset, 𝐻†(𝐿)
𝑗 is the

inverse matrix of 𝐻 (𝐿)
𝑗 , and 𝛽(𝐿)𝑗 represents the output weights for the

th subset in the 𝐿th layer. For each sub-meta ELM group in the final
layer, the output 𝐻 (𝐿) is calculated according to Eq. (12) for all input
data received from the preceding layer. These outputs are then summed
and the final output of the model is obtained using the Kernel matrix.

𝑌 = 𝛺(𝐿)
(

𝐼
𝐶 (𝐿)

+𝛺(𝐿)
)−1

⋅ 𝑇 . (18)

In this equation, 𝑌 denotes the ML-MetaKELM model output and 𝛺(𝐿)

is the Kernel matrix for the last layer.

3. Experimental results and forecasting performance analysis

3.1. Tidal data description

In this study, two distinct real-world tidal datasets from geograph-
ically different locations were utilized to evaluate the model’s perfor-
mance across diverse tidal characteristics. The primary dataset, sourced
rom the AP Buoy in the Gulf of Mexico (latitude 27◦ 47.543’ N,

longitude 96◦ 57.392’ W, depth 20 m) [31], was used to test the
model. This dataset, provided by the National Oceanic and Atmospheric
Administration (NOAA), consists of 6-minute tidal current measure-
ments for one month for each season months (January, April, July,
and October 2022), capturing seasonal variations. The second dataset,
obtained from the Shark River Entrance in Florida of U.S. (latitude 25◦

20.7 N, longitude 81◦ 7.6 W, depth 0.58 m), was used to validate the
model’s generalizability. This dataset, provided by NOAA [31], includes
6-minute readings from October 1–25, 1999, and has been previously
used in the literature for tidal forecasting analysis [32].

Table 1 presents the descriptive statistical values of the and the
second dataset, including the mean, standard deviation, maximum,
minimum, Skewness, Kurtosis, and median, are presented. It can be
een from the results that the datasets exhibit both similarities and
ifferences in their statistical characteristics across the datasets. For

instance, while the mean values range from 15.95 in July to 35.08 in
April, the standard deviations vary between 9.24 in July and 19.42 in
April. Moreover, the Skewness values indicate slight asymmetry in all

datasets, with April and October showing more pronounced positive
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Fig. 2. Decomposition of the tidal current data from each season’s representative months based on the SWD approach, (a) January, (b) April, (c) July, (d) October.
Table 1
The statistical parameters of the tidal current dataset used for representative months
from each season [31].

Dataset Max. value Min. value Mean Std. Skewness Kurtosis Median

January 65.3 0.1 26.28 13.54 0.04 1.98 26.5
April 99.4 0.9 35.08 19.42 0.71 2.67 30.1
July 48.0 0.1 15.95 9.24 0.58 2.82 15.0
October 107.2 0.2 31.24 17.88 0.72 3.67 29.2
Shark River Dataset 141.5 0.2 61.98 28.48 −0.09 2.42 62.5

Fig. 3. Sensitivity analysis for combinations of SWD parameters, (a) number of
components (b) mean energy.

skewness. The Kurtosis values suggest varying levels of peakedness,
particularly in October, which has the highest Kurtosis value. Notably,
the Shark River Dataset exhibits the highest mean (61.98) and max-
imum value (141.5), indicating significantly higher tidal variations
compared to the seasonal datasets. These statistical variations across
the datasets allow for a comprehensive evaluation of the adaptability
of the proposed model.
6

3.2. Sensitivity analysis of SWD parameters

To evaluate the sensitivity of SWD parameters, two critical values
were performed using tidal data: threshold for component extraction
(cmps thresh) and threshold for iterative refinement (detail depth).
Sensitivity analysis was performed to examine the number of com-
ponents extracted and the mean energy of the components under
various combinations of these parameters. Notably, changes in the
number of components influence the level of signal decomposition
and computational cost, whereas the mean energy serves as a critical
metric for evaluating the information-carrying capacity of the extracted
components. According to the SWD methodology, the cmps thresh
value controls the threshold for extracting oscillatory modes from
the signal. Smaller values of cmps thresh enable finer decompositions
with more components extracted, whereas larger values yield coarser
decompositions, focusing on dominant components. The detail depth
parameter determines the precision of iterative refinements during
the decomposition process; lower values ensure detailed refinements,
while higher values provide faster convergence with potentially fewer
components.

Fig. 3 presents the impact of these combinations of parameters on
the number of components and the mean energy of the decomposed
signals. The analyzed parameter ranges were set as cmps thresh values
of [0.01, 0.05, 0.08] and detail depth values of [0.001, 0.005, 0.008]. These
parameter combinations were abbreviated as T (for cmps thresh) and D
(for detail depth), with labels like T0.01.D0.001 and T0.08.D0.008 dis-
played on the x-axes of the sensitivity analysis results. The results shows
that the number of decomposed components decreases as the T (cmps
thresh) and D (detail depth) values increase, eventually reaching the
same number of subcomponents beyond a certain point. Considering
computational cost alongside the average energy levels, T = 0.05 and
D = 0.005 were identified as the optimal parameter values. In Fig. 4,
the reconstructed signals for each parameter combination are compared
with the original signal. Although the number of decomposed signals
increases with smaller cmps thresh and detail depth values, Fig. 4 shows
that no significant data loss occurs in the reconstructed signals. This
ensures that the method maintains the integrity of the original tidal
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Fig. 4. Original and reconstructed signals for each parameters.

current data while allowing a detailed examination of its components.
or all conducted analyses, the sensitivity results were carefully consid-
red to select the most suitable and optimal parameter configuration.
he results highlight that both cmps thresh and detail depth values
ignificantly influence the number and energy of the extracted compo-
ents, as well as the accuracy of the reconstructed signals. It is therefore
oncluded that the selection of SWD parameters is critical to achieve
ccurate and physically meaningful results in tidal current forecasting.

3.3. Testing, validation, and performance analysis of the proposed hybrid
odel

The analysis of the proposed model includes three key stages:
ecomposition, forecasting, and aggregation. Firstly, the SWD approach

is applied to the original tidal current data to capture the full details
f the current signal. Importantly, during the SWD process, no data is

lost from the original signal; in other words, the original data can be
fully reconstructed by aggregating the SWD-decomposed signals. The
decomposition results for the original signals from each season’s repre-
sentative months are shown in Fig. 2. The number of sub-components
varies based on the data’s characteristics. Notably, the SWD1 compo-
ent captures core features of the tidal current data. The forecasting

accuracy of this component is critical, as it significantly influences the
final aggregated prediction performance.

Before the forecasting step, the decomposed signals are divided
nto training and testing sets with a 70:30 ratio. Using historical data,
nput sets for training and testing are generated through the sliding

window technique. This method requires careful selection of the win-
dow width, as it plays a crucial role in defining the optimal model
structure by accounting for the relationship between current values
and past time series data. The decomposed signals individually feed
into separate ML-MetaKELM models, allowing each component to be
specifically modeled in the forecasting process. The ML-MetaKELM
model enables information transfer between layers in a deep-learning-
inspired structure, using kernel-based transformations at each layer
and processing data divided into smaller subsets. This model adopts
an auto-encoder-like approach, where each layer derives progressively
higher-level representations of the input data and passes them to the
subsequent layer. The architecture consists of L distinct layers, with
each layer partitioning the input data into M subsets. Each subset
independently determines its hidden layer weights and applies kernel
transformations, allowing for learning within each layer. The outputs
from each layer then serve as inputs for the next, refining the data rep-
resentation with each progression. Initially, hidden layer weights and
bias values are randomly assigned within the Meta sub-ELM groups,
enhancing variability in each layer’s learning process. The model’s
training performance is shown in Fig. 5.
7

Fig. 5. Comparison of the train performance results.

The top panel of Fig. 5 presents a comparison between the predicted
utputs of the model and the target values while the subsequent panels

show an error analysis, including metrics such as the MSE, the RMSE,
the mean error, and the standard deviation. With a mean squared
error of 0.0292 and a root mean squared error of 0.1709, the model
demonstrates strong learning performance on the input data during the
training phase. The mean error is also close to zero, highlighting the

inimal bias in the model’s predictions and confirming its precision
in capturing tidal current trends. This training performance serves as
 foundation for the subsequent forecasting phase, where monthly
nalyses are conducted to compare the results of this standalone model
ith those from the hybrid model incorporating SWD decomposition

esults.
To evaluate the forecasting performance of the proposed model,

ell-established numerical metrics such as RMSE, MSE, MAE, and 𝑅2

were employed. While traditional metrics are widely used, they have
everal limitations. For instance, RMSE penalizes larger errors more

heavily due to the squaring of residuals, which can disproportion-
ately influence the metric, especially in datasets with outliers. 𝑅2 may
provide less reliable results for non-linear models or datasets with
significant variability. To address these shortcomings, the 𝐶 𝑉 was
included to provide a normalized measure of variability relative to
the mean tidal current values. Lower 𝐶 𝑉 values indicate better model
performance, and it is mathematically expressed as:

𝐶 𝑉 =
1
𝑁

√

∑𝑁
𝑖=1

(

𝑦𝑖 − 𝑦𝑖
)2

𝑦𝑖
. (19)

The analysis evaluates the forecasting accuracy of the proposed model
using representative months from each season, comparing its perfor-
mance against other ELM-based models and LSTM, a widely used deep
earning method. Table 2 presents these comparative results, demon-
trating that the proposed model consistently outperforms the other
odels. Across all evaluated months, the proposed model achieves
otably lower error metrics and higher 𝑅2 values. For instance, in

October, the proposed model achieves significantly lower error metrics
than the other methods, with an RMSE of 1.2155, an MSE of 1.4775, an
MAE of 0.8882, a CV of 0.0543, and an 𝑅2 value of 0.9933. Similarly, in
other months, the proposed model consistently shows lower error val-
ues lower CV values, such as 0.068 in April and 0.0902 in January, and
higher 𝑅2 values, indicating improved forecasting accuracy. Notably,
in the analyses for January and July, the proposed model outperforms
both LSTM and other ELM-based models. For example, in July, the
proposed model achieves a CV value of 0.2035, which is substantially
lower than LSTM (0.2067) and other models, highlighting its stabil-
ity and precision in forecasting. These results highlight the proposed
model’s superior accuracy and reliability and reduced variability in
predicting tidal current data across various months.
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Table 2
Performance comparison of the proposed model against other ELM-based models, and
LSTM across representative months from each season.

RMSE MSE MAE 𝑅2 CV

October

Meta ELM 2.7707 7.677 2.1855 0.9653 0.1238
Meta Kernel ELM 2.611 6.8173 2.0625 0.9692 0.1167
ML Meta KELM 2.6216 6.8725 2.0721 0.9689 0.1172
LSTM 2.7569 7.6003 2.1984 0.9656 0.1232
Proposed 1.2155 1.4775 0.8882 0.9933 0.0543

April

Meta ELM 3.8263 14.6408 2.7418 0.9669 0.1079
Meta Kernel ELM 3.7259 13.8821 2.6883 0.9686 0.1051
ML Meta KELM 4.0263 16.211 2.7983 0.9634 0.1136
LSTM 3.8085 14.5044 2.7828 0.9672 0.1074
Proposed 2.4121 5.8183 1.2897 0.9869 0.0680

January

Meta ELM 3.1401 9.8601 2.4061 0.9414 0.1170
Meta Kernel ELM 3.0045 9.0272 2.3175 0.9463 0.1120
ML Meta KELM 2.9808 8.8852 2.3021 0.9472 0.1111
LSTM 4.4391 19.7059 3.5692 0.8829 0.1654
Proposed 2.4193 5.8532 1.8832 0.9652 0.0902

July

Meta ELM 2.8808 8.2989 2.1929 0.8031 0.2738
Meta Kernel ELM 2.8414 8.0733 2.1589 0.8084 0.2701
ML Meta KELM 2.8675 8.2225 2.1739 0.8049 0.2726
LSTM 2.1754 4.7322 1.6662 0.8877 0.2067
Proposed 2.1403 4.5808 1.6054 0.8913 0.2035

Fig. 6. Forecasting test results of the implemented models for October.

Fig. 6 through Fig. 9 present the forecasting test results for the im-
lemented models across the representative months of October, April,
anuary, and July. Each figure compares the forecasted tidal current
alues from the proposed model with those from Meta ELM, Meta
ernel ELM, ML Meta Kernel ELM, and LSTM, along with the actual
ata. Across all months, the proposed model consistently demonstrates
 closer alignment with the real tidal current values, outperforming the
ther models in tracking variations in the tidal current data. This is
articularly evident in October (see Fig. 6), April (see Fig. 7), and Jan-
ary (see Fig. 8) where the proposed model shows significantly reduced
eviation from actual values. The performance metrics in each figure
ighlights the robustness of the proposed model, as it maintains low
rror rates and high accuracy even with seasonal fluctuations. These

results indicate that the proposed model not only captures seasonal
trends but also adapts well to the complex nature of tidal current
patterns, proving its efficacy over ELM-based models and LSTM in
redicting tidal currents with higher precision.

Considering these figures and performance metric results in Table 2,
the integration of the SWD decomposition method into the ML-MetaKELM
model further strengthens the forecasting performance by enhancing
the model’s ability to capture complex patterns within tidal current
data. SWD enables the model to decompose original signals into dis-
8

tinct oscillatory components, effectively reducing noise and improving
Fig. 7. Forecasting test results of the implemented models for April.

Fig. 8. Forecasting test results of the implemented models for January.

feature extraction. This decomposition-based approach improves the
uality of inputs for ML-MetaKELM, allowing it to focus on critical

features within each component and thus achieve superior accuracy
and robustness. As a result, the combined SWD and ML-MetaKELM
methodology demonstrates significant improvements over standalone
models and the LSTM, maintaining high forecasting performance even
among seasonal fluctuations.

The performance of the proposed model was further validated us-
ing a distinct tidal dataset from the Shark River Entrance (Florida,
U.S.) [32]. It is worth noting that while this dataset originates from the
ame location, differences in data collection depths preclude a direct

comparison of results. As such, the findings presented here should be
interpreted within this context. As reported in Table 3, the proposed

odel achieved significantly better performance compared to other
LM-based models and the LSTM. Notably, it recorded the lowest error
etrics, including an RMSE of 2.82, MSE of 7.96, MAE of 1.90, and
V of 0.0434, as well as the highest 𝑅2 value of 0.9920. These results
ighlight the model’s capability to accurately capture the complex

tidal patterns and dynamic variations present in a geographically and
temporally distinct dataset.

The analysis demonstrates that the integration of Swarm Decompo-
sition (SWD) with the ML-MetaKELM enhances the model’s robustness
and adaptability to varying tidal characteristics. Compared to the other
models, the proposed approach effectively isolates and processes the
oscillatory components, leading to superior feature extraction and im-
proved forecasting accuracy. For instance, the LSTM model showed
relatively higher errors, with an RMSE of 9.24 and CV of 0.1423,
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Table 3
Performance comparison of the proposed model with other ELM-based models and
LSTM on the second tidal current dataset from a distinct geographic location [32].

RMSE MSE MAE 𝑅2 CV

Sh
ar

k R
iv

er
 D

at
as

et Meta ELM 5.5686 31.0094 4.2238 0.9692 0.0857

Meta Kernel ELM 5.2567 27.6338 4.0009 0.9725 0.0809

ML Meta KELM 5.2024 27.0656 3.9957 0.9731 0.0801

LSTM 9.2433 85.4393 7.8094 0.9151 0.1423

Proposed 2.82143 7.9605 1.89613 0.9920 0.0434

showing its limitations in handling multi-frequency and non-stationary
tidal signals. Similarly, traditional ELM-based models exhibited mod-
erate performance but were outperformed by the proposed model in
all evaluated metrics. These findings validate the generalizability of
the proposed model, highlighting its ability to adapt to different tidal
environments while maintaining high forecasting accuracy.

In the last stage of the experiments, this paper evaluates the fore-
casting models’ performance by calculating tidal power values derived
from a standardized tidal-stream power curve. This approach allows
for an assessment of how forecasting accuracy impacts power output,
highlighting the potential errors or deviations in power calculations
introduced by each model. To obtain the power from tidal current data,
the standardized power curve in [33], based on mean values of 14
commercial devices is performed according to Eq. (20).

𝑃𝑡 =

⎧

⎪

⎨

⎪

⎩

0, 𝑢 < 0.3𝑉𝑟
0.185𝑢3 ⋅ 𝐴, 0.3𝑉𝑟 ≤ 𝑢 ≤ 𝑉𝑟,
𝑃𝑟, 𝑢 > 𝑉𝑟

(20)

where 𝑉𝑟 and 𝑃𝑟 represent the rated speed and power, respectively. The
tidal power, 𝑃𝑡 is a related cubic function of the current velocity (𝑢)
over the rotor-swept area, 𝐴. To calculate the tidal power from current,
these parameter in this paper are determined according to [34]. To
ensure a more accurate power estimation without changing the inher-
ent characteristics of the data, the amplitude of the current velocity
data was increased ten-fold during power calculations. This adjust-
ment provides a clearer depiction of the forecasting models’ impact
on power output predictions. Fig. 10 presents a comparative analysis
of power forecasting derived from the tidal current data, emphasizing
both the highest and lowest-performing models. The proposed model
achieved the best-performance with an MAE of 119.51 kW, while the
LSTM demonstrated the worst performance with the highest MAE of
300.77 kW. This marks approximately a 60% improvement in accuracy.
Such a significant reduction in error emphasizes the impact of selecting
an optimal forecasting model, as it enhances the reliability of tidal
power predictions and reduces potential discrepancies in power output,
and ultimately supports more stable and efficient grid operations.

4. Conclusions

This study proposed an innovative hybrid model, integrating SWD
with a Kernel-based Multi-Layer Meta-ELM (ML-MetaKELM), to en-
hance the accuracy and computational efficiency of tidal current-to-
power forecasting. Addressing the challenges inherent in predicting
complex, non-stationary tidal signals, the SWD technique effectively
decomposes tidal current data into oscillatory components, significantly
reducing noise and improving feature extraction. The architecture of
MetaKELM, improves generalization and reduces the need for extensive
parameter tuning. This makes the proposed solution scalable solution
suitable for diverse tidal forecasting applications.

To validate the robustness of the proposed model, we conducted a
sensitivity analysis of key SWD parameters. This analysis demonstrated
the impact of parameter choices on decomposition quality and compu-
tational efficiency, confirming the model’s adaptability to diverse signal
9

Fig. 9. Forecasting test results of the implemented models for July.

Fig. 10. The effect of forecasting model performance on tidal power.

characteristics. The model was tested on two tidal current datasets
geographically and temporally distinct locations to demonstrate its
capability to adapt to varying tidal environments. The performance was
comparatively evaluated against other ELM-based and LSTM models
from the literature. The model consistently outperformed other ELM-
based models and LSTM in both datasets, achieving lower error metrics
(e.g., RMSE, MSE, MAE, and CV) and higher 𝑅2 values. The study
further validated the model’s effectiveness by evaluating its impact on
tidal power prediction, showing a 60% improvement in accuracy over
LSTM. This substantial reduction in forecasting error highlights the im-
portance of optimal forecasting models for tidal power applications, as
greater accuracy in tidal current forecasts translates directly into more
reliable power output predictions, supporting the stable and efficient
design and management of power processing and storage systems.

This study employs a standardized tidal-stream power curve, de-
rived from the mean values of 14 commercial devices, to assess power
output. While this approach provides a practical framework for large-
scale evaluations, it does not account for device-specific variability,
which could be addressed in future research. Future directions also
include exploring metaheuristic optimization techniques and large lan-
guage model-based approaches to further improve forecasting accuracy
and scalability. Extending the model’s adaptability to real-time fore-
casting across broader geographic regions and varying environmental
conditions remains a key goal.
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