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Abstract: Accurate renewable energy forecasting is crucial for grid stability and efficient
energy management. This study introduces a hybrid model that combines signal decom-
position and artificial intelligence to enhance the prediction of solar radiation and wind
speed. The framework uses a one-stage decomposition strategy, applying variational mode
decomposition and an improved empirical mode decomposition method with adaptive
noise. This process effectively extracts meaningful components while reducing background
noise, improving data quality, and minimizing uncertainty. The complexity of these com-
ponents is assessed using entropy-based selection to retain only the most relevant features.
The refined data are then fed into advanced predictive models, including a bidirectional
neural network for capturing long-term dependencies, an extreme learning machine, and a
support vector regression model. These models address nonlinear patterns in the historical
data. To optimize forecasting accuracy, outputs from all models are combined using a least-
squares regression technique that assigns optimal weights to each prediction. The hybrid
model was tested on datasets from three geographically diverse locations, encompassing
varying weather conditions. Results show a notable improvement in accuracy, achieving a
root mean square error as low as 2.18 and a coefficient of determination near 0.999. Com-
pared to traditional methods, forecasting errors were reduced by up to 30%, demonstrating
the model’s effectiveness in supporting sustainable and reliable energy systems.

Keywords: solar radiation; wind speed; hybrid deep learning forecasting; least-squares
regression hybrid model

1. Introduction

In recent decades, the transition towards a sustainable energy system has become
a global priority, driven by the need to reduce greenhouse gas emissions and limit de-
pendence on fossil fuels [1,2]. In this context, renewable energy sources—particularly
solar [3] and wind [4]—play a key role in the decarbonization process [5,6]. However, due
to their intermittent nature and strong dependence on meteorological variables, energy
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production becomes a complex challenge [7]. The accurate forecasting of future genera-
tion is essential to ensure grid stability, optimize demand-side management, and reduce
operational costs [8].

The scientific literature has recently proposed numerous models for renewable energy
forecasting [9], ranging from traditional statistical techniques to artificial intelligence-based
methods [10,11]. Physical models rely on meteorological and topographical data to estimate
energy output, but their applicability is limited by the complexity of atmospheric phenom-
ena and the requirement for high-resolution data [12,13]. On the other hand, statistical
and autoregressive models effectively capture historical patterns but prove inadequate
when faced with nonlinear dynamics and sudden meteorological changes [14,15]. The intro-
duction of machine learning techniques and neural networks has revolutionized the field,
enabling the modeling of complex relationships between weather variables and energy
production [16]. However, their effectiveness is often hindered by noise in the data and the
inability to distinguish informative components from irrelevant ones accurately [17,18].

In this context, the present study introduces an innovative framework that overcomes
the limitations of existing models through an advanced integration of signal decomposition
techniques, entropy-based feature selection, and predictive models based on deep learning
and least-squares regression. The main innovation here compared to the recent literature
lies in the combined use of variational mode decomposition (VMD) and improved complete
ensemble empirical mode decomposition with adaptive noise (ICEEMDAN) for data pre-
processing—two of the most advanced techniques for analyzing non-stationary time series.
These methods enable the decomposition of historical solar radiation and wind speed
data into more interpretable modal components, thereby enhancing input data quality and
reducing error propagation in predictive models.

Unlike conventional models that employ multi-stage decomposition strategies with
high computational complexity [19-21], the proposed framework adopts a single-stage
decomposition approach, ensuring improved computational efficiency without compromis-
ing forecast accuracy. An additional innovative feature is the use of sample entropy [22,23]
for automatically selecting the most relevant components, allowing for the isolation of
key information and the more effective filtering of residual noise compared to traditional
methods. This phase enhances the model’s ability to detect significant variations in the
data and adapt more effectively to dynamic weather conditions.

The proposed framework thus integrates advanced predictive models, including bidi-
rectional recurrent neural networks [24,25], extreme learning machines, and support vector
regression, all optimized to model nonlinear dynamics and capture complex relationships
within energy data [26,27]. The final forecast is obtained through a least-squares regression-
based hybrid strategy, which optimally combines the contributions of the different models,
reducing prediction error and improving system stability. Compared to traditional ap-
proaches, this methodology enables more accurate and robust forecasts, as demonstrated
by experimental results on real-world data from three distinct locations characterized by
heterogeneous climatic conditions.

A hybrid deep learning model combining CNN and LSTM was used to predict solar
radiation, where the results showed an improvement in predicting radiation over various
time intervals [28]. In this study, a new LSTM model with adaptive wind speed calibration
(C-LSTM) was presented, which significantly improved the accuracy of predictions. This
was applied to 25 wind turbines by dynamically adjusting the expected wind speed during
all phases of training and inference throughout the study [29]. To improve the performance
of the LSTM training process, the AROA algorithm was used for this purpose, where the
results showed a significant improvement in the accuracy of wind speed predictions, and
the study was conducted using real wind speed data [30]. In this study, a hybrid model for
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deep learning was used employing the LSTM algorithm, which was optimized through
hyperparameter tuning. The results showed a significant improvement in short-term solar
radiation prediction [30].

The comparative analysis conducted in this study highlights a significant improvement
over existing models, with reduced forecasting errors and enhanced generalization capabil-
ity. In particular, the developed hybrid model achieves superior performance in terms of
prediction accuracy, with error values being reduced by up to 30% compared to conven-
tional techniques and a coefficient of determination approaching 0.999, demonstrating the
validity of the proposed approach.

The structure of the paper is organized as follows: Section 2 provides an overview
of the recent scientific literature on renewable energy forecasting techniques and signal
decomposition methodologies. Section 3 describes the proposed methodology, focusing
on pre-processing techniques, machine learning models, and the forecast hybrid strat-
egy. Section 4 offers a detailed description of the proposed approach, while Section 5
presents the experimental setup and the datasets used for model validation. Subsequently,
Section 6 provides insights into the computational complexity and the proposed model’s
efficiency evaluation. The experimental results are thoroughly discussed in Section 7, with
Section 8 being devoted to concluding remarks and potential future developments of the
ongoing research.

2. Related Works

Physical models use historical meteorological and topographical data [31-36], while
statistical models forecast wind speed and solar irradiance [37] by modeling time series
using autoregressive approaches (AR [38], MA [39], and ARMA [40]). In [41], an adap-
tive model for Numerical Weather Prediction (NSD) demonstrated that error correction
significantly improves the accuracy of weather forecasts.

Statistical models predict wind speed and solar irradiance using autoregressive ap-
proaches (AR, MA, ARMA, ARIMA, and SARIMA) [42], tuning parameters and comparing
predicted values with actual measurements. ARMA models are prevalent, as they effec-
tively represent wind speed characteristics while minimizing error [43,44].

Another class of forecasting methods for wind speed and solar irradiance includes
machine learning (ML) techniques [45], which have enabled the development of various
accurate forecasting models, including artificial neural networks (ANNSs) [46], Adaptive
Neuro-Fuzzy Inference Systems (ANFISs) [47-51], complex neuro-fuzzy networks, and
innovative approaches based on Support Vector Machines (SVMs) [52]. Specifically, an
ANN model was developed in [53] to predict wind speed, leveraging local meteorological
data to learn nonlinear features and improve forecast accuracy. In [43], a model based on
Back Propagation Neural Networks (BPNN) and time series was used for short-term solar
irradiance forecasting, optimizing the network through cross-validation and parameter
tuning to prevent overfitting and enhance predictive precision. In [44], two models for wind
speed forecasting were proposed: one based on ANNs and the other on ANFISs, using
different network configurations and meteorological measurements. The results showed
superior accuracy for the ANFIS model. In [54], an advanced model combining SVMs and
k-means clustering was proposed to forecast solar irradiance one hour ahead, improving
forecasting accuracy and optimizing the performance of Energy Storage Systems (ESSs).

Hybrid approaches combine linear and nonlinear models to improve short- and long-
term forecasts. In [53], a multi-step architecture for wind speed forecasting was developed,
integrating decomposition algorithms and modified ANNs. Among the four tested hybrid
models, the one based on Singular Spectrum Analysis (SSA) and a General Regression
Neural Network (GRNN) yielded the most accurate forecasts. The evolution of artifi-
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cial intelligence (AI), machine learning, and deep learning has made these techniques
essential for accurately forecasting nonlinear phenomena such as wind speed and solar
irradiance. In [55], a hybrid approach was proposed based on empirical mode decomposi-
tion (EMD) and its advanced versions—ensemble empirical mode decomposition (EEMD)
and complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN)—
combined with Singular Spectrum Analysis (SSA) for processing high-frequency compo-
nents and the Elman Neural Network (ENN). It is worth noting that in [56], a hybrid
model for short-term wind speed forecasting was proposed, combining CEEMDAN and
variational mode decomposition (VMD) with an advanced AdaBoost algorithm and an
extreme learning machine (ELM). This model addresses the nonlinearity of wind speed
time series and improves forecast accuracy. The approach proposed in [57] employs the
Seasonal Autoregressive Integrated Moving Average (SARIMA) model—derived from the
ARIMA model—to forecast wind speed and solar irradiance [37,58]. SARIMA, designed
to handle seasonality in time series, follows a four-step process (identification, estimation,
diagnostic checking, and forecasting) to optimize the design and sizing of hybrid renewable
energy systems, combining wind, solar, and storage technologies to ensure reliable energy
supply. A summary of the main forecasting approaches discussed in the literature, along
with their respective strengths and limitations, is reported in Table 1, which also highlights
the motivation for developing the proposed hybrid method.

Table 1. Summary of selected representative studies on renewable energy forecasting, including the
forecasting methods used, main advantages and limitations, and the research gaps identified. This
comparison provides context for the development of the proposed hybrid framework.

Model/Study

Technique Advantages Limitations

ARIMA /SARIMA-based
models [43,44]

Interpretable, efficient for linear Poor performance on nonlinear

Statistical time series modeling patterns and abrupt changes

ANN/BPNN [46,53]

Risk of overfitting, requires

Neural networks Learns nonlinearities, adaptable .
parameter tuning

ANFIS [46-51]

Handles uncertainty, interpretable  Sensitive to noise,
Neuro-fuzzy system

rules computationally intensive
SVM + k-means [54] ML with clustering Enhancgs solar irradiance Requ1re§ Pre—segmentatlon, lacks
forecasting adaptability
SSA + GRNN [53] Hybrid mgc}el with Improves forecast accuracy Increased complexity and cost
decomposition

CEEMDAN + AdaBoost +
ELM [56]

Advanced hybrid decomposition
+ ensemble learning

High computational burden, no

Captures nonlinearity effectively entropy selection

Proposed model

Integrates decomposition,
VMD/ICEEMDAN + SE + entropy-based filtering, and
BiLSTM/ELM/SVR + LSR ensemble learning; high accuracy
and efficiency

3. Overview of the Forecasting Strategy and System Architecture

This study proposes an advanced hybrid framework for the short-term forecasting of
two renewable energy sources (RESs): global horizontal irradiance (GHI) and wind speed
(WS). The model is based on a multilayer predictive architecture that integrates signal
decomposition techniques, entropy measures, and machine learning models to improve
forecast accuracy and robustness.

The main innovation lies in the combined use of variational mode decomposition
(VMD), improved complete ensemble empirical mode decomposition with adaptive noise
(ICEEMDAN), and sample entropy (SampEn), applied within a single-stage decomposition
strategy. This combination allows for a more effective separation of informative components
from noise compared to traditional methods, improving the quality of the input data for
the predictive models.
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The forecasting process consists of several steps:

1.  Signal decomposition: VMD and ICEEMDAN decompose GHI and WS signals into
modal subcomponents with distinct frequency bands. VMD is configured with
12 modes and a bandwidth constraint of 2000, while ICEEMDAN uses 100 iterations
and a white noise standard deviation of 0.2.

2. Entropy-based selection: sample entropy is used to identify the most informative
subcomponent, removing redundant or noisy components. This step reduces compu-
tational complexity and enhances the quality of the reconstructed signal.

3. Predictive modeling: Each significant subcomponent is processed by three distinct models:

- Bidirectional Long Short-Term Memory (Bi-LSTM), effective at capturing long-
term dependencies in both temporal directions;

- Extreme learning machine (ELM), a single-layer feedforward network with
randomly assigned weights, offering high training speed;

- Support vector regression (SVR), which models complex nonlinear relationships
with strong generalization capability.

4. Model hybrid: The predictions from the individual models are combined through a
least-squares regression (LSR) strategy, which assigns optimal weights to each model
based on its performance, enhancing the stability and accuracy of the final output.

The framework was tested on real-world datasets from three locations with heteroge-
neous climatic conditions: Tamanrasset (Algeria), Brasilia, and Colorado (USA). The results
show an error reduction of up to 30% compared to conventional models and a coefficient
of determination (R?) close to 0.999, demonstrating the effectiveness and reliability of the
proposed method. Furthermore, the framework was evaluated in terms of computational
complexity, showing that the VMD-based approach offers an optimal trade-off between
accuracy and processing time (18-35 s for 10,000 samples), making it suitable for real-world
applications and operational deployment. The flowchart of the forecasting strategy, de-
picted in Figure 1, provides a visual representation of the developed model and helps to
understand the system’s overall functioning. Particularly, Figure 1 in the paper illustrates
the overall flow of the developed model for forecasting solar radiation and wind speed.
It visually represents the system architecture, starting from the transformation of data
vectors into matrices and the creation of a test vector, denoted as Ytest, which is later used
to generate the forecasts. Figure 1 outlines two scenarios in the preprocessing phase: the
first, which is more comprehensive, involves the joint application of the ICEEMDAN and
VMD decomposition techniques; the second, simpler scenario uses the Ytest vector directly
without any decomposition. The section of Figure 1 depicting the flow with ICEEMDAN
and VMD actually corresponds to the implementation of the one-stage decomposition, a
distinctive feature of the proposed model compared to many existing multi-stage strategies.
In this step, the original signal is divided into modal components through a single joint
operation using both techniques, enhancing computational efficiency without sacrificing
forecasting accuracy. Following the decomposition, although not explicitly represented in
the figure, lies a crucial phase of the process: entropy-based selection. This step, which
logically occurs immediately after the decomposition shown in the upper left part of the
figure, serves to identify the informative subcomponents of the signal. The selected compo-
nents are those exhibiting significant complexity according to the sample entropy measure,
while redundant or noise-dominated components are discarded. This not only improves
the quality of the reconstructed signal but also reduces the computational load, ensuring
that only relevant information is passed on to the predictive models. In the diagram, this
selection step would ideally be located between the decomposition block and the forecast-
ing modules, but it is not visually depicted. Finally, the signals reconstructed from the
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selected informative components are processed by the predictive models shown in the
central right section of Figure 1, namely Bi-LSTM, SVM, and ELM. The results produced by
these models are ultimately combined through a least-squares regression-based strategy,
represented as the final stage in the diagram, which yields the integrated forecast output. In
conclusion, although Figure 1 provides a helpful overview of the entire process, it omits key
elements such as the entropy-based selection and does not visually clarify the implementa-
tion of the one-stage decomposition—both of which are central to fully understanding the
methodological innovations of the model.

Original Data
|
1 1
Colorado Tamanrasset / Brasile

- — S
Wind Speed (WS) Solar Radiation (SR) v
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Figure 1. General architecture of the proposed hybrid forecasting framework. The system is applied
to solar radiation (SR) prediction for Temenrasset (Algeria) and Brasilia (Brazil), and wind speed
(WS) prediction for Colorado (USA). The input data vectors are first transformed into matrix form
and split into training and test sets (Yiest). The preprocessing phase includes a comparison between
two configurations: (a) a full pipeline employing ICEEMDAN and VMD decomposition, followed by
Variance Mode Filtering (VMF) and sample entropy (SE) for informative subcomponent selection; and
(b) a simplified baseline using the original test vector without any decomposition. The forecasting
phase integrates three predictive models—Bi-LSTM, ELM, and SVM—whose outputs are combined
via least-squares regression (LSR) to produce the final forecast.

Remark 1. The proposed forecasting framework follows a sequential and modular architecture
designed to enhance both accuracy and interpretability. The process begins with the input of raw time
series data, such as global horizontal irradiance (GHI) or wind speed (WS), collected from real-world
sensors. These input signals are often non-stationary and contain noise or redundant patterns,
which can negatively impact model performance. To address this, a one-stage signal decomposition
phase is applied using either variational mode decomposition (VMD) or improved complete ensemble
empirical mode decomposition with adaptive noise ICEEMDAN). This step separates the original
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signal into several intrinsic mode functions (IMFs), each capturing distinct frequency components,
thereby improving data structure and reducing noise. Following decomposition, a sample entropy
(SE)-based selection step is introduced. The SE value of each sub-signal is computed, and only
those components with higher entropy—indicating greater informational content and reduced
redundancy—are retained. This allows for dimensionality reduction and prevents low-informative
or noisy sub-signals from being passed to the prediction models. The selected components are then
processed in parallel by three different predictive models: Bidirectional Long Short-Term Memory
(Bi-LSTM), extreme learning machine (ELM), and support vector regression (SVR). Each model is
tailored to capture specific patterns within the data—Bi-LSTM models temporal dependencies, ELM
provides high-speed learning, and SVR captures nonlinear relationships. Finally, the outputs of
these models are integrated through a hybrid fusion strategy based on least-squares regression (LSR).
The LSR model assigns optimal weights to the individual predictions, producing a single, unified
output that leverages the strengths of each model while mitigating their individual weaknesses. This
final prediction represents the most accurate and stable estimate of the target variable.

Remark 2. The proposed forecasting architecture distinguishes itself from conventional approaches
through its integrated, single-stage design that combines signal decomposition, entropy-based
component selection, and multi-model fusion. Unlike traditional methods that often rely on
multi-step or layered decomposition strategies—each introducing additional complexity and error
propagation—the present framework employs a unified decomposition step using VMD or ICEEM-
DAN. This choice ensures computational efficiency while preserving signal integrity. Furthermore,
by incorporating sample entropy (SE) as a selection criterion, the model is able to systematically
identify and retain only the most informative sub-signals, effectively reducing the influence of noise
and redundancy without manual tuning. This pre-processing enhancement significantly improves
the input quality for machine learning models, which are often sensitive to irrelevant features. In con-
trast to single-model predictors that may struggle to capture all dynamics of complex environmental
data, our hybrid architecture leverages the complementary strengths of Bi-LSTM, ELM, and SVR.
These models are combined through a least-squares regression (LSR) strategy, which assigns adaptive
weights based on performance, resulting in more accurate and robust predictions. Compared to the
existing literature, which typically isolates model training from signal preprocessing or relies on
static model selection, the proposed framework introduces a dynamic, data-driven mechanism for
both input refinement and model integration. This holistic design leads to a reduction in forecasting
error (up to 30%) and high coefficients of determination (up to R* = 0.999), confirming its superior
performance across multiple datasets and climate conditions.

4. Methodology

4.1. Decomposition Methods
4.1.1. Variational Mode Decomposition (VMD)

VMD is an advanced technique that decomposes a complex signal into subcomponents
with specific frequency bands, optimizing them simultaneously to ensure stable and precise
separation [59]. This method, particularly effective for nonlinear and non-stationary signals,
reduces mode mixing and enhances data quality in forecasting models. It finds application
in various domains, such as signal processing and renewable energy forecasting [60].

Mathematically, VMD can be formulated as a variational optimization problem aimed
at decomposing a signal, f(t), into a set of k intrinsic mode components, u(t), each
associated with a specific and non-overlapping frequency band. The optimization is based
on minimizing the total energy of the demodulated modal components, using the Hilbert
transform to obtain an analytic representation. A central frequency wy is defined for
each mode, and frequency translation is applied through exponential modulation. The
optimization problem is formalized as follows [59,60]:
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subject to the signal reconstruction constraint, Y~ , u;(t) = f(t). In Equation (1), u(t)
represents the intrinsic mode components to be extracted, while wj denotes the central
frequencies associated with each component. Moreover, J(t) + %, where J(t) is the Dirac
delta function, serves as the kernel of the Hilbert transform used to extract the analytic part
of the signal [61], and e /" is the modulation that shifts the frequency of each mode to its

assigned center [59,60].

4.1.2. VMD: Key Details

VMD is an advanced technique to decompose a complex signal into modal compo-
nents, each corresponding to a specific frequency band [59,60]. This method allows for
separating different features present in the signal, improving the quality of analysis and
facilitating the identification of underlying structures. The effectiveness of the decompo-
sition depends on two main parameters: the number of modes, which determines how
many components are extracted from the original signal, and the quadratic penalty term,
which affects the quality of the separation between modes [62]. These parameters are
crucial in optimizing the decomposition, as an inappropriate choice can lead to inaccurate
segmentation with overlapping or excessively fragmented modes [59,60,62].

To achieve effective decomposition, VMD incorporates a bandwidth constraint that
regulates the frequency distribution among the extracted modes [59,60,62]. This parameter
prevents undesirable overlaps and ensures the clear separation of the information within the
signal. Another key element is the Lagrangian stop multiplier, a parameter that influences
the stopping criterion of the iterative process [59,60,62]. This value is determined by a
regulation factor governing the decomposition’s convergence. In some configurations,
VMD can be set up to avoid applying additional penalties on the deviation of modes during
iterations, allowing the model to naturally adapt to the signal’s structure without artificial
convergence constraints [59,60,62].

The method excludes a DC component (i.e., a zero-frequency component), meaning
any constant mean value in the signal is removed. This approach allows the focus to remain
solely on dynamic variations, ensuring a more effective analysis of temporal changes. In
addition, the central frequencies of the modes are initialized uniformly, contributing to
a balanced distribution of components across the frequency spectrum. A tolerance level
is maintained to control the accuracy of mode separation, ensuring the decomposition is
effective without introducing significant numerical errors [59,60,62].

VMD is applied to forecasting global solar radiation and wind speed by splitting the
signal into a set of distinct modes, including a final residual. This decomposition process
enables the isolation of different frequency components, simplifying the identification of
patterns useful for prediction [59,60,62]. Due to its ability to effectively handle the non-
stationary characteristics of time series, VMD is particularly well suited for forecasting
phenomena that exhibit temporal variability. Its application reduces the influence of noise
and chaotic fluctuations, improving the precision and reliability of predictive models.
The optimized frequency separation and uniform distribution of modes make VMD a
fundamental tool for analyzing and forecasting complex energy-related data, such as those
associated with solar and wind energy production [59,60,62].
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Remark 3. Equation (1) can be solved by applying Lagrange multipliers, resulting in a constrained
optimization problem that can be addressed using the Augmented Lagrangian method [63]. This
approach introduces a penalty term, «, which controls the penalty on the reconstruction fidelity,
along with a Lagrange multiplier A(t), leading to the following cost function:

K J ] —jwit 2
L({ur}, {weh A) = uck; Py [(5(1‘) + m) * uk(t)} e 2+
K 2 K
(| F () = Y ue(®)|| 4 (A, f(E) = ) w(t)) 2)
k=1 2 k=1

The solution is obtained iteratively by updating uy, wy, and A until convergence is reached.

This formulation effectively separates modal components with distinct frequencies,
avoiding mode mixing issues typical of other techniques, such as empirical mode decom-
position (for details, see [64]).

4.1.3. Improved Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise (ICEEMDAN)

ICEEMDAN is an advanced version of CEEMDAN, developed to improve the stability
of the decomposition, reduce mode mixing, and ensure a clearer separation of the intrinsic
mode functions (IMFs) [65]. Compared to EEMD, this algorithm more effectively addresses
the main challenges encountered in empirical decompositions, optimizing the overall
quality of the results. The technique allows for the decomposition of a time series signal
into a finite number of components, effectively managing adaptive noise and correcting
frequency aliasing issues. ICEEMDAN introduces a normalization mechanism and a more
efficient distribution of noise energy, enhancing the quality of the IMFs by integrating
white noise modes into the original signal and effectively reducing residual noise. This
method ensures a more stable and robust decomposition process through improved noise
handling across iterations. The lower envelope is assumed to be zero at all points. Once the
local maxima esyp () and minima ejq¢(t) are identified, the upper and lower envelopes are
constructed by interpolating the maxima and minima using cubic splines. The average of
the envelopes is then computed as m(t) = 0.5 - (esup(t) + ein¢(t)), and this is subtracted
from the original signal to obtain i (t) = x(t) — mq(t). If hy(t) satisfies the IMF conditions,
it is assigned as IMF; (t); otherwise, the process is repeated using h1(t) as the new signal
until convergence, resulting in IMF; (t) = hy(t). This IMF is then subtracted from the
signal to obtain the first residual: r1(t) = x(t) — IMF;(#). The process is repeated until
the final residual 7, (t) becomes monotonic or shows no significant oscillations. Finally,
the signal x(t) can be expressed as x(t) = Yr_; IMF; + rg, where K is the total number of
extracted IMFs.

To formally describe the ICEEMDAN method, Gaussian white noise w;(t) (with unit
variance to enhance decomposition robustness) is added to the original signal before
extracting the first IMF (thus avoiding mode mixing), resulting in x;(t) = x(t) + eow;(t),
fori =1,...,N, where ¢ is the noise scaling coefficient. Applying EMD to each perturbed
signal yields the first IMF as IMF; (t) = & ©N | EMD(x;(t)).

After extracting IMF; (t), it is subtracted from the original signal to compute the first
residual: r1(t) = x(t) — IMF;(t). ICEEMDAN introduces a dynamic noise adjustment
mechanism to maintain decomposition stability. The amount of noise added at each itera-
tion is adjusted based on the energy of the extracted IMF: if -y is a regulation coefficient,

then e, = 7, |“‘:¢fi((i))“||' To extract IMF,(t), adaptive white noise is added to the residual,

ri(t) = r1(t) + eqw;(t), for i = 1,...,N, resulting in IMF,(t) = % Zfil EMD(r;(f)),
and the second residual is computed as r,(f) = ry(t) — IMF,(t). This process con-
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tinues until a residual that contains no significant oscillations is obtained. The algo-
rithm stops when ry(f) can no longer be decomposed into meaningful IMFs, and the
original signal is reconstructed as the sum of all extracted IMFs plus the final residual,
ie, x(t) = YK IMFy(t) + rg [65,66].

Remark 4. ICEEMDAN adopts an adaptive noise adjustment strategy to improve the separation
of IMFs, preventing the propagation of artifacts into subsequent components. This approach
reduces mode mixing, ensures more accurate decomposition, and provides stability in frequency
representation. Furthermore, the normalization of noise energy balances accuracy with reducing
residual noise. The method is applicable in various fields, including weather forecasting, fault
diagnosis, biomedical signal processing, and financial analysis.

4.2. Sample Entropy

Sample entropy (SE) is a measure of the complexity of a time series [67,68]. It is used to
quantify a signal’s repetitiveness and unpredictability level. Unlike Approximate Entropy
(ApEn), SE does not consider data autocorrelation and omits self-matches, making it more
robust and less dependent on the length of the time series [69].

Formally, let X = {xl,xz,. . .,xN} be a time series of length N. The method first
constructs m embedding vectors,

X" ={xi, %1, Xigm—1}, 1<i<N-m+1, ®)

which represent subsequences of the signal of length m. Typically, m is set to small values,
such as 2 or 3, since higher dimensions may lead to unstable estimates due to the scarcity
of similar data.

Once the maximum distance between vectors X" and X]m is computed as

d(Xj", Xj") = max |xjpk-1 = Xjik-1ls 4)
k=1,...,.m

the number of similar pairs is counted, which represents the largest difference between
the corresponding components of the two vectors. In other words, by defining a similarity
threshold 7, usually set as a fraction of the standard deviation of the time series,

r=wa-std(X), 01<a<02, (5)

the number of pairs (i, j), with i # j, satisfying d(X}", X}") <1, is estimated. The correlation
function for dimension m is then defined as follows:

1 N-—m+1 number of X" similar to X}"
B"(r) = : (6)
N-m+1 = N-—m
The same procedure is then repeated for m + 1, yielding
1 N=mnumber of X" similar to X"+
Bm+1(r) — ] ! 7)
N-m = N—-m-—1 ’
from which "
B™t(r)

If the value of B"*!(r) relative to B (r) is low, the time series is highly predictable and
regular, resulting in a low SampEn value. Conversely, a high SampEn indicates a more
chaotic or random system [23].
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Remark 5. It is worth noting that r is a crucial parameter, as it defines the pairs of similar vectors,
while a time series that is too short may compromise the reliability of the SE(m,r, N) estimate,
leading to distorted or unrepresentative results of the system'’s complexity.

Remark 6. In the proposed framework, SE is employed solely during the pre-processing phase as a
criterion for selecting the most informative sub-signals obtained from the VMD and ICEEMDAN
decomposition processes. Specifically, only the components with higher SE values—indicating
greater complexity and lower regularity—are retained for forecasting. This selection aims to
eliminate noise-dominated or redundant components that may degrade model performance. It is
important to note that SE is not used as a metric to evaluate the quality of the predictions or
the forecasting models themselves. Therefore, no correlation analysis between entropy values and
prediction errors per mode has been carried out. Such analysis, although beyond the scope of
this study, represents an interesting research direction for future investigations aimed at better
understanding the relationship between input complexity and forecast accuracy.

4.3. Forecasting Models

In this section, we present the different forecasting models, Bi-LSTM, ELM, and SVM,
used in this study to estimate GHI and WS.

4.3.1. Bidirectional Long Short-Term Memory (Bi-LSTM)

It is an advanced extension of LSTM (Long Short-Term Memory), a recurrent neural
network designed to capture long-term dependencies [70-72]. Bi-LSTM enhances the stan-
dard LSTM by processing information in both directions, providing a more comprehensive
understanding of the context. It consists of two independent LSTM layers: the first is a
forward LSTM F; that processes the sequence in chronological order, fromt =1tot = T;
the second is a backward LSTM h;, which processes the sequence in reverse order, from
t = Ttot = 1[70-72]. The output of the Bi-LSTM at a given time f results from the
concatenation of the forward and backward hidden states, forming a vector twice the size
of the originals, i.e.,

= It
hy = concat(ht,ﬁt) = l t}, )

e

meaning that if h_z and ft are vectors of dimension d, the new concatenated hidden state h;
will have dimension 2d, enabling the model to retain information from both directions of
the sequence [70-72].

To understand how Bi-LSTM works, we first define the dynamics of a unidirectional
LSTM. At each time step ¢, the model first computes the input gate as follows:

it = o(Wixs + Uihy—1 + b;), (10)

which regulates the amount of new information to be added to memory, where i; is the
input gate value at time ¢, o(+) is the sigmoid activation function, W; is the weight matrix
for the input vector x;, U; is the weight matrix for the previous hidden state /;_1, and b; is
the bias term for the input gate [70-72].

Next, the forget gate is computed as follows:

ft = O'(fot -+ Ufht,1 -+ bf)/ (11)

which decides which information from the previous memory should be retained or dis-
carded. Here, f; is the forget gate value at time ¢, and Wy, Uy, and by are the corresponding
weight matrices and bias term [70-72].
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The output gate is then calculated as follows:

which determines what part of the memory state contributes to the network’s output. In
this equation, o; is the output gate value at time ¢, and W,, U,, and b, are the associated
weights and bias.

These three gates allow the LSTM to manage information over time, optimizing the
capture of long-term dependencies in sequences. The candidate memory state is then
computed as follows:

Ct = tanh(cht + Uch;i_1 + bc), (13)

which represents a proposed update to the cell state at time ¢, calculated using the tanh
activation function, compressing values into the interval (—1,1). Here, C; is the candidate
memory state at time f, and W, U, and b, are the weight matrices and bias [70-72].

This candidate is combined with i; and f; to update the cell memory state:

Ci=fioCa+ioC, (14)

where ©® denotes the Hadamard (element-wise) product. The final visible output from the
cell at time ¢ is then
hy =0: ©® tanh(Ct). (15)

The Bi-LSTM uses two independent LSTM networks. The first,

— —
xt,he—1,Ciq

E) = LSTM-forward( ), (16)

processes the data forward, while the second,
H
Jir = LSTM-backward(x;, i1, Crr1), (17)

processes it in the reverse direction. The final output is the concatenation of the
two hidden states: -
hy = concat(hy, Z), (18)

allowing the Bi-LSTM to integrate past and future contexts at each step [70-72].

Remark 7. Bi-LSTM improves upon the unidirectional LSTM by processing data in both directions,
enabling the better capture of long-term dependencies and greater prediction accuracy. This is
particularly useful in natural language processing, where context depends on both preceding
and succeeding terms, and in time series forecastings—such as wind speed or solar irradiance
estimation—where future values can influence decisions based on past data.

4.3.2. Extreme Learning Machine (ELM)

ELM (extreme learning machine) is a feedforward neural network with a single hidden
layer (SLEN, Single-Layer Feedforward Network), widely used for classification, regression,
and time series forecasting due to its excellent performance [73-75]. Compared to other
machine learning techniques, it offers faster learning and good performance in forecasting
systems. Unlike traditional ANNSs, the weights between the input and hidden layers are
assigned randomly and not updated during training. The only optimized parameter is the
weight between the hidden and output layers, obtained by solving a linear system [73-75].
Its architecture includes an input layer, a hidden layer with M neurons, and an output layer.
Formally, if (X, Y) = {(x;,y;)} ), is a training dataset with N samples, where x; € R is the



Energies 2025, 18, 2942

13 of 40

input vector with d features, y; € R is the output vector with c classes (for classification) or
real values (for regression), the output of the ELM network is expressed as HB = Y, where
H is the activation matrix of the hidden layer, j is the weight matrix between the hidden
layer and the output layer, and Y is the target matrix [73-75].

To compute H, if the network contains M neurons, and the activation function g(-) is
applied to the inputs multiplied by the random weights, H is defined as [73-75]

g(wy-x1+0b1) ... glwm-x1+bm)
He g(w1-3.62+b1) g(wM'J.Cz‘i‘bM) 19)
glwy-xn+b1) ... glwm-xn+bm)] .

where w; € R? is the weight vector of the j-th neuron, chosen randomly; bj € Ris the
bias of the j-th neuron, also random; and g(+) is the activation function (e.g., sigmoid,
hyperbolic tangent, or ReLU). The determination of  is ensured through g = H'Y, where
H' is the Moore-Penrose pseudoinverse of H. Obviously, if H is square and invertible,
B = H~'Y. If H is not square, the solution can be calculated using the Moore-Penrose
pseudoinverse, which minimizes the least-squares term, H t = (H TH )_1H T from which
B = (HTH)"'HTY. Once the weights j are obtained, the network output for a new input
x is calculated as § = g(Wx + b)B, where W is the matrix of random weights between the
input and the hidden layer, and B is the bias vector [73-75].

Remark 8. ELM is characterized by its fast learning speed, thanks to randomly assigned weights
between the input and hidden layers that do not require iterative updates. It offers good generalization
on large datasets and employs a closed-form solution, avoiding gradient computation. These features
make it effective for regression, classification, and time series forecasting tasks.

4.3.3. Support Vector Regression

SVR is an extension of SVM for regression, based on nonlinear kernel functions
and support vectors to build accurate predictive models. The algorithm searches for a
linear regression function in a high-dimensional space, solving a quadratic programming
problem [76-79]. Its accuracy and stability depend on the choice of parameters (Parameter
Tuning, PT) and the selection of features (Feature Selection, FS) [35].

SVR is based on finding a regression function that minimizes the prediction error
while respecting a tolerance €, which is an interval within which the error is not considered
significant. The predictive function of SVR is expressed as f(x) = Y, B;iK(x, x;) + b,
where x is the input data, m is the number of support vectors, b is the bias term, j;
are the Lagrange coefficients associated with each support vector obtained during the
training phase, and K(x, x;) is the kernel function that measures the similarity between
the input x and the support vector x;. Commonly used kernel functions include linear
kernels, K(x, x;) = x - x;, polynomial kernels, K(x, x;) = (x - x; + ¢)¢, radial basis function
(RBF) kernels, K(x, x;) = exp(—||x — x;]|?), and sigmoid kernels, K(x,x;) = tanh(yx -
x; + ¢) [35]. To minimize the difference between predictions and real values, but with a
tolerance €, SVR involves the formulation of a loss function, e-Insensitive, defined as [35]

0, self—y|<e
Le(7,y) = (20
«(9y) |7 —y| —€, otherwise :

This establishes that only errors greater than € contribute to the penalization. In (20), 7 is the
predicted value while y is the real value, minimizing the sum of errors while maintaining
the error margin defined by € [35].
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SVR seeks a linear regression function, f(x) = w’x + b, where w is the weight vector
and, as usual, b is the bias. Then, by introducing a regularization parameter balancing
the trade-off between error and model complexity, C, and considering the slack variables,
di,6;, which measure the error beyond the margin ¢, the problem becomes finding w and b
values that minimize the cost function %||w||? 4+ C YN, (3; + 0F), subject to the constraints
yi—wlx;—b<e+d, wlxi+b—y; <e+df and 6, 6F >0, where Zil\il (0; + 07) represents
the sum of the errors beyond the e threshold, which is penalized in the cost function [35].

Remark 9. The e-insensitive function selects which errors to penalize, while the cost function
quantifies and minimizes them along with the model’s complexity. By defining a threshold €, the
loss function ignores minor errors, while the cost function uses slack variables 6;,6; to penalize
only those exceeding the threshold. This balance allows SV R to trade off simplicity and accuracy,
enhancing generalization and reducing sensitivity to small errors.

During training, the SVR selects the Support Vectors, the points closest to the regression
function, thus determining its shape. They are used to calculate the separating hyperplane,
optimizing the error margin €.

4.4. Hybrid Strategy Based in Least-Squares Regression (LSR)

The hybrid strategy based on LSR combines multiple predictive components into
a single linear model, optimizing the coefficients by minimizing the sum of squared er-
rors (SSEs) [80-82]. Formally, if y is the observed time series and # is the estimated
series as a linear combination of multiple predictors, the hybrid model takes the form
§ = Xw + b, where X € RN*M ig the predictor matrix, with N samples and M predic-
tors, and, as usual, w € RM is the vector of regression coefficients to be estimated, while
b € R is the bias term. Then, starting from SSE = YN, (y; — #;)?, it makes sense to
write SSE = Zf»\il (y; — Xjw — b)Z, which, in matrix form, considering that 1 € RN, gives

OSSE
SSE = ||y — Xw — b1]||? [80-82]. Then, imposing the optimality condition, % =0, we
obtain w = (XTX)~1XTy. Obviously, if XT X is non-singular, we define the pseudoinverse

of X, XT = (XTX)~1XT, which provides the solution w = X*y. Furthermore, by including
the bias b, it makes sense to write X = {X 1} and ' = lzﬂ , which gives the general

solution w' = (XTX)~1XTy [80-82].

The LSR hybrid strategy combines multiple predictors into a single estimate, optimiz-
ing the weights to minimize the squared error. The pseudoinverse allows for a solution in
both overdetermined (N > M) and underdetermined (N < M) systems. However, when
the predictors X are correlated, the problem of multicollinearity may arise, compromising
the solution’s stability. A penalization A is introduced to address this issue, resulting in
ridge regularized least-squares regression. In this case, the optimized solution is given by
w = (XTX 4 AI)~1XTy, where I is the identity matrix and A is the regularization parameter,
which helps to reduce the model’s variance and improve generalization [80-82].

5. Experimental Setup

In this section, we compare the performance effectiveness of the VMD-SE-DL-LSR
and ICEEMD-SE-DL-LSR models with those of several benchmark models. To this end,
we use two distinct data sources, based on global horizontal irradiance (GHI) and wind
speed (WS), collected from three different locations. This approach allows us to accurately
assess the predictive capabilities of the proposed models in varying environmental and
meteorological contexts, providing a thorough evaluation of their robustness and reliability
compared to other reference models.
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5.1. Time Series Datasets

This study uses time series analysis to estimate the expected future values by leverag-
ing the already known historical data. To this end, the forecasting model is formulated as
a mathematical function that estimates the value of the variable P at time t 4+ 1 based on
its past values. The model can be expressed as Py 1 = f(yt,y;_1,.--,Yi_m_1), Wwhere Py
represents the predicted value of the variable of interest at time t + 1; y¢, Y1, ..., Vi—M—1
indicate the observed data at times f,t — 1,...,t — M — 1 (i.e., the historical values of the
time series that are used as inputs for the forecasting model). Finally, M represents the
number of past values considered for making the forecast, determining the depth of the
model’s memory.

In our study, we adopt a short-term forecasting approach, where the model estimates
a single step ahead to provide timely estimates and support quick decision-making. To
improve its accuracy, we use two sources of renewable energy, which refine the model’s
learning and increase its ability to capture variations in the historical data, thereby optimiz-
ing the quality of the predictions.

The sampling experimental data were divided into two sections: a training section
corresponding to 70% of the samples and the remaining part (30%) as a test database.

5.1.1. Solar Radiation Data Set (SR)

The first dataset analyzed in this study consists of eleven years of hourly observations
of global horizontal irradiance, commonly called GH]I, collected at the Tamanrasset station
in Algeria. This station is part of the global Baseline Surface Radiation Network (BSRN)
and is accessible through the portal http://bsrn.awi.de/ (accessed on 1 May 2025). The
second dataset is a one-year time series obtained through five-minute temporal resolution
recordings of global horizontal irradiance at a location in Brasilia characterized by a tropical
climate. These measurements were made with the National Renewable Energy Laboratory
(NREL) and are available at http://redc.nrel.gov/solar/newdata (accessed on 1 May 2025).
To ensure rigorous analysis, both datasets were collected and evaluated according to
established best practices, ensuring the quality and reliability of the measurements. A
summary of the main characteristics of the two data collection locations is presented in
Table 2, where data from the Colorado station (cataloged site number 1322 of 39 km? at an
altitude of 1299 m, longitude —102.52 degrees, and latitude 37.97 degrees north) are also
included. In the modeling process, each dataset is split into two subsets, one for the training
and the other for the testing phases. The training phase estimates the model parameters
and defines its optimal architecture, utilizing the available historical data. Subsequently,
the model’s performance is independently evaluated on previously unused data to assess
its generalization ability and the robustness of the predictions.

5.1.2. Wind Speed Dataset (WS)

The data we have at our disposal span a decade, from 2006 to 2015. During our experi-
ments, we worked with a total of a set of data samples with a 10-minute interval between
each sample. The variation of the two datasets, solar and wind speed, are shown in Table 2.
The variation of global horizontal irradiance (GHI) is illustrated for the two locations at
their native resolution in Figure 2 and Figure 3, respectively. Figure 4 shows the wind
speed data for the Colorado site.


http://bsrn.awi.de/
http://redc.nrel.gov/solar/newdata
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Table 2. Some useful statistical parameters of the experimental datasets.
Site Location Horizon Time Interval
1 Tamanrasset 1h 1/1/00-31/12/10
Statistic information
max min SD Mean
1274 1 340.6459 523.4112
2 Brasilia 1 min 1/1/06-31/12/07
Statistic information
max min SD Mean
1368 0 332.000 475.5991
3 Colorado 10 min 1/1/06-31/12/15
Statistic information
max min SD Mean
414.60 0.100 132.1903 161.7558
Tamanrasset site
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Figure 2. Time series of global horizontal irradiance (GHI) and wind speed (WS) at the Tamanrasset
site. The upper plot shows hourly GHI data over a two-year period, while the lower plot displays
wind speed measurements with a one-minute resolution. These signals serve as the input data for the
forecasting framework.
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Figure 3. Time series data for the Brasilia site: the upper panel shows the global horizontal irradiance
(GHI) over an eleven-year period, while the lower panel illustrates the wind speed (WS) recorded
with an hourly time step. These signals serve as the input data for the forecasting models evaluated
in this study.
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As an initial step, each data series is divided into two distinct subsets, serving training
and testing purposes. Model parameter estimation and the optimal model architecture
are determined based on the training set. Finally, the model’s performance on previously
unseen data is independently assessed using the testing set.

Also, in this case, 70% of the experimental data were used as a training database, while
the remaining 30% were used as a testing database.
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Figure 4. Wind speed data for the Colorado site. The upper panel shows the time series over a
ten-year period, while the lower panel presents the wind speed measurements sampled at ten-minute
intervals. These data serve as the basis for the forecasting experiments conducted in this study.

5.2. SR and WS Normalization and Evaluation Criteria
Z-Score Normalization

Z-score normalization is a statistical technique used to transform data into a stan-
dardized scale, making the different features of a dataset comparable. This transformation
is particularly useful in machine learning models as it ensures that all variables have a
distribution with a mean of zero and a unit standard deviation, preventing features with
different scales from disproportionately influencing the learning process.

Formally, it transforms each value y; of a variable Y into its corresponding standard-
ized version z; using

2 = Yi—H (21)

where z; is the normalized value of the variable y;, y, as usual, is the arithmetic mean of
the variable, and ¢ is its standard deviation. The Z-score transformation converts the data
into standard deviation units from the mean, indicating how many standard deviations a
value y; deviates from p. Once normalization is performed, the mean of the transformed
data will always be zero, while the standard deviation will be unitary. Naturally, values
above the mean will have z; > 0, while those below will be characterized by z; < 0. Z-score
normalization improves the convergence of machine learning algorithms, avoids scale
issues between variables, facilitates data interpretation, and optimizes the performance of
distance-based models, ensuring more accurate and reliable analyses. It is worth noting
that normalization is not always necessary, particularly when working with data unseen
by the trained model. In some cases, using raw data to preserve their interpretability and
original structure may be more advantageous.

To assess the predictive performance, we used four statistical metrics: Mean Absolute
Percentage Error (MAPE), Normalized Mean Squared Error (NMSE), Root Mean Squared
Error (RMSE), and coefficient of determination (R?).
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Let N be the number of testing samples, Pforecasted the forecasted value, and Pr¢?! the

real value. The MAE measures the mean absolute error between the real values Pireal and
pforecasted
; .

the predicted values

1 n
MAE = - )
=

Pireal _ Piforecasted , (22)

providing a direct measure of the mean absolute error, indicating how much, on average,
the prediction differs from the real value. Additionally, the RMSE, defined as the square
root of the mean squared error,

1M
RMSE = \/ - Z (Pireal _ piforecasted)2 23)
i=1

penalizes larger errors more than the MAE, providing a more stringent measure of the
prediction quality. Additionally, the NRMSE, a normalized version of the RMSE, allows for
comparison between datasets with different scales. While it can be formulated in different
ways, in this paper, we use the following formulation:

NRMSE = _ RMSE (24)
Preal — preal

where P2l and P! are, respectively, the maximum and minimum of the observed values,
allowing the error to be evaluated in a relative manner, independent of the data’s unit of
measurement. Finally, R?, measuring how well the model explains the variability of the

real data, can be formulated as follows:

R2 _, ;(121 ( Pireal _ Piforecasted)Z -
L e >

where Y1 (Pireal - Pif"reca‘sn’—d)2 is the sum of squared residuals, while }}" , (Pl.real — preal)2

is the total sum of squares (R? close to 1 indicates that the model is highly predictive).

5.3. Prediction Models for SR and WS: Comparative Procedure

This study uses two different types of models for comparison: single and hybrid
models based on the VMD-SE and ICEEMDAN-SE decomposition techniques. The
accuracy of these methods is of considerable importance for predicting wind speed
(WSP) and solar radiation (SRP), making it necessary to evaluate their effectiveness and
performance rigorously.

In the first phase of the procedure, VMD and ICEEMDAN are used to decompose the
datasets related to WS and SR into distinct sub-signals, the details of which are provided in
Table 3. From this, it is evident that VMD uses a bandwidth constraint of 2000 to ensure
optimal separation between the signal’s different modes while the number of extracted
modes is set to 12. On the other hand, ICEEMDAN, based on a standard deviation control
of white noise, set to 0.2, performs one hundred iterations to improve the decomposition
stability. These parameters directly affect the quality of the signal segmentation and,
consequently, the model’s ability to identify the most relevant features for forecasting.

Once the sub-signals are obtained, the most significant ones are selected based on the
sample SE value used in the forecasting phase. To improve the accuracy of the estimates,
the model combines the results obtained using BiLSTM, ELM, and SVM, allowing for
the integration of information extracted from each method. Finally, the final prediction
is obtained by applying a combined strategy based on LSR, yielding a more accurate
prediction than using a single model, thereby optimizing the system’s overall performance.
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Remark 10. The selection of the number of modes in VMD and ICEEMDAN is a very important
task, especially considering that there is no universally accepted rule for determining this parameter.
In our study, we conducted a series of exploratory trials to identify the confiquration that most
accurately forecasted our desired results. After careful examination, we concluded that, for VMD,
using 12 modes, imposing a bandwidth constraint of 2000, and performing 100 iterations with
e = 0.2 in ICEEMDAN yielded the most accurate and stable outcomes. Although the model was
applied to different locations with notably different weather conditions, we chose to maintain the
same parameter values across all sites rather than adjusting them individually, as this approach
performed better in our assessments. Despite the fact that the technique is applied on different sites,
the parameter values remain the same, since these are the best choices and give the best results.

Table 3. Configuration of the decomposition procedures applied in the proposed forecasting frame-
work. (a) ICEEMDAN employs white noise with a standard deviation of 0.2 and 100 iterations to
enhance the stability and accuracy of the intrinsic mode function (IMF) separation; (b) VMD applies a
bandwidth constraint of 2000 and decomposes the signal into 12 distinct modes, improving feature
extraction for global horizontal irradiance (GHI) and wind speed (WS) forecasting.

Method Parameter Value
Standard deviation of the white noise € 0.2
ICEEMDAN Number of trials I 100
Bandwidth constraint « 2000
VMD Number of modes K 12

6. Computational Complexity Analysis and Model Efficiency Evaluation

The implementation of the proposed framework requires a thorough evaluation of
computational complexity, as the forecasting process consists of several stages, each with a
significant impact on processing time. The main components of the approach include signal
decomposition, entropy-based selection, the training of predictive models, and forecast
hybrid using least-squares regression (LSR).

Signal decomposition is one of the most computationally intensive phases. VMD,
being an iterative method that optimizes the energy of modal components, has a com-
plexity of O(KNlog N), where K is the number of extracted modes and N is the length
of the time series. In experimental tests conducted on datasets with different temporal
resolutions, the average computation time for VMD decomposition was approximately
3.2 s for 10,000 samples with 12 extracted modes.

ICEEMDAN, while offering a more refined separation of modal components, intro-
duces a higher computational cost, estimated at O(NIK), where I represents the number of
iterations required to stabilize the process. Experimental analysis strongly suggested that
processing ICEEMDAN on a 10,000-sample dataset required an average of 8.7 s, making it
significantly more expensive than VMD.

The entropy-based selection phase, using SE, adds another layer of complexity, with
a computational cost of O(N?) when applied to all extracted modes. A reduced selection
strategy was implemented to improve efficiency, analyzing only the modes with the highest
information content and reducing the average computation time to 2.1 s for 10,000 samples.

Training the predictive models varies in complexity depending on the technique
used. Bi-LSTM, which leverages a recurrent neural network, has a cost of O(N HZ),
where H is the number of hidden units in the network. Training a Bi-LSTM model on a
10,000-sample dataset in experimental tests required approximately 12.5 s, highlighting its
high computational cost.

ELM, due to its simplified architecture, allows for high-speed training with a com-
plexity of O(NM), where M is the number of neurons in the hidden layer. In the tests
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conducted, ELM showed an average training time of less than 0.8 s, making it the most
efficient algorithm among those considered.

Conversely, SVR has a computational complexity of O(N?) for nonlinear kernels,
making it less scalable for large datasets. Execution time analysis indicated that training
SVR on 10,000 samples required around 6.3 s, placing it between Bi-LSTM and ELM in
terms of efficiency.

LSR was evaluated as computationally efficient, with a complexity of O(NM?), where
M is the number of aggregated models. The average computation time for this phase was
0.5 s, making it negligible compared to the other stages.

The comparative analysis of execution times indicated that the total time required
for the entire framework ranges from 18.2 to 34.9 s, depending on the decomposition
technique used. The use of VMD proved to be the most advantageous in terms of efficiency,
while ICEEMDAN significantly increased the computational cost without providing a
proportional improvement in forecast accuracy.

The main configuration parameters and training settings for the Bi-LSTM, ELM,
and SVR models are summarized in Tables 4 and 5. These results demonstrate that the
developed framework ensures high accuracy with computation times compatible with
operational applications, suggesting opportunities for further optimization in future real-
world implementations.

Table 4. Model configuration parameters used for solar radiation and wind speed forecasting at
the three study sites (Tamanrasset, Brasilia, and Colorado). The table reports the main settings
for each predictive model—Support Vector Machine (SVM), extreme learning machine (ELM), and
Bidirectional Long Short-Term Memory (Bi-LSTM)—including kernel type, regularization parameters,
number of neurons and layers, activation functions, dropout rates, and optimizer type.

Models Parameters Tamanrasset Colorado Brazilia
Kernel RBF RBF RBF
SVM C 11 6 11
0% 220 120 223
ELM neurons 120 50 48
activation sigmoid sigmoid sigmoid
layers 2 1 1
. units 101 107 97
BiLSTM dropout 0.0021 0.000021 0.000021
optimizer adam adam adam

Table 5. Average training time (in seconds) required by each predictive model—SVM, ELM, Bi-
LSTM, and LSR—across the three experimental datasets (Tamanrasset, Colorado, and Brasilia).
These results highlight the computational efficiency of each model within the proposed hybrid
forecasting framework.

Models/Time (s) Tamanrasset Colorado Brazilia
SVM 5 2 8
ELM 3 1 5
BiLSTM 98 158 100
LSR <0.5 <0.5 <0.5

7. Experimental Results
7.1. Results of Decomposition Step
7.1.1. Decomposition by VMD
VMD has proven effective in decomposing complex energy signals, significantly im-

proving the forecasting of global solar radiation and wind power (SD). The analysis of the
results highlighted that the optimal selection of decomposition parameters directly affects
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the predictive model’s performance, strongly impacting the quality of mode separation
and the ability to capture the fundamental characteristics of the signal. One of the most
relevant findings was the bandwidth constraint’s role in determining the decomposition
quality. Experimental data showed that setting this parameter to 200 allowed for a clear
separation of modal components without frequency overlaps. Comparative analysis with
other methods revealed that a value too low would result in overly broad modes, poten-
tially merging multiple frequencies, while a higher value would increase computational
complexity without significant gains in predictive accuracy.

Another key element was the Lagrangian stop multiplier, which was set as zero
divided by the parameter r. This configuration avoided additional penalties on mode
deviation during iterations, allowing the model to adapt more naturally to the signal
structure. The convergence of the iterative process was determined solely by the predefined
tolerance level, ensuring a balance between accuracy and stability in the decomposition.
The method also excluded the zero-frequency component, removing any constant mean
value from the signal. This made it possible to focus exclusively on dynamic variations,
enhancing the ability to identify meaningful patterns for forecasting. Central frequencies
of the modes were uniformly initialized, ensuring a balanced distribution of components
across the frequency spectrum.

The decomposition using VMD was applied to time series solar radiation and wind
power data collected from the Tamanrasset, Brasilia, and Colorado sites. As shown in
Figures 5-7, the signals were divided into ten main modes plus one residual. This decom-
position enabled the precise isolation of the different frequency components, simplifying
the modeling process for forecasting tasks.
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Figure 5. Variational mode decomposition (VMD) applied to the Tamanrasset dataset. The original
signals of global horizontal irradiance (GHI) and wind speed (WS) are decomposed into a set of
intrinsic mode functions (IMFs), allowing the isolation of meaningful frequency components. This
process reduces background noise and enhances the quality of input data for forecasting, thereby
improving the accuracy of the predictive models.
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Figure 6. Application of variational mode decomposition (VMD) to the dataset from the Brasilia site.
The original time series of global horizontal irradiance (GHI) and wind speed (WS) is decomposed
into intrinsic mode functions (IMFs). This decomposition isolates key frequency components, reduces
background noise, and enhances the interpretability and predictive accuracy of the forecasting models.
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Figure 7. Application of variational mode decomposition (VMD) to the Colorado site dataset. The
original global horizontal irradiance (GHI) signal is decomposed into a set of intrinsic mode functions
(IMFs), allowing the extraction of key frequency components. This decomposition reduces noise
and enhances the identification of meaningful patterns, thereby improving the accuracy of solar

radiation forecasting.

The analysis of sample entropy (SE) applied to the extracted IMFs revealed that the
highest values were observed in modes five to ten for the Tamanrasset and Brasilia sites,
whereas in the Colorado site, the highest entropy values were concentrated in the first three
modes. Specifically, the maximum entropy value for Tamanrasset reached 1.650 and 1.514
for Brasilia. In contrast, the values for Colorado were lower, with a maximum of 1.284 in
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the first mode. This suggests that in the first two locations, the higher modes contain more
informational complexity, while in Colorado, the most relevant information for prediction
is concentrated in the initial components.

The method’s effectiveness was further confirmed by the results obtained in solar
radiation and wind speed forecasting. Data from the Tamanrasset site showed that the
VMD-based model, combined with sample entropy, artificial neural networks (ANNs), and
least-squares regression, achieved a root mean square error (RMSE) of 9.9046 and a mean
absolute error (MAE) of 0.0137. The coefficient of determination reached 0.9990, the highest
among all models analyzed. For the Brasilia site, slightly lower values were recorded,
with an RMSE of 10.4583 and a coefficient of determination of 0.9954. The Colorado site
showed slightly lower performance than the other two, with an RMSE of 12.7856 and a
coefficient of determination of 0.9921, though still outperforming the competing models
tested in the study.

Compared to other approaches, the hybrid VMD-based model significantly improved
predictive accuracy over individual ML techniques such as neural networks or support
vector regression, demonstrating greater adaptability to the non-stationary nature of en-
ergy data. This result was especially evident at the Tamanrasset site, where solar radi-
ation variability was high, and the decomposition strategy effectively isolated the most
impactful fluctuations.

Remark 11. It is worth noting that T is not the same as A(t) in Equation (2). In fact, A(t) is used
to enforce the reconstruction constraint of the original signal from the extracted modes in the VMD
optimization problem. This parameter is updated iteratively within the Lagrange multipliers method
to ensure that the sum of the modes reconstructs the original signal. On the other hand, T is the
stopping criterion that determines when the VMD iterative process should terminate. It defines the
convergence threshold, i.e., the level of variation between two successive iterations below which the
decomposition is considered stable and complete.

7.1.2. Decomposition by ICEEMDAN

The analysis of the results obtained using the ICEEMDAN method highlights how
this technique enabled a detailed and accurate decomposition of RES signals from the
three study sites, as illustrated in Figures 8-10. Compared to the VMD method, which
decomposed the signal into a fixed number of modes with predefined frequency constraints
(Figures 5-7), ICEEMDAN showed greater flexibility in separating components, better
adapting to the specific characteristics of each dataset.

One of ICEEMDAN'’s main advantages is its ability to reduce mode mixing, ensuring
a clearer separation of the intrinsic mode functions. The decomposition generated a series
of modes, each associated with a specific frequency range, allowing for the more effective
extraction of features useful for forecasting global solar radiation and wind speed.

For the Tamanrasset site, [CEEMDAN decomposition showed that the most infor-
mative modes were mainly concentrated between the fifth and tenth modes. The sample
entropy (SE) calculated for each mode reached a maximum value of 1.650, indicating
significant complexity in the higher-order informative components.

As shown in Figure 8, the initial modes were dominated by high-frequency fluctua-
tions, mainly associated with noise and short-term variations, while the subsequent modes
contained more structured signals with relevant predictive information. The final residual
captured the overall trend of the signal, helping to identify long-term patterns. Comparing
these results to those obtained with VMD (see Figure 5), a clear difference emerges in how
information is distributed across extracted modes. While VMD divides the signal into a
predefined number of modes with fixed frequency bands, ICEEMDAN produces modes
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that dynamically adapt to the signal’s structure. This leads to more effective noise reduction

and clearer separation of meaningful components.
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Figure 8. ICEEMDAN:-based signal decomposition for the Tamanrasset site. The original signal is
decomposed into intrinsic mode functions (IMFs), allowing the isolation of key frequency components
while reducing background noise. This preprocessing step enhances the quality of the input data and
contributes to improved forecasting performance for global horizontal irradiance (GHI) and wind

speed (WS).
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Figure 9. ICEEMDAN-based signal decomposition for the Brasilia site. The original time series is
decomposed into intrinsic mode functions (IMFs), allowing the isolation of key frequency components
while reducing noise. This process enhances the quality of the global horizontal irradiance (GHI) and
wind speed (WS) signals, thereby improving the accuracy of the subsequent forecasting models.
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Figure 10. Application of ICEEMDAN to the Colorado dataset. The original wind speed signal is
decomposed into a series of intrinsic mode functions (IMFs), enabling the extraction of significant
frequency components. This decomposition reduces noise and enhances the predictive accuracy of
the forecasting models.

ICEEMDAN produced a different information distribution for the Brasilia site com-
pared to Tamanrasset. SE recorded a maximum value of 1.514, slightly lower than in the
first case, indicating lower complexity in the higher-order modes. The modal analysis in
Figure 9 revealed that intermediate modes, particularly between IMF4 and IMF7, contained
most of the relevant predictive information. In contrast, the first modes had significant
noise, while the residual showed a regular pattern with evident seasonal cycles. A com-
parison with VMD decomposition (Figure 6) confirmed that ICEEMDAN ensured more
effective separation between informative and noisy components. With VMD, some modes
overlapped more regarding information content, while ICEEMDAN provided a clearer dis-
tribution across modes, improving the distinction between relevant and irrelevant signals.

ICEEMDAN revealed a different information distribution for the Colorado site from
the previous two cases. SE reached a maximum value of 1.284, the lowest among the three
sites analyzed, suggesting lower complexity in the informative components. As shown in
Figure 10, the first three modes contained most of the significant predictive information,
while the higher-order modes were less relevant than those at the other sites. The residual
exhibited less pronounced fluctuations, indicating more stable meteorological conditions
in Colorado. Compared to the VMD decomposition (see Figure 7), ICEEMDAN extracted
modes with a more concentrated distribution of information in the initial components, while
VMD provided a more uniform spread across the frequency spectrum. This implies that,
for the Colorado site, ICEEMDAN was more effective in capturing essential information
with fewer components, simplifying the predictive modeling process.

The results show that the two decomposition methods differ significantly in infor-
mation distribution and signal component separation. ICEEMDAN demonstrated greater
flexibility in mode allocation, adapting better to the specific characteristics of each site. With
a fixed number of modes and predefined frequency bands, VMD produced a more uniform
decomposition but showed lower adaptability to local signal variations. At the Tamanrasset
and Brasilia sites, ICEEMDAN concentrated information in the higher-order modes, while
in Colorado, it focused on the initial components, demonstrating its adaptability to local
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conditions. ICEEMDAN more effectively reduced high-frequency noise and separated
informative components with greater clarity compared to VMD.

These differences between decomposition methods directly impacted the performance
of the forecasting models. The prediction results indicated that the ICEEMDAN-based
model, combined with SE and ANN, achieved slightly better performance than the VMD-
based model. Specifically, for the Tamanrasset site, ICEEMDAN reached a root mean square
error (RMSE) of 9.7498, slightly lower than the 9.9046 obtained with VMD. For the Brasilia
site, the RMSE with ICEEMDAN was 10.2157, compared to 10.4583 with VMD, confirming
a slight advantage for the former. Finally, for the Colorado site, ICEEMDAN achieved an
RMSE of 12.5132, outperforming the 12.7856 recorded with VMD.

These results demonstrate that combining ICEEMDAN decomposition, component
selection via sample entropy, and deep learning models provides more accurate forecasts
than those based on VMD. ICEEMDAN’s enhanced adaptability to the specific characteris-
tics of the signals improved the quality of information separation, reduced overall error,
and increased the reliability of the predictions.

7.1.3. Application of SE

The analysis of SE represents a crucial step in selecting the most relevant modal com-
ponents after time series decomposition using VMD and ICEEMDAN. This method makes
it possible to identify the components with the highest degree of complexity and informa-
tional variability, thereby improving the quality of forecasts on renewable energy data.

As shown in Table 6, for the Tamanrasset site, the IMF1-IMF5 components derived
from the ICEEMDAN decomposition exhibit significantly higher SE values compared
to the remaining components, suggesting that these modes contain the most relevant
information for forecasting. In particular, the SE value for IMF1 is 1.006, while for IMF5, it
decreases to 0.279, indicating a progressive reduction in complexity in the lower-frequency
components. Similarly, for the Brasilia site, ICEEMDAN decomposition reveals that IMF1-
IMF5 holds the highest sample entropy values, with IMF1 at 0.240 and IMF5 at 0.350.
This trend suggests that the data structure is characterized by greater variability in the
high-frequency components. SE values show a similar distribution for the Colorado site:
IMF1 records the highest value at 1.284, while IMF5 drops to 0.441. This indicates that the
complexity of the information is concentrated in the higher-order components, making
them essential for forecasting.

Compared with the VMD decomposition (see Table 7), it is observed that for the
Tamanrasset site, the IMF5-IMF10 components show the highest SE values, with IMF5
reaching 1.514 and IMF10 at 1.135. This suggests that VMD distributes informational
complexity into lower-frequency modes compared to ICEEMDAN, potentially improving
forecasting stability. For the Brasilia site, the IMF5-IMF10 components obtained from VMD
report SE values ranging from 0.475 to 0.484, confirming a more homogeneous information
distribution than ICEEMDAN. Finally, the maximum SE value for the Colorado site is
recorded in IMF10 at 1.553, suggesting that VMD tends to retain more information in
lower-frequency modes.

The results indicate that the choice of decomposition technique influences the selection
of the most informative modal components. ICEEMDAN tends to concentrate on high-
frequency components, making it particularly effective in capturing rapid fluctuations
in the data. On the other hand, VMD better distributes informational complexity across
intermediate and low-frequency modes, improving the stability of long-term forecasts.

Integrating SE-based component selection with ML models enhances forecasting
accuracy. The results in Tables 6 and 7 demonstrate that selecting modal components with
higher SE values leads to a significant reduction in forecasting error, suggesting that an
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optimal combination of decomposition and mode selection can improve the reliability of
solar and wind energy prediction models.

Table 6. Sample entropy (SE) values associated with each intrinsic mode function (IMF) obtained
through variational mode decomposition (VMD) for the Tamanrasset, Brasilia, and Colorado sites.
The figure illustrates how informational complexity is distributed across the different frequency
modes, with higher SE values indicating more informative components. These findings support
the entropy-based selection process used to enhance the forecasting accuracy of solar radiation and
wind speed.

IMFs/SE IMF1 IMF2 IMF3 IMF4 IMF5 IMFe6
Tamansasset 0.092 0.424 0.265 0.332 1.514 1.335
Brasilia 0.027 0.127 0.305 0.380 0.475 0.482
Colorado 0.0274 0.112 0.211 0.430 0.685 0.909
IMFs/SE IMF7 IMF8 IMF9 IMF10 IMF11 RES
Tamansasset 1.650 1.562 1.434 1.135 0.675 0.293
Brasilia 0.501 0.498 0.452 0.484 0.398 0.231
Colorado 1.142 1.283 1.443 1.553 1.570 1.707

Table 7. Sample entropy (SE) values corresponding to each mode extracted via ICEEMDAN decom-
position for the Tamanrasset, Brasilia, and Colorado sites. The chart illustrates how informational
complexity is distributed across the intrinsic mode functions (IMFs), highlighting the most informa-
tive components for accurate forecasting of solar radiation and wind speed.

IMFs/SE IMF1 IMF2 IMF3 IMF4 IMF5 IMFe6
Tamansasset 1.006 1.290 1.328 0.314 0.279 0.206
Brasilia 0.240 0.360 0.378 0.328 0.350 0.159
Colorado 1.284 1.236 1.021 0.744 0.441 0.189
IMFs/SE IMF7 IMF8 IMF9 IMF10 IMF11 RES
Tamansasset 0.102 0.042 0.032 0.014 0.003 0.002
Brasilia 0.102 0.043 0.025 0.009 0.005 0.001
Colorado 0.102 0.055 0.030 0.013 0.005 0.001

7.2. Performance Comparison of Forecasting Models

Without data decomposition, the predicted values from all models follow the actual
values in the forecasting results but with a noticeable time lag. After decomposition
using VMD and ICEEMDAN,, this delay is reduced. Specifically, Figure 11 illustrates the
predictive performance of the proposed model in terms of statistical accuracy, comparing
the forecasts obtained through the hybrid framework with the actual observed values.
The results highlight how combining decomposition techniques, sample entropy-based
selection, and the hybrid of predictive models enables a highly accurate estimation of solar
radiation and wind speed. In particular, a close alignment between the predicted and
real data is observed, with reduced forecasting error and strong generalization capability
across different geographic contexts. Moreover, Figure 12 displays the solar radiation
forecasting using ELM, SVM, and Bi-LSTM (along with their combination using LSR)
before decomposition for the Tamanrasset site. At the top, the original trend (P™?) is
shown overlaid with the forecast curve generated by ELM, while immediately below, the
overlays between (Preal) and the forecasted curves (Pforecasted) using SVM, Bi-LSTM, and
LSR, respectively, are illustrated.

Similarly, Figures 12 and 13 show the same predictive trends for the Tamanrasset site,
after decomposing the signals using VMD and ICEEMDAN.
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SVM, and Bi-LSTM. The final prediction is obtained by combining the outputs of the individual

1000

models through least-squares regression (LSR).
i

\\j(\ j /\/\\ \( H‘ v{ \/\/\U‘/\/‘f\v;/\ ,‘(\ }‘\\

(AR
200

NAN
\\\s\(w
U\ .‘(

//\\ AN
\‘\‘\‘ }‘(U’I Y i
| ‘\ \\ \\ M \\

\!\f\‘\“\‘

Real
ELM-VMD

\‘H\“\H/

1 00 250 300 350

430 450 500

T

3
8
S

T= T S = —— T T

o
3
3

oo

Real
SVM-VMD

0 300 3:70

4‘30

3
3
3

Solar Radiation (W/m?)
g

1::0 ZCD 2: 450
Real
Bi-LSTM-VMD
1=o 420

350

AOO

Real
LSR-VMD

50 100 150 200 250

Time (1 h step)

300 3850

1 1
400 450 500

Figure 12. Solar radiation forecasting results for the Tamanrasset site using three predictive

models—extreme learning machine (ELM), support
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Short-Term Memory (Bi-LSTM)—combined with variational mode decomposition (VMD). The out-
puts of the individual models are integrated using a least-squares regression (LSR) strategy to enhance

prediction accuracy.
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For the Brasilia site, the corresponding figures are Figures 14-16, while for the Colorado
site, the forecast trends are shown in Figures 17-19.
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Figure 14. Forecasting results of solar radiation at the Brasilia site using ELM, SVM, and Bi-LSTM
models applied to the raw (non-decomposed) signal. The outputs of the individual models are also
combined using a least-squares regression (LSR) strategy to enhance prediction accuracy.
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Figure 15. Solar radiation forecasting results for the Brasilia site using ELM, SVM, and Bi-LSTM
models after signal decomposition with VMD. The outputs of the individual models are also combined
through least-squares regression (LSR) to enhance prediction accuracy.
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Figure 16. Solar radiation forecasting results for the Brasilia site using ELM, SVM, and Bi-LSTM
models, combined through a least-squares regression (LSR) strategy after ICEEMDAN-based signal
decomposition. The figure illustrates the predictive performance of each individual model as well as
the enhanced accuracy achieved by the hybrid approach.
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Figure 17. Wind speed forecasting results for the Colorado site using individual models (ELM, SVM,
and Bi-LSTM) and their combined output via least-squares regression (LSR), applied to raw data
without prior signal decomposition.
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Figure 18. Wind speed forecasting for the Colorado site using ELM, SVM, and Bi-LSTM models after
signal decomposition with VMD. The final forecast is obtained by combining the individual model
outputs through least-squares regression (LSR).
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Figure 19. Wind speed forecasting for the Colorado site using ELM, SVM, and Bi-LSTM mod-
els. The input data were first decomposed using the ICEEMDAN method, and the individual
model predictions were subsequently combined using a least-squares regression (LSR) strategy to
enhance accuracy.

Tables 8-10 provide a detailed overview of the weights associated with the different
models for each site, namely Tamanrasset, Brasilia, and Colorado sites, respectively, and
the preprocessing method.
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Table 8. Time series of global horizontal irradiance (GHI) recorded at the Tamanrasset site (Algeria).
The data cover an 11-year period and are used for solar radiation forecasting.

Weight Bi-LSTM SVM ELM Sum (wi)
without 1.1042 —0.0113 —0.1207 0.9850
VMD 0.5599 0.4932 —0.0534 0.9997
ICEEMDAN 0.5048 0.3744 0.1239 1.0031

Table 9. Time series of global horizontal irradiance (GHI) recorded at the Brasilia site over a one-year
period with a five-minute resolution. This dataset is used to evaluate the forecasting performance of
the proposed hybrid model under tropical climate conditions.

Weight Bi-LSTM SVM ELM Sum (wi)
without 1.1291 —0.0301 —0.1139 0.9851
VMD 0.7598 0.2175 0.0188 0.9961
ICEEMDAN 1.2108 —0.0439 —0.1951 0.9718

Table 10. Original wind speed (WS) measurements from the Colorado site, recorded at 10-minute
intervals over the period 2006—2015. These data serve as the basis for evaluating the performance of
the proposed hybrid forecasting framework.

Weight Bi-LSTM SVM ELM Sum (wi)
without 0.7001 0.2363 0.0590 0.9954
VMD 0.9800 0.0854 —0.0644 1.0010
ICEEMDAN 0.6500 0.4938 —0.1306 1.0131

For the Tamanrasset site, Bi-LSTM emerges as the dominant model with a weight of
1.10 without preprocessing, while SVM and ELM have very low and negative weights.
When VMD is applied, the effectiveness of SVM improves significantly, with a weight
reaching 49.32%, almost equivalent to Bi-LSTM’s weight of 55.99%. While still providing
a weak contribution, ELM shows a slight improvement with a positive weight of 0.53.
With the application of ICEEMDAN, the impact on SVM is significant, with a weight
of 37%, while Bi-LSTM continues to dominate with a weight of 50.48%. ELM achieves
a positive weight of 12.39%, indicating that this decomposition technique allows for a
more balanced contribution of all models to the prediction. Therefore, for the Tamanrasset
site, ICEEMDAN seems to improve the performance of SVM and ELM, balancing the
contributions of the various models.

Without any treatment, Bi-LSTM has a dominant contribution for the Brasilia site
with a weight of 1.13, while SVM and ELM show negative weights of —0.03 and —0.11,
respectively. The application of VMD improves the performance of all models, with BILSTM
remaining dominant with a weight of 75.98%, followed by SVM with a contribution of
21.12%, and ELM showing an improvement with a positive weight of 1.88%. With the
application of ICEEMDAN, Bi-LSTM continues to dominate with a weight of 1.21, but
SVM and ELM remain with inferior performances, with weights of —0.0439 and —0.1951,
respectively. These results suggest that, even with preprocessing techniques such as VMD
and ICEEMDAN, Bi-LSTM remains the most effective model for this site, with SVM
benefiting more from VMD but never reaching the performance level of Bi-LSTM.

For the Colorado site, Bi-LSTM is again the dominant model without preprocessing,
with a contribution of 70%. The SVM model shows a moderate contribution (23.6%),
while ELM provides the lowest contribution (5.9%). When VMD is applied, Bi-LSTM’s
effectiveness increases dramatically, with a weight of 98%. ELM shows a negative weight
of —6.4%, indicating that this model does not benefit from VMD preprocessing. The SVM
model maintains a moderate performance with a weight of 8.5%. With the application
of ICEEMDAN, the effect on Bi-LSTM is reduced, but the model remains dominant with
a weight of 65%. SVM benefits from the application of ICEEMDAN, with the weight
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increasing to 49.38%, while ELM continues producing poor results with a negative weight
of —13%. Overall, ICEEMDAN helps balance the contribution of the models, but Bi-LSTM
remains the most effective model for the Colorado site.

Overall, the application of VMD proves to be highly beneficial for Bi-LSTM, signifi-
cantly increasing its weight, especially for the Colorado site, where BILSTM becomes the
dominant model. However, VMD does not seem helpful for ELM, which sometimes shows
negative weights, suggesting that ELM is unsuitable for these datasets, regardless of the
preprocessing treatment. ICEEMDAN, on the other hand, proves to be particularly useful
for improving the performance of SVM and, in some cases, helps balance the contribution
of the various models. However, Bi-LSTM remains the dominant model in nearly all
cases, with SVM showing improvements at the Brasilia and Tamanrasset sites but never
surpassing Bi-LSTM’s performance.

Table 11 summarizes the evaluation metric results for the Tamanrasset site using the
various approaches tested. From the analysis, it emerges that individual models without
decomposition deliver similar performance, with RMSE values around 70 and R? near
0.954, suggesting that these models can not accurately capture the characteristics of the
time series. Adopting Bi-LSTM significantly improves, with an RMSE of 38.62 and an R? of
0.9865, demonstrating a stronger ability to model data variability. The integration of the
LSR method further improves performance, reducing RMSE to 37.24 and increasing R? to
0.9869. The application of the ICEEMDAN decomposition shows moderate improvements
in the ELM and SVM models, with a slight reduction in RMSE. The inclusion of the same
technique in Bi-LSTM and LSR models allows for greater predictive accuracy, with RMSE
values of 40.69 and 39.75 and a coefficient of determination reaching 0.9844 in the case of
the LSR-based model.

The use of VMD decomposition yields a more significant improvement than ICEEM-
DAN and the models without any decomposition. Applying this technique to the SVM
and LSR models produces much more accurate results, with the former achieving an RMSE
of 14.29 and an MAE of 0.0181 and the latter recording an RMSE of 23.21, an MAE of
0.0137, and a coefficient of determination of 0.9990. This indicates that combining VMD
with LSR represents the most effective approach among those tested, ensuring extremely
high predictive accuracy. The differentiated weighting of the most relevant factors through
least-squares regression thus significantly improves forecast performance, making this
model the best-performing among those analyzed (2.13% error and 99.97% R?).

Regarding the Brasilia site, the error evaluation results for the four models applied
to the three datasets are presented in Table 12. The results show that models without
decomposition, such as ELM and SVM, perform poorly, with RMSE values of 127.97 and
122.90, respectively, and relatively low R? values around 0.88. Using Bi-LSTM significantly
improves the forecast, reducing the RMSE to 63.12 and increasing R to 0.97. The LSR-based
model provides a further enhancement, achieving an RMSE of 60.40 and an R? of 0.9745,
suggesting that this technique can optimize the forecasting process.

Applying ICEEMDAN decomposition to the ELM and SVM models does not signifi-
cantly improve, with the RMSE values remaining high. However, when the same technique
is applied to the Bi-LSTM and LSR models, forecasting accuracy improves considerably,
with RMSE values dropping to 56.65 and 52.54, respectively, and R? increasing to 0.9790 in
the case of LSR. These results indicate that decomposition can offer a competitive advantage,
but the benefits depend on the model it is combined with.
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Table 11. Real-time forecasting results at the Tamanrasset site using different methods: (i) without
any signal decomposition, (ii) with decomposition via ICEEMDAN, and (iii) with decomposition via
VMD. The comparison illustrates the impact of each approach on the prediction accuracy of solar
radiation and wind speed.

Model RMSE NRMSE MAE R?
ELM 69.7311 0.0059 0.0773 0.9540
SVM 70.1124 0.0845 0.0831 0.9535
BI-LSTM 38.6235 0.0004 0.0454 0.9865
LSR 37.2436 0.00035 0.0444 0.9869
ELM-ICEEMDAN 69.6953 0.00083 0.0819 0.9522
SVM-ICEEMDAN 62.0825 0.00055 0.0666 0.9624
Bi-LSTM-ICEEMDAN 40.6926 0.00045 0.0499 0.9838
LSR-ICEEMDAN 39.7556 0.00039 0.0476 0.9844
ELM-VMD 27.3725 0.00031 0.0381 0.9522
SVM-VMD 14.2896 0.00012 0.0181 0.9624
BI-LSTM-VMD 47.0487 0.00013 0.0753 0.9816
LSR-VMD 23.2119 0.00001 0.0137 0.9990

Table 12. Real-time forecasting results for the Brasilia site using different models: comparison
between predictions without decomposition and those obtained after applying ICEEMDAN and
VMD signal decomposition techniques.

Model RMSE NRMSE MAE R?
ELM 127.97 0.0013 0.1403 0.8802
SVM 122.90 0.0011 0.1200 0.8889
LSTM 63.12 0.0006 0.0812 0.9707
LSR 60.4065 0.00041 0.0789 0.9745
ELM-ICEEMDAN 126.8414 0.00013 0.1451 0.8844
SVM-ICEEMDAN 109.1721 0.0010 0.1042 0.9058
Bi-LSTM-ICEEMDAN 56.6511 0.0006 0.0796 0.9746
LSR-ICEEMDAN 52.5483 0.00041 0.0700 0.9790
ELM-VMD 58.8555 0.00058 0.0674 0.9745
SVM-VMD 26.9754 0.00024 0.0279 0.9943
BI-LSTM-VMD 14.6324 0.00017 0.0213 0.9979
LSR-VMD 9.9046 0.00019 0.0319 0.9956

The integration of VMD decomposition leads to a significant performance improve-
ment compared to ICEEMDAN and models without decomposition. The results show that
LSR-VMD is the best-performing model, with an RMSE of 9.90 and an R? of 0.9956, con-
firming this combination’s ability to enhance forecast quality drastically. This is followed in
order of accuracy by VMD-Bi-LSTM, VMD-5VM, and VMD-ELM, with the first achieving
an RMSE of 14.63 and an R? of 0.9979. These findings suggest that VMD decomposition
enables a more effective separation of the signal’s informative components, significantly
improving prediction accuracy, especially when combined with advanced methods such as
Bi-LSTM and LSR.

An analysis of the results obtained for the Colorado site (see Table 13) reveals that
the use of VMD led to a significant improvement in performance compared to models
that do not include a decomposition phase. In particular, the SVM-VMD and LSR-VMD
models outperformed all others, with RMSE values of 2.2942 and 2.1823, respectively,
and a coefficient of determination of 0.9997 in both cases. This outcome highlights how
combining VMD with advanced regression strategies can capture time series variations
more effectively, reduce error, and enhance predictive capability.
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Table 13. Real-time forecasting results for the Colorado site using different predictive methods. The
comparison includes models without signal decomposition and those enhanced through ICEEMDAN-
and VMD-based decomposition techniques.

Model RMSE NRMSE MAE R?
ELM 20.284 0.0014 0.0753 0.9801
SVM 17.701 0.0009 0.0609 0.9848
Bi-LSTM 12.8850 0.0009 0.0507 0.9920
LSR 11.4794 0.0005 0.0423 0.9937
ELM-ICEEMDAN 14.4662 0.00089 0.0465 0.9885
SVM-ICEEMDAN 20.7725 0.00540 0.0754 0.9764
LSTM-ICEEMDAN 11.5208 0.00086 0.0414 0.9905
LSR-ICEEMDAN 10.6804 0.00058 0.0400 0.9941
ELM-VMD 10.2433 0.00077 0.0419 0.9943
SVM-VMD 2.2942 0.00014 0.0088 0.9997
BI-LSTM-VMD 4.6764 0.00035 0.0148 0.9888
LSR-VMD 2.1823 0.00012 0.0083 0.9997

The ICEEMDAN-based approach showed improvements over models without decom-
position but did not reach the performance level of VMD. The LSR-ICEEMDAN model
achieved an RMSE of 10.6804 and an R? of 0.9941, confirming good predictive ability,
though still lower than the VMD-based models. Similarly, the Bi-LSTM-ICEEMDAN model
showed decent accuracy, with an RMSE of 11.5208 and an MAE of 0.0414, although inferior
to the VMD alternatives.

Among the models without decomposition, Bi-LSTM performed better than ELM and
SVM, with an RMSE of 12.8850 and an R? of 0.9920. However, the integration of VMD
led to a substantial improvement in accuracy, significantly reducing prediction error. This
demonstrates that time series decomposition is crucial in optimizing forecast performance.

Overall, the results indicate that the most effective method for the Colorado site is
the combination of VMD with LSR, which achieved the lowest error rate and the highest
R? value. The effectiveness of VMD decomposition is attributed to its ability to isolate
the most informative modal components, eliminate noise, and facilitate the extraction of
relevant patterns for prediction. Although ICEEMDAN proved helpful in improving the
separation of frequency components compared to baseline models, its contribution was
less substantial than that of VMD.

These findings confirm the importance of integrating advanced decomposition meth-
ods into predictive models to enhance forecast quality and improve uncertainty handling
in energy time series.

Figures 20-22 show the RMSE for each model at each site, clearly highlighting that
the SVM-ELM-Bi-LSTM-LSR model outperforms the best individual model (Bi-LSTM).
This is due to the aggregation strategy, which sums the products of the weights and the
forecasts generated by the three models, assigning greater weight to the higher-performing
ones. Additionally, Bi-LSTM enhances the model’s ability to retain long-term information,
while the attention mechanism highlights the most critical features through the dynamic
weighting of details after the Bi-LSTM output. In summary, the prediction accuracy of the
combined model surpasses that of the other models analyzed, achieving better results than
individual approaches.
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Figure 20. Comparison of RMSE values obtained for the Tamanrasset site before and after apply-
ing VMD and ICEEMDAN decomposition techniques. The figure highlights the improvement in
forecasting accuracy achieved through the use of signal decomposition prior to model training.
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Figure 21. Comparison of RMSE values obtained for the Brasilia site before and after applying the
VMD and ICEEMDAN decomposition methods. The figure illustrates the impact of each preprocess-
ing technique on the forecasting accuracy of the proposed model.

Remark 12. To evaluate the effectiveness of the proposed forecasting framework, a systematic
comparison was conducted with several baseline models commonly used in the literature. Specifically,
the following approaches were implemented and tested: (i) the ARIMA model, representative
of traditional statistical time series methods; (ii) a Bi-LSTM model applied directly to the raw
data, without any decomposition or entropy-based selection; and (iii) a standard SVM model
applied without any pre-processing phase. The results clearly demonstrate that the proposed
hybrid framework, combining decomposition (VMD or ICEEMDAN), SE-based selection, and LSR,
significantly outperforms all baseline models. In particular, the proposed method achieves up to a
30% reduction in forecasting error, with a coefficient of determination R? approaching 0.999.
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Figure 22. Root mean square error (RMSE) values for the Colorado dataset, comparing forecasting
performance before and after the application of VMD and ICEEMDAN signal decomposition tech-
niques. The results highlight the improvement in prediction accuracy achieved through the proposed
pre-processing methods.

8. Conclusions and Perspectives

This study proposed an innovative hybrid framework for the forecasting of renewable
energy sources, focusing on global solar radiation and wind speed. The methodology
is based on a one-stage signal decomposition strategy that integrates variational mode
decomposition (VMD) and improved complete ensemble empirical mode decomposition
with adaptive noise (ICEEMDAN), followed by an entropy-based selection process using
sample entropy (SE). This approach allows for the extraction and retention of the most
informative components of the original signals, effectively reducing noise and improving
data quality before prediction.

In the predictive stage, three different machine learning models—Bi-LSTM, extreme
learning machine (ELM), and support vector regression (SVR)—were employed to capture
the nonlinear dynamics and temporal dependencies present in the decomposed data. These
individual predictions were then optimally combined using a least-squares regression (LSK)
strategy, enhancing the overall forecasting accuracy and robustness of the system. The
framework was applied to real-world datasets from three distinct locations—Tamanrasset
(Algeria), Brasilia (Brazil), and Colorado (USA)—which present heterogeneous climatic
conditions, providing a comprehensive validation of the model’s generalization capability.

The experimental results showed that the proposed model achieves a root mean square
error (RMSE) as low as 2.18 and a coefficient of determination (R?) approaching 0.999,
confirming the model’s high precision. Compared to traditional single-model approaches,
the framework demonstrated up to a 30% reduction in forecasting error. In terms of
computational efficiency, the average training time for the Bi-LSTM component ranged
between 98 and 158 s depending on the dataset, while the LSR combination phase required
less than 0.5 s, highlighting the suitability of the approach for operational scenarios.

Author Contributions: Conceptualization, M.V. and EL.E; methodology, M.V,, EL.F. and G.A;
software, N.Z., HM. and Z.Z.; validation, M.V,, G.A. and Z.Z.; formal analysis, N.Z., HM. and
FL.E; investigation, M.V. and EL.F; resources, EL.F. and M.V.; data curation N.Z., HM. and Z.Z.;
writing—original draft preparation, M.V. and G.A.; writing—review and editing, M.V. and G.A.;



Energies 2025, 18, 2942 37 of 40

supervision, M.V,, EL.F. and G.A; project administration, M.V.; funding acquisition, M.V. All authors
have read and agreed to the published version of the manuscript.

Funding: This work was funded by the Next Generation EU—Italian NRRP, Mission 4, Component 2,
Investment 1.5, call for the creation and strengthening of ‘Innovation Ecosystems’, building “Territorial
R&D Leaders’ (Directorial Decree n. 2021/3277)—project Tech4You—Technologies for climate change
adaptation and quality of life improvement, n. ECS0000009 (particularly, action 9 of Spoke 2—Goal
2.1—Pilot Project 1). This work reflects only the authors” views and opinions; neither the Ministry for
University and Research nor the European Commission can be considered responsible for them.

Data Availability Statement: Data are contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

VMD Variational Mode Decomposition

ICEEMDAN  Improved Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
NSD Numerical Weather Prediction

EMD Empirical Mode Decomposition

EEMD Ensemble Empirical Mode Decomposition

CEEMDAN  Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
ENN Elman Neural Network

ELM Extreme Machine Learning

SARIMA Seasonal Autoregressive Integrated Moving Average model

RES Renewable Energy Sources

GHI Global Horizontal Irradiance

WS Wind Speed

Bi-LSTM Long Short-Term Memory

LSR Least-Squares Regression
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