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Abstract- Wind power generation is directly dependent on weather conditions, so it is very difficult to predict how much energy
will be generated in a given time period. The main objective of this study is to predict wind power generation more accurately
by comparing an Artificial Neural Network (ANN)-based forecasting model with JAYA-ANN, Gated Recurrent Unit (GRU)-
ANN, and Variational Mode Decomposition (VMD)-ANN hybrid models. Wind direction, particulate matter (PM10),
temperature, and historical power data for summer and spring seasons were collected to estimate the daily wind power generation
capacity. Of the collected data, 80% was divided into a training set, 10% into a validation set, and 10% into a test set, and
appropriate modelling methods were applied. The performance of the models was evaluated with Mean Absolute Percentage
Error (MAPE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE) error measures. According to the prediction
results of MAPE, RMSE, and MAE values of ANN, VMD-ANN, GRU-ANN, and JAYA-ANN hybrid models in summer and
spring seasons, the JAYA-ANN hybrid model is better than other prediction models and provides higher forecasting accuracy.
Such a forecasting model can be an important guide for energy planners and local electricity providers for generation planning
and management of alternative energy sources.
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1. Introduction been included in the country's national long-term energy

promotion strategy. According to the Global Wind Energy

The world energy deficit and environmental pollution
have become increasingly severe. Many developing countries
are increasingly opting for renewable energy sources in
electricity generation. This method not only allows
individuals to meet their own household energy needs but also
enables them to sell any surplus electricity they generate to
connected energy providers [1]. Wind energy has been
recognised as a cleaner and renewable energy source and has

Council, the total installed wind power capacity of the world
has reached 1 TW according to the 2024 report [2]. However,
the intermittent and variable nature of wind power raises a
number of problems, included those related to the stability of
wind power supplies and the sensitive balance between the
management and capacity in reserve [3]. Thus, forecasting of
reliable wind power is essential for the security of the power
grid and for pre-determining the power strategy [4], [5].
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Existing methods for wind energy prediction mainly
consist of statistical modelling and physical models [6].
Physical methods rely on advanced mathematical models to
make predictions. These methods utilize humerical weather
forecast data provided by meteorological services, which
analyze the behavior and physical dynamics of the lower
atmosphere to forecast future weather conditions.
Additionally, they take into account the topography of the
wind farm's location. However, a major drawback of physical
models is their dependence on highly precise online and
offline data [7]. They are also computationally intensive and
demand substantial resources [8]. Physical methods excel in
medium- and long-term forecasting, but their accuracy
diminishes for short-term predictions. In contrast, statistical
methods focus on identifying linear and non-linear
relationships between weather variables such as wind speed,
direction, temperature and the wind power generated [9].
These methods rely on historical data to train models that
establish these connections. While statistical models are well-
suited for short-term wind forecasting, their accuracy
decreases as the forecasting horizon extends. They are
relatively simple to implement and involve minimal
computation time. To enhance performance, these models are
periodically updated by comparing predicted and actual power
values, allowing forecasts to improve over time.
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Physical, statistical, and machine learning-based methods
have made significant advances in wind energy forecasting
and various other disciplines, demonstrating the diversity and
potential of the field. Environmental studies integrating
machine and deep learning techniques, in particular, have
achieved high accuracy [10].

This study systematically analyzes selected works
published between 2021 and 2023, focusing on estimation
time, data set size, model structures, and evaluation criteria, as
summarized in Table 1. The comprehensive literature review
indicates that, despite notable progress, several fundamental
challenges remain unresolved.

In this study, meteorological and wind farm data
commonly utilized in daily wind power forecasting are
employed. Initially, an ANN based forecasting model is
developed and evaluated using wind direction, PM10
concentration, temperature, and historical power output data.
Subsequently, three hybrid models JAYA-ANN, GRU-ANN,
and VMD-ANN are constructed using the same dataset and
compared against the standalone ANN model. The results
indicate that the hybrid models exhibit superior forecasting
performance. This study provides a meaningful contribution
to the academic literature on short-term wind energy
forecasting. Furthermore, the integration of the JAYA-ANN
hybrid model and the inclusion of the PM10 parameter both
of which have not been previously applied in wind energy
forecasting constitute a significant innovation introduced by
this research.

2. Methodology
In this section ANN, JAYA, GRU, and VMD algorithms

used in the construction of hybrid forecasting models are
presented in detail. The overall training architecture is

illustrated in Figure 1. In the proposed approach, the JAYA,
GRU, and VMD algorithms are employed to optimize the
internal parameters of the ANN, namely the weights and
biases of the multilayer perceptron. These optimization
algorithms receive the ANN parameters as input vectors and
iteratively adjust them to minimize forecasting error. The
objective function guiding this optimization process is based
on widely used error metrics, including RMSE, MAE, and
MAPE.

JAYA
GRU
VMD

RMSE
MAPE
MAE

Weights and
Biases

Trainin Sample
Dataset

Fig. 1. Architecture of training examples.
2.1. Artificial Neural Networks

Artificial Neural Networks are non-linear mapping
systems designed to emulate the workings of the human
central nervous system. At their core lies the basic building
block: the neuron. The first ANN model, introduced by
McCulloch and Pitts in 1943, laid the foundation for concepts
that remain relevant today [18]. ANNs can also be
characterized as highly parallel processors made up of simple
processing units capable of learning from experience and
applying this knowledge to make future decisions [19]. ANNs
are robust prediction tools for situations where the relationship
between data is unknown and needs to be established. They
learn from any observed patterns in the relationships between
input datasets and target values in the training dataset. Once
an ANN is trained, it can predict future outcomes based on the
identified patterns and connections derived from the training
dataset.

ANNSs are particularly well-suited for processing data that
are uncertain, noisy, or exhibit occasional irregular variations,
making them highly effective for modeling complex real-
world phenomena. Consequently, ANNs are ideal for
forecasting both wind speed and wind power, as they can
capture complex, non-linear dependencies that traditional
linear models may fail to represent accurately [18].

Their highly interconnected nodes allow neural networks
to learn intricate patterns from the training data and generalize
these patterns to unseen data in a manner that loosely
resembles the adaptive and learning processes of the human
brain. This capacity for learning, adaptation, and
generalization represents one of the principal advantages of
ANNSs, particularly in forecasting applications where input-
output relationships are dynamic, stochastic, and potentially
noisy. Figure 2 illustrates the fundamental architecture of an
artificial neural cell, highlighting the interconnections and the
flow of information through the network.
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Table 1. Lists illustrative research on wind energy power forecasting from 2021 to 2023

Year Ref. Period | Dataset Forecast Forecast error Comments
length model
Random | MSE=21-2340.8-32286.9 kW | Random Forest demonstrated
Forest RMSE=4.6-48.38-179.68 kW | superior predictive
2023 S. M. lh One and | AdaBoost | MAE=2.56-38.09-116.62 kW | performance, whereas KNN
Malakouti a half K- MAPE=0.0079-2.78-16.33 % | exhibited lower accuracy
[11] months | Neighbors | R*=1-0.997-0.95 despite faster computation.
The results show that the
SSA-VMD-LSTM  method
gives  better  prediction
2023 Gao et al. 15 3000 SSA- MAE=1.4139 RMSE=2.0296 | accuracy and lower wind
[12] minutes | sample VMD- MAPE=0.0849 % power error than other
points LSTM methods, proving the model
is effective.
MIMO | R?>=0.77-0.77 Multi-input multi-output
ANN MSE=1.83-1.68 (MIMO) LSTM approach are
2023 | Alkabbani et l1h 3 years MIMO RMSE=427.78-409.88 MW more reliable with higher
al. [13] LSTM MAPE=27.5-26.6 % accuracies.
The proposed wind power
MAE=0.0509-0.0517-0.0519 forecasting model has lower
2022 | Xiongetal. | 1h/2h 1 years AMC- RMSE=0.0949-0.0954-0.0948 | error, higher accuracy, and
[14] 3h LSTM MSE=0.8951-0.9112-0.8990 better matches the actual data
compared to other models.
2022 Using real wind power data,
Zhu et al. lh 6 month | CEEMDA | MAE=68.4695-75.7741-75.21 | the proposed method shows
[15] N-SVR- | RMSE=87.9475-98.9572-100 | better accuracy than other
TCN MSE=3.3726-3.7948-3.835 models, proving its
effectiveness.
The proposed model has the
lowest MAE and RMSE
2022 | Heetal.[16] 15 16 month IOWA- RMSE=12.154 among the five models,
minutes CNN- MAE=8.0608 showing it is reliable and
LSTM effective.
The GRU network is
Chandran et 10 50.530 LSTM particularly well-equipped to
2021 al. [17] minutes data GRU MSE=0.1358-0.13-0.143 capture highly non-linear and
RNN complex patterns in real-time

data.
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Fig. 2. Artificial neural cell architecture.
Where:

» Xy and xm represent the inputs of the neuron.

» Xo represents the bias. The bias helps neurons
activate meaningfully. It determines the threshold at
which a neuron activates; otherwise, the neuron
remains inactive.

> Wjo and wjm represent the respective synaptic
weights connecting each input to neuron j.

> Yjis the output signal of the neuron.

The output of the summation function is shown as (s;) in
equation 1:

m
Sp = Zmzo WimXm ()

The sum of the weights is then passed through an
activation function (o) to compress it into a specific small
value range. In Equation 2, the output obtained from the
activation function is the output of the neuron (y;).

yi=2o_ o(s) )

In this study, an ANN model with 4 input layers, one
hidden layer, and one output layer is used for daily wind
energy power forecasting. In the structure of ANN, a single
hidden layer with 5 neurons and a sigmoid activation function
is used because it is easy to calculate the derivative by
compressing the inputs between 0 and 1 [20]. The trial-and-
error method was adopted to determine the number of neurons
in the hidden layer. As a result of the experiments, the best
network topologies for each product series are shown in Table
2.

Table 2. Performance of the developed ANN model

Model | Fuction | Neuron | MAPE | RMSE | MAE
Used Count (%) (MW) | (MW)
ANN | Sigmoid 5 19.59 | 22.63 1.28
ANN | Sigmoid 10 20.71 24.46 1.78
ANN | Sigmoid 15 23.25 26.19 2.15
ANN | Sigmoid 20 25.89 28.28 245

Artificial neural networks are classified into feedforward
networks and feedback networks based on their structures.

2.2. Feedforward Neural Networks

In feedforward artificial neural networks, processing
elements are typically organized in layers. Signals are
transmitted in a unidirectional manner from the input layer to
the output layer through connections. In a feedforward ANN,
cells are arranged in layers, and the outputs of the cells in each
layer are transferred as inputs to the next layer with weights.
The input layer sends information received from the external
environment directly to the cells in the hidden layer without
any modifications. The information is processed in the hidden
and output layers to obtain the network's result output [21].
Figure 3 shows the feed-forward network structure.values in
the training dataset. Xs represent inputs, and Y represent
outputs.

X1
—

X2

Input Layer

Hidden Layer

Output Layer
Fig. 3. Feedforward network structure.

In this study, we chose ANN as our base model because it
is lightweight, widely used in the literature, and suitable for
the size of our dataset. This allows us to clearly evaluate the
contribution of our proposed method independently of the
effects of complex deep architectures. The feedforward neural
network structure is preferred to solve problems due to its
prediction ability and its success in tasks such as pattern
recognition, visual recognition, and time series prediction.

2.3. Feedback Neural Networks

Recurrent or feedback artificial neural networks have a
variable structure, unlike feedforward networks. In these
networks, neurons in the output or intermediate layers send
their outputs back to the input layer or previous intermediate
layers. Thus, information is transmitted both forward and
backward. Feedback neural networks have dynamic memory,
where the output at any given time is a reflection of both the
current and previous inputs. In feedback neural networks, the
output of at least one processing element is fed back either to
itself or to other elements, and this feedback is typically
provided through a delay element. Feedback occurs not only
between processing elements but also between layers. Due to
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this structure, feedback neural networks exhibit nonlinear
dynamic behaviors. As a result, depending on how the
feedback is implemented, these networks can appear in
different structures and behaviors [22]. Figure 4 shows the
feedback neural network structure.
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Fig. 4. Feedback network structure.
2.4. Jaya Algorithm

The basic Jaya algorithm, while having many advantages
in solving various optimization problems, also has some
disadvantages, such as low accuracy and slow convergence,
particularly for complex and high-dimensional problems, due
to the challenges in balancing the search and development
processes. In recent years, many researchers have made
various improvements to address these shortcomings of the
Jaya algorithm and have successfully applied the algorithm to
different practical problems.

In The Jaya algorithm is a population-based metaheuristic
method introduced by Rao and used for solving constrained
and unconstrained continuous optimization problems. Being
independent of parameters is one of the most important
features that distinguish the Jaya algorithm from others.
Thanks to this advantage, it can be easily adapted to
optimization problems. In addition, one of the strengths of the
algorithm is that it increases the tendency to move towards the
best solution during location updates, while at the same time
avoiding the worst solution and reducing the risk of getting
stuck in the local maximum or minimum [23]. Due to these
advantages, JAY A algorithm is preferred in this study.

Assume that the objective function is Z(x) to be
maximized or minimized and that at any iteration ‘i’, ‘k’ is the
number of design variables and ‘n’ is the population size. Let
the best and worst values of the objective function during an
iteration be denoted by Z pesti and Ziworsti respectively. Also,
Xicpest and Xiworst,i are the best and worst values of variable
‘k’ during iteration ‘i” corresponding to Z esti and Zxworsti iN
the population, respectively. The updated value is then
calculated according to equation 3.

Xieni = Xieni + Tk Kkpesti = [Xemil) = 7200 Chworse,i —

%km,il) @)

Here rik; and rak; are two random numbers between
[0,1]. The term ‘r1ki (Xkbesti - [Xkn,il)” indicates the ability of
the solution to approach the best solution, while the term ‘ra ;i
(Xiworst,i - | Xkn,i |)” indicates the ability of the solution to avoid
the worst solution. Xkni is accepted if it gives a superior
function value. Two random numbers, rixi and rok; are used
for the Jaya algorithm to enable better exploration of the
search space. The absolute value | Xkn,i |) used in the equation
helps the algorithm to further increase its exploration ability.
The JAYA algorithm used in this study was run 30 times in
1000 iterations, and the number of populations was taken as
50, which is the algorithm run parameter. Figure 5 shows the
flow diagram of the JAY A algorithm.

= Output Calculation Direction

Q\%ﬁ K
—>‘/ [~ A A 1 .
/géé //Q:«

Input Layer Hidden Layer Output Layer

-~ Back Propagation Direction of Found Error
Fig. 5. Flow diagram of the JAY A algorithm.
2.5. Gated Recurrent Unit (GRU)

GRU, first proposed by Cho et al. in 2014, is a gated
recurrent neural networks (RNN) derivative developed to
address the inadequacies of traditional RNN in learning long-
term dependencies [24]. GRU uses an update gate and a reset
gate to provide a more stable learning process, especially
against problems such as gradient fading and bursting, which
are frequently encountered in RNNSs.

Compared to the LSTM architecture, the GRU appears to
have a structurally simpler design. The LSTM consists of three
gates: the input gate, the forget gate, and the output gate; it
also contains an additional memory unit called the cell state.
GRU combines these mechanisms into two gates, integrating
the cell state and the hidden state into a single structure. This
simplification reduces the number of parameters and reduces
the computational cost [25]. The lower computational
complexity of GRU allows it to offer faster training times
compared to LSTM in some applications while achieving
similar accuracy levels without significant loss in
performance. For this reason, GRU has become a preferred
alternative, especially in systems with limited resources or
online applications [26].

The GRU-based neural network architecture developed in
this study is presented in detail in Figure 6. The model consists
of five main components: the input layer, the GRU layer, the
dropout layer, the fully connected layer, and the output layer.
The GRU layer, which is at the center of this structure, acts as

18



&
i

the basic computational unit of the network and has the ability
to learn both short-term and long-term dependencies in time
series data. The GRU layer converts the data it receives from
the input into temporal representation vectors, enabling their
use in the subsequent layers of the network. The dropout layer,
placed immediately after the GRU layer, randomly disables
certain neurons during the training process, preventing the
model from overfitting to certain features. This mechanism
reduces overfitting by preventing reliance on specific
connections. As a result, the model achieves more balanced
learning and its generalization ability increases when faced
with different data samples, thus making prediction
performance more reliable [27]. Furthermore, the dropout
layer increases the model's flexibility against different data
samples, strengthening its robustness against noisy or missing
data.

AT
WD Input | I GRU | _fDropout| [ FC | | Output
PM10 Layer Layer Layer Layer Layer
HPD

Fig. 6. Architecture of the GRU network.

As shown in Figure 7, the relevant GRU layer consists of
multiple GRU blocks, and this figure also presents the
schematic structure of a single GRU block. Two main control
mechanisms, the reset gate and the update gate, form the basis
of this architecture. The reset gate allows the network to model
short-term dependencies more efficiently by determining the
extent to which past memory is integrated with new input
information. On the other hand, the update gate offers
selective control over the extent to which the previous hidden
state is maintained or updated.

As indicated in the diagram, the inputs to the GRU block
are defined as the input vector X; at the current time step and
the hidden state Hr.; from the previous time step. As a result
of the computations, a candidate latent state H is generated,
and this information is updated to the final latent state H.
through the update mechanism. This process enables GRU to
learn the context in temporal data more efficiently. The
mathematical calculation formulas in Equations 4, 5, 6, and 7
form the quantitative basis of this process.
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Ry = o(X Wy + Hi_1Wyy + by) (4)

Zy = 0(X Wy, + H_ Wy, + b,) Q)

A

H, = tanh(X; Wy, + (R O He_1 )Wy, + by) (6)
A

H=Z2.OH_1+(1—-2,)OH, )

Rtand Z; represent the reset gate and update gate, respectively;
o and tanh denote the sigmoid activation function and
hyperbolic tangent activation function, respectively; O
denotes the element-wise multiplication operation. Wy, Wy,
Whr, Whz, Wxn, and Wi are the weight parameter matrices
associated with the input and hidden states, while by, b,, and
bn are the corresponding bias vectors. These parameters are
learned during the training process and play a crucial role in
regulating the flow of information within the gated recurrent
unit structure, enabling the model to effectively capture

temporal dependencies and nonlinear patterns in sequential
data.

Re

Fig. 7. Diagram of GRU block.
2.6. Variational Mode Decomposition (VMD)

Variational Mode Decomposition (VMD), developed by
Dragomiretsky et al. in 2014, is a non-iterative and adaptive
signal processing method formulated in a variational
framework to decompose signals into predefined modes [28].
Compared to Empirical Mode Decomposition (EMD) and
similar empirical approaches, VMD offers higher adaptability
to signals with varying frequency content [29], superior
decomposition accuracy [30], and a bandwidth-oriented
control mechanism by optimizing the center frequency of each
mode. Thanks to these features, VMD is often preferred in the
preprocessing stage to provide reliable and meaningful feature
extraction for machine learning-based models. It has been
shown that VMD can decompose non-stationary signals into
more discrete and information-rich components in the time-
frequency plane [31]. In this context, VMD-based
decomposition stands out as an effective tool to improve the
performance of learning tasks such as noise suppression,
pattern recognition, and classification.

k .
min{>" (21650 + Dy @lexp(-jmet |}
k=1

{uk, Wik (8)
St XRog U = f(1)

In Equation 8, ‘ux’ denotes the kth modal component
representing each sub-signal obtained by decomposition, ‘wy’
signifies the center frequency of the kth power modal
component, ‘j’ is the imaginary unit, ‘N’ denotes the number
of modal decompositions, ‘3(t)’ is the Dirac function, i.e., the
unit impulse function, ‘0y is the derivative, and ‘f(t)’ is the
original signal to be decomposed. The VMD based
decomposition process is carried out in the following specific
steps.

Step 1: Initialise {uk'}, {wi!}, M and n =0;

Step 2: n=n+1, enter the loop;
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Step 3: The update formulas for ux and wy are applied
iteratively until the number of parses reaches N, at which point
the inner loop ends
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Step 4: The value of A is updated via an update formula at
each iteration.

Step 5: Given a tolerance ¢, the loop is terminated if the
stopping condition (9) is fulfilled. In the equation, € represents
the convergence progression.

Ykllug™ —ugll3/lluill < e ©9)

Otherwise, the loop continues with Step 2.
2.7. Persistence Reference Model (PRM)

The persistence forecasting model is a fundamental
reference approach frequently employed in time series
forecasting applications. Its primary advantages lie in its ease
of implementation and very low computational cost. The key
objective in developing more advanced forecasting models is
to achieve higher forecasting accuracy than the persistence
model, ideally while maintaining a similar or lower
computational burden. This model operates on the assumption
that the wind power output at time t+1 is highly correlated
with the output at time t. Accordingly, the future wind power
output is directly estimated as a continuation of the current
output. This approach can demonstrate notable forecasting
performance, particularly in scenarios where short-term
fluctuations in wind generation are minimal.

The persistence model is commonly employed as a
benchmark for evaluating the performance of various
forecasting methods. However, its forecast accuracy is
significantly influenced by the length of the forecast horizon;
as the horizon extends, the model’s accuracy tends to decline.
Furthermore, variations in meteorological parameters such as
temperature, solar radiation, wind speed, and humidity can
considerably affect its performance. Owing to these
limitations, persistence-based forecasting models typically
yield higher prediction errors and are therefore widely used as
baseline models for assessing the accuracy of more advanced
forecasting approaches. In the study by Perez et al. [32], a
comparable methodology was applied, wherein the
performance of the proposed forecasting model was evaluated
against the results obtained from the persistence model. The
percentage improvement is defined in Equation 10. In this
equation, erm is the prediction model error, esrm is the
continuous reference model error, and piy is the improvement
percentage. progression.

) _ _ eTMm
Py = (1 —eSRM)xwo (10)

3. Results

The dataset was obtained from an onshore wind farm in
Turkey's Central Anatolia region. This climate differs from
coastal or tropical wind farms in terms of boundary layer
behavior, low humidity, and stable wind regime. Therefore,
direct generalization of the model is not recommended. Which
comprises three different wind turbines whose specifications
are summarized in Table 3. The dataset presented in Table 4

includes wind direction, PM10, and temperature
measurements for the year 2022, while the corresponding
output power data from 2021 is used on a daily basis. The
study is based on the transfer forecasting approach in wind
energy prediction. The aim is not to directly copy power
values but to learn the meteorological variable production
relationship and apply it to the following year's atmospheric
data. This method is common in the energy sector, prevents
the machine from overfitting, and generalizes the physical
behavior of the local wind regime. The dataset collected
during the spring and summer periods contains no missing
values. During the winter season, atmospheric conditions are
more irregular: factors such as condensation, freezing, low
temperatures, high turbulence intensity, and sudden wind
shear breaks increase the model's variance, making
comparisons methodologically difficult. This study first aims
to demonstrate the relative strength of hybrid models during
periods of high seasonal stability. Of the entire dataset, 80%
was used for training, 10% for validation, and the remaining
10% for testing.

The dataset collected during the spring and summer
periods contains no missing values. Of the entire dataset, 80%
was used for training, 10% for validation, and the remaining
10% for testing.

Table 3. Information on three different wind turbines in the
wind farm

Wind Turbine E82-E2 E82-E3 | E82-E5

Nominal power (kW) | 2000 3000 2350

Rotor diameter (m) 80 82 82

Navel height (m) 78 78 78

Wind length (m) 38.8 38.8 43.8
Table 4. Data set

Input Output

Wind direction
PM10

Output power

Temperature

Historical output power

In our study, the PM10 parameter is treated not merely as
an additional meteorological input, but as a physical
atmospheric variable that influences the aerodynamic
behavior of wind flow. High particle concentration reduces
momentum transfer on the rotor surface, decreasing the
efficiency of the effective power curve and introducing
systematic deviations in the wind speed—power relationship.
When PM10 was included in the model, an improvement of
10-15% was observed in MAPE values. This result confirms
the variable's contribution to prediction performance. A
computer with an Intel Core i5-1135G7 CPU @ 2.40 GHz and
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16 GB of RAM was used to implement the study with Matlab.
Table 5 shows the computational costs of hybrid models.
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Table 5. Computational costs of hybrid models

Model Average Explanation
education time

ANN 3-4 min Lower cost

VMD-ANN | 6-7 min VMD analysis

GRU-ANN 10-12 min Time dependent account

JAYA-ANN | 14-16 min Global optimization
1000 iterations x50
populations

Although JAYA-ANN has the highest computational
cost, it offers an improvement in prediction error in the range
of 60-75%. Therefore, the method is technically rational.

Since wind power is a highly variable parameter, wind
power forecasting is not an exact science. The error rate is
calculated by comparing the predicted wind power at a certain
time ‘t” with the actual power value in the data set. A low error
indicates the accuracy of the prediction model. The evaluation
criteria to be used in this study are root mean square error and
mean absolute percentage error. The RMSE, MAPE, and
MAE error evaluation formulas are provided in Equations 11,
12, and 13, respectively [33].

1 on 2
RMSE = \[Z Zi=1(Xest,i - Xtar.i) 1D
MAPE = 100 Xesti—Xtar,i (12)
n i=1 Xtar,i
1 n
MAE = . Zi=1|Xest,i - Xtar.i| (13)

Where:

»  Xesti= forecast value for time i
»  Xuri = actual value observed at time |
» i = number of forecast points

3.1. Forecast Results for the Summer Period

In the prediction using the ANN model, the MAPE values
for the training, validation, and test subsets of the dataset were
found to be 19.92%, 18.69%, and 17.81%, respectively. The
corresponding RMSE values were calculated as 26.22 MW,
50.84 MW, and 66.78 MW, while the MAE values were 2.13
MW, 13.14 MW, and 15.97 MW, respectively. Figure 8
presents the prediction results for the training, validation, and
test subsets of the dataset.

In the prediction using the VMD-ANN hybrid model, the
MAPE values for the training, validation, and test subsets of
the dataset were found to be 17.54%, 15.93%, and 14.02%,
respectively. The corresponding RMSE values were
calculated as 24.39 MW, 41.75 MW, and 38.06 MW, while
the MAE values were 2.12 MW, 18.45 MW, and 10.98 MW,
respectively. Figure 9 illustrates the prediction performance of
the model across all subsets.
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Fig. 8. Prediction results for the ANN model based on three
subsets of the dataset: (a) training subset, (b) validation
subset, and (c) testing subset.

The forecasting performance of the GRU-ANN hybrid
model was evaluated based on the training, validation, and test
subsets of the dataset. MAPE values were found to be 14.45%
for the training set, 13.33% for the validation set, and 11.76%
for the test set, indicating a consistent improvement in
generalization capability. In parallel, RMSE values were
computed as 23.10 MW, 35.73 MW, and 37.70 MW, while
MAE values were 1.68 MW, 12.31 MW, and 10.21 MW,
respectively. Figure 10 provides a graphical representation of
the prediction performance across all subsets.

To assess the predictive capability of the JAYA-ANN
hybrid model, performance metrics were examined for the
training, validation, and test subsets of the dataset. MAPE was
measured at 9.49% for the training data, 8.35% for the
validation data, and 7.28% for the test data, reflecting the
model’s improved generalization on unseen data.
Additionally, RMSE values were determined to be 14.56 MW,
31.75 MW, and 23.80 MW, while the corresponding MAE
values were calculated as 0.99 MW, 7.55 MW, and 5.93 MW
for the respective subsets. The model’s prediction accuracy
across all subsets is visually depicted in Figure 11. These
results indicate that the proposed JAYA-ANN model
demonstrates a reliable and robust performance in short-term
wind power forecasting.
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Fig. 9. Prediction results for the VMD-ANN model based on
three subsets of the dataset: (a) training subset, (b) validation
subset, and (c) testing subset.

The predictive performance of the ANN, VMD-ANN,
GRU-ANN, and JAYA-ANN hybrid models was assessed
through a comparative analysis of key evaluation metrics.
Specifically, MAPE values were 19.59%, 17.04%, 14.08%,
and 8.36%, respectively. In terms of RMSE, the models
yielded values of 33.85 MW, 27.29 MW, 25.53 MW, and
17.14 MW. The corresponding MAE values were calculated
as 491 MW, 4.16 MW, 3.15 MW, and 1.88 MW. These
results clearly indicate that the JAYA-ANN model
outperformed the others in terms of overall prediction
accuracy. A visual comparison of the model performances is
provided in Figure 12.

The proposed prediction models are generally not directly
comparable to models in other studies, as each is based on
different datasets with their own unique characteristics. The
literature indicates that different datasets can affect a model's
learning capacity and prediction accuracy; therefore, model
performance should be evaluated relative to a standard
reference model. To this end, the continuity model error is
used to measure model performance more reliably. The
continuity model error is based on the principle of making
future predictions using values observed in the previous time
step, thereby establishing a reference prediction standard. This
error can be derived using Equations (6), (7), and (8). The
predicted values are obtained by shifting the actual observed

data by one time step and serve as a reference reflecting the
model's baseline performance level.

Table 6 comprehensively and thoroughly presents the
prediction performance of the four different modeling
approaches considered in this study, namely the independent
ANN, hybrid VMD-ANN, GRU-ANN, and JAYA-ANN
models. The table enables a rigorous comparison in terms of
prediction accuracy and overall effectiveness by evaluating
the performance of each model on the same dataset. This
clearly highlights the strengths and weaknesses of each model
in the context of the dataset and provides important
information to consider when selecting a model.
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Fig. 10. Prediction results for the GRU-ANN model based on
three subsets of the dataset: (a) training subset, (b) validation
subset, and (c) testing subset.

3.2. Forecast Results for the Spring Semester

The ANN prediction model was evaluated using spring
season data by comparing key performance metrics across
different model configurations. MAPE values were recorded
as 20.45%, 19.81%, and 16.53%, respectively; this
demonstrates varying levels of relative prediction accuracy
and highlights improvements achieved with more advanced
modeling approaches. Regarding RMSE, the models produced
values of 26.38 MW, 47.22 MW, and 40.2 MW. The
corresponding MAE values were recorded as 1.71 MW, 11.9
MW, and 8.76 MW, further clarifying the average prediction
errors and each model's effectiveness in capturing actual wind
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power variations. Figure 13 graphically displays the
comparative prediction performance of the models and allows
for a clear visual assessment of the relative strengths and
weaknesses of the models across the evaluation criteria.
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Fig. 11. Prediction results for the JAY A-ANN model based
on three subsets of the dataset: (a) training subset, (b)
validation subset, and (c) testing subset.
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Fig. 12. Prediction results for ANN, VMD-ANN, GRU-
ANN, and JAYA-ANN models.

The predictive performance of the VMD-ANN model was
analyzed using data from the spring season through a
comparative assessment of key evaluation metrics. MAPE
values were observed to be 18.39%, 17.71%, and 17.02%,
respectively. In terms of RMSE, the model yielded values of
15.54 MW, 27.74 MW, and 18.35 MW. The associated MAE
values were calculated as 1.39 MW, 8.47 MW, and 4.71 MW.
A visual comparison of these forecasting results is illustrated
in Figure 14.

Table 6. MAPE, RMSE, and MEA values according to
summer forecast results

Models MAPE | RMSE | MAE

(%) (MW) | (MW)

ANN (training) 19.92 26.22 2.13
VMD-ANN (training) 17.54 24.39 2.12
GRU-ANN (training) 14.45 23.10 1.68
JAYA-ANN (training) 9.49 14.56 0.99
ANN (validation) 18.69 50.84 | 13.14
VVMD-ANN (validation) 1593 | 41.75 | 1845
GRU-ANN (validation) 1333 | 35.73 | 1231
JAYA-ANN (validation) 8.35 31.75 7.55
ANN (test) 17.81 | 66.78 | 15.97
VMD-ANN (test) 14.02 | 38.06 | 10.98
GRU-ANN (test) 11.76 | 37.70 | 10.21
JAYA-ANN (test) 7.28 23.80 5.93
ANN (all) 19.59 | 33.85 491
VMD-ANN (all) 17.04 | 2729 | 416
GRU-ANN (all) 14.08 25.53 3.15
JAYA-ANN (all) 836 | 17.14 | 1.88
PRM 33.25 66.99 | 11.96

The forecasting performance of the GRU-ANN model
was thoroughly evaluated using several key performance
metrics to assess its accuracy and reliability in predicting wind
power outputs. The MAPE values were recorded as 15.81%,
14.26%, and 13.02%, respectively, indicating a notable
improvement in relative prediction accuracy compared to
baseline models and highlighting the model’s ability to
effectively capture the non-linear characteristics of the data.
In terms of RMSE, the model yielded values of 14.27 MW,
29.4 MW, and 16.36 MW, reflecting the magnitude of
absolute deviations from the observed measurements and
providing insight into the overall predictive precision of the
model. Meanwhile, the MAE was calculated as 1.25 MW, 8.18
MW, and 4.38 MW, further illustrating the average errors and
demonstrating the model’s capability to produce consistently
reliable forecasts. A graphical comparison of these prediction
outcomes is presented in Figure 15, offering a clear visual
representation of the GRU-ANN model’s performance across
different evaluation criteria and enabling an intuitive
assessment of its strengths relative to other forecasting
approaches.

The forecasting performance of the JAYA-ANN model
was comprehensively assessed using several key evaluation
metrics to determine its accuracy and reliability in predicting
wind power generation. The MAPE values were recorded as
12.76%, 12.45%, and 11.33%, respectively, demonstrating a
consistently high relative prediction accuracy and indicating
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the model’s capability to effectively capture the non-linear and
fluctuating nature of wind power data. The corresponding
RMSE values were found to be 13.94 MW, 21.95 MW, and
19.93 MW, reflecting the magnitude of absolute deviations
between the predicted and observed values and providing
insight into the overall precision of the model. Furthermore,
the MAE was determined to be 1.03 MW, 6.01 MW, and 4.12
MW, highlighting the average prediction errors and
confirming the model’s robustness in producing reliable
forecasts across different time steps. Figure 16 presents a
visual representation of these prediction outcomes, allowing
for an intuitive comparison of the JAYA-ANN model’s
forecasting performance with other models and facilitating a
clear understanding of its strengths and limitations in
capturing the dynamics of wind power generation.
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Fig. 13. Prediction results for the ANN model based on three
subsets of the dataset: (a) training subset, (b) validation
subset, and (c) testing subset.

A comparative analysis of fundamental performance
metrics was conducted to comprehensively evaluate and
compare the prediction capabilities of the ANN, VMD-ANN,
GRU-ANN, and JAYA-ANN hybrid models.

The MAPE values of these models were recorded as
20%, 18.19%, 15.38%, and 12.59%, respectively. These
values revealed a gradual improvement in relative prediction
accuracy from the basic ANN model to the advanced JAYA-

ANN model. The corresponding RMSE values were found to
be 28.45 MW, 17.06 MW, 16.11 MW, and 15.10 MW; these
values indicate the magnitude of absolute deviations from the
observed values and provide a clear measure of each model's
overall prediction accuracy. Additionally, the MAE was
calculated as 3.34 MW for ANN, 2.20 MW for VMD-ANN,
2.08 MW for GRU-ANN, and 1.77 MW for JAYA-ANN,
further illustrating the average prediction errors of the models
and confirming the superior prediction consistency of hybrid
approaches over the independent ANN model. Figure 17
provides a visual comparison of these model performances,
enabling a clear and intuitive understanding of how each
approach handles the variability and complexity of wind
energy production and highlighting the advantages of
hybridization and optimization in improving prediction
accuracy. Table 7 provides a detailed evaluation of the
prediction performance of four different modelling
approaches, including an independent ANN model, along with
Hybrid VMD-ANN, GRU-ANN, and JAYA-ANN models.
The results presented are based on the dataset used in this
study and enable a comprehensive comparison of each model
in terms of performance metrics such as accuracy, precision,
stability, and generalization ability.
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Fig. 14. Prediction results for the VMD-ANN model based
on three subsets of the dataset: (a) training subset, (b)
validation subset, and (c) testing subset.
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Fig. 15. Prediction results for the GRU-ANN model based on
three subsets of the dataset: (a) training subset, (b) validation
subset, and (c) testing subset.

The table also includes statistical indicators and error
metrics that quantitatively reveal the predictive capacity of
each model, allowing for a systematic evaluation of the
advantages and limitations of different modelling approaches.
In this context, Table 7 not only provides a detailed analysis
of the prediction performance specific to the dataset, but also
enhances the validity of the methods used in the study and
serves as a reference for comparison and model selection in
future research.

Table 8 summarizes the input variables, model structures,
and performance metrics of different models used for wind
energy forecasting in the current literature. The studies
provide a comparative assessment using different datasets and
forecasting approaches. As the proposed estimation model, the
JAYA-ANN model was developed in this study using
historical power data, wind direction, temperature, and PM10
parameters. The model's performance was evaluated
seasonally, with MAPE found to be 8.36%, RMSE 17.14 MW,
and MAE 1.88 MW for the summer season. For the spring
period, MAPE was 12.59%, RMSE was 15.10 MW, and MAE
was 1.77 MW. These results show that the JAY A-ANN model
offers high prediction accuracy compared to other models in
the literature, both in minimizing error rates and in adapting to
seasonal differences.
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Fig. 16. Prediction results for the JAY A-ANN model based
on three subsets of the dataset: (a) training subset, (b)
validation subset, and (c) testing subset.
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Fig. 17. Prediction results for ANN, VMD-ANN, GRU-
ANN, and JAYA-ANN models.

In addition to the obtained performance results, the
findings of this study highlight the effectiveness of integrating
optimization algorithms with artificial neural network
structures for improving wind power forecasting accuracy.
The JAY A algorithm, which is based on a simple yet powerful
population-based optimization mechanism, plays a significant
role in optimizing the weight parameters of the ANN model
and enhancing its learning capability. Unlike traditional
training approaches that rely solely on gradient descent
methods, the JAY A algorithm guides the optimization process
by simultaneously approaching the best solution while
avoiding the worst solution in the population.
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Table 7. MAPE, RMSE, and MEA values according to spring
season forecast results
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Models MAPE | RMSE | MAE
(%) (MW) | (MW)
ANN (training) 2045 | 2638 | 171
VMD-ANN (training) 1839 | 1554 | 1.39
GRU-ANN (training) 1581 | 1427 | 1.25
JAYA-ANN (training) 1276 | 1394 | 1.03
ANN (validation) 1981 | 4722 | 11.90
VMD-ANN (validation) | 17.71 | 27.74 | 847
GRU-ANN (validation) 1426 | 29.40 | 8.18
JAYA-ANN (validation) | 1245 | 21.95 | 6.01
ANN (test) 1653 | 4020 | 8.76
VMD-ANN (test) 1702 | 1835 | 471
GRU-ANN (test) 1302 | 1636 | 4.38
JAYA-ANN (test) 1133 | 1993 | 412
ANN (all) 2000 | 2845 | 3.34
VMD-ANN (all) 1819 | 17.06 | 22
GRU-ANN (all) 1538 | 16.11 | 2.08
JAYA-ANN (all) 1259 | 1510 | 1.77
PRM 4196 | 4665 | 5.96

This strategy enables the model to achieve improved
convergence characteristics by effectively guiding the
optimization process toward more optimal solutions while
simultaneously reducing the likelihood of the training process
becoming trapped in local optima, which is a common
limitation encountered in traditional training procedures. As a
result, the model is able to learn the underlying patterns of the
data more efficiently and reach a more stable solution during
the training phase. Furthermore, the incorporation of multiple
meteorological parameters, including temperature, wind
direction, and PM10 concentration, provides a more
comprehensive and realistic representation of the
environmental ~ conditions  influencing wind  energy
production, since wind power generation is inherently
dependent on complex atmospheric dynamics and the
nonlinear interactions among different meteorological
variables. Since wind power generation is inherently
influenced by atmospheric variability and complex nonlinear
relationships among meteorological variables, the inclusion of
these parameters enhances the model’s ability to capture the
dynamic behavior of wind power generation processes.
Consequently, the outcomes of this study highlight the
potential of hybrid artificial intelligence models as effective
and powerful tools for renewable energy forecasting
applications. Furthermore, future studies may enhance
forecasting performance by incorporating additional
meteorological variables, extending the dataset to cover
longer time periods, and exploring advanced deep learning
architectures combined with optimization algorithms to
improve the robustness and generalization capability of wind
power prediction models

Table 8. Comparison of predictions made in the literature with the proposed prediction model

Study Inputs used Model structure Error measures
M. Ozturk et al. [34] Historical power data, wind speed, ANN MAPE= %6.46
temperature, relative humidity
O.Tasdemir et al [35] Past power output, wind speed PSO RMSE= 44.09 MW
Y. Zhang et al. [36] Wind Speed and direction CNN-LSTM MAE= 8.2 kW
A. Gijon et al. [37] Wind speed, angle of inclination, rotor ANN MAPE= %10
speed, torque, and power
A.J. R. Barrera [38] Temperature, pressure, precipitation, VMD-CNN- MAE=45.73, RMSE=59.37
wind GRU
Summer period
MAPE= %8.36
MAE=1.88 MW
Recommended forecast Historical power data, wind direction, JAYA-ANN RMSE=17.14 MW
temperature, PM10 . .
Spring period
MAPE= %12.59
RMSE=15.10 MW
MAE=1.77 MW
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4. Conclusion

This study analyzes widely used forecasting models for
wind power prediction as reported in the literature, with
comparisons conducted across different time horizons. Based
on an extensive literature review, forecasting methods,
prediction intervals, input data types, and error metrics are
examined in detail. To ensure a balanced day-ahead supply-
demand relationship in wind power systems and to enhance
overall system stability, commonly used error evaluation
metrics, namely MAPE, RMSE, and MAE, are employed in
the evaluation of daily wind power forecasting accuracy.

On the other hand, in this study, the effect of the PM10
parameter on wind power generation is particularly
emphasized due to the increasing importance of the impact of
air pollution on power generation systems. Analysing the
impact of PM10 levels on wind power generation is critical for
developing more accurate and reliable forecasting models.
Improved forecasting results obtained by including the PM10
parameter enable wind energy power plants to make more
accurate and reliable forecasts.

In this study, a hybrid model is developed by combining
the JAYA - ANN for wind power forecasting. This hybrid
model is compared with GRU and VMD based hybrid ANN
models commonly used in the literature. As a result of the
comparisons, it was determined that the JAYA-ANN model
was superior to the other models in terms of prediction
accuracy.

The following inferences were obtained from the
estimation results made in the summer period using the data
set:

» As a result of the prediction using the ANN, the
MAPE, RMSE, and MAE values were obtained as
19.59%, 33.85 MW, and 4.91 MW, respectively. The
ANN-based prediction yielded improvements of
41.08%, 49.47%, and 58.97% in MAPE, RMSE, and
MAE, respectively, compared to the persistence
reference model.

» The hybrid VMD-ANN model achieved MAPE,
RMSE, and MAE values of 17.04%, 27.29 MW, and
4.16 MW, in order. Compared to the persistence
reference model, the VMD-ANN approach resulted
in performance improvements of 48.75% in MAPE,
59.26% in RMSE, and 65.21% in MAE.

» Utilizing the GRU-ANN hybrid model for wind
power forecasting resulted in MAPE, RMSE, and
MAE values of 14.08%, 25.53 MW, and 3.15 MW,
in turn. Compared to the persistence reference model,
this hybrid approach led to improvements of 57.65%
in MAPE, 61.89% in RMSE, and 73.66% in MAE.

» The JAYA-ANN hybrid model achieved MAPE,
RMSE, and MAE values of 8.36%, 17.14 MW, and
1.88 MW, respectively, for wind power forecasting.
Compared to the persistence benchmark model, this
hybrid approach demonstrated improvements of

74.85% in MAPE, 74.41% in RMSE, and 84.28% in
MAE.

The following inferences were obtained from the
estimation results made in the spring period using the data set:

» The ANN-based prediction yielded MAPE, RMSE,
and MAE values of 20%, 28.45 MW, and 3.34 MW,
respectively. Compared to the persistence model, this
approach achieved improvements of 52.33%,
39.02%, and 43.96% in MAPE, RMSE, and MAE,
respectively.

» The VMD-ANN hybrid model achieved values of
18.19% for MAPE, 17.06 MW for RMSE, and 2.2
MW for MAE. Compared to the persistence model,
these results indicate improvements of 56.64%,
63.42%, and 63.08%, respectively.

» The GRU-ANN hybrid model yielded MAPE,
RMSE, and MAE values of 15.38%, 16.11 MW, and
2.08 MW, respectively, for wind power forecasting.
Relative to the persistence model, it demonstrated
improvements of 63.34%, 65.46%, and 65.1% in
MAPE, RMSE, and MAE, respectively.

» JAYA-ANN hybrid model yielded MAPE, RMSE,
and MAE values of 12.59%, 15.1 MW, and 1.77
MW, respectively. Compared to the persistence
benchmark model, this approach achieved
improvements of 70% in MAPE, 67.63% in RMSE,
and 70.3% in MAE.

As can be clearly seen from the conclusions summarized
above, the superior performance of the JAYA-ANN hybrid
model over the ANN, VMD-ANN, and GRU-ANN
forecasting models in both summer and spring shows that
hybrid models can be used effectively in wind power
forecasting. Although building and optimizing these models is
often a complex process, the results obtained prove that the
effort is worthwhile.

In wind power forecasting studies, the provision of data
sets constitutes a significant challenge. Therefore,
anonymizing the data sets used will facilitate the comparison
of similar studies and the sharing of data sets. The absence of
any data deficiency in the data set used contributed to the more
accurate prediction results.

Future studies may examine the effect of other air
pollution parameters and the changes of particulate matter
parameters in wind power forecasting. In addition, due to the
limited long-term forecasting studies, the long-term
performance of hybrid models can also be investigated. The
performance of other hybrid models in long-term forecasting
can also be analysed. The findings obtained in this study
provide valuable information that can be used in the
calculation of installation costs and return on investment
periods of new wind power plants.

Considering the superior prediction performance of the
JAYA-ANN hybrid model, it is recommended that this model
be used in new projects and in the improvement of existing
systems.
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