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ABSTRACT: Solar radiation is the main source of energy on Earth and plays a major role in the hydrological
cycles, surface radiation balance, weather and climate changes, and vegetation photosynthesis. Accurate solar radiation
prediction is of paramount importance for both climate research and the solar industry. This prediction includes
forecasting techniques and advanced modeling to evaluate the amount of solar energy available at a specific location
during a given period. Solar energy is the cheapest form of clean energy, and due to the intermittent nature of the
energy, accurate forecasting across multiple timeframes is necessary for efficient generation and demand management.
Solar radiation prediction using deep learning (DL) includes the applications of neural network methods, namely
Convolutional Neural Network (CNN) or Long Short-Term Memory (LSTM) models, to forecast and model solar
irradiance patterns. By leveraging meteorological variables and historical solar radiation data, DL algorithms can
capture complex spatial and temporal dependencies, resulting in accurate predictions. This article presents a novel Solar
Radiation Prediction model utilizing a Boosted Coyote Optimization Algorithm with Deep Learning (SRP-BCOADL).
The SRP-BCOADL model initially normalizes the input data using a min-max normalization approach to improve
the robust nature under different scales. Besides, the SRP-BCOADL technique uses a Deep Long Short-Term Memory
Autoencoder (DLSTM-AE) system for precisely forecasting solar radiation levels. The model’s accuracy is further
improved through hyperparameter optimization using the BCOA. The performance analysis of the SRP-BCOADL
technique is tested using solar radiation data. Extensive experimental outcomes prove that the SRP-BCOADL method
obtains better results over other techniques. The Mean Squared Error (MSE) is just 0.13 kWh/m?, is much lower when
compared to other models. The Root Mean Squared Error (RMSE) is also reduced to 0.36 kWh/m?, and the Mean
Absolute Error (MAE) reaches a minimal level of 0.276 kWh/m?.
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1 Introduction

As the population of the world increases, the demand for electrical energy also rises. At present, nearly
80% of the energy is generated from fossil fuels worldwide, as stated by the International Energy Agency
(IEA) [1]. As usage of fossil fuel emits undesirable gases that adversely affect the climate alternate renewable
energy resources need to be harnessed [2]. The technology of Solar photovoltaic (PV) is gaining more
attention as an alternative to conventional energy. The benefits of utilizing such technology are plentiful, and
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the relatively lower LOCE of solar power and their modularity has potential to be uses as a major source
energy [3]. Predicting Global Horizontal Irradiance (GHI) is definite as the complete irradiance from the Sun
assessed on a horizontal surface on the Earth and calculated in units of (W/m?), is a vital stage in most PV
power forecast methods [4]. The dynamics of GHI are based on both stochastic and deterministic features,
and the latter needs the acceptance of compound statistical and physical methods for effective prediction.
So, the highly variable nature of solar energy over time, owing to its seasonality and the occurrence of clouds
overhead, creates the PV technology extremely reliant on environmental states [5]. The intermittence of solar
power production forces the grid operators to accept more compound management tactics to protect the
equilibrium between supply and demand. Therefore, precise real-time and future solar energy predictions
can be very beneficial to ensure the effective utilization of solar power [6].

Previous research studies on solar energy have projected a significant number of data-driven approaches
for both long- and short-term predictions [7]. These methods fall into four main categories, which include
physical models, statistical analysis, deep learning (DL), and machine learning (ML) techniques. In tradi-
tional prediction methods, the atmosphere’s physical conditions and dynamic gestures are characterized by
utilizing a set of formulations. The performance of physical models heavily relies on the quality and quantity
of climatological variables and solar cycle data [8]. Statistical techniques apply mathematical analysis to
various input features for solar radiation forecasting. Commonly used methods include Auto-Regressive
(AR) models, Exponential Smoothing, Auto-Regressive Integrated Moving Average (ARIMA), the Markov
Chain method, and Gaussian Processes [9]. In the past few years, the use of artificial intelligence (AI)-based
techniques has gained significant attention in the field of solar energy forecasting [10]. Preceding studies
signify that Al-based methods are capable of delivering more precise predictions of solar radiation outcomes
than other methods like unsupervised and supervised artificial neural networks (ANNs), support vector
machine (SVM), DL models, etc.

This article presents a new Solar Radiation Prediction utilizing a Boosted Coyote Optimization
Algorithm with Deep Learning (SRP-BCOADL) model for Energy Management. The SRP-BCOADL model
begins by normalizing the input data using a min-max normalization approach to enhance robustness across
different data scales. Additionally, the SRP-BCOADL technique employs DLSTM-AE network for accurate
forecasting solar energy levels. The effectiveness of the DLSTM-AE model can be improved by the design
of a hyperparameter optimizer using BCOA. The performance analysis of the SRP-BCOADL technique is
tested using solar radiation data. The extensive experimental outcomes prove that the SRP-BCOADL method
obtains more precision over other existing techniques across various measures.

2 Literature Survey

Waheed and Xu [11] demonstrated and incorporated a DL neural network method with analysis of time
series and feature selection (FS). The deep feed-forward and deep neural networks (DNN) methods include
stacking hidden layers (HL) of CNN like GRU and LSTM elements for controlling uncertainty. Additionally,
random forest (RF) regression with Grid Search CV was employed to classify an optimum set of features.
In [12], an image processing-based DL technique for short-term solar prediction was proposed. The shi
Tomasi model is used to define the feature point on the imageries while the Lucas-Kanade optical flow
technique was used to follow the defined feature point on the successive imageries. The average cloud velocity
and direction were estimated using a linear regression model based on the tracked cloud movements. Lastly,
short-term solar energies were assessed utilizing the LSTM-DL model. Quifiones et al. [13] use Encoding-
Decoding Sequence-to-Sequence (Seq2Seq) methods with dual dissimilar RNN architecture, which are
LSTM, and GRU methods. The techniques were trained utilizing climatological data attained from climate
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places. Additionally, an ensemble model was utilized to quantify the uncertainty in the forecasts, thereby
increasing the confidence level for end-users in microgrid environments when making predictive decisions.

Sulaiman and Mustaffa [14] proposed a combination of recent meta-heuristic model such as the
Evolutionary Mating Algorithm (EMA), to optimize the biases and weights of the DNN method. The research
work uses a Feed Forward Neural Network (FFNN) to estimate AC power output using real solar power
plant data, verified at 15-min intervals. Irshad et al. [15] presented an Arithmetic Optimizer with a Hybrid
DL-based Solar Radiation Prediction (AOHDL-SRP) method. The developed AOHDL-SRP method tracks a
3-phase procedure such as prediction, hyperparameter optimizer, and pre-processing. Mainly, the AOHDL-
SRP system contains the min-max normalization model to regularize the input data to an even format. Also,
the offered AOHDL-SRP technique uses HDL utilizing CNN with an attention-oriented LSTM (ALSTM)
method. Lastly, the AOA is used as the hyperparameter optimizer of the HDL method. The main objective of
Ghimire et al. [16] is to project a progressive hybrid prediction technique that incorporates an FS mechanism
utilizing a Slime-Mould Algorithm, followed by CNN, LSTM, and subsequently a CNN with Multilayer-
Perceptron as the output layer. Comprehensive benchmarking of the obtained results against two DL models
and three ML methods highlights the superior performance of the proposed prediction approach.

Ehteram et al. [17] developed an enhanced LSTM method to evaluate solar energy data and create a
collective procedure among gates. The study enhances the efficacy of LSTM gates. Climate data are employed.
The Boruta-RF (BRF) ES algorithm was employed to define the finest input state. The RLSTM technique
was equated with the LSTM method, RNN, radial basis function NN (RBFNN), and the Bi-LSTM method.
Ghimire et al. [18] proposed an advanced hybrid model that incorporates CNN with multi-layer Perceptron
(MLP) to produce global solar radiation (GSR) predictions. The CMLP method initially removes optimum
topological and basic features fixed in prognostic variables over a CNN-based feature extractor phase tracked
by an MLP-based analytical technique to produce GSR predictions. A hybrid-wrapper FS technique utilizing
an RF-recursive feature elimination (RF-RFE) system is deployed to remove the terminated predictor feature.

Alkhatib et al. [19] investigate hourly GHI forecasting using both univariate and multivariate DL
methods. This study specifically evaluates LSTM, CNN and a hybrid CNN/LSTM model. The finding that
individual CNN and LSTM models generally outperform their hybrid counterpart offers a nuanced perspec-
tive on model complexity. This highlights the importance of empirical valuation and comparative analysis of
modern selection instead of assuming that increasing complexity would lead to improved performance.

Rajendran and Gebremedhin [20] introduced the development and deployment of an ANN based fore-
casting model for solar power generation, specifically designed for integration with Energy PLAN simulation
tools. It addresses common deep learning challenges such as overfitting through the implementation of
techniques like dropout layers and emphasizing the importance of optimizing hyper parameters using tools
like WANDB to ensure robust model performance on unseen data.

This paper focuses on the system level impact within microgrids rather than a detailed comparison of
different deep learning models for forecasting accuracy.

Yadav et al. [21] compare various models like radial basis function neural network, LSTM, modular
neural network and transformer models to predict daily global solar radiation, particularly in regions where
direct measurements are imprecise or unavailable. These models are evaluated using different combinations
of meteorological variables. The inclusion of the Transformer model suggests that the field of Al-based solar
forecasting is rapidly adopting cutting edge advancements for broader area research.

The model they have proposed doesn’t have universal applicability.

Brahma and Wadhvani [22] concluded that integrating data from multiple sites significantly improves
forecast performance compared to models trained solely on single location univariate data. It highlights the
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effectiveness of bidirectional LSTM and attention-based LSTM models for forecasting daily solar radiation.
This approach helps address the challenges of data scarcity at individual sites.

This paper fails to compare the performance matrix across all models. The complexity of integrating
and processing data is not discussed.

Mariappan et al. [23] proposed a hybrid deep learning model that integrates CNN and staked LSTM for
the prediction of daily average solar irradiance, leveraging real time meteorically parameter and historical
solar irradiance data. The authors infer that the model is highly effective at capturing long term dependencies
in sequential data. Also, the systematic optimization of hyper parameters using a metaheuristic algorithm
ensures that the designed architecture operates at its global or near global optimum thereby maximizing its
predictive accuracy and robustness.

The requirement of higher computational demands because of the complexity of the model is
not addressed.

Jang et al. [24] integrated classifier modules that identify site similarities to forecast solar power
generation at unknown sites. By learning and identifying common patterns or clusters among diverse
sites, the shared models can effectively generalize their learned knowledge from known sites to new,
unseen locations. This adaptive mechanism reduces the need for extensive site-specific data for every new
solar installation.

The internal working of the classifier module and the process by which it extracts site-specific features
are not fully detailed in this paper.

3 Proposed Methodology

In this article, we have presented a new SRP-BCOADL model for energy management. The SRP-
BCOADL model comprises of three main stages namely data normalization, DLSTM-AE-based solar
radiation prediction, and BCOA-based parameter selection. Fig. | illustrates the entire procedure of the
SRP-BCOADL model.

3.1 Data Normalization

Primarily, the SRP-BCOADL technique involves the normalization of the input data using a min-
max normalization approach to improve the robust nature under different scales. In the structure of DL
methods, the dataset often contains a wide range of data types, where features with larger numerical values
can disproportionately influence the model, while the impact of features with smaller numerical values is
diminished [25].

To address this problem, this research utilizes the min-max normalization model during the data pre-
processing phase. This method effectively scales the data and reduces the disparity among feature values,
thereby enhancing the model’s generalization capability to unseen data and helping to mitigate the risk of
overfitting. The mathematical formulation for this technique is revealed in Eq. (1).

X = Xmi
Xnormal = — = (1)
Xmax ~— Xmin

Here, x,,,mq1 denotes the value attained after normalization; x signifies the data to be standardized;

Xmin indicates the least value; and x,,4 refers to the maximum value.
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Figure 1: Overall process of SRP-BCOADL model

3.2 Solar Radiation Prediction Process

Next, the SRP-BCOADL technique uses the DLSTM-AE network for predicting solar radiation levels.
As mentioned before, the second element of a DLSTM network contains three LSTM layers [26]. The input
pattern is a 3D tensor, representing the time sequence order. A sequence represents only one sample, a time-
step represents one point of observation within the model, and a time-step is a single surveillance for each
sequence. The architecture of the LSTM network used for the model generation is based on data collection.
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The volume of HL defines the output size. When determining the LSTM capacity, the number of units shall
be considered; therefore, the more the units, greater are the learning capacity of LSTMs. The 1st, 2nd, and
3rd layers of HLs are defined as 200, 100, and 200 units, correspondingly. The output layer is a dense layer
with three HLs that forecast all the values in the following 20 min depending on data from the latter 200 min.
There is a choice in the LSTM layer known as “return-sequence”. Since the return sequence is fixed to False by
default, only the last time step HL of the existing series is taken as an output. On the other hand, the output of
LSTMs will consist of each hidden state from every time-step in the series by setting the return sequence to
True. In the proposed LSTM model, the return sequence is fixed to true for the Ist and 2nd HLs which have
200 and 100 units, correspondingly. Furthermore, the return-sequence is set to False for the last HL, which
contains 200 units. Lastly, if the return-state choice of the LSTM layer is fixed to True, c; is given back as an
output together with h;. A batch size of 64 was used in this study. Before the weights are updated, the size
of the batch is the volume of samples, which must be noted by the system. Moreover, dropout regularization
avoids over-fitting during training. The dropout will fix the output of HLs randomly to 0 during training.
The dropout rate is fixed at 0.1. The x;, h¢, and ¢, are parameters representing the inputs of the LSTM unit,
HL is the output of the LSTM block, and a vector of cell state, correspondingly. Moreover, the ¢ and o, are
parameters representing the sigmoid function that determines which data should be disregarded from the
output and input vectors.

Egs. (2) to (9) represents how to define the forget gate f;, input gate i;, and output gate o,. The data that
is discarded from the cell state is defined by considering Wy and b as weight and bias vectors of the forget
gate, correspondingly:

ft =0 (Wf. [ht_l,xt] + bf) (2)

Eq. (3) is used for calculating what data to be stored in the cell state. W; and b; are parameters that
define the output weight matrix and bias of the input gate, correspondingly.

it =0 (VV, [ht_l,xt] + bl) (3)
0y =0 (Wy. [hi—1,x:] + by) (4)

Eq. (4) is used for managing data updating and exploiting data in the output gate. The W, and b, are
parameters representing the weight matrix and bias of the output gate, correspondingly.

The update of ¢ (t — 1), the old cell state is defined into c;, the novel cell state:

¢t = fr* co1 + ip * tanh (We. [hy-1, x¢] + be) (5)

In Eq. (5), W, and b, denote the weight matrix and bias vectors of cell state, correspondingly. The
hidden-sate vector is attained by the following equation

hi = 0y * tanh (c;) (6)

The f;, i;, and o, are ANNs of a unique type known as FFNN that vary from other ANNSs, which
link among their nodes. Intrinsically, it varies from its descendant, RNN which uses a sigmoid function
for regulating data flow. All the gates are used to receive 3 input vectors: the input vector of the existing
time-step; the HL vector of the previous timestep; and the vector of cell state derived from the previous or
current timestep.
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The auto encoder (AE) reduction and DLSTM methods are combined to construct the predictive
mechanism. The AE is used with three layers for automatically selecting features and learning encoded
features. The AE is introduced for learning the behaviors over time series with dissimilar patterns. This
enables the model to capture relationships within the series and generate useful features with a fixed
dimensionality, resulting in reduced input feature complexity. The encoder captures the unusual behaviors
of input that are fed into the prediction models.

3.3 Parameter Optimizer

Finally, the effectiveness of the DLSTM-AE model can be improved by the design of a hyperparameter
optimizer using BCOA. Nature serves as a vital source of inspiration for humanity, offering solutions
to complex and challenging problems across various scientific fields through its fascinating and intricate
phenomena [27]. Numerous types of optimizers follow meta-heuristic models that mimic natural processes
to solve optimization problems. Coyotes belong to the class of carnivorous mammals, with the majority
of their population residing in Central and North America. Noteworthy, the coyote is known for its
intelligence and exhibits complex behavior. The COA is inspired by the coyote’s adaptation to its surrounding
environment and the collective intelligence exhibited within the pack. The COA adopts a strategic approach
that aims to maintain a balance between exploration and exploitation.

The procedure starts with N, which signifies the number of individuals, and N, denotes the number
of coyotes as candidate solutions. The cost function of the COA is determined based on the social behaviors
of coyotes. Therefore, the coyote’s social behaviors are defined as:

SOCf’C =zZ= [ZI;ZZ:H')ZD] (7)

where 7, g, and t demonstrate the number, group, and imitation time representation for the variable’s
method, correspondingly.

Primarily, the coyotes’ numbers are elected arbitrarily and created as the individual outcomes from the
searching region.

SOC%* = LB;+n x (Hrj - Lr;) (8)

In which, # € [0,1] is a random amount and Lr; and Hr; demonstrate min and a max of the j-th
parameter on the searching region.

The cost function of all the coyotes is evaluated by the following equation:
objé* = f(SOCE) )

The group position undergoes renewal through a random process. Moreover, individuals’ situations
vary, and they change their situation by moving to other groups.

G; = 0.005 x N? (10)

which is ¢ < /200, and the G;’s amount is one or more. Based on the procedure’s boosted variation like
social behaviors among coyotes, the count of groups’ associates can be constrained and could not be above
14 coyotes. The outcome is exemplified by the alpha formula mentioned below:

a8t = s0c¥! forminobj®" (11)
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The following formula elucidates the typical social behavior changes among coyotes:

R‘i’\; ‘1 ,N.isodd number
c2 J
culf’t = (12)
1
- gt gt .
5 RNC '+RNC +1,j]O0.W.
27 2

where Ri}: defines the grouping of coyotes’ social condition for (g) as a group number at a time (¢) for j.

The coyote’s life is a group of problems of environment and coyotes parent selection can be employed
in the COA.

ot ..
socy i, 1j < grsorj = ji
.t .t .
Blef = socfz)j,rj > gro+ graorj=j; (13)
O'j, O.W.

where r; € [0, 1] and r, imply the random cost and coyote from g, randomly generated proposal variables are
determined by ji and j,, a range of proposal variable is signified by o}, and gr,, gr, defines the scatter and
connection likelihoods that exemplify the diversity preservation mechanism of coyotes within the group.
The gr, and gr, are represented by the next equation:

grs = (14)

gra = (1-gr5) (1)

= =

In which, d signifies the dimensional of variables. Both elements calculating §; and §, describe the
cultural substitute among the groups:

8 = a®' —soc%) (16)

8 = cul®' —soc), 17)

Whereas the culture differences among alpha (leader), and crl (elected coyote) are determined by &,
and &, refers to the cultural differences among the cr2 (opted coyote) and set culture’s progress.

The following equation is employed for renewal of social behavior based on the effect of the group and
leader:

N N
nsoc®' = s0c® +r x 81+ 1% 8, (18)

where r_land r_2 signify the interval of zero to one that is random selection. By assuming the novel formulas,
the original cost is determined by the next formula:

nobjé’ = f (nsoct") (19)
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(20)

N3 .g,t .g,t
soc8tH nsoc®’, nobj®" < objé
c ot
soc¥, O.W.

The most essential characteristic of these methods is the capability to overcome the local optimum point.

Based on the explanations, it is understood that when individuals are randomly selected within each
age group, it is likely to result in faster convergence, thereby improving the runtime performance.

Numerous different methods are projected to manage this issue. Lévy fight (LF) device is the most
common method for raising bio-inspired effectiveness. The LF is offered by the following calculation that is
planned based on the random pace efficiency to attain the local search condition:

Lf (w)y~w" (21)
w = H/|Z|'" (22)

) Sm(g) L(1+7)

R B P (1+r) (23)
- TI‘ -
2 2

2

Whereas the Lf device is explained by 7 = 1.5, the step-size and Gamma function are determined as
w,T(-)Z ~N(0,0"2) and A ~ N(0, 6"2), correspondingly. This method of repeating formulization is based
on Lf is determined by:

soc® oy Lf(o)xf (socc ) rand > 0.5
g, t+1
S0CE ot (24)
soc® "~ Lf(o) x f (socf . ) rand < 0.5

But the cost function for best and worst performances for group behavior is represented by
f (soc_(c, worst)" (g, t +1)) and f (soc_(c, best)" (g, t +1)).

For evolving the method, the disorder device is presented as the next component. A widespread equation
is demonstrated for the disorder device as follows:

cM!

i+1

-f(eml),j=12,...,D (25)

Dand f(CM { ) demonstrate the dimensionality of the mapping and generator function.

During this work, a chaotic map has been employed for developing the COA for addressing this issue
of rapid convergence. Specifically, the disorder device can be employed to discover a clarification for a local
optimum problem that results in an inappropriate analysis with rapid convergence. To address this, pseudo-
random standards can be employed. The disorder device can be utilized in 3 process variables (7, r_1,r_2).

new

My = a(ne™)” sin (o) (26)
ik +1=a(r*"k)* sin (nr{*"k), (27)

e = a(ry " 2 sin(7ry %), (28)
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where k refers to the repetition’s number. Fig. 2 represents the flowchart of BCOA.

Initialize the Position of the Coyotes

|

Obtain the Initial Best Search Agent

|

Update the Best Fitness Function of Coyotes

|

Figure 2: Flowchart of BCOA

Comput Mater Contin. 2025;85(3)

(29)

Fitness choice is a major aspect controlling the solution of BCOA. The parameter selection method
includes a solution-encoded model to evaluate candidate performance. In this context, the BCOA adopts an

initial condition to define the fitness function.

4 Experimental Validation

This section inspects the performance analysis of the SRP-BCOADL technique. Table 1 and Fig. 3 deliver
a complete set of solar radiation prediction outcomes of the SRP-BCOADL technique under 5 runs. The
results indicate that the OMBGRU-SRP method has improved forecast outcomes. The figure denotes the
actual vs. prediction of the SRP-BCOADL. The outcome shows that the SRP-BCOADL techniques have
improved predicted results under every hour of operation. The variance between the predicted and actual

solar radiation values is minimum.
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Global radiation kWh/m?

Global radiation kWh/m?

Table 1: Global radiation outcome of SRP-BCOADL technique under five runs

Global radiation KWh/m?

P .
Days Actual redicted
Runl Run2 Run3 Run4 Run5
1 2.91 2.89 2.82 2.72 2.69 2.63
25 2.76 2.74 2.64 2.57 2.49 2.43
50 4.14 4.10 4.00 3.94 3.91 3.88
75 5.48 5.47 5.45 5.37 5.31 5.29
100 4.31 4.31 4.22 4.15 4.12 4.04
125 2.51 2.50 2.44 2.40 2.35 2.32
150 8.53 8.52 8.42 8.35 8.31 150
175 7.44 743 7.33 7.28 7.25 7.23
200 5.79 5.78 5.73 5.67 5.64 5.62
225 5.12 5.11 5.01 4.94 4.92 4.84
250 6.33 6.32 6.25 6.17 6.12 6.07
Actual ° ]
-.- Pre:l?cted (Run-1) e :::!?:ted (Run-2)
8
E,]
g
§ ¢
o
3.
25 50 75 100 125 150 175 200 225 250 2] % s 75 100 135 1% 135 300 335 250
Days Days
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Figure 3: (Continued)
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Figure 3: Global radiation of SRP-BCOADL technique (a-e) Runs 1-5

Table 2 represents the predictive results of the SRP-BCOADL technique and other existing models on
the training set (TRS). The results imply that the SRP-BCOADL technique is sound [28,29].

Table 2: Comparative outcome of SRP-BCOADL technique with recent models under training set

Training set

Models R2 MSE (kWh/m?) RMSE (kWh/m?) MAE (kWh/m?)

SVRmodel  0.957 0.167 0.409 0.270
MLP algorithm  0.977 0.088 0.297 0.221
MLR model ~ 0.928 0.280 0.529 0.396
LightGBM 0.987 0.050 0.223 0.164
LSTM model  0.990 0.098 0.314 0.156
GRU model  0.992 0.085 0.292 0.150
OMBGRU-SRP  0.994 0.061 0.248 0.132
SRP-BCOADL  0.997 0.050 0.224 0.101

In Fig. 4, a comparative R2 analysis of the SRP-BCOADL technique is reported on the TRS. The figure
highlighted that the MLP and SVR models have exhibited lower R2 of 0.957 and 0.928, respectively. At the
same time, the MLR, Light GBM, LSTM, GRU, and OMBGRU-SRP models obtained higher R2 of 0.928,
0.987, 0.990, 0.992, and 0.994, respectively. Nevertheless, the SRP-BCOADL technique gains maximum

performance with an R2 of 0.997.

A comparison study of the SRP-BCOADL technique in terms of MSE is demonstrated in Fig. 5. The
results point out that the SRP-BCOADL technique obtains better performance with the lowest values of MSE.
It is noticed that the SRP-BCOADL technique gains improved results with the least MSE of 0.050 kWH/m?
while the SVR, MLP, MLR, LightGBM, GRU, and OMBGRU-SRP models portrayed lower MSE of 0.957,
0.977, 0.928, 0.987, 0.990, 0.992, and 0.994 kWH/m?, respectively.
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Figure 4: R2 outcome of SRP-BCOADL technique under training set
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Figure 5: MSE outcome of SRP-BCOADL technique under training set

A comparison study of the SRP-BCOADL technique in terms of RMSE is established in Fig. 6. The
outcomes pointed out that the SRP-BCOADL method shows better performance with minimum values
of RMSE. It is observed that the SRP-BCOADL system attains enhanced results with minimum RMSE
of 0.224 kWH/m? while the SVR, MLP, MLR, Light GBM, GRU, and OMBGRU-SRP approaches have
represented lower RMSE of 0.409, 0.297, 0.529, 0.223, 0.314, 0.292, and 0.248 kWH/m?, correspondingly.

A comparison study of the SRP-BCOADL method in terms of MAE is established in Fig. 7. The
outcomes points that the SRP-BCOADL method gives better performance with the smallest values of MAE. It
is perceived that the SRP-BCOADL model gains enhanced outcomes with minimum MAE of 0.101 kWH/m?
whereas the SVR, MLP, MLR, Light GBM, GRU, and OMBGRU-SRP approaches have portrayed lesser MAE
of 0.270, 0.221, 0.396, 0.164, 0.156, 0.150, and 0.132 kWH/m?, correspondingly.
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Figure 6: RMSE outcome of SRP-BCOADL technique under training set
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Figure 7: MAE outcome of SRP-BCOADL technique under training set

Table 3 signifies the predictive outcomes of the SRP-BCOADL system and another present method
on the testing set (TSS). The outcomes suggest that the SRP-BCOADL model gains enhanced predictive
outcomes. In Fig. 8, a comparative R2 analysis of the SRP-BCOADL system is stated on the TSS. The
figure emphasized that the MLP and SVR techniques displayed less R2 of 0.929 and 0.937, respectively.
Simultaneously, the MLR, Light GBM, LSTM, GRU, and OMBGRU-SRP approaches have gained greater
R2 of 0.921, 0.938, 0.941, 0.943, and 0.945, respectively. Nevertheless, the SRP-BCOADL method gains the
highest performance with an R2 of 0.959.

Table 3: Comparative outcome of SRP-BCOADL technique with recent models under testing set

Testing set
Models R2 MSE (kWh/m?) RMSE (kWh/m?)  MAE (kWh/m?)
SVR model 0.937 0.236 0.486 0.364
MLP algorithm 0.929 0.264 0.514 0.392

(Continued)
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Table 3 (continued)

Testing set
Models R2 MSE (kWh/m?) RMSE (kWh/m?>)  MAE (kWh/m?)

MLR model 0.921 0.296 0.544 0.402
LightGBM 0.938 0.233 0.483 0.361
LSTM model 0.941 0.219 0.468 0.355
GRU model 0.943 0.193 0.440 0.348
OMBGRU-SRP 0.945 0.169 0.412 0.312
SRP-BCOADL 0.959 0.132 0.363 0.279

Testing
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Figure 8: R2 outcome of SRP-BCOADL technique under testing set

A comparison study of the SRP-BCOADL system in terms of MSE is established in Fig. 9. The results
pointed out that the SRP-BCOADL approach gets better performance with minimum values of MSE. It
is perceived that the SRP-BCOADL method gains enhanced outcomes with least MSE of 0.132 kWH/m?
whereas the SVR, MLP, MLR, Light GBM, GRU, and OMBGRU-SRP methodologies have represented lesser
MSE of 0.236, 0.264, 0.296, 0.233, 0.219, 0.193, and 0.169 kWH/m?, correspondingly.
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Figure 9: MSE outcome of SRP-BCOADL technique under testing set
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A comparison study of the SRP-BCOADL method in terms of RMSE is established in Fig. 10. The
outcomes pointed out that the SRP-BCOADL method gets improved performance with minimum values
of RMSE. It is perceived that the SRP-BCOADL model gets improved outcomes with a minimum RMSE
of 0.363 kWH/m? whereas the SVR, MLP, MLR, Light GBM, GRU, and OMBGRU-SRP techniques have
represented lesser RMSE of 0.486, 0.514, 0.544, 0.483, 0.468, 0.440, and 0.412 kWH/m?, correspondingly.
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Figure 10: RMSE outcome of SRP-BCOADL technique under testing set

A comparison study of the SRP-BCOADL system in terms of MAE is established in Fig. 11. The results
pointed out that the SRP-BCOADL method gets better performance with the smallest values of MAE. It is
perceived that the SRP-BCOADL system gains upgraded outcomes with a minimum MAE of 0.279 kWH/m?
while the SVR, MLP, MLR, Light GBM, GRU, and OMBGRU-SRP techniques have described lower MAE of
0.392, 0.402, 0.361, 0.355, 0.348, 0.312, and 0.279 kWH/m?, individually.
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Figure 11: MAE outcome of SRP-BCOADL technique under testing set

Therefore, the SRP-BCOADL technique can be applied for improved prediction of solar radiation levels.
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5 Conclusion

This paper presents a novel SRP-BCOADL model for energy forecasting. The SRP-BCOADL model
employes three different processes namely data normalization, DLSTM-AE-based solar radiation prediction,
and BCOA-based parameter selection. Initially, the technique applies min-max normalization to the input
data to enhance robustness across varying data scales. The DLSTM-AE network is then utilized for accurate
prediction of solar radiation levels. Performance evaluation on testing data demonstrates that the proposed
model outperforms existing approaches. The Mean Squared Error is only 0.13 kWh/m? which is much lower
when compared to other models. The Root Mean Squared Error is also lower when compared to other
models. The Mean Absolute Error is also at the lowest level of 0.276 kWh/m?. The effectiveness of the DLSTM-
AE model can be improved by the design of a hyperparameter optimizer using BCOA. The performance
analysis of the SRP-BCOADL technique is tested using solar radiation data. The extensive experimental
outcomes show that the SRP-BCOADL method obtains high efficiency over other techniques under various
measures. Deploying lightweight BCOA-DL models on IoT devices for applications like roof top solar and
smart grid integration could prove invaluable for future studies. Additionally, embedding probabilistic layers
within DL frameworks, guided by BCOA, can facilitate risk assessments to support critical decision-making
in solar farm operations.
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