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Abstract- The particular applications of metaheuristic algorithms like biogeography-based optimization for predicting electricity
usage have always been considered in the literature. As buildings consume a significant part of the world's energy now, accurate
models for predicting electricity usage are essential. Hence, this exploration aims to project the electricity usage based on the
experimental data and training data using four optimizers: PSO, shuffled frog-leaping algorithm (SFLA), ant colony optimization
(ACO), and BBO. Notably, the problem is solved considering three Support Vector Regression (SVR) models, including linear,
Gaussian, and polynomial methods. The performance criteria, including Standard Error, MSE, RMSE, MAPE, MAE, Correlation
Coecfficient, Relative Absolute Error, Normalized Mean Square Error, and Coefficient of Determination, are assessed for the
selected optimizers and networks. The results obtained illustrate that BBO achieved the highest prediction accuracy and the best
final convergence quality, while ACO required the fewest iterations to reach convergence. Also, the statistical results in the

training and experimental data emphasize the acceptable performance of Gaussian and linear networks, respectively.
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1. Introduction

Nowadays, much attention has been devoted to the issue
of the energy sector since it has been the main driver of
industry growth during the last century [1], [2], [3], [4].
Energy is the source of all the fuel used to drive the rest of the
economy. Energy is mainly sourced in two ways: non-
renewables [5], [6] like fossil fuels and renewables such as
solar [7], [8]. The rapidly industrializing countries particularly
require energy efficiency as a promising approach for
managing dramatic demand growth. The system reliability is
improved, and supply constraints are facilitated. Thus, the
need for energy conservation is substantial to provide the
industries' necessities. Conversely, the energy usage
projection in residential and commercial entities can be
significantly helpful in conserving energy properly [9], [10],
[11]. Thus, energy consumption prediction is a very relevant
topic and has been widely investigated in published work [12],
[13]. In 2017, Li et al. aimed to improve the building energy
usage accuracy using an extreme DL method. The extreme
learning machine (ELM) was integrated with the stacked
autoencoders (SAEs) in this method to make the most of their

characteristics [2]. In the cutting-edge paper of 2019, a new
hybrid prediction method through the deep evolutionary
learning (DL) approach, in which the genetic algorithm was
integrated with long short-term memory, was proposed [14],
[15]. The objective function was optimized based on time
window lags and the network’s hidden neurons in this study.
Besides, Luo et al. proposed an Al-oriented method including
feature retrieval, evolutionary optimization, and an adaptive
deep neural network (DNN) scheme for anticipating energy
usage weekly [16].

In fact, with the pace of emerging algorithms, several
prediction methodologies already appear in the related works.
Stochastic models are trustworthy in forecasting building
energy usage and identifying potential domains of energy
waste [1]. As mentioned above, genetic programming
methods and ML schemes like ANN, SVM, and time series
techniques have often been successful in energy consumption
prediction with an acceptable level of accuracy [17], [18]. DL
schemes (Mocanu et al., 2016) and artificial neural networks
[19] were significantly employed for prediction. As an
example, Pinto et al. applied three ensemble learning
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algorithms (i.e., gradient-boosted regression trees (GBRT),
RF, and an adaptation of Adaboost) in 2021 [20]. The results
obtained point out the better performance of the adapted
Adaboost model compared to the reference schemes for the
hour-ahead load forecast. Also, the noisy features of building
datasets were eliminated through principal component
analysis (PCA) integrated with five anticipation schemes to
enhance forecasting performance [21]. These schemes were
linear regression, support vector regression, RF, KNN, and
regression tree. The feature reduction and prediction
effectiveness were then examined using the suggested
technique for four case studies in a range of temperature
zones, including warm-dry, hot-humid, cold, and mild
situations. The findings showed that the intended method
could extract an intelligent dataset for energy consumption
prediction issues from any large dataset. In a significant
advance in 2021, recurrent neural network (RNN) and two
variants were examined for enterprise electricity usage
prediction [19]. Considering different RNN schemes,
including long short-term memory-based RNN (LSTM),
standard RNN, and gated recurrent unit-based RNN (GRU), a
comparison was made for daily enterprise electricity usage
prediction.

The previous decades have witnessed various applications
of the regression method for energy usage prediction [22]. In
the groundbreaking paper of 2007, Tso and Yau introduced
three modeling methods, namely the traditional regression
analysis, neural networks, and decision trees (DT), to forecast
electrical energy usage [23]. The experimental results
indicated that the DT and neural network (NN) schemes
successfully understood energy usage patterns and predicted
energy usage levels. In 2014, Asadi et al. conducted multiple
linear regression analysis to evaluate energy consumption in
the early design stages of a building and obtained an
acceptable result [24]. Furthermore, to increase the reliability
of predicting energy consumption, the gradient boosting
regression tree method was employed [25]. The various
prediction schemes were compared regarding RMSE. It was
finally revealed that the recommended scheme has the lowest
values of RMSE compared to others. Despite such remarkable
interest, many shortcomings and gaps are still associated with
the prediction schemes based on regression methods that need
to be overcome.

This exploration aims to project electricity power usage,
considering the experimental data presented in the study of
Chang et al. in 2018 [26]. The numerical analysis is conducted
based on the regression method, and the electrical power
consumption is specified numerically as the output. At the
same time, Chang et al. obtained the output with a class. In
this work, three support vector regression (SVR) NN methods,
i.e., linear, Gaussian, and polynomial methods, have been
used for analysis. The outcomes of the chosen algorithms are
highlighted in descending order of efficiency, according to
which the biogeography-based optimization (BBO) algorithm
is the best one. Based on a review of the existing literature,
these results have not been documented previously.
Accordingly, the BBO algorithm is introduced as optimal for
forecasting electricity power consumption with the highest
accuracy.

Although numerous studies have combined support vector
regression with optimization algorithms for energy
consumption prediction, most existing research evaluates a
single optimization strategy or focuses on improving one
specific prediction model, making it difficult to understand the
relative effectiveness of different metaheuristic optimizers
under identical experimental conditions. Furthermore, limited
attention has been given to systematically investigating how
different SVR kernel functions respond to diverse
optimization mechanisms using the same benchmark dataset
and evaluation criteria. To address this gap, the present study
establishes a unified comparative framework integrating
Linear, Polynomial, and Gaussian SVR models with four
representative population-based optimization algorithms,
namely PSO, SFLA, ACO, and BBO. These optimizers were
selected because they employ different exploration—
exploitation strategies and have demonstrated effectiveness
across a broad range of engineering optimization problems.
Their comparative evaluation provides a comprehensive
understanding of optimization behavior, prediction accuracy,
convergence characteristics, and model generalization for
electricity consumption forecasting.

The rest of this article is outlined below:
2. Preliminaries

Due to the recent developments of the meta-heuristic
algorithms in previous studies, many researchers have
exploited them for the optimization process. The aim is to
propose the most efficient algorithm for optimizing the
electrical consumption prediction. Meta-heuristic algorithms
are applied to heuristic algorithms, making them free of local
optimization. The applications of such algorithms for energy
or electricity usage prediction have been widely reported in
the literature [27]. Accordingly, PSO, SFLA, ACO, and BBO
algorithms are considered for solving the problem.

2.1. Particle swarm optimization (PSO)

As stated in computational science, PSO is regarded as a
computational approach mainly employed to optimize an issue
through iteratively attempting to enhance a candidate solution
according to a specific measure of quality [28], [29]. Notably,
the related works emphasize the remarkable capabilities of
PSO in optimizing energy usage projection.

2.2. Shuffled frog-leaping algorithm (SFLA)

One of the most effective and practical algorithms for
solving optimization problems is SFLA, proposed by Eusuff
and Lansey in 2006. It should be noted that SFLA is known as
a population-based metaheuristic scheme in which the
advantages of memetics are integrated with PSO [30].

2.3. Ant colony optimization algorithm (ACO)
A probabilistic technique, known as ACO, is utilized for

problem-solving in computational computer science and
operations research [31]. Considering ACO, it is possible to
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reduce the computational costs of finding correct paths
through graphs. The foundation of this method is the actual
behavior of real ants. Based on this, artificial ants are a multi-
agent technique. The main concept that is mostly used in this
technique is the pheromone-based communication of
biological ants. The artificial ants and local search frameworks
are combined to create a selection method for a large number
of optimization tasks, including some graph-like vehicle
routing and internet routing.

2.4. Bio geography-based optimization (BBO)

One of the most well-known evolutionary algorithms
(EA) is the BBO algorithm, which improves candidate
solutions stochastically and repeatedly under a particular
quality or fitness function to maximize a function. A large
number of existing explorations in the broader literature have
exploited the BBO algorithm to accurately project energy and
electricity usage [32]. The general flowchart of this algorithm
is shown in Fig. 1, based on which seven steps are required to
obtain the best solution.
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Fig. 1. Flow chart of the BBO algorithm with details

According to the information in the following sections,
the BBO algorithm is proposed as the selected algorithm,
which is considered for optimization.

3. Methodology

3.1. Dataset Description

This study is based on a full-year dataset that was first
presented in [31] and is used as a point of reference for the test
and analysis. This dataset consists of hourly energy use
readings from a smart metering system in a big hypermarket,
along with hourly temperature readings (in degrees Celsius)
from meteorological sensors of a professional weather
institute. The original database, as mentioned in [15], was
preprocessed by the authors to fix problems like missing or
anomalous values and to ensure clean and reliable input data.

The benchmark dataset employed in this study is the
publicly available 12-month hourly electricity consumption
dataset released in [33], which originates from the smart-meter
measurements reported in [15]. The categorized energy levels
introduced in [24] are adopted only to describe different
energy consumption categories and are not used as prediction
targets in the proposed regression framework. Instead, the
continuous electricity consumption values constitute the
regression output, while the categorized labels provide
supplementary information regarding consumption ranges.
Prior to model development, the dataset was preprocessed to
remove missing or anomalous records following the
benchmark preprocessing protocol reported by the original
data providers. Input variables include historical electricity
consumption, ambient temperature, and temporal features
such as hour of day, day of week, day of month, and month of
year. All predictor variables were normalized before model
training to ensure numerical stability and fair comparison
among the evaluated optimization algorithms. The same
training and testing partition was consistently applied to all
compared models to ensure an unbiased performance
evaluation.

3.2. Energy Level Categorization

The version of the dataset used in this study [31] deviates
from its original form [15] through the inclusion of
categorized energy levels. These levels were generated by
dividing the energy usage data into percentile-based bins. For
example, a five-level classification scheme was established
using evenly distributed percentiles, resulting in the following
energy usage ranges:

Very Low: [0.174, 0.366)
Low: [0.366, 0.634)
Medium: [0.634, 0.782)
High: [0.782, 0.874)
Very High: [0.874, 1.360]

Each energy level was then mapped to an ordinal value
ranging from 1 to 5 for use in predictive modeling. The dataset
can be classified employing three distinct classification cases,
namely, three, five, and seven energy level classes. These
variations were used to conduct separate prediction tasks using
ML techniques.
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It should be emphasized that the proposed methodology
performs continuous electricity consumption prediction using
support vector regression. The three-, five-, and seven-level
energy categories are presented only to describe the alternative
categorization schemes available in the benchmark dataset and
to provide additional information regarding consumption
ranges. These categorical labels are not employed as
prediction targets in the proposed regression model. The
categorized energy-level labels were not included among the
predictor variables during model development and therefore
did not introduce target leakage into the regression
framework.

To clarify the associations between the database’s
features, a correlation matrix heatmap was generated, as
shown in Fig. 2. The matrix entries are the Pearson correlation
coefficient for a given pair of variables, and the values can
only range from -1 to 1.

A value of 1 showcases a perfect positive linear
relationship.

A value of -1 showcases a perfect negative linear
relationship.

A value of 0 showcases no linear correlation.

The heatmap employs a color gradient to
interpretability:

improve
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Dark red signifies high positive correlations.
Dark blue signifies negative or very low correlations.

Intermediate shades indicate moderate correlations,
transitioning through cyan and yellow.

Key Observations:

Strong correlations (above 0.9) are observed among a
cluster of variables related to energy usage at different times
or possibly lagged versions of energy usage. For instance,
values such as 0.97047 and 0.95903 indicate near-perfect
correlations, implying redundancy or temporal dependence in
those variables.

Temperature seems to show weak to moderate
correlations (0.2-0.4 range) with the variables of energy
usage, indicating the influence of temperature on energy use,
but it is not the only factor.

The diagonal values are 1, as the variables are perfectly
correlated with themselves.

This also shows an indication of possible
multicollinearity, which is an important feature for
consideration when doing predictive modeling, as a very high
correlation of independent variables may affect the stability of
certain ML schemes, such as linear regression, and

dimensionality reduction or feature selection techniques may
be required.
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Fig. 2. Correlation matrix heatmap to visualize the linear relationships between numerical variables in the dataset

Fig. 3 presents a Descriptive Statistical Feature Analysis
of the main features in the dataset, summarizing their
statistical properties, including minimum, mean, median,
maximum, and coefficient of variation (CV). This analysis is

important to understand the distribution and variability of each
feature and how it might impact the actual predictive modeling
process.
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Description of Metrics:

Minimum and Maximum: Represent the range of each
feature, identifying the spread of values.

Mean and Median: Provide central tendency measures;
comparing them helps to determine skewness in the data.

Coefficient of Variation (CV): A normalized measure of
dispersion (standard deviation divided by the mean), useful for
comparing variability across different features regardless of
their scale.

Key Observations:

Features with high CV values (e.g., top bars in yellow)
demonstrate significant variability, indicating that they may
be more sensitive or influential in prediction tasks. These
variables should be analyzed carefully during model training
and normalization steps.

For several features, the mean and median values are
close, suggesting a relatively symmetric distribution. In
contrast, noticeable gaps between mean and median imply
skewness, which may necessitate transformation (e.g., log-
scaling) for certain schemes.

The range (max-min) of some variables is quite large,
which indicates the existence of outliers/ extreme values and
might have an impact on the model performance if not handled
properly during the data pre-processing.

Use in Modeling:
This Descriptive Statistical Feature Analysis suggests:

Feature selection: Features with low variation compared
to their mean (low CV) may add no real value to the modeling
activity and should be dropped.

Scaling needs: Features with large ranges or variability
may need standardization or normalization.

Outlier detection: A significant departure of the median
from the distribution bounds can indicate the occurrence of
outliers that need adjusting.

The Descriptive Statistical Feature Analysis in Fig. 3
reveals distinct characteristics across the dataset’s features.
Temperature exhibits relatively low variability, with closely
aligned mean and median values, showcasing a stable and
symmetric distribution over time. In contrast, energy usage-
related features, such as hourly and daily loads, display high
maximum values and large coefficients of wvariation,
highlighting significant fluctuations and a tendency toward
skewed distributions due to peak demand periods. Lagged or
time-shifted consumption features show similar statistical
behavior, reflecting strong temporal dependence and
reinforcing their importance in predictive modeling.
Categorical time-based features, when encoded numerically
(e.g., time of day or day type), tend to have lower variability
but remain essential for capturing periodic consumption
patterns. In general, these features' variability and distribution
are important to the performance of the model, the feature
selection process, and preprocessing choices. It should be
noted that the purpose of this analysis is to summarize the
statistical characteristics and variability of the predictor
variables rather than to perform a formal global sensitivity or
feature-importance analysis. The observed strong correlations
among several energy-related variables mainly reflect
temporal dependencies within electricity consumption
patterns. Since the same predictor set is consistently employed
across all evaluated models, these correlations do not affect
the fairness of the comparative evaluation. Furthermore, SVR
models generally exhibit greater robustness to correlated input
variables than conventional linear regression approaches,
although future work may investigate feature selection or
dimensionality reduction techniques to further reduce
potential multicollinearity.
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Fig. 3. Descriptive Statistical Feature Analysis of dataset features
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3.3. Models

The numerical analysis is conducted in this research to
project electrical power consumption. The dataset used for
solving the optimization problem is given in Piedad and Kuo's
study in 2018 [24]. In the beginning, three methods of Support
Vector Regression (SVR) NN, including linear, Gaussian, and
polynomial methods, are trained. Then, the networks' test
outputs are specified based on Eq. (1).

Forecast = a; * Linear + a, * Gaussian + aj
* polynomia + a,

M

where a;—a, denote the optimized regression coefficients
determined by the selected metaheuristic algorithm. During
optimization, each candidate solution represents a coefficient
vector, and the objective is to minimize the prediction error
between the estimated and observed electricity consumption
values using the predefined regression performance criterion.
The optimized coefficients are subsequently used to generate
the final prediction model for each optimization algorithm.
With the algorithms selected, i.e., PSO, BBO, SFLA, and
ACQO, the coefficients a; - a4 are found as shown in Table 1.

Table 1. The values of the coefficients al - a4 based on the selected algorithms

al a2 a3 a4
PSO 9.25465E-06 0.9550656 0.999969627 -0.488640886
BBO 0.567704591 0.358491623 0.978428542 0.214134671
SFLA 0.387215377 0.261266641 0.924953339 0.338972788
ACO 0.217072977 0.561741494 1 1

The procedure of solving the problem and the analysis
conducted in the present research are outlined in Fig. 4. To
understand the solution process of the considered problem,
which leads to the accurate prediction of the electricity usage,
paying attention to Fig. 4 is of great importance.

80 % of Targets 20 % of Targets

Y Y
Train set Test set

. y N
[ Support Vector regression models J

To ensure a fair comparative evaluation, all optimization
algorithms were executed under the same computational
environment, identical training and testing datasets, consistent
preprocessing procedures, and uniform model evaluation
criteria. Consequently, the reported performance differences
primarily reflect the characteristics of the optimization
strategies rather than differences in experimental conditions.

Best = Min (RMSE (i) ), Fori=1: N
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Y
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Determine combination weights (al: a4) in bellow equation
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metrics of Test Data: |

~

End
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Fig. 4. The whole procedure considered for reaching the ultimate results of the research
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To comprehensively evaluate prediction performance,
multiple statistical indicators are employed. The correlation
coefficient (R) measures the strength of the linear relationship
between predicted and observed values, while the coefficient
of determination (R?) quantifies the proportion of variance
explained by the prediction model. The normalized mean
square error (NMSE) evaluates the prediction error after

normalization,

thereby facilitating comparisons across

different scales. The performance index (PI) provides an
overall indication of prediction quality by combining
estimation accuracy into a single performance measure.
Lower values of NMSE and PI indicate better predictive
performance, whereas higher values of R and R? indicate
stronger agreement between predicted and observed values.

4. Results and

Discussion

This part illustrates the main outcomes attained from
applying the selected algorithms to the considered problem of

this research.

Regarding Figs. 5(a) and 5(b), careful comparison is made
between the empirical and obtained data for the various
networks and algorithms. Eq. (1) is considered for the selected
optimizers, and its parameters are optimized. The results
obtained show the best BBO with regard to other optimizers.
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Fig. 5. Comparison between obtained data and experimental data for (a) different networks and (b) algorithms
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Fig. 6. Comparison between the R? values of the obtained data and experimental data in the various networks and algorithms

As shown in Fig. 6, the R? values of selected optimizers
are different in the experimental data. The BBO, SFLA, PSO,
and ACO indicate R? values of 0.9757, 0.9753, 0.9741, and
0.9731, respectively. Also, R? values of linear, polynomial,
and Gaussian methods for the training data are 0.9523, 0.9853,
0.9866, 0.9562, 0.8912, and 0.8644 for the experimental data,

respectively. Accordingly, the BBO algorithm has the best
performance regarding the R? value. Notably, the Gaussian
method is superior to linear and polynomial methods
regarding the R? value through the training data. In contrast,
the linear method is the most efficient solution regarding the

R? value.
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Fig. 7. Residual and histogram for different networks and algorithms

Concerning Fig. 7, the performance of the three selected
networks and algorithms is examined, derived from the
residuals and histograms. Accordingly, the performance of

BBO is considered acceptable. It should be noted that the
range of errors in the linear network is lower than the rest.
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The R? values of the recommended method and other  have an acceptable level of performance according to the
optimizers indicate that the BBO has the best performance.  training and experimental data, respectively.
The results shown in Fig. 8 are in good agreement with the
ones presented in Fig. 7. Thus, Gaussian and linear networks
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Fig. 9. Attained R, RMSE, MAPE, and MSE values for recommended and other well-known networks and algorithms.

In addition, the performance criteria include SE, RMSE,
MSE, MAE, MAPE, R, RAE, NMSE, and R? are assessed for
each optimizer. As shown in Fig. 9, the BBO has the lowest
RMSE, MSE, and MAPE and the highest R-value compared
to other selected optimizers. In contrast, the SFLA with the
highest RMSE, MSE, and MAPE values is considered the
weakest optimizer. Furthermore, the results of RMSE, MSE,
MAPE, and R criteria for the training data highlight that the
best network among those selected is the Gaussian one. For
experimental data, the best network based on the values of
RMSE, MSE, MAPE, and R is the linecar network. An
interesting observation is that the Gaussian SVR achieves the
highest prediction accuracy during training but experiences a

noticeable decline in testing performance compared with the
Linear SVR. This behavior suggests that the greater nonlinear
flexibility of the Gaussian kernel enables it to model complex
relationships within the training data effectively but may also
increase susceptibility to overfitting under the current dataset.
In contrast, the Linear SVR employs a simpler hypothesis
space that sacrifices a small amount of training accuracy while
providing stronger generalization capability on previously
unseen observations. This trade-off between model
complexity and generalization explains why the Linear SVR
achieves the highest testing performance despite the superior
training accuracy of the Gaussian model.
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Fig. 10. Obtained RMSE, RAE, and MAE values for recommended and other well-known networks and algorithms.

According to Fig. 10, another analysis is conducted that
matches the obtained results demonstrated in Figs. 3-8. Hence,
the selected optimizers’ and networks' RMSE, RAE, and

MAE are indicated. The outcomes represent the remarkable
performance of the Gaussian network and BBO in predicting
the amount of electricity usage.
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Fig. 11. Obtained error values for recommended and other well-known networks and algorithms.

Fig. 11 displays that the error values of the chosen
networks and optimizers are highlighted in descending order.
The Gaussian and linear networks have the smallest error in
the training and experimental data, respectively. In relation to

I

the optimizers, the least effective in terms of the error value is
the one against ACO, while the BBO has provided the best
accuracy.

[ BBO SLFA PSO—— Ar:o'
0.04 ~ BBO
0.0394
0.038
0.037 ]
0.036 - SLFA
=
2 .
= 0.035 4
%
= 0.034
o 400 420 440 460 480 500
0.1 - PSO
ACO
0 100 200 300 400 500

Iteration number

Fig. 12. The recommended method’s convergence curves along with other methods.

The convergence curves of the recommended approach
through RMSE and iteration number are shown in Fig. 12.
Accordingly, the quickest convergence belongs to ACO with
the value of 0.03866 and 145 iterations. Besides, the least
amount of convergence is related to BBO, with the value of
0.0345 based on 244 iterations.

Overall, the analytical results of the considered problem
using the selected optimizers and networks are represented in
Table 2. Accordingly, the values of MSE, RMSE, MAPE,

Table 2. Obtained statistical results for diverse optimizers.

MAE, RAE, R, R%, NMSE, and PI for the BBO, which is the
selected optimizer, are 0.0013, 0.0364, 0.0495, 0.0281,
0.1390, 0.9878, 0.9757, 0.0043, and 0.0284, respectively.
BBO has the highest values of R and R? and the lowest values
of other evaluation criteria. In contrast, the weakest optimizer
is ACO, with the lowest R and R? and the highest MSE,
RMSE, MAPE, MAE, RAE, NMSE, and PI values. The same
analysis has been conducted for the selected networks,
revealing that Gaussian and linear networks have acceptable
performance in the training and experimental data.

Selected optimizers
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MSE RMSE MAPE MAE RAE R R? NMSE PI
Optimizer
Test
BBO 0.0013 0.0364 0.0495 0.0281 0.1390 0.9878 0.9757 0.0043 0.0284
SFLA 0.0016 0.0395 0.0538 0.0309 0.1501 0.9875 0.9753 0.0047 0.0308
PSO 0.0014 0.0376 0.0527 0.0299 0.1492 0.9869 0.9741 0.0047 0.0293
ACO 0.0015 0.0387 0.0517 0.0299 0.1458 0.9865 0.9731 0.0044 0.0301
Selected networks
MSE RMSE MAPE MAE RAE R R? NMSE PI
Optimizer
Train
Gaussian 0.0010 0.0311 0.0351 0.0222 0.0974 0.9933 0.9866 0.0021 0.0228
Polynomial 0.0011 0.0325 0.0372 0.0234 0.1021 0.9926 0.9853 0.0024 0.0239
Linear 0.0035 0.0593 0.0666 0.0447 0.2014 0.9759 0.9523 0.0066 0.0439
Test
Gaussian 0.0087 0.0933 0.1117 0.0656 0.4170 0.9297 0.8644 0.0226 0.0749
Polynomial 0.0063 0.0791 0.1032 0.0560 0.3100 0.9440 0.8912 0.0195 0.0630
Linear 0.0037 0.0610 0.0794 0.0478 0.2321 0.9779 0.9562 0.0117 0.0477

Although the comparative evaluation demonstrates the
favorable performance of the BBO optimizer under the
adopted experimental protocol, the present study is based on a
single training—testing partition applied consistently across all
compared methods. Consequently, the reported results should
be interpreted within the scope of this evaluation framework.
Future studies may further strengthen the statistical reliability
of the conclusions by incorporating rolling-window
validation, time-series cross-validation, repeated experimental
trials, confidence interval estimation, and statistical
significance analysis to investigate the robustness of
optimization algorithms under different temporal data
distributions.

5. Conclusion

In summary, this article seeks to project electricity usage
based on the regression methods using three networks, namely
Gaussian, polynomial, and linear networks, and four
optimizers, including the BBO, SFLA, PSO, and ACO. To
assess the effectiveness of the chosen optimizers and
networks, the evaluation criteria, namely, MSE, RMSE,
MAPE, MAE, RAE, R, R?, NMSE, and PI, were investigated.
Based on the results achieved, the one with the best R and R?
is the BBO, which would suggest that this optimizer is the
most precise of the remaining chosen optimizers. Conversely,
the low values of MSE, RMSE, MAPE, MAE, RAE, NMSE,
and PI obtained for BBO confirm the acceptable performance
of this optimizer. The analytical results of the evaluation
criteria for the selected networks indicate the acceptable
performance of Gaussian and linear networks based on the
training and experimental data, respectively. Among the
evaluated optimizers, BBO achieved the highest prediction

accuracy and the best final optimization performance, whereas
ACO exhibited the fastest convergence in terms of iteration
count. Besides, the Gaussian networks can be introduced as a
good network for solving the considered method. Future
research is required to confirm the findings that may be made
from this study.
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