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ABSTRACT Predicting wind energy production accurately is crucial for enhancing grid management and
dispatching capacity. However, the inherent unpredictability of wind speed poses significant challenges to
achieving high prediction accuracy.To address this challenge, this study introduces a novel pre-processing
framework that leverages thirteen nature-inspired optimization algorithms to extract and combine Intrinsic
Mode Functions (IMFs) of atmospheric and wind speed variables. The objective function ensures that the
selected IMF combinations exhibit high correlation, enhancing their predictive relevance.The outputs of these
algorithms are further refined using the proposed Optimal Search IMF (OAIMF) algorithm, which reduces
redundancy and selects a minimal yet highly relevant set of IMF combinations for wind speed prediction.The
methodology was validated through a case study conducted at the Climate, Energy, and Water Research
Institute (CEWRI), NARC, Islamabad, Pakistan, leveraging real-world atmospheric data.Experimental results
demonstrate that the proposed framework significantly outperforms direct prediction methods and state-of-
the-art pre-processing techniques. For instance, the framework achieved an RMSE of 2.73 on an LSTM
network and 3.86 on a GRU network, compared to RMSE values of 19.78 and 18.89, respectively, for
direct prediction. Superior performance was also observed across MAE, MAPE, and R? metrics.This study
highlights the critical role of robust pre-processing in enhancing deep learning-based wind speed prediction.
By integrating nature-inspired optimization with a novel IMF selection strategy, the proposed approach
advances the state-of-the-art in renewable energy forecasting.

INDEX TERMS Wind speed, wind power prediction, renewable energy resource, deep learning, artificial
intelligence, empirical mode decomposition, gated recurrent units, long short-term memory, nature-inspired

algorithms.
NOMENCLATURE MAE Mean Absolute Error.
RECNN Residual CNNEs. MAPE Mean Absolute Percentage Error.
SVM Support Vector machine. MSE Mean Squared Error.
WPD Wavelet packet decomposition. MPE Main Percentage Error.
OAIMF  Optimal Search IMF algorithm. MRE Mean Relative Error.
AGRU Attentive mechanism GRU. NRMSE  Normalized Root Mean Square Error.
CLSTM  Convolution long short term memory. NMAE  Normalized Mean Absolute Error.
GRNN Generalized regression neural network. MLP Multi-layer perception.
MBE Mean Bias Error. IMF Intrinsic Mode Function.
Ni(t) Lower envelope of signal.
The associate editor coordinating the review of this manuscript and Ny() Upper envelope of signal.
approving it for publication was Thomas Canhao Xu . VL(9;) Gradient of loss function.
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M Momentum.

0; Training parameter i.

DF Dragon Fly Algorithm.

GA Genetic Algorithm.

BSO Bird Swarm Optimization.

WOA Whale Optimization Algorithm.
coor Coot Algorithm.

JSO Jump Spider Optimization.
COKOO — III  Cokoo-III Algorithm.

MAO Mexican Axolotl Optimization Algorithm.
PSO Particle of Swarm Optimization.
Firefly Firefly Algorithm.

Harmony Harmony Algorithm.

ABC Artificial Bee Colony Algorithm.
COKOO —1I  Cokoo-II Algorithm.

I. INTRODUCTION

Renewable energy sources (RESs) have gained importance
compared with conventional non—renewable energy sources
due to numerous factors [1]. It is important for developing
countries to increase the utilization of RESs in different energy
sectors to achieve sustainable growth [2]. Amongst these
RESs, wind energy is an important source due to its free
availability and abundance in quantity [3]. It further reduces
the pollutant emissions involved while producing electricity
as well as a reduction in the operational costs of conventional
plants [4]. The wind speed pattern is highly irregular and
unpredictable [5]. Therefore, wind power integration into
power grids will affect its stability and reliability [6]. Due
to the large-scale integration of wind power and its variations,
power system operation is disturbed as extra reserves are
needed to balance net power [7]. This further increases
the operating costs as changes occur in wind power plants
output [8]. The irregular nature of wind turbine generators can
produce voltage dips, frequency variations, and absorption
of reactive power in a power system [9]. Therefore, precise
prediction of wind speed is important in the regulation of a
power system and addressing all challenges [10]. Wind power
is influenced by two important parameters wind speed and its
direction [11], [12]. The initiation of wind speed prediction
is urgent and crucial for the efficient control of power in
wind farms [13]. There are three steps involved in wind speed
forecasting; wind speed prediction, wind data processing and
performance criteria.

In [14], CNN and GRU are combined for estimating
features and dependencies in wind series data. A deep belief
network (DBN) is used for the prediction of wind speed [15].
In [16], a residual-based CNN is proposed that shows good
performance. The short-term model is proposed that reduces
the training time [17]. A stacked denoising auto-encoder
(SDAE) based LSTM network is proposed with suitable
feature selection to obtain the desired results [18]. Adaptive
LSTM is applied to co-relate factors involved in the prediction
of wind data [19]. An empirical mode decomposition (EMD)

VOLUME 12, 2024

is used for the decomposition of wind data, and then the LSTM
model is used for its forecasting [20]. LSTM-E (encoder-
decoder) is used to predict wind speed time series data [21].
In [22] attention mechanism (A-GRU) is used for the feature
extraction. Selecting the most valuable factors in wind power
production, the residual convolution network (RE-CNN) is
proposed by comparing lower level features with high level
features to get the spatial information [23].

In literature, wind speed forecasting models can be
categorized as physical models, statistical models, artificial
intelligence (AI), and hybrid models [24]. The physical model
depends on the climate and geographical data in order to
forecast wind speed with long-term or short-term accuracy.
The pre-processing of wind speed data is helpful in improving
its accuracy [25]. In statistical models, time series data and real-
time data correspond to each other to predict future behavior,
making it challenging in terms of accuracy [26]. Al-based
methods use algorithms to capture nonlinear attributes in wind
speed data and achieve forecasting by training this data [27].
The deep learning method is applied for the prediction of wind
speed using long short-term memory (LSTM) and convolution
neural network (CNN) models, but it includes drawbacks of
overfitting and degrading performance [28]. Recently, a lot
of attention has been focused on Hybrid models due to their
numerous advantages. In these models, pre-processing and
optimized algorithms are used for filtering the raw wind
speed data and improving prediction accuracy by further
implementing deep neural networks [29].

A decomposition method is proposed to remove inflated
noise from data using Generalized Regression Neural Network
(GRNN) and Extreme Learning Machine (ELM) models [30].
A hybrid model with different deep learning networks,
including CNN, LSTM, and CNN-LSTM, are compared, but
results were strictly site-specific [31]. Another hybrid model
with decomposition, forecasting and optimization modules is
proposed. The data was pre-processed with wavelets transform
accompanied by GRU (Gated recurrent unit) for perdition, and
finally, SNN (Skipping Neural Network) is applied in reducing
error [32]. A non-iterative decay method based on VMD and
Convolution LSTM is used for predicting and LSTM method
for error reducing [33]. These deep learning methods merge
with different algorithms for data decomposition, and the
feature option has shown better accuracy in the prediction
of wind speed. However, more tunning parameters and
processing time are needed, and optimization of parameters
is required to achieve optimal performance. Nature-inspired
algorithms can provide optimized solutions and are extensively
used in different areas of renewable energy systems. These
algorithms adopt nature’s intelligence and behavior and
resolve problems in several technical issues [34]. These
algorithms include Genetic Algorithm (GA) [35], Particle
Swarm Optimization (PSO) [36], Artificial Bee Colony (ABC)
[37], Firefly (FA) [38] and grey wolf optimizer (GWO) [39].

The role of these algorithms is to discover the optimized
performance parameters of predicted models [40]. A wind
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forecasting structure is developed based on wind data pattern
association with climate data improving the accuracy in
predicting electric output power [41]. A PSO method is used
to predict wind power utilizing ANN [42]. These nature-
inspired individual algorithms indicate good performance in
simple problems, whereas hybrid algorithms accomplish better
results in addressing complex issues. However, difficulty in
tuning of multi-parameters and computational complexity
are disadvantages in the implementation stage. Therefore for
wind power forecasting, the most suitable selection of meta-
heuristic algorithm is essential.

Standard Empirical mode decomposition (EMD) [43] splits
the signal into Intrinsic Mode Functions (IMFs) and a residual
trend using an iterative sifting process, but it is subject to
mode mixing and is highly sensitive to noise. Ensemble
EMD (EEMD) [44] improves upon this by adding white
noise, therefore, smartly reducing mode mixing through
averaging over several decompositions and extracting IMFs.
Complete Ensemble EMD with Adaptive Noise (CEEMDAN)
[45] refines EEMD further by using adaptive noise for
reducing mode mixing as well as preserving the characteristics
of signals. Multivariate EMD (MEMD) [46] processes
several associated signals at the same time while Bivariate
EMD (BEMD) [47] deals with two interrelated signals
together. EMD with data preprocessing applies techniques
such as detrending before EMD so as to increase precision.
Hilbert-Huang transform (HHT) combines EMD with Hilbert
Transform in order to conduct an elaborate analysis of time-
frequency domain. Nonlinear EMD [48] variants alter standard
methods for effectively handling certain types of signals or
improving performance in particular situations.

A. MOTIVATION AND RESEARCH CHALLENGES
The following motivation and key scientific challenges
linked with the prediction of wind speed requires further
investigation;

1) Energy Crisis: Fossil fuel are unfriendly to the
environment and responsible for climate changes in the
world. There is a mismatch between demand and supply
and problem of power shortages can be addressed by
utilizing renewable energy resources to generate electric
power [49].

2) Renewable Energy Resources: Wind energy is con-
sidered as a clean and environmental friendly energy
resource. However, wind speed prediction models need
accurate climate data including parameters i.e., wind
speed, humidity, and wind direction [50]. Due to wind
speed irregular nature, interfacing with grid may create
certain challenges and issues. Therefore, accuracy in
wind speed prediction is an important factor in solving
these issues [51].

3) Exploration of Deep Learning Methods: The wind
power output from generator can be shown in Eqn. 1.

13

P = —pAv

5 ey
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where p represents air density (kg/m>), A is the extent
area of wind turbine (m?) and v shows wind speed in m/s.
The relationship between wind power and wind velocity
is almost 3 times. An error in wind speed forecasting can
influence the wind power production significantly [52].
Deep learning algorithms are accurate in hybrid models
but need additional parameters for training at the cost
of processing time. To overcome this issue, different
types of optimization algorithms interfaced with deep
learning methods are to be tested and needs further
exploration [53].
Nowadays, the Al and deep learning (DL) approaches have
gained popularity in predicting wind speed [31]. The results of
these studies dependent on several factors including variation
in prediction window, different metrics and types of data
used [54]. The future trends in wind speed forecasting will be
architecture of input system, wind speed features, and effective
utilization of metrics in improving accuracy.

Climate time series database
of temperature, humidity,
pan evaporation and wind

Time Series
Datab
Optimal search
algorithm for the
nature-hinted
IMF combinations

Prediction
Performance
Evaluation
RMSE

Nature-inspired
« algorithms for optimal
e set of IMF
combinatons

FIGURE 1. Optimization flow diagram of the proposed strategy for wind
speed forecasting.

B. NOVEL CONTRIBUTIONS

Weather prediction is a complex endeavor, requiring knowl-
edge and prediction of different atmospheric conditions. Wind
speed is a critical element in predicting weather as it can affect
wind power generation. Nonetheless, accurately predicting
wind speeds, particularly during highly fluctuating conditions,
is a challenge. In order to address the previously stated
challenges, the following contributions have been claimed:

o To address the challenges, the proposed work utilized
algorithms inspired by natural processes (Fig. 1 step 2).
Thirteen such algorithms have been evaluated for wind
speed prediction. The aim of these algorithms is to
discover the relationship between distinctive weather
variables and produced wind speed. This is achieved
by inspecting the correlation between combinations of
Intrinsic Mode Functions (IMFs) of these variables.
IMFs refer to the basic constitutive elements resulting
from empirical mode decomposition (EMD) of time
series data which are especially suitable for studying
intricate and nonlinear systems such as the atmosphere.
The proposed work aims to imitate the adaptability and
efficiency of natural systems by using algorithms inspired
by nature when dealing with complex interactions present
in atmospheric data. These algorithms may be based on
various natural phenomena like bird swarming, foraging
by ants, or processes of optimization seen in biological
evolution. The proposed technique aims to make wind
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TABLE 1. Literature Review-state of the art.

Reference Time interval Model Input parameters Performance metric
MAE 241,
Liu et al. [14] 15 min CNNGRU Wind speed
MAPE 0.97
Wind speed
Wang et al. [15] 10 min DBN MAPE 1.1739
Direction
Wind speed,
MAE 0.0376,
Yildiz et.al [16] 1 hour RB-CNN wind direction
SMAPE 0.253
wind power
Z hang et al [17] 15 min SW-LSTM Wind speed RMSE 0.174
Wind speed, temperature, RMSE 0.3880,
Liu et al [18] 10 min SDAE-LSTM
wind direction, and air pressure. MAE 0.3066
Wind speed, wind direction ,
Xu et al [19] 10 min Adaptive LSTM MAPE 2.7
temperature, wind generator data
RMSE 0.83,
Huang et al [20] 1 hour EEMD-LSTM Wind speed
MAE 0.71
wind speed,
Lu et al [21] 15 min E-DLSTM temperature, air pressure, RMSE 2.6
air density, wind direction
wind power,
MAPE 4.25,
Niu et al [22] 1 hour A-GRU wind speed temperature,
MAPE 14.94
air pressure and air density
wind speed,
RMSE 1.342,
Shivam et al [23] 10 min Res-CNN wind direction
MAPE 0.272
and wind power
speed forecasts more accurate and reliable by blending o An optimal search algorithm (Fig. 1 step 3) has been
such algorithms with sophisticated modeling techniques proposed to further refine the output of nature-hinted IMF
and large data sets. combinations for wind speed predictions. This algorithm
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ensures the most suitable and minimum number of IMF
combinations sets for restoration of predictable wind
speed data.

o Deep learning approaches (Fig. 1 step 4) like the LSTM
and GRU networks have been employed for training
and testing on IMF combinations outcomes of above
mentioned optimal search algorithm.

« An atmospheric dataset (Fig. 1 step 1) collected from the
Climate, Energy, and Water Research Institute (CEWRI),
NARGC, Islamabad has been analyzed for wind speed
prediction.

« Subsequently, the experimental analysis (Fig. 1 step 5)
indicates a higher predictive performance advantage as
compared to a direct method over atmospheric and wind
speed data recorded.

The proposed method outperformed conventional on various
metrics for both LSTM and GRU networks. For LSTM,
it achieved RMSE, MAE, MAPE, R? values of 3.72, 1.22,
1.53x1073, and 0.8, respectively. For GRU, it achieved
RMSE, MAE, MAPE, R? values of 3.85, 1.22, 0.07, and
0.98, respectively. The three-wavelet approach yielded RMSE,
MAE, MAPE, R? values of 12.7, 9.03, 0.03, and 0.79,
respectively, for LSTM, and RMSE, MAE, MAPE, R? values
of 12.56, 9.23, 0.51, and 0.79, respectively, for GRU. The
direct approach had lower performance, with RMSE, MAE,
MAPE, R? 19.78, 14.38, 0.06, and 0.50 for LSTM, and 18.89,
13.67, 0.68, and 0.52 for GRU.

This paper has been divided into different sections. Every
section offers the particulars of the corresponding part of
the proposed method. Section I describes the introduction,
literature review, contributions, motivation, and research
challenges. The overview of the proposed prediction approach
is presented in section II. Details of nature-inspired algorithms
and their objective function are also provided in this section.
Section III gives the details of experimental analysis including
data acquisition, empirical mode decomposition, performance
measures, and experimental results discussion. The proposed
work is concluded in section I'V.

Il. PREDICTION FRAMEWORK

A. OVERVIEW

The proposed forecasting method is based on extracting
the best time series signals from the recorded atmospheric
variables. The proposed analysis of input weather features
and wind speed begin with essential phase of time series
data decomposition. Empirical mode decomposition (EMD)
is one of the practical approach for data decomposition.
To simplify the investigation, the EMD is employed (Fig. 2
step 1) which converts input weather variables f1, f>, f3, . . ., fu
data into their corresponding intrinsic mode functions and
residuals. Consequently, each weather feature f including
wind speed data yields IMFs ey, e, e3, ..., e,. In order to
explore the expressive time series data, the approach explores
each possible combination of the given eq, ez, e3,..., e,
components for each weather feature. All the possible
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additions (Fig. 2 step 2) for given IMFs belonging to each
feature are computed without repetition.

All the IMF combinations for each feature are gathered
to find the correlation between input weather variables and
wind speed data. To minimize the objective function, thirteen
nature-inspired algorithms (Fig. 2 step 3) are evaluated for the
given combinations belonging to each feature. This objective
function ensures the selection of inputs that have maximum
similarity with IMF combinations of wind speed data. A is
varied from 1.5, 2, 3, ..., 15 for each algorithm evaluation. The
outcome of each evaluation is an index row of six elements.
Each index belongs to a specific IMF combination of a
given input feature. The outcome is a 15 x6 row matrix
for each. As there are thirteen algorithms, the outcome is
a 196 x 6 matrix. Each row of this matrix has an overall
correlation, entropy, and number of combined IMFs of wind
speed associated with it. Algorithm 01 (Fig. 2 step 4) ensures
the selection of appropriate output and input signals from
it. These signals are fed into deep learning (Fig. 2 step 5)
algorithms for prediction. Where hyper-parameters of each
deep learning algorithm are optimized using Particle Swarm
Optimization. After combining each signal, the final step
evaluates (Fig. 2 step 6) the prediction performance using
RMSE, MAE, MAPE, and R2 measures.

B. NATURE-INSPIRED ALGORITHMS

In recent years, to mitigate environmental challenges and meet
electricity demands, the grid increasingly requires renewable
sources like wind to produce electricity. In case of wind
energy, electricity generation is considered as of high potential
due to its sustainable use as well as expandable capacity.
Nonetheless, the way in which wind energy is utilized will
depend largely on how well we understand the intricate
interaction existing between atmospheric input parameters
and wind speed produced.

The thirteen optimization algorithms are selected due
to their ability to balance exploration and exploitation,
robustness, versatility, adaptability, convergence time, adap-
tive mechanisms, implementation simplicity, and handling
complex problems compared to other algorithms. These
are all well-established swarm-based algorithms, with good
performance in the literature

Each of these algorithms holds different strengths, and using
them collectively provides quite a powerful search. DF, WOA,
PSO, and Firefly algorithms provide a good balance between
exploration and exploitation, which helps avoid local optima
and improves the likelihood of finding the global optimum.
GA, ABC, and CUCKOO algorithms are robust for different
types of optimization problems (both continuous and discrete).
It is their versatility that enables them to adjust to distinct
problem features and limitations. Coot, MAO, and JSO are
more adaptable to dynamic environments, where challenges
evolve with time. JSO, PSO, and Firefly algorithms have fast
convergence compared to other techniques. BSO, MAO, and
Harmony algorithms maintain diversity among populations,
avoid premature convergence, and through exploration. GA,
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Algorithm 1 Combinations (n choose k)
Require: Positive integers 1 and k, with k < n
Ensure: List of all combinations of size k from a set of n clements
1: Initialize an empty list C to store combinations

2: Define a recursive function combinations(i,c)

3 if k == 0 then

4 Append c to list €' endif

5. for j=itondo

6: Append element j to combination ¢

7: Call combinations(j +1,¢)

8: Remove the last element from ¢ (backtrack)

9: end for

10: Call combinations(1,) (start with first element and empty combination)
11: return List C'
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FIGURE 2. Block diagram of the step-by-step implementation of the proposed prediction technique.

PSO, and ABC algorithms are simple to implement and
flexible, which makes them practical for various problems.
DFA, WOA, Firfly, and Cuckoo algorithms are more suitable
for handling complex and high dimensions problems. Coot,
Harmony, and MAO algorithms can change their search
strategies according to the characteristics of problems or the
performance of the algorithm.

The connection between input and output prediction
variables is important in raising the reliability of wind speed
prediction. A high correlation between input versus output data
implies any changes in input will influence observable outputs
in a predictable manner making predictive ability better.

The same idea about a correlation can be extended to
Intrinsic Mode Functions (IMFs) and their combination of
atmosphere variables. Fig. 3 shows the atmospheric data
versus day index (daily atmospheric data for the five-year
horizon, i-e., 2016-2020). While the Fig. 5 shows selected
IMFs of climate variables. These IMFs represent the inherent
oscillatory modes within the atmospheric input data, offering
a nuanced understanding of its dynamic nature. The study
uses dot product analysis to determine the effect of different
IMF combinations of input data on wind speed. The dot
product is utilized as a measure to determine the relationship
between IMF combinations of atmospheric input data and
target wind speed data. Element-wise multiplication followed
by the addition of the two vectors determines the similarity
between them. The higher value of the scaler product identifies
more similarity between two vectors. The R ratio is obtained
from the scalar product divided by the modulus (magnitude)
of the two vectors providing important information on how
much stronger or weaker these atmospheric input quantities are
related to wind speed data hence guiding predictive modeling
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as well as a decision-making process.

W
IClIW]

Eqn. 2 utilizes two variables C and W in optimization of the
correlation between weather and wind speed. Here C denotes
IMFs combinations of weather factors whereas W denotes
IMFs combinations. The correlation measure ranges from
—1 to +1, signifying relationship strength between the two
variables. A score approaching 41 implies a strong positive
correlation while one close to —1 indicates negativity. On the
other side, values close to zero or precisely zero imply a lack
of connection between them. The main idea of this analysis is
to determine the optimal IMFs combinations C and W, thereby
maximizing the correlation between weather conditions and
wind speed, crucial for enhancing efficiency and performance
in renewable energy systems.

Algorithm 1 initializes with matrix, M’ where each row
represents indices of combinations of input and wind features
for a lambda value using a specific optimization algorithm.
Each row has a corresponding Entropy, E and objective criteria
value £. Algorithm 1 starts (line 3) by separating the indices
of wind data from the given matrix, M" which is performed by
collecting all the rows with a fixed column no. 6. The next step
(line 4) involves retrieving the set of numbers that contains the
constituent IMF numbers for each index of wind data. Each set
length is different. The maximum length is chosen in the next
step (line 5). There are multiple indices as there are more than
one maximum length exists in the input vector. These indices
are further narrowed down by looking for a minimum value
of the objective for the above indices. Line 6 provides these
indices where objective values are minimum. Lastly, resultant

@
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FIGURE 3. Graphs of data acquisition through different atmospheric sensors for duration of 2016 to 2020 are presented in (a) Maximum
Temperature (b) Minimum Temperature (c) Pan Evaporation (d) Relative Humidity Recording 1 (e) Relative Humidity Recording 2 (f) Average

Humidity Reading (g) Wind Speed.

TABLE 2. Metrics used in algorithm 1.

Variables Metrics Comments

M’ Matrix Selected indices of each weather feature by
Nature-inspired algorithms

N Vector Number of row of M’

w; Vector Indices of Wind speed

P’ Matrix Constituent IMFs sets related to w;

ez’ Vector Indices of maximum length sets p

e’ Vector Indices of minimum objective function of
IMF combinations pointed by e’

l Index Index of maximum entropy of IMF combi-
nation pointed by ¢}’

f IMFs set  IMFs set pointed out by 1

s f IMFs set  set of complete IMFs related to wind speed

s IMFs set  set difference of sy and s

s IMFs set ~ Union between s and f

w'’ Indices Indices of all IMF combination other than f

vector

o index Entropy

E value Entropy

13 value Objective value

indices (line 7) are fed to the entropy tensor to provide a single
index [.
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By indexing [ into p, an IMF numbers set is retrieved into set
f. This set is subtracted (line 9) from s in order to find out the
IMF number other than /. The resultant set (line 11) is given to
invconstituants to find the combination waveform w’. Line 10
takes union with set f and s to add the number of set f into set
s. Line 12 calls the function step 2, which returns the new M’,
E and &. After the first iteration, set s will become populated.
Therefore, in the second iteration else section of the algorithm
executes. However, this time the algorithm only picks the index
of minimum objective function value. Line 15 to 17 find the
appropriate set f like in if part of the code. Line 18 performs
the union 57 and f. Unlike if section, the line 19 identifies the
subtraction of s from s¢. If the result in s is non-empty, lines
21 and 22 will execute, otherwise, they skipped. While loop
will run until s is not equal to sy.

EMD algorithm decomposes the data regarding climate
conditions of minimum and maximum temperature, pan
evaporation, relative humidity 1, relative humidity 2, average
relative humidity, and wind speed into 7, 8, 10, 9, 9, 9, and

10 individual components. The proposed approach should
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Algorithm 1 Optimal Search Algorithm (OAIMF) for the
Nature-Hinted IMF Combinations of Wind Speed

Input: Matrix M’, vectors E, &, sets s, sy and initialize s=7
Output: o=invconstiuants(f)
1: while s # 57 do
2 if s=? then
3 Wi=12,...N < M/,
4: Pi'=1.,...N,j < constituants(wi=12,.. N)
5: =12, N < argmaxy;(length(py=1.2,..N ;)
6
7
8
9

cim=12,.. N < argminy (§(e}))
l < argmaXVl-///(E(Ci///))

f < pij

: s s —f
10: s<—sUf
11: w <« invconstituants(s’)
12: M’ E, & < functionsetp2(w')
13:  else
14: ind <— argminy;m(&yn)
15: Wy=12,...N < M:/,7
16: Di=12,..,.N,j < constituants(Wy=12,...N)
17: S < Dind
18: s<—sUf
19: s s —s
20: if s’ # ? then
21: w' <« invconstituants(s")
22: M', E, & <« functionsetp2(w’)
23: end if
24:  end if

25: end while

explore all the possible combinations of these components.
Therefore, there are 119, 246, 1012, 501, 501, 1012, and
1012 numbers for combination for each climatic condition.
In total, the proposed approach has to pick optimal sets from
119 x 246 x 1012 x 501 x 501 x 501 x 1012~ 3.77 x 10'3
number of possibilities. This selection is performed through a
naturally inspired algorithm and proposed search algorithm 1.

The primary selection of IMF combinations is performed by
naturally inspired optimization algorithms. These algorithms
explore IMF combinations with the optimal value of the
objective function. These multiple approaches range A from
1.5 to 15, resulting in multiple choices of IMF combinations
for each climate feature. Therefore, there is a requirement to
find the most appropriate IMF combinations for the feature
of wind speed, because, the sum of these IMF combinations
should reconstruct the original wind speed data. Algorithm 1
selects two combinations of IMFs related to wind speed data.
It ensures the minimization of the number of combinations.
Each wind-related IMF combination will require a separate
training mechanism for prediction.

Minimizing these numbers of wind speed-related IMF
combinations will directly reduce the computational require-
ments. However, that is only one requirement, the second is to
have weather-related IMF combinations that have maximum
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similarity with these two selected IMF combinations related
to wind speed data.

Table 3 identifies these choices where the first selection
corresponds to wind speed combination index 1002. This
combination index relates to the combination of IMF numbers
from 3 to 10. The corresponding objective function value,
& is 7.26. The correlation coefficient, R of minimum and
maximum temperature, pan evaporation, relative humidity 1,
and relative average humidity is around 0.8, which shows
the high similarity between these variables and wind speed
data. While the relative humidity 2 data exhibits a correlation
value below 0.8. Table 3 also shows corresponding constituent
IMF sets for each case. Subsequently, algorithm 1 is left
with only the choice to pick the combination index 1. The
signal of this index has the constituent IMF set of {1, 2}. The
given method outcomes in weather-related IMF combinations
with small similarities or even with opposite polarity. The
corresponding objective function value for this selection
is 97.18, which is way higher compared to the first IMF
combination index of 1002. Figs. 6 and 7 are illustrating
the selected combinations and their constituent IMFs set
corresponding to each atmospheric variable for wind speed
related 1 and 2001 index, respectively.

FIGURE 4. Representation of a relationship between regularization factor
)\ and objective function value  in (a) and £Cin (b) of thirteen
nature-inspired algorithms and their mean value.

C. FORMULATION OF OPTIMIZATION FUNCTION
Nature-inspired algorithms can mimic the principles and
behaviors seen in nature to address difficult optimization or
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FIGURE 9. Results graphs of the proposed and comparative techniques.

differences between predicted values and true values for each
point and then averaging them. One of the key advantages of
MAE is its interpretability. The mean absolute error (MAE) in
contrast to other error metrics is not squared, meaning that it
preserves the original scale of a dataset which makes it more
intuitive to interpret prediction errors as well as being directly
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(f) LSTM-based training results using proposed method

interpretable into original units. MAE is a robust framework
to evaluate model performance across various datasets and
contexts, because, this method is simple to calculate and easy
to understand.

The mean absolute percentage error (MAPE) serves as a
crucial metric in forecasting and prediction. Its significance
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FIGURE 10. Error graphs of training and testing data for GRU and LSTM networks.

lies in its ability to offer a relative measure of error with
different datasets and forecasting scenarios. MAPE facilitates
easy comparisons and evaluations of forecasting performance
by expressing the error as a percentage of the actual
values.

VOLUME 12, 2024

One critical benefit of MAPE is its adaptability; in addition
to indicating how well a model predicts, it closely resembles
the loss functions defined relative to regression training sets.
Consequently, the use of MAPE within machine learning
allows for optimizing prediction accuracy through shrinkage
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FIGURE 11. Graphs of errors and R? across GRU and LSTM.

property between estimated (output) and measured (true)
values. The main focus of the MAPE algorithm is on
appraising prediction techniques so as to connect the gap
between theoretical projections and actual results; which
makes it a compelling benchmark as well as an effective
measure of accuracy. This approach drives precise forecasts
that are reliable predictions across diverse domains.
Mathematically, MAPE can be expressed as,

Vi

(10)

n
MAPE = lZ| all
= Yi
In Eqn. 10, y; denotes the vector having actual values, x; is the
vector of predicted values and n denotes the total length of y;
or Xx;.

R? performance measure has a significant impact on
regression or prediction models’ evaluation. It gauges the
level of explanations given by the independent variable(s) in a
model to variations of the dependent variable. In other words,
R? measures the proportion of variability in the dependent
variable that is attributable to the independent variable(s) in
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the model. R? is a measure that ranges from zero to one and
indicates how well a model fits data. It provides a clear signal
of how well a model fits data. Large values of R? signify a
model that fits well while small values suggest poor fit. It is
significant to note that R? is useful for measuring accuracy
but not precision in terms of data prediction. In other words,
it is usually used together with other evaluation metrics when
appraising how well a model work.

The computation of R? is based on a mathematical
framework that entails contrasting the variance of the original
data set against that predicted by a specific model in terms
of prediction accuracy. This comparison allows for the
determination of the proportion of variability in the dependent
variable that is accounted for by the independent variable(s)
in the model. The mathematical framework of R? is as

2 i —x)

i — )

In Eqn. 11, y; denotes the vector of actual values, x; is vector
of the predicted values, and y denotes the average over y.

R*=1 (11
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TABLE 8. Dragon fly.

Input Features Outputs Parameters
. . . . . Aver:
Tperre Tomperae Evaposion Moy 1 Homiary 2 RO WhdSpect & ¢
umidity
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o
o TR - N
L T A
Inlilces 0.78636 0.767]332 0.795210 0.733;7 ().747326 0.7;;; 1012 15 9364l 7.8975
TABLE 9. Genetic algorithm.
Input Features Output Parameters
. .. . . Aver
Rt Tompee Fapontion Hony 1 tomay 2 KON WndSet A& ¢
umidity
M e oMb obhe ok o 0 7w s
ST M. S S A AN
S R A
S A
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TABLE 10. Bird swarm optimization.

Input Features Output Parameters

. . . . . Aver
Tperre Tomperae Evaposion Moy 1 Homiary 2 RO WhdSpect & ¢

umidity
Sl T M S A T
T A
Y N S i A
e B S o o s e o
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TABLE 11. Whales optimization algorithm.
Input Features Output Parameters

. . . . Aver:
Tpene Tomperae Evaposion Moy 1 Homiaiy 2 OB WhdSpet 4 & ¢

umidity
MU B e ol oms om0 e o
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TABLE 12. COOT.

Input Features Output Parameters

. . . . Aver:
Tpersre Tompersore  Evaporaion Homy 1 Homary 2RI WidSped A6 ¢

umidity
M e o o ok oms e @ 15 e o
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TABLE 13. Jump spider optimization.
Input Features Output Parameters

. - . . Average
Tomperature  Temperature  Evaporation  Humidity 1 Humdity 2 Ife'a.ﬁie Wind Speed A& ¢

umidity
N T
D AR S N S AR
O R S N TR A R
S A
MR By Sk o, e s o o
R T S
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S S
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- S S A S RS
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Indéces ().1713%2 0.27‘;690 01%724 0.563139 0.17?1%3 ().57(());8 1012 1496060 8.0504
Ind];CCS ().171322 0.27‘;690 01;);724 0.563139 0.563127 ().2731199 1012 15 97333 80667
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TABLE 14. COKOO-IIIL

Input Features Output Parameters
. . . . Aver:
Tpersre Tompersore  Evaporaion Homy 1 Homary 2RI WidSped A6 ¢
umidity
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TABLE 15. MAO.
Input Features Output Parameters
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TABLE 16. Particle swarm optimization.

Input Features Output Parameters

. . . . . Aver:
Tperre Tomperae Evaposion Moy 1 Homiary 2 RO WhdSpect & ¢

umidity
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TABLE 17. Fire fly algorithm.
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