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contribution of this study is the use of sample entropy as a feature selection mechanism to identify the
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Times Series this approach from conventional methods. Two distinct forecasting approaches are evaluated using
Deep Neural Networks multiple performance metrics, including RMSE, MAE, MAPE, and R2. The first approach applies the
Sample Entropy fusion technique directly to the original wind speed time series, while the second incorporates
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Fusion ICEEMDAN to decompose the time series. Experimental validation using two real-world datasets from

Algeria demonstrates the superiority of the proposed hybrid model over individual forecasting models,
yielding significant improvements in prediction accuracy, robustness, and stability. These findings
underscore the effectiveness of the three-stage framework, offering a reliable and efficient solution for
short-term wind speed forecasting, with potential applications in renewable energy management and grid
optimization.
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NOMENCLATURE

BiLSTM- Bidirectional Long Short-Term Memory Recurrent . .

RNN Neural Networks IMF Intrinsic Mode Functions

BiGRU-NN Bidirectional Gated Recurrent Unit Neural Networks ICEEMDAN Improved C_ngplgte Ensem'ble E”.‘p'”ca' Mode
Decomposition with Adaptive Noise

EMD Empirical Mode Decomposition MAPE Mean Absolute Percentage Error

EEMD Ensemble Empirical Mode Decomposition MABE Mean Absolute Bias Error

GRU-NN Gated Recurrent Unit Neural Networks RMSE Root Mean Square Error

SE Sample Entropy R2 Coefficient of Determination

LSTM-RNN Long Short-Term Memory Recurrent Neural Networks WSF Wind Speed Forecasting

1. INTRODUCTION

Renewable energies play a pivotal role in transforming
modern lifestyles. By decreasing dependence on fossil
fuels, they contribute considerably to mitigating climate
change through the reduction of greenhouse gas
emissions. The integration of clean energy sources such
as solar, wind, and hydropower fosters the diversification
of energy supplies, thus enhancing the energy security of
nations. Economically, renewable energy systems drive
job creation within advanced and emerging sectors,
supporting sustainable economic growth. Moreover, they
enable households and businesses to lower electricity
costs through self-consumption and on-site clean energy
generation. Access to sustainable energy also enhances
living standards, principally in remote and underserved
areas where conventional electrification is either
expensive or logistically challenging. In summary,
renewable energies are key enablers of a cleaner, more
secure, and socially equitable future (1).

Wind speed is essential factor in harnessing wind
energy, as it directly impacts the effectiveness and power
output of wind turbines. Higher wind speeds generate
more Kinetic energy, which turbines convert into
electricity. Forecasting wind power is important for
improving energy production, grid stability, and
operational organization. Precise predictions help also to
integrate wind energy into power grids, reducing
dependence on fossil fuels and enhancing energy
security. It also enables efficient scheduling of
maintenance and resource allocation, ultimately lowering
operational costs and supporting the shift to a more
sustainable energy system (2).

Several studies in the literature have addressed the
problem of wind speed forecasting (3-6), an EMD-
MGM-based network architecture was introduced by
Xiong et al. (7) as the core framework. The method
extends three-point regression loss functions to enable
wind speed interval regression, ensuring more robust
predictive capabilities. Additionally, a novel quantile
regression mechanism, termed SLF, is proposed to
enhance the precision of probabilistic forecasts. To
further improve forecasting accuracy, a new technique
called NS is developed, allowing for the superposition of
subsequence prediction results, thereby capturing more
comprehensive temporal patterns in wind speed data. Ran

et al. (8) introduced a novel prediction model for long-
term forecasting of wind power generation in China.
Based on the forecasting results, the study proposes
targeted policy recommendations aimed at supporting the
sustainable growth and development of China's wind
power industry. The study by Parri et al. (9) proposed a
hybrid approach for wind speed forecasting (WSF) based
on Variational Mode Decomposition (VMD), CoST, and
Support Vector Regression (SVR) models. The VMD
algorithm is employed to denoise the wind speed data,
while the CoST-SVR framework predicts wind speed
from the denoised signals. The approach is evaluated
using two sets of WSF models, demonstrating superior
performance for short- to medium-term forecasts at 5, 10,
15, 30 minutes, as well as 1-hour and 2-hour ahead
prediction intervals. In another work by Parri et al. (10),
a hybrid approach, named VMD-Ts2Vec-SVR, is
proposed for accurate wind speed forecasting (WSF).
The method employs the VMD algorithm to decompose
wind speed data and introduces contextual feature
representation for the first time in WSF. The Ts2Vec-
SVR model is then used to predict wind speed with high
accuracy. Experimental results demonstrate the superior
performance of the proposed approach in comparison to
other methods. Li et al. (11) proposed an approach to
improve local feature extraction by incorporating causal
convolution, which enhances the model's ability to
capture temporal patterns. The Empirical Mode
Decomposition (EMD) algorithm generates features
across different time scales, enriching the input data. A
Transformer model that integrates EMD with causal
convolution demonstrates significant improvements in
forecasting accuracy (12), addressed the nonlinearity
problem of the original sequence by employing multiple
decomposition ~ methods. Two  decomposition
frameworks are proposed to uncover the underlying
relationships within the sequence. A novel hybrid model,
CNN-ECA-BIGRUa (with attention mechanism), is used
for the prediction phase. Additionally, the forecasting is
further enhanced using gated Temporal Convolutional
Network (TCN) combinatorial sub-models, resulting in
improved prediction performance. In the studies
discussed above, the methodologies primarily relied on a
combination of decomposition techniques and
forecasting models. However, the present work
introduces an additional critical component: feature
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selection. This innovative block is designed to identify
and retain the most relevant features, thereby optimizing
the forecasting performance. By incorporating feature
selection into the framework, the proposed approach
aims to enhance the accuracy and reliability of wind
speed predictions, setting it apart from existing methods
in the literature.

The remainder of this paper is structured as follows:
In Section 2, we present the proposed methodology,
providing an in-depth explanation of the various
algorithms introduced for the study. This section
elaborates on the approach's design, the rationale behind
each algorithm, and how they contribute to the overall
framework. Section 3 is dedicated to the experimental
setup, detailing the data used for testing the proposed
models, as well as presenting and analyzing the results
obtained from the different experiments conducted.
Finally, Section 4 concludes the paper by summarizing
the key findings and discussing the implications of the
results.

2. PROPOSED METHODOLOGY

The proposed methodology for wind speed forecasting is
a comprehensive hybrid approach that begins with the
collection of wind speed time series data, ensuring a
reliable and accurate dataset for analysis. Next, the data
undergoes preprocessing, including the removal of
missing values and normalization using the Z-score
method to ensure consistency and comparability. The
normalized data is then decomposed using the Improved
Complete Ensemble Empirical Mode Decomposition
with Adaptive Noise (ICEEMDAN), resulting in several
Intrinsic Mode Functions (IMFs), each representing
specific frequency components. To isolate the most
relevant components, Sample Entropy (SE) is calculated
for each IMF, and only those with the highest entropy
values, indicating their importance, are selected. These
selected IMFs are then reconstructed to form a refined
dataset, capturing the essential dynamics of the wind
speed time series. This refined dataset is then used as
input for several deep learning models, including LSTM-
NN, BiLSTM-NN, GRU-NN, and BiGRU-NN, designed
to analyze complex temporal patterns and dependencies
in sequential data. The outputs of these models are
integrated using a classification-based aggregation
technique, which combines the strengths of each model
to produce an optimized forecast. The complete
workflow of this methodology is illustrated in the
graphical abstract, providing a clear overview of the
system architecture and its successive steps.

2.1.Z-SCORE The Z-score normalization technique
transforms the data into a standardized format by
centering it around a mean of zero and scaling it to a unit

standard deviation. It is a widely used data preprocessing
technique, particularly in time-series forecasting tasks.
For each original data value x;, the Z- score normalization
zi formula is given by:

Z; = LB (l)

a

where: S represents the mean and a denotes the standard
deviation of the dataset. This process ensures that the
dataset becomes dimensionless, enabling fair comparison
and eliminating biases caused by differences in scale
among variables (13, 14).

2. 2. Improved Complete Ensemble Empirical
Mode Decomposition with Adaptive Noise
(ICEEMDAN) The ICEEMDAN is an algorithm
that has been developed by Colominas et al. (15). Itis an
enhanced version of the ensemble empirical mode
decomposition method (EEMD). This method effectively
addresses the primary obstacles encountered in EEMD
method. This decomposition technique makes it possible
to decode each time series signal into a finite number of
components called IMFs (16). The algorithm is designed
to handle adaptive noise and also to correct frequency
aliasing faults. The ICEEMDAN method enhances the
quality of IMFs by incorporating white noise mode into
the original signal, effectively diminishing the remaining
noise (17). The detailed steps of ICEEMDAN
decomposition technique are as follows:

Step 1:

To obtain specific noise, add Empirical Mode
Decomposition (EMD) to the original signal as shown in
the following equation:

y' =y + BoEs[w'] 2

This equation represents the process of adding special
noise E;[w'] to the original signal y. The variable
y'represents the i*" added white noise, with i ranging
from 1 to N. The expected signal-to-noise ratio of the first
decomposed signal is represented by S,.

Step 2:

To compute the IMF value, the EMD algorithm is utilized
to acquire the local mean value of the reconstructed
signal, and the first residual is obtained by taking their
mean value.

Ry = %Z?]ﬂM[}’i] 3)

f=y—R 4)

This equation utilizes the residual of the first
decomposition denoted as R;, along with the operator
M [m] that calculates the local mean, and 7, represents the
value of the first IMF.

Step3:

Calculate the second IMF value using the following
equation:
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Ry =Ty MRy + By oo 5)

=R —R; (6)

Where R, and #, represent the residual and the value of
the second IMF, respectively.

Step4:

Further apply the above computational steps to determine
the k" IMF value:

Ry = %ZIiVﬂM [Rk—1 + ﬁk—lEk[wi]] "

T = Rp—1 — Ry, (C)]

where k = 1,2,3,..., N. The iterative calculation of this
equation can accurately decompose the IMF of the
original signal.

2. 3. Sample Entropy (SE) Sample Entropy (SE)
is a widely used method for assessing the complexity and
regularity of time series data, introduced by Richman et
al. (18) as an improvement over Approximate Entropy
(ApEn). Unlike Approximate Entropy, which can
produce inconsistent results, especially with short or
noisy data, SE offers a more reliable and precise measure
of the unpredictability of a time series. The core concept
of SE is to evaluate the similarity of sequences within the
time series, with lower values of SE indicating higher
similarity (or regularity) and higher values indicating
more complexity or unpredictability. The calculation of
SE involves three primary parameters: the length of the
time series, the tolerance for similarity (often defined as
a fraction of the standard deviation of the series), and the
embedding dimension, typically set to 2. The process of
calculating sample entropy (SE) is based on the following
steps (19, 20):

Step 1: The original data consisting of N points is
represented as:

Xi = [xi, Xig1) s Xigm—1l ©)
Step 2: The dimension between the vector X; and X; is
defined as:

D (X1, X;) = Olpn?§1|xi+1 = X | (10)

Step 3: The mean value of the vectors is then calculated
as:

1
N-M+1

B™(r) = YN M+1pm (11)
Step 4: Steps 1 through 3 are repeated to compute the
final value of the sample entropy (SE), which is
expressed as follows:

. _ Bm“(r)
SE(m,r,N) = 1\111—120[ In ron ] (12)
Where m indicates the embedding dimension, and r

represents the conditional threshold.

2. 4. Individual Deep Learning Forecasting Models
2. 4. 1. Long Short-Term Memory Recurrent
Neural Networks (LSTM-RNN) Long Short-Term
Memory (LSTM) network is a special kind of recurrent
networks (RNN), for the first time, LSTM-RNN is
proposed by Hochreiter and Schmidhuber (21) to learn
long-term dependence information. Next, Gers et al. (22)
improved the LSTM-RNN by introducing the technique
of the forget gate, which is relevant to the prediction of
continuity (23). The LSTM-RNN has been very
successful and widely used in different fields such as
image processing, image and text recognition, video data
recognition. Currently, LSTM-RNN is widely used with
success in time series forecasting problems. The classical
neural networks contain neurons, while LSTM recurrent
networks are composed of blocks of memory
interconnected through successive layers. To control the
flow of historical information in cell LSTM-RNN, its
architecture contain three types of gates which are the
Forget Gate, the Input Gate, and the Output Gate (24, 25),
using these gates an LSTM-RNN processes, stores and
transfer the pertinent information for a long period and
reduce the rate of data loss (26). Figure 1 shows the
internal architectures of an LSTM-RNN memory cell.

The following expressions can represent the internal
calculation process for LSTM-RNN cell:

fe = 5(Xf X [he_q, 1] + ﬂf) (13)

where f, is the forget gate; § represent the sigmoid
activation function; X, is the weight matrix between
forget gate and input gate; h,_, represents the previous
hidden state; I, is the input value of the LSTM-RNN at
the current time and B, represents the bias term of
forgetting gate.

ip = 6(X; X [he—1, Ie] + B7) (14)
Ce = GX¢ X [he—q, 1] + Bc) (15)
Ce=fe X Comq +i¢ X C; (16)

where: i, is the input gate; C, is the candidate cell state;
C, represent update cell state; C,_, is the cell state from
previous time step; G represent hyperbolic tangent
(tangh) activation function; X;, (; represents weight

Forget Gate
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i
|
|
|
i
|

s | z
z U Y e ——

________________
Input Gate OutputGate

Figure 1. Basic Structure of LSTM-RNN model
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matrix and bias term of input gate respectively; X, B¢
represents the weight matrix and bias term for generating
candidate values respectively.

he =0 X G(Cp) (17

0r = 8(Xo X [Re_y, 1] + Bo) (18)

where h; is hidden state for the current time step; o,
represent the output gate which controls how much
information from C; will be included in the h;; X,, B, are
the weights matrix and bias term of the output gate.

The sigmoid and hyperbolic tangent (tangh) are a
nonlinear activation functions defined by:

1
1-e~2

6(2) =

(19)

G(Z) = tanh(2) = efe” (20)

eZ+e 2

It converts the output value to a value between - 1 and 1.

2. 4. 2. Bidirectional Long Short-Term Memory
Recurrent Neural Networks (BiLSTM-RNN)
Bidirectional Long Short-Term Memory (BiLSTM) is a
recurrent neural network (RNN), introduced by Schuster
and Paliwal (27), it is an advanced variant of the LSTM
model developed to enhance sequence modeling by
capturing bidirectional contextual dependencies. Unlike
conventional LSTMs, which process data in a single
forward direction, BiLSTM networks leverage two
LSTM layers, one operating in the chronological order
(past to future) and the other in reverse order (future to
past) (28). This dual-layer structure allows BiLSTM to
capture comprehensive temporal patterns, making it
particularly effective in applications where future
information influences present predictions, such as in
wind speed forecasting and complex time-series
analyses.

The representation of the BILSTM-RNN model is
shown in Figure 2, where both forward and backward
LSTM layers process the input sequence in parallel,
combining their outputs to form the final hidden state at
each time step.

At each time step t, the hidden states for the forward
and backward layers are computed independently. The
forward hidden state h; and the backward hidden state

Input Layer

Forward Layer

Backward Layer

Output Layer

| Yi-2 | V-1 | It
Figure 2. Architecture of BiLSTM-RNN model

hi are calculated using the following equations:
hy =W [hey, x] +b7) (21)

he = S(W<. [R5y, X] + b) (22)

where: § denotes the sigmoid activation function, x; is
the input vector at time step t, h;_, and hg,, represent
the hidden states of the previous and next time steps for
the forward and backward LSTM layers, respectively,
and W=, W< are the weight matrices for the forward and
backward directions. The vectors h; and hi are
combined, typically by concatenation, to form a
bidirectional representation of the sequence at each time
step:

he = [he hi] (23)

This concatenation ensures that the network benefits
from both the past and future context, improving its
performance. By capturing long-range dependencies in
both directions, BILSTM-RNN is particularly effective
in situations where the full context of the sequence is
necessary for making accurate forecasting.

2. 4. 3. Gated Recurrent Unit Neural Networks
(GRU-NN) The Gated Recurrent Units (GRU) are
a variant of Recurrent Neural Networks (RNN), address
the vanishing and exploding gradient problems, while
simplifying the complexity of Long Short-Term Memory
(LSTM) networks. GRUs are particularly effective for
modeling sequential data and have demonstrated their
efficiency in various applications, such as wind speed
forecasting and speech recognition (29, 30). The GRU's
architecture is built around two main gates: the update
gate, which controls how much information from the past
is retained, and the reset gate, which determines what
portions of the previous state should be forgotten (31).
Together, these gates dynamically regulate the flow of
information across time steps, ensuring adaptive memory
retention. Figure 3 presents a schematic diagram of the
GRU architecture, illustrating the flow of information
through the update and reset gates.

The update gate z, is defined as:

zp = §(Wy.[he—q, %] + by) (24)

I

Reset Gate Update Gate ~ State Candidate

‘ Xt >
Gate

Figure 3. Architecture of GRU-NN model
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where: § is the sigmoid activation function, Wy is the
weight matrix, h,_, is the previous hidden state, x;, is the
current input, and b,, is the bias term.

The reset gate r; is computed as follows:

1 = 6(Wy. [he—1, x¢] + by) (25)

where W, and b,. are the corresponding weight matrix and
bias term for the reset gate.

Together, these gates dynamically regulate the flow
of information across time steps, ensuring adaptive
memory retention. Using the reset gate, the GRU
calculates a candidate hidden state f, as follows:

he = tanh(W. [ry © he_y, %] + b) (26)

where: tanh is the hyperbolic tangent activation
function, © represents element-wise multiplication, and
W and b are the weight matrix and bias term.

Finally, the GRU computes the updated hidden state
h. as a combination of the previous hidden state h,_, and
the candidate hidden state h,, weighted by the update
gate:

he=1-2z)Ohey +2.0O Et (27)

This formulation allows the GRU to integrate the past
hidden state and current input, enabling a balance
between  retaining historical information  and
incorporating new data (32).

2. 4. 4. Bidirectional Gated Recurrent Unit Neural
Networks (BiGRU-NN) The BIiGRU model
(Bidirectional Gated Recurrent Unit) represents an
enhancement of traditional recurrent networks, designed
to capture temporal dependencies in both past and future
directions. Unlike a standard GRU, which processes
sequences in a single direction, the BiIGRU combines two
GRU layers: one processes the data sequentially, while
the other processes it in reverse. This provides better
contextualization for complex temporal sequences. This
structure is particularly effective in applications such as
wind energy forecasting, where bidirectional temporal
correlations play a crucial role (33, 34). The BiGRU unit
can be described by the following equations:

hl = GRU(x,, h]_,) (28)

h? = GRU(x;, h?,,) (29)

where h{ and h? represent the hidden states generated in
the forward and backward directions, respectively, and x,
is the input at time t. The final output is obtained by
combining these two states.

he = [, ] ()

Figure 4 illustrates the architecture of the BiGRU-
NN, highlighting its two parallel processing flows
(forward and backward) and their fusion to produce a
globally enriched temporal context output.

2. 5. Classification Based Technique The
classification-based strategy is founded on the premise
that predictive models exhibit varying levels of
performance across different regions within the input
variable space of time series data. To leverage this
variability, the strategy partitions the input space into
distinct regions, each of which is assigned to the
predictive model that achieves the lowest forecasting
error within that region. During the training phase, the
optimal model for each segment is determined through a
comprehensive analysis of the training set. This
segmentation process ensures that each region is paired
with the most accurate predictor, thereby enhancing
overall forecasting precision (35-37).

The optimal predictor P(Z) for a given series S is
selected using:

P(2) = arg min|f;(S;) — v (31)
i=1,2,....N

where: f;($;) represents the prediction from model i for
series S; and y; is the actual value.

Once the segmentation is established, any new time
series data is classified into a region, and the associated
optimal model is applied for forecasting. The output
forecast £ (Z) is expressed as:

F2) = fp (@) (32)

This strategy’s effectiveness lies in its ability to
dynamically leverage the strengths of different models
for varying data characteristics, thereby improving the
overall forecasting accuracy. As illustrated in Figure 5,
this method involves two main phases: training, where
the variable space is partitioned, and testing, where the
optimal model for each incoming series is selected.

3. CASE STUDY

3. 1. Description of Data Used To evaluate the
accuracy and effectiveness of the proposed hybrid
approach, simulation experiments were conducted using
historical wind speed time series data from two sites in
southern Algeria. The first site represents a recorded data
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Figure 4. Architecture of BIGRU-NN model
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Figure 5. Flowchart of the classification-based technique

every 30 minutes over a one-year period from January 1%
to December 31, 2016, and the second site recorded data
every 15 minutes over the same period from January 1%
to December 31, 2019. These sites were chosen for their
representation of distinct wind regimes. Table 1 describes
the geographical characteristics of the two sites,
including latitude, longitude, altitude, and the data size
associated with each site. Fifty values (50) of the time
series are used as input data, while the 51th value is
utilized as the target (future value).

Table 2 summarizes the statistical characteristics of
the data, including the mean, standard deviation, and
extremes of wind speed.

The data employed in this study to evaluate the
various methodologies consist of the wind speed time
series recorded at two locations in Algeria, which
represent the two sub-climates, as illustrated in Figures 6
and 7 presents the normalized samples for each site,
emphasizing the normalization process.

3. 2. Performance Metrics In this study, four

statistical metrics are employed to evaluate the proposed
approach:

RMSE = |52 (v - 9, (33)

MABE = - ¥,|9:—,] (34)

TABLE 1. Geographical characteristics of the two test sites

Geographical Altitude Latitude Longitude Sample

Dataset position (m) ) ) size

Site# 1 South-west 263 27.88 -0.28 10172
Site#t 2 South-east 450 36.667 5.667 34943

TABLE 2. Statistical characteristics of the two test sites

Statistical values (m/s)

Dataset ~ Resolution
Mean  Std Max Med Min

Site#1 30 min 5.39 289 2180 49 0
Site #2 15 min 469 345 23.30 4.0 0

Site #1

o 0.1 oz o 0.4 o5 0.6 o7 0.8 o8 1
Time (30 min)
Site #2

o 0.1 oz 0.3 0.4 0.5 o 0.8 o8 1

0.6
Time (15 min)

Figure 6. A small window of original time series of wind
speed from the two test sites

Site #1

S -3

Wind Speed (m/s)
N

-]

0.1 0.z 0.3 0.4 0.5 0.6 o7 0.8 0.9 1
Time (30 min})
Site #2

=}

N
-]

Wind Speed (mis)

e o o o
T

0.1 0z 0.3 0.4 05 0.6 0.7 o8 o.a 1
Time (15 min}

o

Figure 7. A small window of wind speed time series from
the two test sites after normalization

MAPE = L, "53] « 100 (35)
2 _ 4 _ varyi-99)
RE=1 var(yy) 6)

where ¥; and y; represent the forecasted and actual wind
speed values, respectively, var(y;) denotes the variance
of the measured values, and N is the total number of time
series.

3. 3. Forecasting Experiments The original wind
speed data from the two test sites, as outlined in the
previous section, are employed to validate and showcase
the effectiveness of the proposed approach. To achieve
this, two distinct sets of hybrid models are developed to
accurately forecast short-term wind speed for each
location.

3. 4. Results of the Different Models and
Discussion This study uses two approaches to
forecast wind speed by joining the advantages of the
decomposition method (ICEEMDAN), Deep Learning
Neural Networks (LSTM, BiLSTM, GRU, BiGRU) and
combination technique (Classification). The first
approach uses only Deep Learning Neural Networks as
individual models, applied to original wind speed time
series and the classification combination to aggregate the
different outcomes issued from the DNNs. The second
approach incorporates the ICEEMDAN decomposition
method to decompose the original wind speed signals and
then employs the Sample Entropy (SE) method to select
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the best IMFs. The best models are obtained through fine-
tuning and cross-validation, with the final prediction
derived by aggregating the results from all the deep
neural network (DNN) models. The statistical
performances of the two approaches for both locations
are listed in Table 3, where the best results are marked in
bold.

3. 4. 1. Results Obtained with First Approach
This study evaluates the performance of individual
models (LSTM, BIiLSTM, GRU, BiGRU) and their
combination through classification. The results as shown
in Table 3. The BiGRU models stand out due to their
lightweight and efficient architecture, offering better
accuracy and reduced complexity, surpassing the
BIiLSTM models. While BILSTM effectively captures
complex long-term relationships, BiGRU proves more
suitable for sequential predictions thanks to its faster
learning capability. Figures 8 and 9 illustrate the
predictions of both individual and combined models,
demonstrating that the fusion significantly enhances
accuracy and reduces errors, thereby confirming the
superiority of combined approaches.

3. 4. 2. Results Obtained with Second Approach
In this approach, a new processing phase based on the
ICEEMDAN technique is inserted to enhance the
accuracy of wind speed forecasts. This time-space
analysis method decomposes non-stationary and non-
linear time series into Intrinsic Mode Functions (IMFs)
while optimizing the stability and accuracy of the
decomposition. The addition of adaptive noise mitigates
the effects of over-decomposition and improves the

TABLE 3. Details of the model performance evaluation metrics
without decomposition for the two test sites. The best results
are in bold

Without Decomposition

Test

sites/ Individual Deep Learning Model Combination
Methods | STM  BIiLST GRU BiGRU Class
-NN M-NN -NN -NN

Site# 1

RMSE 145 0.39 1.40 0.43 0.30
MAPE 2177 5.93 20.98 6.92 4.29
MABE 0.05 0.11 0.09 0.27 0.21
R2 0.69 0.97 0.71 0.98 0.98
Site# 2

RMSE 1.50 0.83 1.48 0.64 0.53
MAPE 26.25 14.69 26.05 12.08 8.72
MABE 0.009 0.12 0.031  0.175 0.36
R? 0.71 0.91 0.71 0.95 0.96

Site #1

Real Data
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— — —LSTM
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Figure 8. Measured and forecasted non-decomposed wind
speed series of Site #1 using deep learning models with
combination

®

S
=—

—E—

Wind Speed (m/s)
@ =]

e —————— I

1

X -
| e

0

Site #2

= Real Data

12} |[——ClaAss

— — —LsTM
BILSTM

wor RGU

— — —BiGRU

Mt

0 50 100 150 200 250 300 350 400 450 500
Step Time (15 min)
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reliability of the extracted components, providing a better
representation of complex signals, particularly natural
signals. The components extracted from the two test sites
are illustrated in Figures 10 and 11.

The optimal Intrinsic Mode Functions (IMFs) are
selected using the Sample Entropy (SA) method, as
presented in Table 4. Following selection, the signal is

gludglud gl g glnl g1

an F wn 0 o ™

Time(30 min)

Figure 10. The waveforms of ICEEMDAN components of
wind speed time series of Site# 1
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Figure 11. The waveforms of ICEEMDAN components of
wind speed time series of Site# 2

reconstructed and subjected to predictions by individual
predictors. To further improve the performance of the
individual Deep Neural Network (DNN) models, an
additive  block incorporating a "Classification"
combination strategy is introduced, which aggregates the
outcomes of the different predictors.

The performances of the hybrid models, including
ICEEMDAN-LSTM, ICEEMDAN-BILSTM,
ICEEMDAN-GRU, and ICEEMDAN-BIGRU, as well as
their combination using the "Class" strategy, are
illustrated in Figures 12 and 13 for both test sites. The
statistical results presented in Table 5 show that the
combined hybrid model (ICEEMDAN-DNN-Class)
outperforms the individual models across all error
metrics.

TABLE 4. SE of different IMFs for the two sites

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 IMF9 IMF10 IMF11

Site 1 1.63 1.73 0.95 0.61 0.25 0.11 0.05 0.02 0.01 0.007 0.001

Site 2 1.50 1.64 1.07 0.53 0.24 0.11 0.04 0.01 0.009 0.004 0.001
Site #1

Real Data |
CLASS |
— — —LsTM

BILSTM

]
— — —RoU ,S
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]
i

Wind Speed (m/s)
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Figure 12. Measured and forecasted decomposed wind
speed series of Site #1 using deep learning models with
class-based aggregation
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Figure 13. Measured and forecasted decomposed wind
speed series of Site #2 using deep learning models with
class-based aggregation

The results depicted in Figures 14 and 15, illustrated
through histograms of the RMSE metric for test sites #1
and #2, clearly indicate that the "Class" combination
method is the most effective strategy for reducing
prediction errors. For site #1, this method achieves an
RMSE of 0.30 without decomposition, which is further
reduced to 0.21 when paired with the ICEEMAN
decomposition method. Similarly, for site #2, the RMSE
decreases from 0.53 without decomposition to 0.41 with
ICEEMAN. These results show the significant impact of
incorporating decomposition techniques, particularly

TABLE 5. Details of model performance evaluation metrics
with decomposition for the two test sites (best results in bold)

Decomposition With ICEEMDAN

Sites/ Individual Deep Learning Model Combination
Methods LSTM BIiLST GRU BIiGRU Class
-NN M-NN -NN -NN

Site# 1

RMSE 1.44 0.33 1.39 0.32 0.21
MAPE 21.92 5.00 20.97 5.00 3.08
MABE 0.08 0.08 0.08 0.08 0.15
R? 0.69 0.98 0.71 0.98 0.99
Site# 2

RMSE 147 0.74 148 0.54 0.41
MAPE 25.67 13.22 25.63 10.22 6.83
MABE 0.019 0.026 0.027 0.246 0.289
R? 0.712 0.927 0.718 0.968 0.979
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Figure 14. Histogram of RMSE errors for different
approaches at Site #1
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Figure 15. Histogram of RMSE errors for different
approaches at Site #2

ICEEMAN, in enhancing predictive performance.
Bidirectional models such as BiGRU and BIiLSTM
achieve lower RMSE values compared to unidirectional
models, but they are still outperformed by the "Class"
method, especially when combined with ICEEMAN.
These findings highlight the ability of combined
approaches, strengthened by advanced decomposition
techniques, to significantly improve the accuracy and
stability of forecasts, confirming their effectiveness for
reliable wind speed prediction across the two test sites.

3. 4. 3. Comparison with Existing Methods in the
Literature The proposed approach is evaluated in
comparison with several state-of-the-art methods from
the literature to demonstrate its effectiveness and
superiority. Table 6 below provides a comprehensive
comparison of the proposed method with some existing
techniques, highlighting key performance metrics such as
RMSE, MAE, MSE and MAPE. The comparison
encompasses only advanced deep learning models.

TABLE 6. Comparison with Some Existing Methods in the
Literature

Forecasting

Ref. Resolution Model
performance
SSA- -
38) 15-min CNNGRU- MMA:E_‘f 327 '
SVR e
. . MAE=0.1456 MAPE
(39) 10-min SD-BiGRU 4.78 RMSE 0.1871
. MAE 0.3 RMSE 0.43
(40) 10-min NESN-MP MSE 0.19
(41) 1-h SDAE-ELM  RMSE 0.21 MAE 0.28
(42) 1-h WSTDGRU RMSE 0.3757
. . RMSE 0.21 MAPE
Site 1: 30min
our ICEEMDAN- 308 MABEO.15
approch SA-DL-Class
Site 2: 15min RMSE 0.41 MAPE

6.83 MABE 0.289

The table compares the forecasting performance of
various models across different time resolutions. For
instance, SSA-CNNGRU-SVR achieves a MAPE of 0.97
and MAE of 1.72 at a 15-minute resolution, while SD-
BiGRU demonstrates strong performance with
MAE=0.1456 and RMSE=0.1871 at a 10-minute
resolution. The proposed ICEEMDAN-SA-DL-Class
approach shows competitive results, with RMSE=0.21,
MAPE=3.08, and MABE=0.15 for Site 1 (30-minute
resolution) and RMSE=0.41, MAPE=6.83, and
MABE=0.289 for Site 2 (15-minute resolution). These
results highlight the effectiveness of the proposed
method in achieving high forecasting accuracy across
different time scales.

4. CONCLUSION

Accurate wind speed forecasting (WSF) is essential for
optimizing wind energy integration, ensuring grid
stability, and enhancing the efficiency of renewable
energy systems. This paper proposed a novel three-stage
framework for WSF, comprising decomposition, model
selection, and forecasting. The decomposition stage
leverages advanced techniques to extract meaningful
temporal features from the wind speed data using
ICEEMDAN decomposition technique, while the
features selection phase identifies the most suitable IMFs
via Sample Entropy. The forecasting stage employs a
fusion of multiple deep learning models to capture
complex patterns and temporal dependencies.

The proposed classification-based fusion approach,
combined with decomposition, has demonstrated
superior predictive accuracy compared to individual
models. Experimental results reveal significant
improvements in error reduction and forecast stability,
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highlighting the robustness and adaptability of the
framework. By effectively exploiting the strengths of
decomposition, selection, and hybrid forecasting, this
method provides a more precise, stable, and reliable
solution for wind speed prediction, thereby contributing
to the advancement of sustainable wind energy
management. Future developments will involve applying
more advanced decomposition and fusion techniques to a
broader range of time horizons and diverse wind profiles.
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