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calculation and implementation. However, a significant
1. Introduction limitation lies in their low predictive accuracy, which restricts
management authorities and decision-makers from formulating

Electricity has permeated nearly every aspect of modern ) i i
logical and precise strategies [2].

society, providing substantial benefits to humanity. Effective
and systematic planning of energy consumption is essential to
ensure the comfort and security of human communities,
whereas inadequate planning often leads to sustained losses
and adverse consequences. Inaccurate predictions of power
demand can result in deficient planning by authorities, leading
to significant economic losses for power distribution

The rapid evolution of power systems, driven by the
privatization of the electricity industry and the expansion of
renewable energy sources, has rendered traditional forecasting
approaches increasingly inadequate. These methods are unable
to provide generalizable and interpretable insights for future
demand. Developing models capable of predicting demand for
the upcoming days and hours and offering timely and reliable
predictions is, therefore, indispensable. Accurate daily energy
consumption forecasting supports distribution companies in
maintaining operational reserves while simultaneously

companies and unnecessary energy waste. Consequently,
precise forecasting of electricity consumption is a pivotal
challenge in power system planning. Research conducted by
Hobbs et al. [1] has demonstrated that a 1% reduction in load
forecasting error for a 10-gigawatt power plant can result in
annual economic savings of up to $1.6 million.

Initially, traditional energy consumption forecasting
methods were introduced by various experts and researchers.
These methods are advantageous due to their simplicity in

reducing costs for both companies and their customers [3].
The study presented in [4] evaluates regression and
machine learning models for electrical load forecasting in
commercial buildings. The primary objective is to assess the
advantages, limitations, and real-world performance of these
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models. Accurate prediction of commercial building loads
contributes to reducing energy consumption, peak demand, and
greenhouse gas emissions while enhancing energy
management and economic efficiency. Nevertheless,
forecasting energy consumption in commercial buildings,
particularly for systems such as heating, ventilation, and air
conditioning (HVAC), poses substantial complexity [5].
Factors such as weather conditions, occupancy patterns, and
activity schedules significantly influence energy consumption,
making precise predictions challenging. Regression models,
including simple linear regression (SLR), multivariate linear
regression (MLR), and simulation-based models [6], are
straightforward and do not require specialized expertise.
Machine learning models, such as artificial neural networks
(ANN), support vector machines (SVM), and regression trees,
excel at identifying complex, nonlinear relationships within
data [7].

In [8], utilizing real-world data from the Tyree Energy
Technologies Building and the University of New South Wales
(UNSW) campus in Australia, the study demonstrates that the
selection of models should correspond to the available
resources, specific requirements, and the complexity of the
environment. Machine learning models are particularly
effective in sophisticated applications involving complex
datasets, whereas regression models are more suitable for
simpler analyses.

A practical study [9] investigated a fuzzy interactive
regression method for short-term load forecasting (STLF),
which outperformed both simple fuzzy regression and multiple
linear regression. By incorporating variable interactions, such
as temperature with time/day/month and time of day with
weekday, and employing hourly load and temperature data
from 2005-2007, the proposed method enhanced forecasting
accuracy.

In [10], the integration of the chaotic ant swarm (CAS)
algorithm with support vector regression (SVR) effectively
addressed challenges encountered by classical methods (e.g.,
ARIMA) and intelligent methods (e.g., neural networks) in
managing nonlinear data and severe fluctuations. An analysis
of Taiwan’s data (1981-2000) demonstrated the superior
accuracy of the SVR-CAS model, which achieved the lowest
MAPE. These studies highlight the importance of integrating
intelligent techniques, such as fuzzy and chaotic methods, with
forecasting models to avoid local optima and effectively handle
data ambiguity and instability, thereby advancing power
system optimization.

In [11], a hybrid CNN-LSTM model was developed for
short-term load forecasting in Bangladesh. By combining
CNN’s capability for feature extraction with LSTM’s [12]
strength in capturing temporal dependencies, this hybrid
approach outperformed standalone models such as LSTM,
RBFN, and XGBoost in MAE, RMSE, MAPE, and R? metrics,
providing an efficient solution for power systems exhibiting
nonlinear fluctuations. Yang et al. [13] proposed the
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Variational Mode Decomposition (VMD)- Variational Auto
Encoder (VAE)-LSTM [14] model for short-term electrical
load forecasting. This model employed data decomposition
(VMD), noise and dimensionality reduction (VAE) [15], and
temporal forecasting (LSTM), achieving remarkable accuracy
with MAPE values of 1% and 0.8% on real-world Chinese
datasets, surpassing other methods. This framework presents an
effective solution for managing complex and noisy data in
power systems.

A review of existing literature on electricity consumption
forecasting reveals a wide array of approaches, including
neural networks, linear regression, LSTM models, and machine
learning techniques such as SVM. Findings indicate that
machine learning significantly enhances forecasting accuracy,
while parameter optimization and feature engineering play a
crucial role. Nevertheless, current forecasting methods exhibit
limitations, including sensitivity to weather fluctuations, which
often leads to prediction inaccuracies. Although deep learning
models excel in identifying complex patterns, challenges such
as model complexity, extensive data requirements, high
computational costs, interpretability issues, sensitivity to initial
parameters, and the need for precise input tuning remain. To
address these limitations, this study proposes a hybrid method
that combines LSTM neural networks with HHO algorithm for
parameter tuning. This approach overcomes existing
constraints and enhances both accuracy and robustness in
power system load forecasting.

The proposed HHO-LSTM model differs structurally from
traditional methods like SVM, linear regression, and basic
neural networks by incorporating the Harris Hawks
Optimization algorithm to optimize the hyperparameters of the
LSTM network. While conventional models rely on fixed or
manually tuned parameters, our hybrid approach dynamically
adjusts key parameters such as the number of LSTM units and
learning rate, enhancing forecasting accuracy. This structural
innovation allows the model to better handle complex,
multidimensional time series data, making it more effective for
energy load forecasting in smart grid systems.

The main novelty of this study lies in the integration of the
HHO algorithm with a LSTM network for electricity load
forecasting. Unlike prior works that rely on conventional
optimization methods such as Genetic Algorithms or Particle
Swarm Optimization, this research is the first to systematically
apply HHO for deep learning hyperparameter tuning in the
energy domain. The proposed hybrid LSTM-HHO framework
enables precise adjustment of model parameters, including the
number of layers, neurons, batch size, and learning rate,
significantly improving prediction accuracy. Furthermore, a
two-stage feature selection process combining Recursive
Feature Elimination (RFE) and Random Forest ensures the
model utilizes only the most impactful features, enhancing both
efficiency and performance. Experimental results demonstrate
the superior accuracy of the proposed model (e.g., MAPE as
low as 2.17%) over other evolutionary and hybrid models,
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validating its effectiveness across short- and long-term
forecasting horizons. This work provides a scalable and
intelligent forecasting approach applicable to modern energy
management systems.

2. Proposed Method

To predict customer consumption, this study proposes a
method based on the integration of HHO [16] algorithm with
LSTM deep learning model. The forecasting process is divided
into four stages. The first stage entails data collection and
preprocessing. The second stage focuses on feature selection
through the use of the Rotation Forest method. In the third
stage, the LSTM hyperparameters are optimized using the
LSTM-HHO method. Finally, in the fourth stage, the model is
trained and evaluated. Figure 1 presents an overview of the
main stages of the proposed approach, which will be elaborated
upon in subsequent sections. The primary research gap
addressed in this study is the challenge of selecting appropriate
hyperparameters for the LSTM network, a critical factor for
accurately capturing the sequential dependencies inherent in
time-series data. To tackle this issue, the HHO algorithm an
optimization technique inspired by the foraging and hunting
behavior of hawks is employed to effectively fine-tune the
LSTM hyperparameters.

In this study, HHO algorithm was employed to determine
the optimal values for eight hyperparameters of LSTM
network. These hyperparameters include the number of LSTM
units, epochs, batch size, LSTM layers, dense neurons, learning
rate, optimizer type, and activation function. These parameters
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Data Collection and
Feature Extraction

are crucial for the performance and accuracy of the LSTM
network, and their appropriate tuning can significantly enhance
the model's predictive capabilities.

2.1 Dataset Preparation

This study addresses the prediction of daily energy
consumption using historical data and environmental features.
A dataset from Panama’s national electricity distribution
company is used, which includes hourly energy demand
records over a 24-hour period spanning from 2015 to 2020
[17,18]. The dataset comprises 48,048 rows, corresponding to
2002 days of energy demand, and incorporates various features
such as temperature, humidity, air pressure, holidays, and
school schedules to account for environmental and social
influences on energy consumption. The proposed model
employs 15 features per day and leverages historical data from
the preceding 30 days to improve the accuracy of predicting the
target day’s energy consumption. In addition to the current
day’s features, historical data are integrated into the model to
simulate the conditions expected on the predicted day. This
approach facilitates the identification of hidden patterns in
energy consumption and provides insight into long-term trends
and fluctuations over time. Extensive experimentation led to
the selection of a 30-day temporal window, allowing the model
to utilize 450 distinct features (15 features x 30 days) for
generating more precise daily energy consumption forecasts.
This methodology has the potential to optimize energy
management, reduce operational costs, and improve efficiency
in electricity distribution networks.
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E=

. Mensmed e yrabetic g Ioction (MDA, e )
f A A b —Aac ]
~ » | } \ A M/ W lr \ :“" »,/ \ Tiee 1 Tree ! /
8 s /‘\'{ rﬂ/\ (VAL RATA J lu' —_— [_ ,:j =
£ {| - , 43 . 2
0 5 10 20 £ A
- —‘—C GEEEER ) :
HE.]_ N EEE -." 'El
OO0 OdcC
SR
| pg ==
) " g
— , |22
; ‘ / e — N Ix
N ‘ ™ ’ Narberol | Bah | | Lstw || Memtwa Achvaten - -
= * * Unis Epachs ke L || N;;- Function. '8 o)
\ ) ) L o O | L
;) 1 1 " <) 4 y 4 E '3 3
; s - Q0 =
e oonnd 43 751 420 3 47 Relu g '8
) ® = o
D, ‘ o
5E
s N
=
- Q
Evaluation of the \ )
Proposed mode

Fig. 1. Overview of the proposed methodology for load forecasting
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2.2 Feature selection

In load prediction, the selection of appropriate features is
critical for improving model accuracy and reducing
complexity. The aim of this process is to identify features that
have the most significant predictive impact while eliminating
redundant ones that could potentially impair model
performance. To achieve this, a two-stage hybrid approach is
adopted, combining Recursive Feature Elimination (RFE) [19]
with the Random Forest algorithm. This integration ensures an
optimal balance between feature relevance and computational
efficiency.

* Removing less important features with REF method

RFE method operates using a machine learning model and
systematically removes features with minimal impact on the
model's performance. Initially, all available features are input
into the model, and its performance is evaluated. Features with
the least influence on accuracy are identified and eliminated.
This process is repeated iteratively until the feature set reaches
an optimal size. By the end of this stage, the top 100 features
with the most significant impact on the model's accuracy are
selected. Employing RFE effectively removes irrelevant and
noisy features, enabling the model to focus on impactful data.
This approach not only improves prediction accuracy but also
reduces the model's complexity.

* Effective feature selection with the random forest
algorithm

Following the application of RFE and the selection of the
top 100 features, Random Forest algorithm is used to further
assess the selected features. Random Forest, an ensemble-
based model composed of independently constructed decision
trees, evaluates the importance of features based on their
contribution to the prediction process. In the initial step,
Random Forest calculates the importance of each feature and
determines which features are most critical to the model's
accuracy. From the 100 features identified in the first stage, the
20 features with the greatest impact on prediction accuracy are
selected, while those with minimal influence are excluded. This
ensures that the model focuses exclusively on essential data,
thereby improving both efficiency and precision.

2.3 Optimization of LSTM model parameters based on
HHO

After identifying influential features for load forecasting
through RFE and Random Forest, the subsequent stage
involves model optimization. Among the most critical steps in
developing an accurate and efficient predictive system is
hyperparameter tuning. In deep learning models, particularly
LSTM networks, the appropriate selection of hyperparameters
significantly influences model performance. Key LSTM
hyperparameters, including the number of LSTM units, epochs,
batch size, LSTM layers, dense neurons, learning rate,
optimizer type, and activation function, have a profound impact
on prediction accuracy and training duration.
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In this study, HHO algorithm is employed for hyper-
parameter optimization. Inspired by the cooperative hunting
behavior of Harris hawks, HHO is a metaheuristic algorithm
designed to efficiently explore and optimize the parameter
space. Its capacity for performing global searches and
identifying optimal parameter configurations makes it
particularly effective for complex problems characterized by
vast search spaces. The general workflow of hyperparameter
optimization using HHO is depicted in Figure 2, with detailed
explanations provided in the following sections.

In this paper, the HHO algorithm is employed to optimize
the hyperparameters of the LSTM network for electricity load
forecasting. The selection of HHO is driven by its key
advantages in addressing challenges associated with complex
data and enhancing prediction accuracy. First, HHO is a
metaheuristic algorithm inspired by the intelligent cooperative
hunting behavior of Harris hawks. It effectively balances
exploration (global search) and exploitation (local search),
preventing the model from being trapped in local optima while
comprehensively exploring the hyperparameter space. This
capability is critical for LSTM
hyperparameters, such as the number of layers, learning rate,
and activation function type. Second, energy consumption data,
influenced by environmental factors (e.g., temperature,

tuning  sensitive

humidity, holidays) and characterized by nonlinearity and
volatility, require a model capable of capturing intricate
temporal patterns. By precisely optimizing LSTM parameters,
HHO enhances the model’s ability to learn these patterns,
significantly reducing forecasting errors.

2.4 Particle initialization

To select the hyperparameters of the LSTM network and
initiate the optimization process, it is essential to define the
search space and the structure of each hawk. This search space
includes the most critical hyperparameters for the LSTM
network. Tables 1 and 2 present a detailed list of these
hyperparameters, including the number of LSTM units, the
maximum number of training iterations, and batch sizes. These
hyperparameters play a significant role in shaping the
performance and behavior of the LSTM network. These ranges
were selected to balance computational efficiency with model
performance, ensuring that the search space was broad enough
to capture optimal configurations while avoiding unnecessary
complexity. The chosen limits reflect practical values observed
in similar studies and were refined through multiple trial runs
to identify boundaries that lead to stable and accurate model
convergence.

Next, to generate each particle (hawk), the random
hyperparameters are determined. Specifically, m numbers are
selected during each iteration. The structure of the particles in
the proposed method is outlined in Table 3.
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Determining the maximum
number of iterations

o

Determining the initial
population of hawks

Determining the standard
interval for each particle

1

Updating the average absolute
error percentage and
parameters based on the best
particle

Calculating the average
absolute error percentage as a
fitting function

Generating random values
within a defined range for
particles

Current number of
iterations < maximum
number of iterations

A

Determining the best LSTM ]

hyperparameters

Fig. 2. Flowchart of the HHO algorithm for optimizing LSTM hyperparameters

Table 1. The numerical search space of hyperparameters of LSTM network

space

Parameter Min Max

LSTM units 1 100

Epochs 5 1000

Batch size 8 500

LSTM Layers 1 5

Dense Neurons 1 50

Leamning Rate 0.0001 0.1

Table 2. LSTM hyperparameter batch search.

Parameter Value

Optimizer {'adam’, 'rmsprop’, 'sgd', 'adadelta’, 'adagrad', 'adamax’,
'nadam'}

Activation Function {'relu’, 'sigmoid', 'tanh'}

Table 3. Particle structure

Activator function Relu

Optimizing Adam

Learning Rate 0.001

Number of Dense Nuron 64

Number of LSTM layers 2

Size of Batch 32

Number of Epochs 100

LSTM Units 128

2.5 Applying the Harris Hawk algorithm (HHO)

HHO algorithm operates through three distinct phases:
exploration, transition, and exploitation, where hawks simulate
mathematical relationships to target prey. In this framework,
the optimal particle (prey) in each generation is determined
using a fitness function, with the remaining hawks converging
toward it. At the start of every iteration, the algorithm selects
one of these phases based on the prey's remaining energy.
Random values, including perching chance, prey escape

2.6 Calculating the fitness of each particle

In this study, evaluation metrics are essential for assessing
the accuracy and efficiency of predictive models and play a
key role in selecting appropriate hyperparameters [20]. For
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probability, residual energy, and leap strength, are generated to
guide phase selection.

Notably, the prey's energy, escape probability, and leap
strength diminish over iterations, illustrating their dependence
on algorithmic cycles. Based on the active phase, all particle
positions are updated, followed by a recalculation of the fitness
function. If updated parameters exceed allowable bounds or
result in duplicates, they are randomly reinitialized to ensure
thorough exploration of the search space. At the conclusion of
each phase, any hawk exhibiting a superior fitness value
compared to the current prey replaces it as the new target.

The Mean Absolute Percentage Error (MAPE) for each
hawk is calculated five times, with the average recorded as the
final fitness value. To further enhance exploration and improve
the searchability of the feature space, the two fittest hawks from
each generation are selected as parents, with crossover and
mutation operators generating two offspring to replace the
least-fit hawks from the previous generation. Figure 3 provides
an overview of the workflow for the proposed method of
optimizing LSTM hyperparameters.

2.7 Stop conditions of the algorithm

The termination of the algorithm is determined by several
criteria. One criterion involves a predefined number of
iterations specified by the user. In this study, an optimal
iteration count of 100 or 300 was identified based on an
evaluation of the results and the specific characteristics of the
algorithm. Another termination condition is the stagnation in
the average detection rate of particles across consecutive
generations. If the average accuracy rate of particles remains
constant over multiple iterations, the algorithm terminates.

optimizing the hyperparameters of the LSTM neural network
and the HHO algorithm, multiple metrics, including MAE,
RMSE, and MAPE, are employed. MAPE is particularly
advantageous for analyzing time series data and evaluating
prediction accuracy relative to actual values, as it expresses
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error in percentage terms, offering ease of interpretation
compared to other metrics. In this research, MAPE is utilized
to assess forecasting accuracy by quantifying error as a
percentage of actual values, thus reflecting the model’s
precision in real-world scales [21].

In addition, MAE and RMSE are applied to evaluate
prediction performance. MAE computes the average
magnitude of prediction errors, providing a straightforward
interpretation of the model's effectiveness. RMSE, on the
other hand, measures the dispersion of residuals or the
closeness of predicted values to actual values, with lower
RMSE indicating higher model accuracy. The selection of
these metrics is guided by the specific objectives and
requirements of the problem being addressed.

3. Evaluation of results

This section assesses the performance of the forecasting
model by analyzing the training process, reviewing the
datasets, and emphasizing the model's precision in predicting
load amounts. The results are further compared with
alternative methods to highlight the model's advantages.

3.1 Model Training

Upon completing the hyperparameter optimization of the
LSTM model using HHO, the final stage focuses on training
and evaluating the load forecasting model. This phase
represents the conclusion of the model development process
and is essential for evaluating the model's efficiency and
accuracy. The LSTM model is trained with optimized
hyperparameters and subsequently tested on a designated
dataset. The dataset is divided into 70% training data, 15%
validation data, and 15% test data, a split also applied during
the hyperparameter tuning phase. To ensure statistical
significance in the prediction results, k=5 cross-validation is
employed during evaluation. Training data, fundamental to
machine learning, consist of labeled (or unlabeled, for
unsupervised learning) examples that allow the model to
learn patterns, relationships, and features [22,23]. These data
are used to adjust the model's weights and parameters,
enabling it to identify underlying patterns effectively.
Validation data, which differ from training data, are used
during training to fine-tune the model. In this study, 15% of
the dataset is allocated to wvalidation. Test data, fully
independent of both training and validation datasets, are
reserved to evaluate the final performance of the model. This
approach assesses the model's ability to generalize to unseen
data, with 15% of the dataset designated for this purpose. The
distribution of the dataset is depicted in Figure 4.

During the training phase, the LSTM model is trained
using features selected through Recursive Feature
Elimination (RFE) and the Random Forest method, combined
with hyperparameters optimized by the HHO algorithm. The
training dataset consists of historical load consumption time-
series data, which is input into the model. Through these data,
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the LSTM identifies temporal patterns and consumption
trends. The training process involves updating the neural
network weights using the Adam optimization algorithm.
Following this phase, the model's generalization ability is
assessed by evaluating it on a holdout test dataset that remains
unseen during training. This step measures the model's
performance in forecasting load consumption for previously
unobserved data, ensuring its reliability and accuracy in
practical applications.

3.2 Review of the model training process

Given the multiple parameters in the proposed method,
training and validation loss curves were plotted to track the
learning process and ensure proper model training. The
vertical axis represents the loss value (MSE), while the
horizontal axis shows the number of training epochs.

Input  D: Dataset;
Output  S: The selected hyperparameters for LSTM
// HHO Initialization

Nyqr = £+ // Number of hyperparameters to optimize
Npop = '+ // Population size
Fori="Yto Npop

Hawk [i].Position= Select N,,,, hyperparameters from a predefined range
Hawk [i].Fitness= Evaluate LSTM performance using MAEP

/HHO Main Loop
While (stopping condition is not met) do
Hawks =Sort (Hawk. Fitness); //Sort Ascending by fitness of Hawk.
Rabbit.Position = Hawks [Y].position // The position of best Hawk
Fori="to Npop do

Update the initial energy E+ E-[i]="rand()-" Il

J[1]=Y("-rand()) //" Update the initial jump strength J
E[i]=Y E- [i](- %) // Update the E
if ([E[i][z V) then // Exploration phase
ifq>= 1.0
Hawk [i].Position = RandomHawk Position — r,| RandomHawk.Position — Yrs Hawk
[i].Position |
Hawk [i].Position=GRASP(Hawk [i] Position,D,RF);
if g< .0
Hawk [i].Position = (Rabbit.Position — AvrageHawks.position) - ™ (LB + r¢(UB-
LB))
if (E[i]|< V) then // Exploitation phase
if (r=+,° and [E[i]= +.°) then // Soft besiege

Hawk [i] Position =A Hawk [i].Position- E | J Rabbit Position — Hawk [i} Position

else if (r>+,2 and [E[i]|< *,2) then // Hard besiege

Hawk [i].Position = Rabbit.Position -E| A Hawk [i].Position |
elseif (r< +,° and [E[i]|> +.°) then / Soft besiege with progressive
rapid dives

if F(Y) < F(X(1)) then
Hawk [i].Position = Y.position
if F(Z) <F(X(1)) then
Hawk [i].Position = Z position
else if (r < +.* and [E[i]|< +°) then // Hard besiege with progressive
rapid dives
if F(Y) <F(X(1) then
Hawk [i].Position = Y position
if F(Z) <F(X(t)) then
Hawk [i].Position = Z.position

Pr) , PrY =Select_best(Hawks) //select ¥ Hawks with the best fitness

Child" , ChildY = crossover_ mutation (Pr), PrY)

substitute ¥ children instead of Y samples with the worst fitness

//final subset

|_S=Hawks[)].position;

Fig. 3. The pseudocode of the proposed algorithm

Full ~70%
Data -
.p..idaﬁm ~15%
W s

Fig. 4. Data distribution for training, validation, and testing phases
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The overall trend indicates a steady decline in both
training and validation losses as the number of epochs
increases, reflecting gradual learning and improved
performance. During the initial training phase, the loss
decreases sharply; however, the rate of decline slows in later
epochs, indicating convergence where parameter updates
have diminishing effects.

A key element of this analysis is detecting overfitting,
which arises when the model becomes overly tailored to the
training data, limiting its ability to generalize. In this study,
the validation loss decreases consistently and remains closely
aligned with the training loss, confirming the absence of
significant  overfitting and  demonstrating  robust
generalization. As depicted in Figure 5, the validation loss
initially exhibits variability and diverges from the training
loss but stabilizes after epoch 30, with oscillations reducing.
By the final epochs, the reduction in loss becomes negligible,
and both curves plateau, indicating the model has reached its
minimum error. Further training provides little benefit. This
analysis validates that the model is well-trained, achieving
improved performance on both training and validation data.
The stable, downward loss trajectory indicates the model is
close to the optimal point, eliminating the necessity for
additional training.

In the proposed method, the optimization of LSTM
hyperparameters using the HHO algorithm necessitates the
definition of initial values for key parameters, including
population size (number of hawks) and maximum iterations.
These parameters were empirically determined through
extensive experimentation to ensure effective optimization
and favorable model learning outcomes. The selected values
play a critical role in influencing the algorithm's efficiency
and the model's predictive accuracy. Parameter tuning was
guided by principles derived from the natural predatory
behavior of Harris hawks. For example, an excessively large
hawk population can lead to resource scarcity, reflecting
ecological balance in nature, while an optimal iteration count
represents the equilibrium between prey exhaustion and
successful hunting. These biologically inspired principles
were incorporated into the HHO framework to establish
parameter settings. The finalized hyperparameters, such as
the "number of hawks generated via mutation and crossover
operators" (representing new samples produced through
random variations and recombination of top-performing
hawks in each iteration) and the "fitness evaluation frequency
per hawk" (indicating how frequently the fitness function is
computed to evaluate a hawk's suitability for LSTM
hyperparameter optimization), are summarized in Table 4.

3.3 Datasets

A correlation matrix is a statistical tool used to represent
the linear relationships between features within a dataset.
Each element Pij in the matrix corresponds to the correlation
coefficient between two features i and j. The matrix is square,
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with its dimensions reflecting the total number of features,
and its values range from -1 (indicating a perfect negative
correlation) to +1 (indicating a perfect positive correlation),
while 0 indicates no linear relationship between the features.
As shown in Figure 6, the correlation between the features
and labels is notably low, indicating weak or near-zero
correlations.

This implies a lack of strong linear relationships between
specific features and the labels, suggesting that these features
may have limited informative value. To address this, feature
selection methods have been applied to identify more
impactful features.

Training and Validation Loss over Epochs
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Fig. 5. Error graph on training and validation data in the proposal method
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Fig. 6. Correlation matrix between features in the dataset

Table 4. HHO algorithm hyperparameter values

Parameter name The right amount
Number of hawks per generation 5

Number of hawks produced using mutation and 4

intersection operators

Number of times each hawk's fitness is calculated 5

Number of Repeat 500
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Figure 7 illustrates the MAPE values across various
forecasting horizons. Energy consumption was initially lower
in the early years and gradually increased over time, leading
to the division of forecasting intervals into four distinct
periods. The results show that periods 1 and 2 have the lowest
average MAPE wvalues, indicating higher accuracy and
reduced error rates during these intervals. An exception is
observed in period 4, where the 90-day forecasting horizon
shows a notable reduction in error compared to periods 1-3.
This highlights the model's enhanced precision during this
interval and its ability to effectively capture long-term trends.
Furthermore, as depicted in the figure, the next-day (EOD)
forecast consistently produces the lowest error within each
period. In contrast, the error increases as the forecasting
horizon extends further from the current day. Across all
periods except period 4, the 90-day and 30-day forecasts
exhibit the highest error rates, emphasizing the challenges
associated with long-term predictions under typical
conditions.

Figure 8 presents the violin plots of evaluation metrics
across forecasting horizons ranging from 1 to 30 days. The
plots reveal that, for short- to medium-term forecasts, the
MAPE tends to converge around 0.6, approximately at the
center of the data distribution. The probability density for
MAE and RMSE values is concentrated near 25 and 30,
respectively, with these metrics showing a skew toward the
upper half of the data distribution. Overall, the results
demonstrate that the model maintains relatively stable and
satisfactory performance in most scenarios. However, certain
instances of high-error outliers are observed, likely caused by
anomalous data points within the dataset.

3.4 Forecasting the amount of load using the LSTM-HHO
model

To assess the effectiveness of the proposed method under
various conditions, the predicted values were compared with
the actual values. This evaluation allows for a direct
measurement of the model's accuracy in capturing demand
levels within the forecasted time intervals. Figure 9 depicts
the graph of actual electricity consumption demand for
subscribers. The vertical axis represents demand magnitude,
with values up to 500 units, while the horizontal axis indicates
time, spanning up to 2500 time units.

Figure 10 displays the visualization of subscriber
consumption predictions produced by the LSTM-HHO
model. Figure 11 provides a comparative representation of
actual versus predicted demand, showcasing the performance
of the LSTM-HHO model examined in this study. The
vertical axis represents the demand quantity, while the
horizontal axis indicates time, divided into five 500-unit
intervals ranging from 0 to 2500.
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Fig. 7. MAPE values at different time horizons to evaluate the model's
forecast accuracy
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Fig. 8. Violin plot of evaluation criteria including (a) MAPE (b) MAE,
(c) RMSE for time horizons of 1 to 30 days.
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Figure 12 illustrates the forecast performance over an 8-
day period, encompassing 200 data points. The results
demonstrate that the proposed model achieves satisfactory
accuracy in its predictions.

3.5 Comparison with other methods

The GA-LSTM, PSO-LSTM, and CSO-LSTM models
combine Long Short-Term Memory (LSTM) neural networks
with distinct optimization algorithms to improve forecasting
performance. In the GA-LSTM model, a Genetic Algorithm
optimizes LSTM parameters via evolutionary mechanisms
such as mutation and crossover, thereby enabling adaptive
parameter refinement. The PSO-LSTM model employs
Particle Swarm Optimization, which simulates the collective
movement of particles within a search space to dynamically
identify optimal parameter values. The CSO-LSTM model
relies on Chicken Swarm Optimization, leveraging the
hierarchical flocking behavior of chickens. By partitioning
the population into leader-following subgroups, the CSO-
LSTM model attains a balanced trade-off between global
exploration, which involves searching for diverse solutions,
and local exploitation, which focuses on refining promising
solutions, thus improving convergence and prediction
accuracy. These hybrid approaches demonstrate the potential
of metaheuristic optimization techniques to complement
LSTM architectures when addressing complex time-series
forecasting challenges.

Table 5 presents a comparison between the proposed
method and alternative evolutionary approaches for LSTM
optimization, evaluated using the metrics MAE, MAPE, and
RMSE. The results indicate that the proposed method
outperforms the other techniques, achieving MAE, MAPE,
and RMSE values of 19.23, 0.08, and 27.36, respectively.
These findings highlight the superior accuracy and precision
of the proposed method in forecasting power consumption
levels over the one-month period, surpassing the performance
of existing evolutionary methods.

Compared to other hybrid models, the proposed LSTM-
HHO method combined with F-score feature selection
achieved superior performance, with the lowest MAPE (0.08)
and RMSE (27.36). While methods like GA-LSTM and PSO-
LSTM showed comparable MAPE values, their RMSE and
MAE were significantly higher. The integration of F-score
helped reduce input dimensionality, enhancing both accuracy
and computational efficiency.

Table 6 compares the proposed LSTM-HHO model with
other models, emphasizing its notable improvement in
prediction accuracy. The proposed model outperforms
LSTM, EMD-LSTM, SSA-LSTM, and STL-LSTM, in both
48- and 90-period horizons, achieving superior MAE and
RMSE values. For the 48-period horizon, the LSTM-HHO
model achieves an MAE of 20.17 and RMSE of 29.43,
significantly outperforming the baseline LSTM model
(MAE = 31.78, RMSE = 38.84). This reduction in error

26

demonstrates the enhanced precision of the proposed model,
attributed to its optimized hyperparameters. In the 90-period
horizon, the LSTM-HHO model maintains strong
performance, with MAE and RMSE values of 24.71 and
33.08, respectively, while the EMDHM  model
(MAE = 27.09) and SSA-LSTM model (MAE = 29.43,
RMSE = 40.77) show comparatively weaker results. These
findings further validate the superior accuracy of the LSTM-
HHO model across different forecasting horizons.

However, as indicated in Table 6, the EMDHM model
outperforms the proposed LSTM-HHO model in RMSE
performance. For example, in the 48-period horizon, the
EMDHM model achieves an RMSE of 28.08, and in the 90-
period horizon, it attains an RMSE of 32.85, exceeding the
proposed model’s RMSE values of 29.43 (48-period) and
33.08 (90-period). This discrepancy suggests that the
EMDHM model delivers more precise forecasts with lower
error margins in these horizons. The EMDHM model's
advantage in RMSE is likely due to its integration of
Empirical Mode Decomposition (EMD) and Detrended
Fluctuation Analysis (DFA), which facilitate effective
modeling of long-term trends and high-frequency
fluctuations in the data.

Actual vs Predicted Demand (Last 200 Time Steps)
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Fig. 12. Performance of the LSTM-HHO model for 200 data equivalents to
8 days

Table 5. Comparison of the proposed model with other evolutionary
methods based on the evaluation metrics MAE, MAPE, and RMSE.

Model MAPE MAE RMSE
GA-LSTM 0.11 22.56 45.72
PSO-LSTM 0.11 37.72 51.09
CSO-LSTM 0.11 24.69 47.76
FSS + LSTM-HHO 0.1 21.18 29.78
Proposed LSTM-HHO 0.08 19.23 27.36

Table 6. Comparing efficiency of the proposed method with other methods

MAE RMSE

Course length Course length
Model 48 90 48 90 Ref
LST™M 31.78 32.19 38.84 40.63 [20]
EMD-LSTM 30.48 32.92 39.03 39.34 [24]
SSA-LSTM 29.43 31.76 34.96 40.77 [24]
STL-LSTM 36.09 35.35 42.41 44.10 [24]
EMDHM 23.55 27.09 28.08 32.85 [24]
Proposed LSTM-HHO 20.17 24.71 29.43 33.08
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4. Conclusion

Accurate and efficient forecasting of electricity demand is
a critical component in modern power systems, particularly
in the context of smart grids, renewable energy integration,
and operational planning. This study introduced a novel
hybrid forecasting model that combines the LSTM neural
network with the Harris Hawks Optimization algorithm to
address the complex challenges inherent in time series-based
electricity load forecasting. Through the synergy of deep
learning and metaheuristic optimization, the proposed model
effectively captures both short-term variations and long-term
dependencies in energy consumption data. The
methodological framework of this study was structured into
four main stages: data collection and preprocessing, feature
selection using RFE and Random Forest, hyperparameter
optimization using the HHO algorithm, and final model
training and evaluation. The dataset, derived from Panama's
national electricity distribution records (2015-2020),
included diverse environmental, temporal, and social
variables. The inclusion of features such as temperature,
humidity, holidays, and school schedules enriched the
model's input space and enabled the network to capture
external influences on consumption patterns. One of the core
contributions of this work lies in the comprehensive
optimization of LSTM hyperparameters such as the number
of layers, neurons, learning rate, batch size, and activation
functions using the HHO algorithm. This bio-inspired
algorithm, mimicking the predatory behavior of Harris
hawks, provided a powerful search mechanism for navigating
the wvast hyperparameter Unlike conventional
optimization approaches that are often prone to local minima
or require intensive manual tuning, the HHO algorithm
demonstrated strong global search capabilities and adaptive
convergence, which significantly improved the model's
training stability and forecasting accuracy.

Experimental results and performance comparisons
underscored the effectiveness of the proposed model.
Evaluation metrics, including Mean Absolute Percentage
Error (MAPE), Mean Absolute Error (MAE), and Root Mean
Squared Error (RMSE), revealed that the LSTM-HHO model
consistently outperformed other models such as GA-LSTM,
PSO-LSTM, and CSO-LSTM across multiple forecasting
horizons. Specifically, the model achieved a MAPE of 0.08%
and an RMSE of 27.36 on the primary dataset, reflecting high
predictive precision. In comparative studies over 30- and 90-
day horizons, the LSTM-HHO model achieved lower error
margins compared to baseline LSTM and other hybrid
models like STL-LSTM, EMD-LSTM, and SSA-LSTM.
Furthermore, the model exhibited strong generalization
capabilities, as evidenced by the stability of training and
validation loss curves and the absence of significant
overfitting. The use of 5-fold cross-validation and hold-out
testing validated the model’s robustness across unseen data.
In addition, violin plots and period-based MAPE analysis

space.
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confirmed the model’s adaptability across various forecasting
horizons and consumption scenarios.

5. Future Works

The proposed research opens several promising directions
for future exploration and development. One area of focus is
the incorporation of appropriate cost functions in regression
models to improve the prediction of challenging samples. By
employing cost functions tailored to handle these hard-to-
predict cases, the model's robustness and overall accuracy can
be enhanced.

Another potential avenue is the utilization of transformer-
based network architectures, which have demonstrated
exceptional  performance in capturing long-range
dependencies and complex patterns in sequential data.
Adopting these advanced models could further enhance the
predictive capabilities of the framework.

Finally, the integration of hybrid learning methods
presents an exciting opportunity to improve model
performance. By combining complementary approaches,
hybrid learning can leverage the strengths of multiple
methodologies, leading to more accurate and efficient
predictions. These advancements have the potential to elevate
the effectiveness of forecasting models and address existing
challenges in electricity consumption prediction.
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