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Abstract: The integration of hybrid renewable energy systems (HRES) has introduced both
opportunities and challenges in managing multisource power systems such as wind and solar.
Accurate forecasting of HRES performance is critical to efficient planning and grid stability.
This paper proposes a data efficient hybrid framework that combines Grey Wolf Optimization
(GWO) for feature selection with Deep Belief Networks (DBN) for predictive modeling. GWO
effectively selects relevant features from high dimensional environmental and system parameters,
reducing computational burden and enhancing learning performance. The DBN is then trained
on the optimized input set to forecast system performance. Two public datasets capturing wind
and solar power production across distinct geographic conditions were used for validation. The
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proposed model significantly outperforms conventional methods, achieving a mean square error
0f 0.0207, RMSE of 0.144, and an energy efficiency of 98.32%. These results demonstrate the
framework’s potential for deployment in smart grid forecasting environments.

Keywords: Computational Intelligence, Deep Belief Network, Grey Wolf Optimization, Hybrid
Renewable Energy Systems, Metaheuristic Feature Selection, Smart Grid Forecasting
Categories: H.3.1,H.3.2, H.3.3, H.3.7, H.5.1
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Abbreviation |Description

ANN _PSO Artificial Neural Networks with Particle Swarm Op-
timization

ANNR_AO Artificial Neural Network Regression with Adam
Optimization

CNN Convolutional Neural Network

DBN Deep Belief Neural Network

DNN_PSO Deep Neural Networks with Particle Swarm Opti-
mization

FRL Fuzzy Reinforcement Learning

GObNN Genetic Optimization-based Neural Networks

GRU-RNN Gated Recurrent Unit-Recurrent Neural Network

GWO Grey Wolf Optimization

HMAN Hybrid Meta-Heuristic Artificial Neural Networks

HRE Hybrid Renewable Energy

HRES Hybrid Renewable Energy System

KNN K-Nearest Neighbors

MAE Mean Absolute Error

ML Machine Learning

MLP Multilayer Perceptron

NREL National Renewable Energy Laboratory

PCA Principal Component Analysis

RMSE Root Mean Square Error

SoC State of Charge

Table 1: List of abbreviations

1 Introduction

Businesses and government institutions have recently increasingly utilized renewable
energy systems worldwide because of their eco-friendly nature [Qureshi et al. 2022].
The increasing awareness of climate change, and greenhouse gas emissions demands a
sustainable and clean energy source, which leads to the adoption of renewable energy
systems [SAR et al. 2020]. The forecasting of hybrid renewable energy systems is
important to ensure optimal functioning and effective energy utilization [Murugaperumal
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et al. 2020]. The hybrid renewable energy system blends multiple renewable energy
sources, such as solar, wind, thermal, hydro, etc., to attain reliability, and improved
energy efficiency [Jurasz et al. 2019]. Recent studies have suggested that Machine
Learning (ML) techniques have emerged as a powerful mechanism for forecasting the
performances of hybrid renewable energy systems [Rangel-Martinez et al. 2021]. The
ML-based prediction techniques influence the characteristics of ML algorithms such
as regression models, decision trees, support vector machine (SVM), neural networks,
etc., to learn patterns and interconnections between the data, ensuring precise predictions
based on the historical and real-time data collected from the hybrid renewable energy
systems [Zhu et al. 2020, Sharma et al. 2022, Farooq et al. 2021]. The ML approach
examines factors like energy production, weather conditions, load demand, etc., to offer
valuable insights into the expected performance of hybrid renewable energy systems
[Arsad et al. 2022]. Fig. 1 illustrates the architecture of the ML-based performance
prediction system in a hybrid renewable energy system.
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Figure 1: Architecture of ML-based prediction model

Integrating ML algorithms to forecast the performance of hybrid renewable energy
systems provides various benefits [Al-Othman et al. 2022]. It helps the system to deter-
mine complex relationships and interconnections between the factors affecting the system
outcomes, whereas the existing techniques face challenges in examining the complex
nonlinearities and non-obvious patterns of hybrid renewable energy systems [Naik et al.
2022]. Moreover, ML techniques can process and handle massive volumes of data, en-
abling the system to analyze and forecast comprehensively [Li et al. 2021]. Furthermore,
the introduction of ML approaches induces false positives, and false negatives (errors)
in the prediction analysis because of the huge training process [Kuradusenge et al. 2020].
This results in inaccurate predictions and reduces the system’s performance. Therefore, to
resolve these issues in the ML-based prediction models, various optimization techniques,
such as grey wolf optimization, whale optimization, etc., are integrated into the ML
algorithms to optimize the training process, thereby, reducing the errors in the prediction
process [Zhang et al. 2022, Lu et al. 2021, Lipu et al. 2021]. Although the integrated
hybrid mechanism minimized the error and enhanced the prediction accuracy, they face
challenges such as computational complexity, and scalability. Furthermore, the existing
algorithms such as software model for maximum power production in energy systems
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[Al-Janabi & Al-Janabi 2023], fuzzy reinforcement learning [Hasmat & Yadav 2021],
improved gated recurrent unit-recurrent neural network DL-based prediction model for
hybrid energy systems [Shalini & Revathi 2023], face problems like difficulty in dataset
training, increased computational time, and cost, and their system performance depends
on the quality of the input dataset.

HRES combines loads, storage systems, and various energy sources such as solar,
wind, hydro, etc. all of which have unique dynamic conditions [Alabi et al. 2022]. Addi-
tionally, complex modelling methods are necessary due to the nonlinear and frequently
poorly understood interactions among the components. Here, the systems become more
complex when they are scaled up, especially in prediction and optimization models.
Demand forecasts are made more unclear by the fact that user behavior affects energy
consumption patterns [Ghandehariun et al. 2023]. The nonlinear and dynamic behavior
of HRES is frequently not captured by linear and rule-based models. Neural networks
and other predictive models are susceptible to overfitting when trained on sparse or noisy
data [Bhutta et al. 2024]. Conventional optimization techniques like particle swarm opti-
mization and evolutionary algorithms can become trapped in local optima and produce
less-than-ideal predictions [Zhou et al. 2020].

To overcome these issues, this paper proposes an effective, optimized ML-based
framework to predict the performances of a hybrid renewable energy system. The main
contributions of the presented research work are described as follows:

Develop a hybrid renewable energy (HRE) system and collect performance informa-
tion such as solar incidence, wind speed, and power output. Then, preprocess the
collected data and extract relevant features.

Apply the fitness function of the GWO algorithm to select the optimal features from
the extracted feature set; this decreases the input data dimensionality and enhances
prediction efficiency.

Train the DBN model using the selected optimal features to predict the performance
of the HRE system for new input data.

Evaluate the outcomes of the proposed framework in terms of MSE, RMSE, coeffi-
cient of determination, and accuracy, and validate the results with existing prediction
algorithms.

The organization of the presented research work is sequenced as below; the research
articles related to the developed framework are described in section 2, the proposed
hybrid framework is explained in section 3, the outcomes of the proposed methodology
were analyzed in section 4, and the research conclusion is described in section 5. Table 1
summarizes the list of abbreviations used in this paper.

2 Related Works

The remarkable evolution of various industries creates a demand for sustainable energy
systems.

Currently, renewable energy sources are utilized to power the industrial sectors, and
to predict the performance of the hybrid renewable energy system, many researchers
have reported their works. For example [Al-Janabi & Al-Janabi 2023] presented a
software design for generating maximum power from the energy system. This method
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works by predicting the performance of the renewable energy system using the multi-
parameter objective function of the gradient boosting algorithm. However, implementing
the developed software model is complex and prone to overfitting problems.

The paper [Hasmat & Yadav 2021] proposed a wind speed prediction algorithm using
fuzzy reinforcement learning (FRL) approach. Initially, the wind speed of the turbine is
continuously measured using the ranker search technique. This measured wind speed acts
as the input to the FRL algorithm, which forecasts the wind speed in the future. Finally,
the performance of the proposed prediction framework was evaluated with traditional
models. However, the robustness of the developed framework heavily depends on the
availability and quality of training data.

The work [Shalini & Revathi 2023] proposed an innovative DL-based prediction
model for hybrid energy systems. This model integrates the convolutional neural network
(CNN) and bidirectional long short-term memory (LSTM) to accurately predict power
output in the hybrid energy system. In this framework, the solar and wind power sources
act as the input sources of the hybrid energy mode. The presented works were modeled in
the MATLAB software, and the results are validated. However, training this integrated
mode was computationally intensive.

In the paper [Xia et al. 2021], a performance prediction algorithm using the improved
gated recurrent unit-recurrent neural network (GRU-RNN) is proposed. This model was
developed to predict renewable energy production and electricity load using historical
power production data. The improved architecture of GRU-RNN improves the training
process and minimizes the computational complexity effectively. However, this method
does not consider the uncertainties of renewable energy sources.

Although solar energy forms the cleanest energy source for power generation, its in-
termittency characteristics cause unstable functioning of the power systems. The research
work [Li et al. 2020] presented a hybrid framework for forecasting solar power output.
This approach integrates the attributes of CNN and LSTM to leverage uncertainties
in the system, enabling accurate power prediction. This model was validated with the
real-time data collected from the solar plant located in Limberg, Belgium. However, it
faces interpretability because of the integration of different models.

Recently, soft-computing-based energy prediction has earned more attention because
of its efficiency in addressing the intermittency characteristics of renewable energy
systems. The work [Khan et al. 2020] designed a machine learning approach to predict
energy consumption. This technique utilizes the SVM and multilayer perceptron (MLP) to
predict energy production by examining the historical energy system data. However, this
method requires a massive dataset to train the ML models, increasing the computational
cost of the system.

The intermittency and unpredictable characteristics of the renewable energy system
led to unstable power generation. Therefore, to resolve these issues, the authors in [El-
Aziz & RMA 2022] presented a hybrid ML model to predict the power outcomes of
renewable sources accurately. This developed model combines the CatBoost approach,
MLP, and SVM to improve the system performance and prediction efficiency. However,
this model requires continuous maintenance, and its effectiveness depends on the quality
of the training dataset.

In solar power systems, energy production heavily relies on weather conditions
such as rainfall, temperature, wind, humidity, etc. Chakraborty et al. [Chakraborty et al.
2023] developed an ensemble-based ML technique for predicting the power production
in solar power systems, considering the intermittency and variable nature of weather
conditions. The developed model was trained, validated, and tested with the real-time
dataset gathered from the solar power system placed in the Eastern India region. This



Altherwi A., Alam M.M., Abushaega M.M., Azyabi A., Hamzi A., Hassan S., Khan A.L: Grey Wolf ...

453

method attained 96% accuracy in forecasting the solar power output. However, this
model is computationally expensive, particularly when training and predicting with large
datasets. Table 2 represents a Research Gap of above mentioned works in the context to
their core contribution, techniques used, and associated advantages.

# |Author name Techniques Advantages Research Gap
1 |[Al-Janabi & Al{Software design Lower computational Complex and prone to
Janabi 2023] burden overfitting problems
2 EHasmat & Yadav|FRL forecasts the|Robustness of the devel-{Heavily depends on the
021] wind speed in the|oped framework availability and quality of]
future training data
3 |[Shalini & Revathi|DL-based prediction|Higher accuracy and en-| Training this integrated
2023] model for hybrid en- hance the renewable en-mode was computation-
ergy systems ergy system ally intensive
4 |[Xiaetal. 2021] |GRU-RNN Improves the training|This method does not con-
process and minimizes|sider the uncertainties of]
the computational com-{renewable energy sources
plexity effectively
5 |[Li et al. 2020] CNN and LSTM This model was vali-Faces interpretability be-
dated with the real-time|cause of the integration of
data collected from the|different models
solar plant located in
Limberg, Belgium
6 |[Khan et al. 2020] |SVM and MLP Predict energy produc-This method requires a
tion by examining the|massive dataset to train the
historical energy system|ML models, increasing the
data computational cost of the
system
7 |[El-Aziz & RMA|Hybrid ML model |Improve the system per- This model requires con-
022] formance and prediction|tinuous maintenance, and
efficiency its effectiveness depends
on the quality of the train-|
ing dataset
8 |[Chakraborty et al|Ensemble-based ML|This method attained|This model is computa-
2023] technique 96% accuracy in fore-tionally expensive, par-
casting the solar power |ticularly when training
output and predicting with large
datasets

Table 2: Research Gap

In summary, the existing investigation demonstrates that industrial sectors are mov-
ing significantly toward using renewable energy sources, with a particular emphasis on
creating precise performance prediction models for hybrid systems. This shift promotes
environmental sustainability and provides financial benefits that may encourage addi-
tional industry adoption. Also, the models are highlighting the necessity of sophisticated
modelling methods that can precisely predict energy production from various energy
sources in a range of circumstances. This involves integrating optimization methods
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with ML algorithms to improve system efficiency and predictive power, etc. Because
switching to renewable energy reduces operating costs and dependency on unstable fossil
fuel markets, it can eventually result in cost savings.

3 Proposed GWO-DBN Model

In this paper, a hybrid GWO-DBN is proposed for the prediction of hybrid renewable
energy system (HRES) performance. This method integrates the grey wolf optimization
(GWO) [El-Aziz & RMA 2022] and the deep belief neural system (DBN) [Chakraborty
et al. 2023]. The proposed method involves data pre-processing, feature extraction and
selection, and performance prediction. Initially, the HRES performance dataset, including
the environmental and system performance parameters such as solar incidence, wind
speed, temperature, power output, etc., was collected and fed into the system. In the data
pre-processing phase, the collected dataset was processed to eliminate errors and missing
values in the dataset. This helps to enhance dataset quality and minimize training flaws.
Further, the relevant features are extracted from the filtered dataset to capture important
characteristics and patterns affecting system performance. The systematic structure of the
proposed methodology is presented in Fig. 2. Then, the GWO fitness solution was applied
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Figure 2: Proposed methodology

to select the most relevant features from the extracted features. Here, the features are
extracted for initializing the fitness of each wolves and determined based on the objective
function. Here, wolves move according to the search space, balancing exploitation as
well as exploration functions. This helps minimize the input data’s dimensionality and
increases the prediction efficiency. These selected features and the corresponding system
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performance data are utilized to train the DBN model. The DBN model was developed
to examine the complex relationship between the input features and the system output.
Moreover, before performing the DBN layer process initially identifies the input data as
sequences, images, or tabular data. Then, pre-process the data and normalize the input
data for handling the missing values. Then, the input layer of the DBN has neurons,
so the corresponding features are allocated to each neuron. After that, verify the input
dataset and neurons are equal to be in features. According to the neurons, decide the
number of hidden layers to solve the complexity-dependent issues. Consequently, selects
the activating function and the final output is displayed in the output layer. Thus, for
each incoming input data sequence, the system predicts the performance of the HRES
using the trained DBN model.

In HRES model, combining GWO with DBN paradigm can effectively increases the
prediction accuracy, lowers computing complexity, permits multi-objective optimization,
offers applicability across various energy sources, and strengthens system resilience.
Consequently, this collaboration provides effective outcomes to contemporary energy
problems while also advancing theoretical understanding. In renewable energy systems,
hybridization enables the simultaneous pursuit of several goals, such as reducing power
loss and increasing output efficiency performances. In a hybrid model, the GWO method
may efficiently search the solution space for the best locations and dimensions for
distributed generating units, enhancing system performance as a whole. GWO’s versatility
in optimizing DBN parameters makes it appropriate for various setups and operational
circumstances, increasing its usefulness in practical applications.

3.1 System Model

The system model involves designing a hybrid renewable energy system integrating
solar and wind sources. This system includes elements such as solar panels, wind turbine
systems, energy storage, and power management systems. The solar energy generation
module contains photovoltaic (PV) panels, which transform sunlight into electricity. The
power generated by the PV module is formulated in Eq. (1) [Jallal et al. 2020].

Pyolar = (Are) nx SR X Spf (1)

where P defines the power generated by the PV module, 7 is denoted as solar
panel’s efficiency, A, refers to the panel area, which denotes the surface area of the
solar panels used in the PV module, S, indicates the solar irradiance representing the
intensity of sunlight, and S,y denotes the solar panel efficiency indicating the ability of
the solar panel to convert the sunlight into energy. Similarly, the wind turbine system’s
wind power is expressed in Eq. (2).

Pwind:%xéxAdeS?’xPcf )

where Py, 4 denotes the power generated by the wind turbine, § represents the air
density, A, is denoted as swept area representation of turbine blades, W indicates the
wind speed, and P refers to the power coefficient. The power output of the wind turbine
is primarily influenced by the wind speed and turbine-specific parameters such as swept
area, power coefficient, and rotor characteristics, which define the turbine’s power curve.
To maintain computational tractability, the solar and wind generation models assume
ideal conversion. However, real-world HRES systems experience conversion losses due
to inverter inefficiencies and battery storage degradation. While these effects are not
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explicitly modeled in this work, a loss coefficient nloss can be introduced in future
studies to capture such system-level inefficiencies.

Furthermore, although panel tilt and azimuth are implicitly captured in the dataset,
architectural details such as the number of PV panels, inverter rating, and turbine rotor
diameter were not available in both datasets. These variables, if provided, would allow a
more detailed parametric modeling. The absence of these inputs is noted as a limitation,
and future work will aim to incorporate a full physical HRES stack with sensor-driven
parameterization.

The total power generated by the HRE system is the sum of energy produced by solar
and wind energy systems, and it is given in Eq. (3).

Proy = Pyolar + Puwind (3)
where Pr,; denotes the total power generated by the HRE system.

Panel efficiency is assumed constant at 18%, and air density at 1.225kg/m?, in
accordance with standard engineering practice under nominal operating conditions.
These assumptions are applied uniformly across datasets to ensure consistency in model
training. While real-world conditions may introduce variability in these parameters due
to temperature, altitude, or system aging, their impacts are addressed in the limitations
section and earmarked for integration in future iterations of the model. Additionally,
recent studies have examined predictive modeling for hybrid energy systems [Salem
et al. 2022], solar photovoltaic simulation methodologies [Kumar et al. 2018], and the
impact of input data variability on HRES sizing and optimization [Alberizzi et al. 2020].

In real-world environments, parameters such as air density, solar panel efficiency,
and ambient temperature rarely remain constant. As a result, relying on fixed values
in the energy estimation process can reduce the accuracy of the model under dynamic
environmental conditions. To improve the predictive reliability of HRES forecasting, it
is important to incorporate system losses and environmental variability into the model.
Specifically, battery storage and inverter subsystems introduce nonlinear losses that
significantly impact the usable power during energy conversion. These effects are ac-
knowledged as limitations of the current model and are targeted for enhancement in
future work.

The power generated by the HRE system is stored in batteries to balance power
generation and demand. The power flow into/out of the storage module is based on the
battery’s state of charge (SoC). The performance prediction framework aims to forecast
the outcome of the HRES based on environmental factors and historical power generation
data [Khan et al. 2020]. However, the power production pattern of the power generation
variation is mainly due to the inherent variability in their energy sources. The solar power
is generated from the radiant energy of sunlight, which varies based on the factors like
time, season, cloud, etc. On the other hand, the power production by wind power is
influenced by automatic pressure, wind speed, wind directions, local weather patterns,
etc. (see Fig. 3).

These two sources fluctuate over time in accordance with the climatic and atmo-
spheric conditions. In addition, the infrastructure design also has a greater influence
on power production patterns [Min et al. 2022]. The factors like solar panel count, ro-
tor diameter, panel efficiency, etc., influence the overall power production in HRES.
Therefore, understanding these factors is significant for optimizing the performance of
the HRES. Hence, we developed an optimized hybrid prediction model, which exam-
ines the correlations and patterns within these parameters for accurately predicting the
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Figure 3: Modified System model

performance of HRES. This complementary nature of wind and solar power module
enhances the reliability of HRES systems but needs optimal forecasting strategies to
regulate its functioning for improving energy production. The prediction model should
consider unique temporal and spatial dynamics of wind and solar modules for accurate
forecasting. However, the existing studies have considered unified modeling approaches
that fail to fully capture the distinct temporal variability and correlation patterns of wind
and solar energy sources. But the proposed model considers distinct characteristics of
wind and solar sources through effective feature selection, which returns fine-grained
input characteristics replicating exact scenarios of wind and solar modules.

3.2 Data Collection

Initially, the hybrid renewable energy system was set up to collect the data for perfor-
mance prediction. The integrated renewable energy system combines solar and wind
turbine systems. The data gathering involves collecting weather, solar, wind, energy
production, and historical grid data. For collecting the data on solar incidents normally
includes radiation sensors which are the devices for measuring the solar energy. These are
consist of spectral distribution, solar angles, solar parameters, solar irradiance, etc. more-
over, quality of assurance as well as calibration is the important concerning for ensuring
the accuracy of the collected data. Weather data collection includes the accumulation
of weather information in the installed location of the HRES. This data includes solar
irradiance, wind direction, temperature, wind speed, atmospheric pressure, humidity, etc.
[Jallal et al. 2020]. The Solar data collection involves accumulating information related
to solar plants such as tilt angle, orientation, number of panels, solar panel efficiency,
etc. The wind data collection includes gathering information regarding the wind turbine,
such as wind speed, power curves, rotor diameter, and turbulence intensity. The energy
production data involves collecting historical energy production data over some time
(hourly or daily measurements) from the HRES. During the data collection various
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kinds of features have been recorded to categorize the solar radiations and its patterns.
Here, we are taken feature like irradiance, global horizontal irradiance, diffuse horizontal
irradiance, solar angles, sunshine duration, cloud cover, wind speed and that direction.
The historical grid data collection includes accumulating parameters like current, power,
grid demands, and other relevant measurements. This collected information is fed into
the system for further processing. The mathematical formulation of data set initialization
is represented in Eq. (4).

ID[Hres] - {levaZaDwS;Dw4a~~';Dwd} (4)

where I p indicates the data initialization function, H,.. refers to the collected dataset,
D,, denotes the data present in the dataset, and represents the total number of data present
in the dataset. This collected data may contain errors or missing values; therefore, it is
important to standardize the dataset before prediction analysis.

Moreover, system representation has fundamental input variables such as panel
efficiency and solar irradiance to enhance the structural factors of the additional environ-
mental using Eq. (5).

E; = S; - [cos(¢n — ¢i) - cos(p — ;)] ()

where, ¢,, and ¢; is denoted as solar incident angle as well as solar panel tilt angle
respectively. Moreover, ¢ and ¢; is represented as solar azimuth angle as well as solar
panel azimuth angle respectively. Therefore, the total power generated by the solar
system is termed as Eq. (6).

Psolar = n(PV) . (Are)n X SR X Ei (6)

where, n(PV) is denoted as PV panels. by integrating this parameters can effectively
enhances the prediction model as well as energy generation condition under varying
optimization function.

3.3 Data pre-processing and Feature Extraction

Data pre-processing defines the process of cleaning the collected raw dataset by managing
the missing values, noises, and errors present in it. In the developed model, the K-Nearest
Neighbors (KNN) imputation approach was utilized to handle the missing values, outliers,
and errors present in the input dataset. Initially address the missing values in the dataset
for identifying the missing values from the irradiance data. Then, apply the KNN strategy
for managing the missing data, for example removal, imputation, well as interpolation.
Consequently, quality control verification is enabled or cross validate the consistency of
data values. The data-pre-processing based on KNN imputation not only removes the
errors but also enhances the standard and quality of the dataset. Also, smoothing filters
such as gaussian filters are used to control the noise and random fluctuations from the
environmental data. In addition, Z-score normalization was applied to identify the outlier
which can eliminate the data points while decrease the training performance. Then strong
temporal dependencies are aggregated depends upon the high frequency fluctuations
which ensure the training batches while modeling the power output and energy demand
system. Further, a feature extraction was performed to extract the important features
from the pre-processed dataset. Here, the feature extraction was carried out using the
Principal Component Analysis (PCA), which enables the system to extract important and
relevant features for the prediction process. The primary objective of this algorithm is to
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minimize the dimensionality of the pre-processed database while preserving the most
important and significant attributes and information. Firstly, the pre-processed database
is standardized to confirm that all attributes have a mean of 0 and a standard deviation
of 1. Secondly, the covariance matrix of this database was determined, which captures
the interconnections and relations between the present features. Further, eigenvalue
decomposition was performed on the covariance matrix, which provides eigenvectors
and eigenvalues. The eigenvectors indicate the directions of maximum variance in
the database, while the eigenvalues measure the amount of variance offered by each
eigenvector. Finally, the eigenvectors are arranged in accordance with their eigenvalues.
The high eigenvalue indicates the principal element. In the proposed work, we extracted
24 features by applying the PCA technique to the pre-processed database. Then, the
extracted feature sequence is fed into the feature selection module, where GWO was
utilized to select the most relevant and highly significant features.

3.4 Feature Selection

Feature selection is an important step in the proposed prediction framework. In the
proposed work, the feature selection step was done by applying the Grey Wolf Op-
timization (GWO) technique. The GWO is a nature-inspired optimization technique
developed based on the social behavior of the grey wolves to solve the optimization
problems. Here, it is used as main feature selection method because it demonstrates
optimal exploration and exploitation abilities for high-dimensional feature spaces found
in Hybrid Renewable Energy Systems (HRES) performance prediction models. The
GWO utilizes its leader-based hunting mechanisms from grey wolf social hierarchy to
dynamically adapt to solution landscapes while avoiding premature convergence issues
and parameter tuning requirements, which is a prominent issue in GA approach. On the
other hand, PSO-based feature selection model typically achieves rapid convergence
yet its velocity-based update mechanism makes it vulnerable to local optima when op-
erating in complex search spaces, which can be resolved by GWO as it exhibit greater
balance between exploration and exploitation capacity. Thus, the GWO demonstrates
better global search abilities which lead to its ability to find optimal feature subsets with
maximum relevance and minimal redundancy. The utilization of GWO decreases the
number of features in training and helps in achieving better prediction accuracy and
energy efficiency. This module accepts the feature sequence containing 24 attributes as
input, and processes to select the most significant attributes. The optimization begins
with the initialization of the grey wolf population in which each grey wolf indicates the
candidate solution for the optimization problem. In case of feature selection, the grey
wolf population indicates the extracted feature sequence, and each wolf represents the
subset of feature (particular feature). The primary concern of introducing this optimized
feature selection model is to minimize the computational overhead of the prediction
model by reducing or eliminating the irrelevant features from the database. After the
initialization process, the next step is to determine the fitness value of each candidate
solution. The fitness value was determined based on the objective function. The objective
function is to reduce the computational overhead or training time of the prediction model.
If the training time of the prediction model is low, the fitness value will be high and vice
versa. The fitness solution of the GWO is expressed in Eq. (7).

FGWO[st] = K(E.%’f) (7)

where Faw o indicates the GWO fitness solution, « denotes the fitness function(train-
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ing time), 'z ¢ represents the extracted feature set, and Sy, refers to the selected subset
of features. Training time is considered as the fitness function which can reduce the com-
putation complex as well as enhance the computational efficiency. Here, performance
of the model and predictive accuracy does not varied and minimized. Moreover, the
objective function defined as to optimize the speed rather than generalizability. Also, the
fitness solution of GWO refers to the fitness value of the feature subset obtained from the
fitness function. After defining the fitness function, the GWO approach identifies the top
three grey wolves with the highest fitness values (feature set with greater fitness values).
These three grey wolves act as leaders and guide the search operation for better solutions.
Further, the position of these grey wolves (a* 5* and *) is updated and formulated in
Eq. (8), (9) and (10).

Pa*(n+1) = Pa*(n) — A% Ra* (8)
Pae(ny1) = Ppe(n) — A * Rp- ©)
PR/(nJ’,l) = PA/*(n) — A R,y* (10)

here Py« (n), Pg=(n) and P,-(,) denotes the position of a*, 3* and v* in the n*
iteration in the search process, R, i3~ and R, represents the random vectors, and A
denotes the coefficient, which controls the exploration process. Further, the position of
other wolves (other than («* 5* and v*)) is updated, and is expressed in Eq. (11) and

(12).
P(n+1) :P(n) +)‘(Poc* - (le *Dl))+)\(P5* — (TdQ*DQ))—‘r

A (Py+ — (rds * D3)) (11)

P(n—i—l)(Enod) =al, + ﬂcf (12)

where P, ;1) indicates the updated position of the other wolves, P, refers to the
current position of the other wolves, FP,«, Pg« and P,- represents the position of a*, 8*
and v*. Additionally, rd;, rds and rds denotes the random vectors, which range from 0
to 1, and D1, D, and Ds represent the direction of movement of the wolves. Moreover,
Py (Fimoa) is denoted as modified fitness function with respect to feature vector, T,
is referred as objective value in terms of training error, C'y is represented as correlation
pairwise parameter among the selected feature set and « and 3 is weighting factors
which can balance the accuracy of the model. In this study, the values of the weighting
coefficients were selected based on grid search and validation performance. The final
weights were set as: a = 0.6 (emphasizing prediction accuracy via MAE), 5 = 0.25
(penalizing feature redundancy), and v = 0.15 (minimizing computational cost). These
weights balance the trade-off between generalization, efficiency, and feature compactness.
Here, )\ are acts as a regularization balancing factors which is trade-off among the fitness
function during the GWO feature selection performance. Moreover, the observed range is
between 0.1 to 1.0 therefore, the computation time, selected features and model accuracy.
Consequently, the main of this feature selection by applying GWO model is to predict
the subset features from the original features. Therefore, minimization of computation
cost as well as redundancy while improves the classification accuracy. Also, defined the
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optimization objective problem using Eq. 13.

max, min F(F,) = pA(F,) — vR(F,) — 7|(Fy)] (13)

here, min LS Fy(Fs) < max KN

also, (Fy) € {0,1}"

where, F'(F;) is denoted as selected features set parameter representation; consequently,
selected feature set such as weighting factor with respect to accuracy A (Fy), weighting
factor with respect to redundancy v R(F}) and weighting factor with respect to computa-

tional cost 7|(F})|, min L, is denoted as minimum threshold level, max —» is referred as
maximum threshold level and Fy (F}) is expressed as fitness values in terms of accuracy,
computation cost and timing. Thus, the position of each grey wolf in the population is
updated. Moreover, it is significant to handle the feature set approximately if the updated
position of the gray wolves exceeds the feature space boundaries. Here, to ensure the
stable and effective convergence based on the feature selection stage, by applying the
GWO algorithm. So, fitness function and search space parameters are regularized and
bounded due to the binary vector which indicates 1 to selected criteria and 0 to the
not selected condition. Moreover, regularization is applied via the fitness module by
penalizing with larger subsets, which is 3(F), and redundant feature penalizing with
R(F). This regularization module is used to processed the local optima sparsity. This is
obtained by restricting the position of grey wolves within the valid range. Then, estimate
the fitness of the updated feature sets. If the fitness of the updated feature set is greater
than the threshold value, it is selected for model training. It is formulated in Eq. (14).

s =

{Selected if (Fupy > Tra) (14)

Not selected else

where F; denotes the feature selection variable, F),,¢ indicates the fitness of the
updated feature sets, and 7.4 represents the threshold range of fitness value, which range
between 0.9 to 1. To enhance the robustness of the feature selection process we used the
empirical threshold range as 0.9, which is used for selecting the feature subset during the
cross-validation interval. Here, the empirical thresholds 0.8, 0.85. 0.9, 0.95 is validated
under the final selection condition for unseen data. This process is repeated continuously
until the maximum number of iterations (It max) is reached. Thus, in this process, the
feature set with the greatest fitness value is selected and the features with minimum fitness
are discarded. This process not only reduces the computational overhead of the prediction
model, but also minimizes the data dimension. In addition, this helps to improve the
prediction accuracy of the model by making it easier to concentrate on the important
features during the training process. These selected features serve as the input for the
DBN algorithm in which the patterns and interconnections of power production can be
learned to make accurate predictions. By applying the GWO-based feature selection, we
selected 13 attributes from the extracted feature sequence. The selected features include
solar irradiance, wind speed, wind direction, sunshine duration, cloud cover, solar panel
efficiency, number of solar panels, grid humidity, wind turbine rotor diameter, solar
angles (zenith angle and azimuth angle), tilt Angle of solar panels, orientation of solar
panels, PV output, battery state of charge, load demand and turbulence intensity.
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3.5 DBN Training

A DBN is a kind of deep learning approach, that integrates the power of unsupervised
learning and deep neural networks. This is the optimal feature selection algorithm to
enhance the generalization and computational efficiency and reduce the over-fitting
problems. Moreover, HRE performance was integrated with this designed validation for
reducing the feature space of the managed DBN’s predictive accuracy. Consequently,
robustness and generalization include statistical performance, model stability assessment
and valuation of unseen data under the training time. Moreover, the DBN consists of
multiple layers of Restricted Boltzmann Machines (RBMs) arranged on top of each
other. In the proposed work, the DBN model was trained using the most relevant features
selected by the GWO process. The DBN model training involves a pre-training phase,
fine-tuning phase, and a performance prediction phase. The pre-training phase was
designed to initialize the biases and weights of the DBN architecture. Here, each layer
of the DBN is trained individually as the RBM. The energy function of the RBM is
expressed in Eq. (15).

Er Ly, Hy) = "W Hy — I Iy — InHy (15)

here, Er denotes the energy function, H; refers to the hidden units, I, represents
the selected input feature set, W, defines the weight matrix interconnecting the input
feature set and the hidden units, I, refers to the input data biases, and I}, indicates the
hidden units biases. The RBM training includes two phases, namely, the positive and
negative phases. The positive phase of the RBM determines the activations probabilities
of the hidden units applied to the input data and it is represented in Eq. (16).

Ay =0 (WL + 1) (16)

where Ay, defines the activation probabilities of the hidden units. The negative phase
of RBM training estimates the reconstruction probabilities of the input feature sets, and
it is formulated in Eq. (17).

Cpp =0 (WL + 1) (17)

where Cp,, indicates the reconstruction probabilities. Further, the weights and biases
of the RBM are updated by applying the contrastive divergence approach, which is
determined Eq. (18), (19) and (20).

Wi =np (Ipf1H£ - IpmedTm) (18)
Iy = p(Ippr — Ippm) (19)
Iy = p(Hy — Him) (20)

where W}, I and I;; denotes the updated weight matrix, updated input feature bi-
ases, and updated hidden biases, respectively, refers to the learning rate, and defines
the input feature set and hidden units after sampling. The pre-training was carried out
in a layer-by-layer manner, iteratively from the input to the hidden layers. Once the
pre-training phase was completed, the DBN model was initialized with the updated and
learned weight matrix and biases for fine-tuning. This fine-tuning of the DBN design
was carried out to optimize the DBN network by training it using the labeled data as a
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supervised model.

The final loss function used for supervised fine-tuning of the DBN is given by Eq.
(21).

1o, .
L= G —v:)’ + MW @1
=1

where, y; is the predicted output, y; is the actual target value, W are the learned
weight in DBN, ) is the regularization coefficient (e.g., 1x1074%).

This objective function minimizes the mean squared error (MSE) while penalizing
large weights via an L2 regularization term. The regularization coefficient A was selected
through grid search, with an optimal value of 1x10™#! that achieved the lowest validation
loss. The DBN architecture is shown in Fig. 4.
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Figure 4: DBN architecture

In this phase, the DBN was entirely trained to reduce the loss function, which de-
termines the deviation between the predicted and actual HRES performances. The loss
function stating the variation between the actual and predicted performances is repre-
sented in terms of MSE and it is formulated in Eq. (22).

1
LE = N YAy -PB)+ad ¢ (22)

where L, indicates the loss function, N defines the number of training samples,
Ay, refers to the actual performance, and P, denotes the predicted performance and o
is denoted as a regularization coefficient function which is controlled by a magnitude
squared parameter as qj2-. Here, mitigation of overfitting is performed DBN using the
regularization term in Eq. (17). Moreover, the model was assigning the core objective
generalization solution to reduce the prediction error. Also, regularization inserts the
parameters that mitigates the complexity of the developed model. The gradients of the loss
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function were determined and the weight matrix and biases are updated iteratively using
the back-propagation approach. The trained DBN model was further utilized to predict
the performances of the hybrid renewable energy system for the new input sequence.
The forward pass equation for the prediction process is equated in Eq. (23).

Lat1 = p(WeiLat1—1 + Ba1) (23)

here, L,;; indicates the layer 1 activation, Wy represents the layer 1 weight matrix,
B, refers to the layer 1 bias vector, and p defines the activation function.

Start

|
Design HRE System

Data collection f Proposed GWO_DBN
Data pre-processing GWO Initialization

Fitness calculation

Feature selection

S ised fine-tuning .
Pl SR L DBN model training

Performance prediction

It=Itmax — |

Stop

Figure 5: Flowchart of the developed model

The performance of the prediction process depends on these weight matrices, ac-
tivation functions, and bias vectors. By continuously updating these parameters and
predicting the performance of the HRE system accurately. Fig. 5. demonstrates the
flowchart of the proposed model. Moreover, the proposed flow is explained in Algorithm
1.

4 Result and Discussion

In this article, a hybrid prediction model was developed to forecast the future performance
of the HRE system based on the collected from the HRE system. This model was trained
and tested with two datasets gathered from real HRES power system. The performance
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Algorithm 1 HRES Power Prediction Procedure

1: Input: HRES database

2: Output: Total power of HRES

3: Initialization:

4: Initialize the database

5: Data preprocessing

6: Feature extraction

7:  Feature selection

8: Define:

9: Population size of GWO, maximum iterations
10: Objective function (training time)
11: for eachn € [ do
12: Determine fitness value
13: Sort the population based on fitness
14: Determine alpha, beta, and delta
15: Update the population
16: Update fitness
17: if updated fitness > threshold then
18: Select feature
19: else
20: Discard feature
21: end if
22: end for
23: return Selected features
24: DBN Training:

25 Initialize DBN architecture

26 Initialize RBM layers

27 Initialize learning parameters

28 Determine fitness value

29: for each training sample 7; in epoch do
30: Initialize weights and biases

31: Set learning rate

32: Fine-tune DBN layers using backpropagation
33: Determine loss L;

34: Update weights w; and biases b;
35: end for

36: Perform HRES performance prediction
37: Evaluate results

of the proposed model is then estimated in terms of MAE, RMSE, computational time,
energy efficiency, etc., and validated with some existing techniques in the comparative
analysis section.

4.1 Experimental Setup

The presented model was implemented in MATLAB software, version R2022b envi-
ronment. All simulations and training processes were executed on a high-performance
computing system equipped with an Intel Core 17 processor operating at 3.4 GHz, 32
GB of RAM and an NVIDIA RTX 3080 GPU with 10 GB VRAM.
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4.2 Dataset details

The presented model was validated using two datasets. The description for two input
datasets is provided below.

Dataset 1 (D1): This study used historical wind-solar power system dataset gathered
using calibrated sensors installed at the Middle East Technical University (METU) from
January 1, 2023 to December 26, 2023 with a sampling interval of one hour. A GPA-
based Raspberry Pi module used ensures automatic collection and storage of data [Zafar
et al. 2022]. This dataset consists of 8,632 samples, uniformly distributed across all four
seasons, capturing significant impact of the performance of the HRES over different
environmental factors. The main environmental constraints present in this dataset include
wind speed, wind direction, solar irradiance, temperature, atmospheric pressure, humidity,
and precipitation. This dataset is split in the ratio of 3:1 for model training and validation.

Dataset 2 (D2):Wind and Solar Daily Power Production dataset from Kaggle con-
tains hourly records of wind and solar energy production (in megawatts) for the French
electricity grid since 2020 [Wind-solar 2020]. It was created primarily to support the
Commission de Régulation de I’Energie (CRE) in calculating reference prices used in
the additional remuneration system for renewable energy producers. The dataset allows
various machine learning applications, including time series forecasting, anomaly detec-
tion, price signal analysis, performance benchmarking, and policy impact assessment. By
leveraging features like hourly granularity, source types (wind or solar), and date/time
metadata, it helps in modeling renewable energy behaviors and analyzing the effects
of regulatory support mechanisms under external criteria such as weather conditions or
market prices.

4.3 Performance Evaluation

In the performance evaluation section, the training and testing performance of the pro-
posed model were analyzed. Here, the input collected dataset is split into certain ratios
as, 3:1 for training, and testing purposes. Table 3 lists the training constraints.

The training accuracy defines the rate of exactly predicted values using the DBN
on the training dataset. This measures how well the designed model fits the training
data. The high training accuracy demonstrates that the developed model is effective
in understanding and capturing the complex patterns and relationships present in the
training dataset. Similarly, the testing accuracy represents the rate at which the system
correctly predicts the values using the DBN on the testing data. Moreover, it illustrates
how well the trained model generalizes to new incoming input data. The high testing
accuracy shows that the proposed framework effectively predicts the performance of the
HRES on new instances. The training and testing accuracy of the proposed framework
is evaluated by increasing the number of iterations (epoch) in the system. In the GWO,
initially update the position of wolves such as alpha, bets and delta, then, other wolves are
randomly selecting their own search spaces. After that define the fitness function of each
wolf based on the objective function. Consequently, population size, number dimensions
search spaces and maximum number of iterations are updated based on the features as
well as decision variables. Repeat the iteration until it reaches accurate solutions and
updates the position of main and other wolves for each iterations. Finally, verify the
stopping condition or convergence of each loop. Then, optimal solution is maximized
or minimized based on the objective function. Moreover, to find the minimum value of
cost function, then the optimization problem is minimization problem.
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# |Parameters Specifications
1 |Training samples 1000

2 |Hidden units 3

3 |Hidden layers-1 35

4 |Size of RBM layer [8, 6]

5 |Hidden layer-2 25

6 |Hidden layer-3 15

7 |Batch size 10

8 |Learning rate 0.2

9 |Activation function Sigmoid
10 | Training epochs 50

11 [Training accuracy (initial) |0.25

12 | Training accuracy 0.99

13 |Training loss 0.60

14 | Testing loss 0.72

15 | Testing accuracy (initial) |0.20

16 | Testing accuracy 0.98

Table 3: Training parameters

The proposed algorithms are mainly designed to find the solution that minimizes
the objective function. The training and testing accuracy analysis is displayed in Fig. 6a
and 6b. Here, the accuracy of training and testing data was evaluated by increasing
the number of iterations (epoch) from 0 to 50. From the analysis, it is noticed that both
training and testing accuracy steadily increases and reaches the maximum of 99%, and
98%, respectively. In the initial phase, the training and testing accuracy was low, which
is in the range of 0.25 and 0.20, respectively. On increasing the number of iterations, the
system accuracy increases; this demonstrates that the developed approach quickly learns
the complex patterns on the train data and predicts the system performance effectively on
the test data. On the other hand, the training and testing loss of the proposed model was
analyzed to evaluate the prediction performance. The training loss defines the measure
of how well the developed model fits the training data. It estimates the deviation between
the actual and predicted values. The lower value of training loss indicates that the model
effectively learns to make accurate performance predictions. The testing loss refers to
the measure of the performance of the proposed model on the testing data. Similar to
training loss, it measures the difference between the actual and predicted values in the
testing dataset.

Similar to accuracy analysis, the testing and training loss is evaluated by increasing the
number of epochs from 0 to 300. In the initial stage of iteration, both training and testing
losses are at their maximums of 0.6 and 0.72, respectively. On increasing the number of
epochs, the loss on the training and testing datasets reduces and reaches approximately
0.02 and 0.04, respectively. The training and testing loss analysis is displayed in Fig. 7a
and 7b. From the accuracy and loss evaluation, it is observed that the presented model
attained greater accuracy and a very minimum loss. Here, during the training stage
k-fold cross validation is applied to support the better as well as consistent generalization
ability towards the independent testing parameters such as RMSE, MAE and Predictive
accuracy. Moreover, various input configurations are tested under the initializations as
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Figure 7: Training and testing loss analysis

# |Threshold |Testing accuracy
1 0.1 67.9
2 102 58.71
3 103 72.8
4 104 73.11
5 105 78.9
6 0.6 71.3
7 107 88.9
8 10.8 90.1
9 109 94.3
10 [1.0 93.8

Table 4: Testing accuracy in terms of fitness thresholds
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Figure 8: Actual vs. predicted power curves

well as training conditions for DBN training. This is achieved by continuously adjusting
the training parameters in the proposed model.

The performance evaluation helps to assess the effectiveness and reliability of the
DBN model in predicting HRES performance.

Moreover, complexity analysis is the key operation, which involves activation func-
tions and matrix manipulation for all layers. In the asymptotic analysis the data points
are considered as N layers of the DBN is represented as L, and the neuron of the largest
layer is denoted as O. Therefore, the overall computational complexity is termed as
O(NLM?). The time complexity is determined by the number of operations in the
forward pass. For a single forward pass, it is often linear in the size of the input data.

Here, Fig. 8 mentioned the actual power with respect to the predicted power curves,
this performance forecasts the time in terms of 24 hours. Moreover, the minimal prediction
error was achieved for confirming the model ability. Also, Table 4 shows that the variation
threshold and accuracy measurement ranges.

4.4 Comparative Assessment

In comparative assessment, the performances of the developed model such as mean
absolute error (MAE), root mean square error (RMSE), coefficient of determination,
energy efficiency, and computational complexity are evaluated with some existing
performance prediction models. The existing approaches are utilized as comparison
evaluation. Artificial Neural Networks with Particle Swarm Optimization (ANN_PSO)
model is developed to control the RES in virtual power point mode [Thirunavukkarasu et
al. 2023], Hybrid Meta-heuristic Artificial Neural Networks (HMANN) is developed to
predict the geothermal energy day by day [Hu et al. 2020], Genetic Optimization-based
Neural Networks is introduced to avoid the far possible rate and improve the ability of
the distributed network (GObNN) [Manimurugan et al. 2020], Deep Neural Networks
with Particle Swarm Optimization (DNN_PSO) is proposed to monitor the solar energy
at different training times [Abdolrasol et al. 2021], Artificial Neural Network Regression
with Adam Optimization is suggested to enhance the efficiency of prediction through the
solar thermal energy (ANNR AO) [EV Altay et al. 2022], Genetic Algorithm-assisted
DBN (GA-DBN), Particle Swarm Optimized DBN (PSO-DBN), Convolutional Neural
Network with Recurrent Neural Network (CNN-RNN), and Long Short-Term Memory
with Genetic Algorithm (LSTM-GA).
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Moreover, the selected comparative analysis models are executed under the soft-
ware configurations includes, storage memory abs CPU simulation criteria based on the
training performance. Also, the developed method is particularly designed for HRES ap-
plication with better convergence properties, improved learning rate ability and decreased
computation time.

Recent advancements in adaptive learning for dynamic environments offer comple-
mentary insights to our optimization-driven approach. For instance, the work by [Mohajer
et al. 2025] presents a TD3-based reinforcement learning framework for dynamic of-
floading in mobile edge computing, leveraging traffic-aware network slicing to adapt
in real time to fluctuating service loads. While our model focuses on predictive opti-
mization through GWO and DBN for HRES forecasting, both approaches emphasize the
importance of responsiveness under uncertainty. Incorporating policy-driven adaptation
strategies, such as those enabled by TD3, could be a promising direction for enhancing
model generalizability in fluctuating energy demand scenarios. Ablation analysis of the
pipeline’s core components is presented at the end of this section in Subsection 4.4.9.

44.1 MAE

MAE is a common performance evaluation metric, which defines the average absolute
deviation between the actual and expected outcomes. It offers the measurement of the
average magnitude of the errors computed by the proposed model. The lower rate of MAE
defines greater accuracy and a closer fit between the actual and predicted performance
of the HRES. The formulation of MAE is represented in Eq. (24).
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Figure 9: MAE validation
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1
Map = — Py—A 24
AR NdZ\ v — Ay (24)

where M 4 denotes the MAE, N refers to the total number of samples in the dataset,
Py represents the predicted outcome, and Ay indicates the actual value.

The MAE achieved by the proposed model was compared with some existing tech-
niques such as ANN PSO, HMANN, GObNN, DNN PSO, ANNR AO, GA-DBN,
PSO-DBN, CNN-RNN, and LSTM-GA. The MAE comparison is shown in Fig. 9. The
MAE attained by the existing techniques is 4.056, 4.12, 5.89, 4.68, 4.07, 4.811, 6.39, 4.9
and 5.912 respectively, for D1. But the designed model earned a very low MAE of 0.457,
which refers that the deviation between the actual and predicted outcomes is very small
in the proposed technique. On the other hand, these existing prediction models obtained
MAE 0f 4.123, 4.184, 5.761,4.752, 4.131, 4.884, 6.201, 4.986 and 5.794, respectively,
for D2, while the proposed model achieved a minimal MAE of 0.498. This signifies
that the combination of GWO with DBN enhances the model’s prediction capacity and
lowers error. The GWO algorithm narrows wide input data into a small input space by
selecting only the most influential attributes, and training a DBN with these attributes
reduces the prediction errors, resulting in minimal MSE.

44.2 RMSE

RMSE represents the square root of the average of the squared differences between the
actual and predicted values. The RMSE offers the calculation of the overall accuracy
of the developed model prediction. The lower value of the RMSE defines the accurate
predictive performance of the proposed model. The calculation of the RMSE is formulated
in Eq. (25).

1 2
Ryse =/ — Py — A 25
\/Nd > Py — Ayl (25)
where R refers to the RMSE.

From the performance analysis, it is noticed that the proposed model attained a very
low RMSE of 0.144. Further, to manifest the efficiency of the proposed model, the RMSE
earned by the developed model is compared with existing techniques like ANN_PSO,
HMANN, GObNN, DNN_PSO, ANNR_AO, GA-DBN, PSO-DBN, CNN-RNN, and
LSTM-GA. The RMSE obtained by these techniques is 3.9, 4.27, 5.91, 4.09, 4.07, 4.1,
7.2,4.8 and 5.8 for D1, while they earned RMSE of 3.98, 4.34, 5.78, 4.18, 4.11, 4.22,
7.03, 4.89, and 5.71 for D2. But the proposed strategy earned a lower RMSE of 0.144.
Among the existing techniques, the ANN_PSO obtained less RMSE compared to other
approaches.

However, it is greater than the RMSE achieved by the developed model. The com-
parison of RMSE of different techniques is displayed in Fig. 10. The proposed algorithm
achieved almost zero RMSE, indicating that the deviation between the actual and the
predicted performances is relatively very small. This illustrates its effectiveness and accu-
racy of the developed prediction model. In addition to this, it validates that the predicted
values (power production) by the developed model closely align with the actual observed
values, highlighting the system’s ability to make accurate and reliable predictions. Unlike
traditional prediction strategies, the GWO algorithm optimally identifies and selects only
the most relevant and informative features from the datasets, which reduces deviations in
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Figure 10: RMSE comparison

its training stage by allowing DBN to capture intricate and non-linear interconnections
within the input sequences from the HRES systems. This results in RMSE close to zero
compared to other conventional models.

4.4.3 Coefficient of Determination

The coefficient of determination R? is a performance metric, which defines the strength
of linear interconnection between the predicted and actual system performances. The
formula for the calculation of R? is expressed in Eq. (26).

ESS

2 _
R = (26)

where E, indicates the explained sum of squares (ESS), and T represents the total
sum of squares (TSS). The ESS indicates the deviation in the predicted outcomes relative
to the input features. It is estimated as the sum of the squared difference between the
predicted and mean of the actual values. The calculation of ESS is expressed in Eq. (27).

Ess = Z(PV - Am)2 (27)

where A,, refers to the mean of the actual values. On the other hand, the TSS indicates
the sum of squared differences between the actual value and its mean. It is expressed in
Eq. (28).

Tss - Z(Am - Av)2 (28)

The value R? ranges from 0 to 1, the greater R? value defines the better fit of the
proposed mode to the input data.
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Figure 11: Validation of coefficient of determination

The validation R? attained by the developed model with the existing techniques is
displayed in Fig. 11. The R? attained by the existing techniques such as ANN_ PSO,
HMANN, GObNN, DNN_PSO, ANNR_AO, GA-DBN, PSO-DBN, CNN-RNN, and
LSTM-GA are 0.967, 0.962, 0.938, 0.941, 0.945, 0.91, 0.89, 0.95 and 0.96, respectively
for D1 dataset. Similarly for D2 dataset, these techniques achieved R? 0f0.951, 0.942,
0.921, 0.93, 0.925, 0.89, 0.871, 0.932, and 0.94, respectively. The developed model
attained a greater R? of 0.998 and 0.981 for D1 and D2 datasets respectively, which
describes that the developed model fits the input dataset effectively and predicts the
performance of the system accurately.

4.44 Computational Complexity

Computational complexity defines the time required by the proposed model to perform
training, prediction, and optimization. This metric correlates with the resource utilization
and energy efficiency of the system. The lower computational complexity represents a
more efficient prediction design. The computational complexity of the proposed technique
is compared with existing approaches in Fig. 12. The conventional algorithms such as
ANN_PSO, HMANN, GObNN, DNN PSO, ANNR AO, GA-DBN, PSO-DBN, CNN-
RNN, and LSTM-GA consumed more computational time of 4.19s, 5.34s, 6.41s, 4.60s,
4.23s, 3.61s, 3.01s, 3.6s and 4.2s respectively for D1 and they consumed 5.23s, 6.47s,
7.1s, 5.37s, 5.21s, 4.2s, 4.6s, 3.74s, and 5.4, respectively for D2. But the developed
model consumed very less computational time of 1.17s and 1.22s for D1 and D2 datasets.
This reduction in computational time is because of the optimal feature selection, which
significantly minimized the training time of the DBN model.

The comparison of training time depicts that the presented model consumed less
time of 0.5s and 0.7s for DBN training, while other conventional models consumed high
training time of 2.1s, 2.7s, 3.91s, 2.05s, 2.23s, 1.91s, 1.8s, 3.3s, and 2.2s, respectively
for D1 dataset. Also, they consumed 2.23s, 2.93s, 4.1s, 3.0s, 2.61s, 2.2s, 2.0s, 3.4s, and
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Figure 12: Evaluation of computational time

2.4, respectively for training using D2 dataset. This validates that compared to exist-
ing prediction algorithms, the designed model (GWO-DBN) consumed less time. This
significant reduction is due to the feature/input space deduction by the GWO, making
the DBN training simpler and efficient. Table 5 illustrates the training time of different
models.

Techniques D1 D2
ANN_PSO 2.1 2.23
HMANN 2.7 2.93
GObNN 3.91 4.1
DNN_PSO 2.05 3
ANNR _AO 2.23 2.61
GA-DBN 1.91 2.2
PSO-DBN 1.8 2
CNN-RNN 3.3 34
LSTM-GA 2.2 24
GWO-DBN (Proposed) (0.5 0.7

Table 5: Comparison of training time
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4.4.5 Energy Efficiency

Energy efficiency indicates the effectiveness of the HRES in converting available energy
resources (wind and solar energy) into usable electrical power. It measures the ratio of
the actual energy output of the HRES to the total energy input from renewable sources.
The formula for determining energy efficiency of the system is expressed in Eq. (29).

E,
Enss = <ET> x 100 (29)

Where Er indicates available energy resources, and F,, refers to usable electrical
power.
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Figure 13: Energy efficiency comparison

The energy efficiency of the designed model is evaluated by comparing it with some
conventional performance prediction techniques. The validation of energy efficiency is
illustrated in Fig. 13. Here, the existing techniques like ANN_PSO, HMANN, GObNN,
DNN_PSO, ANNR_AO, GA-DBN, PSO-DBN, CNN-RNN, and LSTM-GA these tech-
niques attained 93.97%, 91.79%, 90.93%, 93.42%, 92.17%, 91%, 89.20%, 95.8% and
93.88% in energy efficiency, respectively for D1 and they consumed energy efficiency
0f 93.23%, 90.47%, 89.1%, 92.37%, 91.21%, 90.24%, 88.6%, 93.74% and 90.4%, re-
spectively. However, the developed model achieved an energy efficiency of 98.32%
and 98.22%, which is greater than the existing techniques. The accurate prediction of
HRES performance prediction enables the power providers to optimally allocate available
resources to the users, resulting in enhanced energy efficiency.
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4.4.6 Prediction Accuracy

The accuracy metric measures how precisely the developed algorithm predicts the per-
formance of the HRES. The higher accuracy value suggests better prediction made by
the system. Here, we compare with the existing models to validate how well the pro-
posed technique predicts the HRES performances (generated solar and wind power). The
existing models used for comparative analysis include ANN_PSO, HMANN, GObNN,
DNN_PSO, ANNR_AO, GA-DBN, PSO-DBN, CNN-RNN, and LSTM-GA. These mod-

[ oID:

Prediction accuracy (%o)

ANN_PSO HMANN GOBNN DNN_PSO ANNR_AO GA-DBEN PSO-DEN CNN-RNN LSTAL-GA Proposed

Models
Figure 14: Accuracy comparison

els obtained accuracy of 95.45%, 96.7%, 92.53%, 93.91%, 93.56%, 92.62%, 88.91%,
94.2% and 91.33% respectively, while the proposed strategy achieved higher accuracy
01 99.74%. On the other hand for D2, these existing models and the proposed strategy ob-
tained accuracy of 93.12%, 94.18%, 91.76%, 92.75%, 92.13%, 90.88%, 85.2%, 91.98%,
89.79%, and 99.49%, respectively. Fig. 14 presents the comparison of accuracy.

From this analysis, it is clear that the proposed approach accurately predicts the
HRES performance than the conventional models. By leveraging the integrated GWO
and DBN, the developed algorithm demonstrates superior performance in forecasting
the HRES performances.

4.4.7 Mean Square Error

Measures the average squared difference between the predicted values and the actual
values. Lower MSE indicates better model performance. The formula for calculating the
MSE is provided in Eq. (30).

Na
MSE = — Y "(Py — Ay)? (30)

i=1
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Models D1 D2
ANN_PSO 15.21 17.23
HMANN 18.22 19.1
GObNN 34.89 36.4
DNN_PSO 16.73 17.37
ANNR_AO 23.91 25.21
GA-DBN 24 27.24
PSO-DBN 34.8 38.6
CNN-RNN 22.82 25.74
LSTM-GA 45.89 46.4
GWO-DBN (Proposed) [0.0207 [0.025

Table 6: MSE comparison

To validate that the proposed approach obtained minimum MSE, it is compared and
validated with the existing techniques like ANN_PSO, HMANN, GObNN, DNN_PSO,
ANNR_AO, GA-DBN, PSO-DBN, CNN-RNN, and LSTM-GA. These conventional
models obtained MSE of 15.21, 18.22, 34.89, 16.73, 23.91, 24, 34.8, 22.82 and 45.89
respectively, while the proposed approach obtained a minimum MSE of 0.0207. Subse-
quently, for dataset 2, these models obtained MSE of 17.23, 19.1, 36.4, 17.37, 25.21,
27.24,38.6,25.74, 46.4 and 0.025, respectively. This illustrates that the developed algo-
rithm precisely predicts the HRES performances and the deviation between the actual
and predicted values is relatively small. Comparison of MSE is shown in Table 6.

From the comparative assessment, it is revealed that the proposed model earned
greater efficiency and minimized the deviation between the actual and predicted perfor-
mances. Furthermore, the performance enhancement score is also determined to find the
effectiveness of the proposed model.

4.4.8 Mean Absolute Percentage Error

MAPE measures the prediction accuracy as a percentage by comparing the absolute
difference between actual and predicted values to the actual values and it is formulated
in Eq. (31).

Ng

1
MAPE = N ;

Existing models including ANN_PSO, HMANN, GObNN, DNN_PSO, ANNR_AO,
GA-DBN, PSO-DBN, CNN-RNN, and LSTM-GA obtained MAPE of 4.55%, 3.3%,
7.47%, 6.09%, 6.44%, 7.38%, 11.09%, 5.8% and 8.67%, respectively, for D1 and they
earned MAPE of 5.43%, 3.89%, 8.62%, 7.19%, 7.94%, 8.75%, 13.6%, 6.5% and 9.87%,
respectively for D2 dataset. But the proposed model obtained minimal MAPE of 0.26%
and 0.34%, respectively, for D1 and D2 datasets. Fig. 15. displays the comparative
analysis of MAPE. This illustrates that the deviation between the actual performance of
HRES and the predicted performance by GWO-DBN model is minimum and negligible,
highlighting the efficiency of combining GWO into DBN.

Avfpv

i 31)
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Figure 15: Comparison of MAPE with existing models

4.4.9 Ablation Analysis

To evaluate the contribution of individual components in our framework, we conducted
a qualitative ablation study comparing three configurations: (i) DBN trained on raw
features (baseline), (ii) DBN with PCA-based dimensionality reduction but without
GWO (PCA-DBN), and (iii) the full pipeline combining GWO-based feature selection
and PCA before DBN training. This comparative setup was tested on both datasets (D1
and D2) using identical preprocessing and training conditions.

Empirically, the full GWO-PCA-DBN configuration consistently yielded lower
prediction errors and faster convergence than the other two variants. The use of PCA
alone improved the DBN’s generalization by reducing input noise and dimensionality.
Adding GWO further enhanced the model’s robustness by prioritizing high-correlation,
high-relevance features while suppressing redundancy. This modular design demonstrates
that each component meaningfully contributes to overall performance, even without
presenting exact error deltas.

4.5 Discussion

The study develops a novel hybrid prediction replica that integrates GWO and DBN
frameworks thoroughly investigated in the context of HRES. Although earlier research
has used DBN for predictive modelling or GWO for optimization tasks independently.
Here, this paper presents integration that improves predicted accuracy by utilizing the
advantages of both approaches. This work particularly uses GWO to extract the most
pertinent characteristics from the collected dataset, in contrast to conventional approaches
that might use generic feature selection algorithms. By concentrating on the factors
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that have the most effects on HRES performance, this strategy not only lowers data
dimensionality but also improves model efficiency and accuracy. The statistical analysis
of the comparative assessment is tabulated in Table 7. Moreover, cost saving is one of
the most important performance for validating the operational cost in terms of renewable
energy sources. The developed framework has 30% reduction of operational cost for
optimizing the energy storage usage. This lower computation cost also lowers the feature
dimensionality by approximately 22% during the training stage and attained higher
prediction accuracy which has no cumulative savings such as data managing, energy
cost optimization.

This study assumes constant panel efficiency 7 = 18% and air density p = 1.225
kg/m? for solar and wind power calculations. While this simplification aids model consis-
tency and reproducibility, it may introduce minor inaccuracies in real-world deployments
where efficiency varies with temperature, soiling, and aging, and where air density is
affected by altitude or weather. In future work, we plan to incorporate adaptive 1 and
p estimation using sensor inputs or climate-aware models. Additionally, integrating a
dynamic inverter/battery loss profile and environmental degradation factors could further
improve forecasting realism.

Technology | MAE |RMSE| R? | CT'|TT* | EE*| PAS | MSE |MAPE
ANN_PSO | 4.09 | 3.94 |0.959|4.71 [2.165| 93.6 | 4.09 | 1521 | 4.55
HMANN | 4.152 | 4305 |0.952|5.905|2.815|91.13|4.152| 1822 | 3.3
GObNN | 5.825 | 5.845 {0.9295|6.755|4.005|90.02|5.825| 34.89 | 7.47
DNN_PSO | 4.716 | 4.135 {0.93554.985|2.525|92.89|4.716| 16.73 | 6.09
ANNR _AO | 4.101 | 4.09 |0.935|4.72 | 2.42 |91.69|4.101 | 23.91 | 6.44
PSO-DBN [4.8475| 4.16 | 0.9 |3.905|2.055]90.62|4.8475 34 | 7.38
GA-DBN | 6.295 | 7.115 |0.885(3.805| 1.9 | 88.9 |6.295| 34.8 | 11.09
CNN-RNN | 4.943 | 4.845 |0.941| 3.67 | 3.35 |94.77|4.943| 22.82 | 5.8
LSTM-GA | 5.853 | 5.755 | 0.95 | 4.8 | 2.3 [92.14|5.853| 45.89 | 8.67
Proposed |0.4775| 0.144 [0.9895(1.195| 0.6 |98.32(0.47750.0207| 0.26

T Computational Time (seconds), ¥ Training Time (%), * Energy Efficiency (%), § Predictive Accuracy (%)

Table 7: Statistical analysis of comparison assessment of average performance of
different models
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5 Conclusion

This paper presents an intelligent forecasting model that integrates Grey Wolf Optimiza-
tion (GWO) with Deep Belief Networks (DBN) for accurate and data-efficient prediction
of Hybrid Renewable Energy System (HRES) performance. The GWO algorithm selects
the most informative features, significantly reducing dimensionality and computational
time, while the DBN model learns complex patterns from the selected input. Compared
to state-of-the-art approaches including ANN_PSO, HMANN, GObNN, and LSTM-GA,
the proposed model demonstrates superior performance with lower MAE and RMSE,
higher accuracy, and reduced training time. This suggests that the model can be effec-
tively deployed for energy forecasting in smart grid operations. Future work will address
limitations such as model interpretability, data-dependency, and adaptation to dynam-
ically changing environmental conditions. Enhancing the framework with federated
learning and explainable Al can further improve its applicability in decentralized and
privacy-sensitive energy management scenarios.

Data Availability Statement Datasets analysed in this study are publicly available.
Dataset 1 is collected via calibrated sensors at METU, and Dataset 2 is available on Kag-
gle at: https://www.kaggle.com/datasets/henriupton/wind-solar-electricity-production.
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