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ABSTRACT

Accurate prediction of electricity consumption is a critical requirement for improving operational efficiency, en-
hancing grid reliability, and supporting sustainability objectives in urban power distribution systems, particularly
in regions experiencing steady population growth and increasing demand pressure. Motivated by the limitations
of conventional statistical and physics-inspired forecasting approaches, as well as the strong sensitivity of deep
learning architectures to hyperparameter configuration, this study proposes a robust data-driven framework that
integrates deep learning with advanced metaheuristic optimization for high-precision short-term electricity consump-
tion forecasting. The main contribution of this work lies in the systematic development and evaluation of hybrid
metaheuristic–Bidirectional Long Short-Term Memory (BiLSTM) models, in which multiple state-of-the-art opti-
mization algorithms are employed to tune model hyperparameters. Particular emphasis is placed on the integration
of the Ninja Optimization Algorithm with BiLSTM (NijOA + BiLSTM), which is designed to effectively navigate
complex, high-dimensional hyperparameter search spaces encountered in deep learning–based load forecasting
tasks. Baseline experiments demonstrate that BiLSTM outperforms other deep learning models, including ANN,
RNN, LSTM, and GRU. Following metaheuristic optimization, the NijOA + BiLSTM model delivers a substantial
improvement in predictive performance, reducing RMSE to 0.0038, MSE to 1.45× 10−5, and MAE to 0.00019,
while increasing the correlation strength to r = 0.973 and explanatory power to R2 = 0.97.

Keywords: Short-term electricity consumption forecasting Deep learning BiLSTM Metaheuristic optimization
SCADA data

1. INTRODUCTION

The global energy sector is undergoing a rapid transformation
driven by increasing urbanization, population growth, climate
change concerns, and rising pressure on existing power sys-
tem infrastructures [1], [2]. In many developing and emerging
economies, these challenges are further intensified by struc-
tural energy dependencies, limited domestic energy resources,

and steadily increasing electricity demand associated with
socio-economic development [3], [4]. Within this broader
context, Morocco represents a particularly relevant case, as
the country continues to face significant challenges related
to energy security, supply reliability, and the efficient man-
agement of electricity consumption [5], [6], [7]. Morocco’s
national energy system is characterized by a strong reliance
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on imported fossil fuels, especially following the shutdown
of the country’s sole oil refinery in 2015 [8]. Despite continu-
ous national efforts to diversify the energy mix and expand
renewable energy capacity, the country’s per-capita energy
consumption remains relatively low compared to regional
averages. This structural dependency places additional strain
on electricity distribution systems, which must simultane-
ously accommodate increasing demand, ensure operational
reliability, and maintain acceptable service quality. Conse-
quently, enhancing the efficiency of electricity consumption
management has become a strategic priority at both national
and urban levels [9]. Urban areas play a critical role in this
transition, as they concentrate population growth, economic
activities, and electricity demand. Tetouan, a city located in
northern Morocco along the Mediterranean coast, exhibits
distinctive geographic, climatic, and demographic character-
istics that directly influence electricity consumption behavior.
The city experiences mild and rainy winters as well as hot and
dry summers, leading to pronounced seasonal variability in
electricity demand. In parallel, sustained population growth
has increased pressure on existing distribution infrastructures,
reinforcing the need for advanced forecasting and planning
tools capable of supporting efficient network operation. Elec-
tricity distribution in Tetouan is managed by Amendis, a
public service operator responsible for the supply of low- and
medium-voltage consumers since 2002. The distribution net-
work is monitored using a Supervisory Control and Data Ac-
quisition (SCADA) system, which provides high-resolution
measurements of electricity consumption across multiple dis-
tribution zones, namely Quads, Smir, and Boussafou. Such
a data-rich operational environment enables detailed anal-
ysis of consumption patterns and creates opportunities for
deploying advanced data-driven forecasting methodologies
[10], [11]. Accurate short-term load forecasting within this
framework is essential for ensuring grid stability, optimizing
dispatch decisions, and minimizing technical and operational
losses. Short-term electricity load forecasting at high tem-
poral resolution, such as ten-minute intervals, has become
increasingly important for modern power system operation
[12]. High-frequency forecasts support real-time decision-
making, demand response strategies, preventive maintenance,
and efficient resource allocation. For electricity distribution
network operators, precise short-term forecasts contribute
to preventing overload conditions, improving voltage reg-
ulation, and enhancing overall energy efficiency. In urban
systems facing growing demand and limited expansion ca-
pacity, these capabilities are particularly critical [13], [14].
Traditional statistical forecasting approaches, although his-
torically valuable, often struggle to capture the nonlinear,
non-stationary, and multivariate nature of modern electricity
consumption data. Such methods typically rely on simpli-
fying assumptions that limit their ability to model complex
temporal dependencies, especially when high-frequency mea-
surements and multiple exogenous variables are involved. In
contrast, machine learning and deep learning techniques have
demonstrated strong potential for overcoming these limita-
tions by learning complex patterns directly from data. Deep
learning architectures designed for sequential data analysis,
including recurrent and memory-based neural networks, have
emerged as powerful tools for time-series forecasting. Mod-
els such as RNN, LSTM, GRU, and BiLSTM are particularly

well suited for electricity consumption forecasting due to
their ability to capture long-term temporal dependencies and
nonlinear relationships between historical load values and
influencing factors. These characteristics make deep learning
approaches highly attractive for high-resolution electricity de-
mand forecasting in complex urban energy systems. Despite
the advantages offered by deep learning techniques, accu-
rate short-term electricity consumption forecasting remains
a challenging task, particularly in urban environments char-
acterized by complex and dynamic demand patterns. One
of the primary challenges arises from the high-frequency
nature of the available data. In this study, electricity con-
sumption is recorded at ten-minute intervals, resulting in a
large-scale time-series dataset comprising more than fifty
thousand observations. While such temporal granularity pro-
vides valuable information, it also increases computational
complexity and places substantial demands on model training
and optimization processes. Another significant challenge is
associated with feature redundancy and correlation among
input variables. Meteorological parameters such as tempera-
ture, humidity, and wind speed are often interrelated, and their
effects on electricity consumption may overlap or interact in
nonlinear ways. In addition, environmental variables such
as diffuse flows introduce further complexity into the feature
space. Without appropriate feature selection or dimensional-
ity reduction mechanisms, redundant or weakly informative
variables can degrade learning efficiency, increase computa-
tional cost, and negatively affect model generalization. Hy-
perparameter sensitivity constitutes an additional obstacle
in deep learning-based forecasting models. Architectures
based on memory units, particularly LSTM-derived models,
are highly dependent on the selection of hyperparameters
such as learning rates, number of hidden units, batch sizes,
and optimization settings. Inadequate hyperparameter con-
figurations may result in slow convergence, unstable training
behavior, or insufficient representation of temporal dependen-
cies. Therefore, systematic and automated hyperparameter
optimization strategies are essential to fully exploit the pre-
dictive capabilities of deep learning models. Overfitting and
generalization issues further complicate the forecasting task.
Electricity consumption patterns are influenced by seasonal
variability, behavioral changes, and external factors that may
not be fully represented in historical data. Developing fore-
casting models that maintain robust predictive performance
when exposed to unseen conditions remains a central chal-
lenge, necessitating careful model design, validation strate-
gies, and optimization mechanisms. In light of the afore-
mentioned challenges, the primary objective of this study is
to develop a robust and scalable framework for short-term
electricity consumption forecasting within an urban distri-
bution network context. The study aims to systematically
evaluate multiple neural-network-based models, including
ANN, RNN, LSTM, GRU, and BiLSTM architectures, in
order to assess their suitability for high-resolution electricity
load forecasting using real-world SCADA data. A further
objective is to investigate the integration of metaheuristic
optimization techniques within the forecasting framework.
These techniques are employed to enhance feature selection
and hyperparameter tuning processes, thereby addressing is-
sues related to redundancy, sensitivity, and convergence. By
embedding optimization strategies into the learning pipeline,
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the study seeks to improve model robustness and efficiency
while reducing reliance on manual parameter tuning. Over-
all, the study aims to establish a methodological foundation
capable of supporting accurate, stable, and computationally
efficient short-term electricity consumption forecasting. The
proposed framework is intended to be applicable not only
to the Tetouan distribution network but also to other urban
energy systems exhibiting similar operational characteristics.
This study contributes to the existing literature on electric-
ity load forecasting by proposing a hybrid framework that
integrates deep learning architectures with metaheuristic op-
timization strategies. The primary contribution lies in the
development of a metaheuristic-optimized BiLSTM-based
forecasting approach tailored to high-frequency electricity
consumption data collected from a real-world urban distri-
bution network. In addition, the study provides a structured
benchmarking framework that enables systematic compar-
ison among several deep learning models under consistent
data preprocessing and evaluation conditions. This compar-
ative perspective offers valuable insights into the relative
strengths and limitations of different modeling approaches in
the context of short-term load forecasting. From an applied
standpoint, the proposed methodology offers practical value
for smart grid operation and urban energy management, par-
ticularly in developing regions where efficient utilization of
existing infrastructure is essential. The framework supports
data-driven decision-making and contributes to broader ef-
forts aimed at improving energy efficiency, reliability, and
sustainability. The remainder of this paper is organized as
follows. Section 2 describes the materials and methods, in-
cluding the dataset, preprocessing procedures, modeling ap-
proaches, and optimization strategies. Section 3 outlines the
experimental design and evaluation methodology. Section 4
presents the analytical framework adopted for model assess-
ment. Finally, Section 5 concludes the paper and highlights
potential directions for future research.

2. LITERATURE REVIEW

Over the last decade, research on chiller plants has in-
creasingly converged on a central premise: because chillers
frequently constitute the single largest electricity end-use
within large commercial buildings, even incremental im-
provements in prediction accuracy and control quality can
translate into meaningful reductions in operational cost and
carbon emissions. Consequently, chiller-related studies
have evolved from isolated performance assessment toward
data-driven intelligence that supports energy-efficient op-
eration, optimal control, and long-term system reliability.
The reviewed body of work reflects this evolution by trac-
ing a trajectory fromdata-driven prediction and forecasting,
throughprediction-informed optimization and control, and
finally towardreliability- and fault-oriented analyticsthat safe-
guard both energy performance and equipment health. Across
this literature, two persistent engineering constraints repeat-
edly emerge. First, operational datasets collected from real
chiller plants are often noisy, incomplete, and unevenly dis-
tributed across operating regimes, due to manual setpoints,
limited load diversity, or sensor unavailability. Second, practi-
cal deployment within building automation systems requires
models that remain stable under non-stationary conditions, ex-

hibit acceptable generalization beyond observed data ranges,
and operate under limited sensing while maintaining a de-
gree of interpretability. Within these constraints, researchers
have proposed a wide spectrum of machine learning and deep
learning (DL) architectures, frequently reinforced through
hybridization with physical knowledge, metaheuristic opti-
mization, or domain expertise. A foundational strand of
the literature evaluates classical machine learning and main-
stream deep learning architectures for predicting chiller power
consumption and performing short-horizon forecasting. In
a representative study conducted on an academic building
in Taiwan, chiller power prediction—defined as estimating
instantaneous power based on contemporaneous inputs—is
benchmarked between a thermodynamic model and a mul-
tilayer perceptron (MLP), while short-term forecasting is
evaluated using MLP, one-dimensional convolutional neural
networks (1D-CNN), and Long Short-Term Memory (LSTM)
networks [15]. The results demonstrate that, despite the avail-
ability of physics-based formulations, a sufficiently trained
MLP can approximate nonlinear input–output relationships
with high fidelity, highlighting the expressive power of data-
driven models when operational data are adequately informa-
tive. More importantly, LSTM achieves superior performance
in minute-ahead forecasting, underscoring the importance of
explicitly modeling temporal dependencies in systems char-
acterized by thermal inertia, transport delays, and control
deadbands. The daily retraining strategy adopted in this work
further emphasizes that chiller plants should be treated as
inherently non-stationary systems, where continual model
adaptation is essential for sustained accuracy rather than a
mere performance enhancement [15]. These findings are rein-
forced by comparative studies involving Feedforward Neural
Networks (FNN), Random Forests (RF), and Recurrent Neu-
ral Networks (RNN), which consistently report improved
predictive accuracy when temporal structures are explicitly
incorporated [16]. Such studies suggest that temporal models
are not simply higher-capacity alternatives to static predictors;
rather, their structural alignment with sequence dynamics al-
lows them to better accommodate fluctuating loads, transient
operating modes, and regime shifts commonly observed in
real chiller operation. Beyond baseline model comparisons,
a significant portion of the literature explores hybrid mod-
eling strategies designed to address a central limitation of
purely black-box predictors: reduced robustness under ex-
trapolation and degraded performance across wide operating
envelopes. One prominent example is the hybrid Thermo-
Regulated Regression Model (TRRM) combined with deep
learning for coefficient of performance (COP) estimation
[17]. In this framework, a physically interpretable regres-
sion model captures first-order temperature effects, while a
deep neural network learns the residual error. This residual
learning paradigm is conceptually important, as it partitions
the modeling task into a low-dimensional, physically mean-
ingful backbone and a data-driven refinement layer that ab-
sorbs higher-order nonlinearities and unmodeled interactions.
By relieving the network from relearning obvious thermo-
dynamic trends, the hybrid structure improves generaliza-
tion and stability. The operational choice to rely exclusively
on temperature measurements further reflects practical de-
ployment realities, where flow and power sensors may be
unavailable or unreliable [17]. A complementary hybridiza-
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tion strategy is represented by Physics-Informed Neural Net-
works (PINNs), which embed physical constraints directly
into the learning objective or network architecture. PINN-
based approaches argue that incorporating conservation laws
or physical relationships can regularize training when oper-
ational data are sparse, clustered, or biased toward limited
regimes, thereby improving prediction accuracy for chillers
and associated subsystems such as pumps [18]. Collectively,
residual learning and physics-informed learning represent two
complementary responses to the same challenge: achieving
robust prediction performance under data limitations typical
of field-deployed chiller plants. Parallel to these structural
hybridizations, an extensive line of research focuses on cou-
pling deep learning models with metaheuristic optimization
algorithms to enhance convergence behavior, tune hyperpa-
rameters, and improve predictive accuracy. The FFNN com-
bined with Teaching–Learning-Based Optimization (TLBO)
study highlights that chiller energy prediction performance
depends not only on the choice of network architecture, but
also critically on the optimizer’s ability to navigate com-
plex, non-convex parameter spaces [19]. By benchmarking
TLBO against a wide range of metaheuristics—including Ge-
netic Algorithms (GA), Particle Swarm Optimization (PSO),
Differential Evolution (DE), and Ant Colony Optimization
(ACO)—the study positions metaheuristic-driven tuning as a
viable alternative when gradient-based or manual optimiza-
tion proves unstable or computationally expensive. This nar-
rative is extended by studies employing hybrid CNN–LSTM
architectures optimized using metaheuristics such as the Bar-
nacles Mating Optimizer (BMO) [20]. In these models, CNN
components act as temporal feature extractors and noise fil-
ters, while LSTM layers capture long-term dependencies
and regime transitions. The emphasis on convergence speed,
statistical validation, and reproducibility reflects practical
deployment considerations, where frequent retraining and
reliable performance are essential for integration into build-
ing automation workflows. The inclusion of SHAP-based
explainability further signals a shift toward actionable in-
telligence, where model outputs must align with engineer-
ing intuition to support trust and informed decision-making
[20]. A related but distinct optimization-oriented framework
integrates hybrid metaheuristics with Generative Adversar-
ial Networks (GANs) and wrapper-based feature selection
[21]. Although differing in architectural details, this work
shares a common assumption with other metaheuristic-based
studies: raw sensor streams often contain redundancy and
multicollinearity, and automated feature selection can signifi-
cantly enhance generalization while reducing sensitivity to
noise. When viewed alongside physics-informed and residual-
learning approaches, the literature reveals two complementary
philosophies for improving robustness: embedding engineer-
ing structure to constrain learning, or employing algorith-
mic search to discover performant configurations in high-
dimensional design spaces. Another major research direction
integrates prediction models directly into control frameworks.
LSTM-based predictive reinforcement learning (RL) control
argues that conventional interval-based optimization often
assumes quasi-static loads within control horizons—an as-
sumption frequently violated in practice [22]. By forecasting
future cooling demand and incorporating predictions into
RL-based control policies, these approaches demonstrate im-

proved energy savings compared to both rule-based control
and non-predictive RL. This highlights a fundamental in-
sight: in chiller plants, control quality is inherently dependent
on forecast quality, as control decisions are evaluated over
future trajectories rather than instantaneous states [22]. Com-
plementary clustering-based RL approaches further address
scalability and convergence challenges by partitioning the
state space into regime-consistent subsets, thereby improv-
ing learning efficiency and stability under complex, coupled
system dynamics [23]. Similar ideas are reflected in net-
zero oriented studies that integrate deep learning prediction
with correlation-based feature prioritization to support su-
pervisory control design [24]. While forecasting and con-
trol address operational efficiency, reliability-focused analyt-
ics aim to preserve that efficiency under faults and degrada-
tion. Fault detection, diagnosis, and prediction have therefore
emerged as critical components of intelligent chiller manage-
ment. Knowledge-embedded Deep Belief Network (DBN)
frameworks address multi-fault diagnosis under incomplete
labeling by integrating domain rules into feature learning and
classifier training [25]. Other studies focus on specific fault
types, such as refrigerant undercharge, using DBN-enhanced
Extreme Learning Machines (ELM) optimized by PSO and
informed by expert-driven feature selection [26]. Address-
ing distribution shifts across working conditions, domain
knowledge-assisted deep ELM frameworks explicitly target
cross-condition generalization, emphasizing robustness as a
primary design requirement rather than a secondary perfor-
mance metric [27]. More recently, attention has shifted to-
ward fault prediction rather than post hoc diagnosis. Modular
frameworks combining autoencoders, classifiers, and adaptive
thresholding illustrate early but practical steps toward predic-
tive maintenance in HV AC systems [28]. Transfer learning
studies further extend this paradigm by demonstrating that
knowledge learned from source chillers can be transferred
to target systems with limited data, reducing commissioning
effort and accelerating deployment of analytics in real build-
ings. Absorption chillers appear in the reviewed literature as
a parallel domain where surrogate modeling enables acces-
sibility and parametric exploration. Neural-network-based
surrogates replacing detailed TRNSYS components illustrate
how deep learning can support rapid sensitivity analysis and
design exploration without repeated reliance on computation-
ally expensive simulations [29]. When considered alongside
studies motivating alternative cooling technologies, this line
of work underscores that decarbonization pathways involve
both operational optimization of conventional systems and
performance enhancement of emerging cooling technologies
[21], [29]. In synthesis, the reviewed literature demonstrates
a clear evolution of chiller analytics from isolated predic-
tion tasks toward integrated frameworks that combine fore-
casting, optimization, control, and reliability intelligence.
Temporal deep learning architectures—particularly LSTM
and hybrid CNN–LSTM models—consistently emerge as
effective tools for short-horizon energy forecasting under dy-
namic operating conditions [15], [20], [22]. However, the
systematic exploration ofbidirectionaltemporal architectures,
such as Bidirectional LSTM (BiLSTM), remains limited in
chiller energy applications, despite their potential to exploit
richer temporal context and capture complex interdependen-
cies inherent in real-world operation. At the same time, the
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literature clearly indicates that predictive performance and
robustness are highly sensitive to hyperparameter configu-
ration and optimizer choice, motivating the growing use of
metaheuristic optimization strategies. Despite these advances,
a notable research gap persists in the systematic evaluation
of advanced metaheuristic optimizers for tuning bidirectional
deep temporal models in chiller energy prediction tasks under
realistic field constraints, including noisy measurements, lim-
ited sensing, and non-stationary operation. Addressing this
gap is essential for developing prediction frameworks that are
not only accurate in retrospective evaluation, but also stable,
generalizable, and suitable for deployment within practical
building automation systems.

3. MATERIALS AND METHODS

3.1 Dataset Description

The present study is based on a real-world electricity con-
sumption dataset collected from the urban electricity distri-
bution network of Tetouan city, located in northern Morocco.
The data were obtained through the Supervisory Control and
Data Acquisition (SCADA) system operated by Amendis, the
public service concessionaire responsible for the distribution
of electricity and drinking water in the Tetouan region since
2002. Amendis manages the delivery of electrical energy
from the national transmission grid to end users, ensuring
reliable operation of the low- and medium-voltage distri-
bution network. The use of SCADA-based measurements
guarantees high data fidelity, operational relevance, and con-
tinuous monitoring of electricity consumption under actual
grid conditions, making the dataset particularly suitable for
short-term load forecasting studies. The electricity distributed
within the Tetouan network is supplied by the National Office
of Electricity and Drinking Water and is transformed from
high voltage levels (63 kV) to medium voltage levels (20
kV) before being transported and distributed to consumers.
The dataset reflects consumption at the distribution level and
captures the aggregated demand behavior of residential, com-
mercial, and service-sector consumers connected to the low-
and medium-voltage network. As such, it provides a compre-
hensive representation of urban electricity demand dynamics
rather than isolated end-user behavior. The dataset spans
a complete calendar year, from January 1 to December 31,
2017, and is recorded at a temporal resolution of ten minutes.
This high-frequency sampling results in a total of 52,416
observations, enabling the detailed characterization of short-
term fluctuations in electricity consumption. The chosen
temporal resolution is particularly relevant for operational
forecasting, as it captures rapid demand variations driven
by human activity cycles, meteorological changes, and net-
work operating conditions. Moreover, the full-year coverage
ensures that seasonal effects, including winter heating de-
mand and summer cooling loads, are fully represented in the
data. Each observation within the dataset is described by
a set of input features encompassing meteorological, envi-
ronmental, and electrical variables. Meteorological features
include ambient temperature, relative humidity, and wind
speed, which are widely recognized as influential factors in
electricity consumption due to their direct impact on heating,
cooling, and ventilation usage. These variables provide es-
sential contextual information for modeling weather-sensitive

demand patterns in an urban environment characterized by
a Mediterranean climate. In addition to standard meteoro-
logical parameters, the dataset incorporates environmental
flow variables, namely general diffuse flows and diffuse flows.
These variables capture atmospheric and environmental con-
ditions that may indirectly influence electricity consumption
behavior and grid operating conditions. The inclusion of such
features enriches the input space and allows the forecasting
models to account for a broader range of exogenous influ-
ences beyond conventional weather indicators. Electricity
consumption data are provided separately for three major
distribution zones within Tetouan city, corresponding to the
Quads, Smir, and Boussafou substations. These zones repre-
sent the primary supply areas of the urban distribution net-
work and exhibit heterogeneous consumption characteristics
due to differences in population density, land use, and local
demand profiles. Zone-level measurements enable the analy-
sis of spatial variability in electricity consumption and support
both localized forecasting and aggregated demand modeling.
Depending on the forecasting configuration, the consumption
of each zone can be modeled independently or combined to
form an aggregated load signal representative of city-wide de-
mand. The forecasting task addressed in this study focuses on
short-term electricity consumption prediction at a ten-minute
resolution. Such short-term forecasts are essential for real-
time grid operation, load balancing, and proactive network
management. By predicting future consumption based on
historical patterns and exogenous variables, the forecasting
models aim to support operational decision-making within
the distribution network, including congestion mitigation and
efficient resource allocation. To ensure rigorous model de-
velopment and unbiased performance evaluation, the dataset
was partitioned following a time-series–consistent splitting
strategy. The chronological order of observations was strictly
preserved to reflect realistic forecasting conditions and to
prevent information leakage from future data into the train-
ing process. The dataset was divided into three mutually
exclusive subsets: a training set used for model learning, a
validation set employed for hyperparameter tuning and model
selection, and an independent testing set reserved for final per-
formance assessment. This partitioning approach ensures that
model evaluation accurately reflects generalization capability
when applied to unseen data and aligns with best practices in
time-series forecasting research. Understanding the statistical
relationships among input variables is a crucial preliminary
step in data-driven modeling, as it provides insight into fea-
ture dependencies, potential multicollinearity, and the relative
influence of environmental and operational factors on the tar-
get system. Prior to any preprocessing or feature engineering,
an exploratory correlation analysis was conducted to exam-
ine the linear associations between zone-level variables and
meteorological parameters. Figure 1 illustrates the Pearson
correlation matrix of the original dataset, revealing strong
positive correlations among zone-related variables, moder-
ate relationships between temperature and airflow-related
features, and predominantly negative correlations between
humidity and both thermal and flow-related variables. These
patterns highlight the inherent interdependencies within the
raw data and underscore the importance of appropriate pre-
processing and model design to effectively capture both direct
and inverse relationships in subsequent predictive modeling
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stages.

Figure 1. Correlation matrix of input features prior to preprocessing.

Temporal dependency analysis is a fundamental step in time-
series modeling, as it enables the identification of inherent
autocorrelation structures, seasonal patterns, and appropriate
model configurations. To investigate the dynamic behavior
of the aggregated energy consumption data recorded at 30-
minute intervals, both the autocorrelation function (ACF) and
partial autocorrelation function (PACF) were examined. As
illustrated in Figure 2, the ACF plot exhibits a slowly decay-
ing oscillatory pattern, indicating strong temporal persistence
and potential periodicity within the series, while the PACF
highlights significant spikes at early lags and around the daily
cycle, suggesting the presence of both short-term dependen-
cies and longer-range seasonal effects. These characteristics
confirm the non-random nature of the energy consumption se-
quence and provide critical insights for selecting suitable lag
structures and model architectures in subsequent forecasting
stages.

Figure 2. Autocorrelation function (ACF) and partial autocorrela-
tion function (PACF) of the 30-minute total

energy consumption time series. Interpreting the contribu-
tion of individual input features is essential for enhancing
the transparency, reliability, and practical applicability of
data-driven energy prediction models. To this end, a SHap-
ley Additive exPlanations (SHAP) analysis was performed
to quantify the marginal impact of each explanatory variable
on the model output across the entire dataset. As shown in
Figure 3, the SHAP summary plot ranks features according
to their overall importance while simultaneously illustrating
the direction and magnitude of their influence. Temporal
variables, particularly hour and month, exhibit the strongest
contributions, reflecting pronounced diurnal and seasonal

consumption patterns. Meteorological variables such as tem-
perature and airflow-related features also demonstrate no-
table effects, whereas categorical indicators such as weekend
and day of week show comparatively lower influence. This
analysis provides valuable insights into the internal decision-
making process of the model and confirms that the learned
relationships are physically and operationally consistent with
real-world energy consumption behavior.

Figure 3. SHAP summary plot illustrating the impact of input
features on the model output.

3.2 Data Preprocessing

Data preprocessing represents a fundamental component in
the development of reliable and robust electricity consump-
tion forecasting models, particularly when dealing with high-
resolution SCADA-based time-series data. The dataset used
in this study consists of heterogeneous variables measured
at ten-minute intervals, including meteorological parameters,
environmental indicators, and electricity consumption values
across multiple distribution zones. In such a context, careful
preprocessing is essential to ensure data quality, numerical
stability, and effective learning by deep neural network ar-
chitectures. The preprocessing procedure began with a com-
prehensive assessment of data completeness and temporal
consistency. All recorded variables were examined to identify
potential missing values, anomalous entries, or discontinu-
ities in the time series. Particular attention was given to the
regularity of the ten-minute sampling intervals, as sequential
learning models rely heavily on uninterrupted temporal se-
quences. When isolated missing observations were detected,
appropriate corrective strategies were considered to preserve
temporal continuity while minimizing the introduction of arti-
ficial distortions. In cases where longer gaps were identified,
the affected segments were excluded from the analysis to
maintain the integrity of the dataset. This verification process
ensured that the final dataset used for model development
was coherent and suitable for time-series forecasting appli-
cations. Following data completeness verification, feature
scaling and normalization were applied to address the het-
erogeneous numerical ranges of the input variables. The
dataset includes features with substantially different magni-
tudes, such as meteorological measurements and electricity
consumption values expressed in different units and scales.
Without appropriate normalization, features with larger nu-
merical ranges may disproportionately influence the learning
process, leading to biased parameter updates and unstable
convergence behavior. To mitigate this issue, all continuous
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input variables were transformed using normalization tech-
niques that map feature values onto a common numerical
scale. This step improved numerical stability during training
and facilitated efficient gradient-based optimization, which is
particularly critical for deep learning models. In addition to
numerical preprocessing, temporal feature engineering was
incorporated to enhance the representation of time-dependent
consumption patterns. Electricity demand is inherently in-
fluenced by temporal factors such as daily activity cycles,
weekly routines, and seasonal variations. To capture these
effects explicitly, time-related attributes were derived from
the original timestamp information, including indicators cor-
responding to the hour of the day, the day of the week, and
the progression of the annual cycle. By integrating these
temporal descriptors into the input space, the forecasting
models are provided with structured contextual information
that supports the learning of periodic and cyclical consump-
tion behaviors characteristic of urban electricity demand. The
final stage of preprocessing involved the analysis of correla-
tion and redundancy among input features. Meteorological
and environmental variables often exhibit interdependencies
due to shared physical drivers, which can result in redundant
information within the feature set. High levels of redundancy
may increase computational complexity and negatively affect
model generalization by encouraging overfitting. To address
this issue, statistical correlation analysis was conducted to
quantify relationships among the input variables and identify
strongly correlated feature pairs. The outcomes of this analy-
sis informed subsequent optimization stages by highlighting
candidates for feature reduction, thereby contributing to a
more compact and informative representation of the input
space prior to model training.

3.3 Deep Learning Models

Deep learning has emerged as a powerful modeling paradigm
for complex energy-demand systems due to its ability to learn
nonlinear and hierarchical representations directly from data.
In short-term electricity consumption forecasting, particularly
at high temporal resolutions, demand patterns are influenced
by a combination of meteorological conditions, environmen-
tal factors, and human activity cycles, leading to strong tem-
poral dependence and non-stationary behavior. These charac-
teristics pose significant challenges for traditional statistical
and shallow learning models, which often rely on restric-
tive assumptions and limited feature representations. Deep
learning architectures, by contrast, can automatically extract
informative latent features from multivariate inputs and model
temporal dependencies through sequential learning mecha-
nisms, making them well suited for high-frequency electricity
load forecasting using SCADA data. In this study, five deep
learning architectures were selected to provide a compre-
hensive and systematic modeling framework for short-term
electricity consumption prediction. These models include
ANN, RNN, LSTM, GRU, and BiLSTM. The selected ar-
chitectures represent a spectrum of modeling capabilities,
ranging from static nonlinear approximation to advanced se-
quence learning with memory mechanisms. Their inclusion
enables a structured comparison of how different architec-
tural designs capture the temporal dynamics of electricity
consumption recorded at ten-minute intervals across multi-
ple urban distribution zones. capability. ANN architectures

consist of interconnected layers of neurons, where each neu-
ron computes a weighted sum of its inputs followed by a
nonlinear activation function. This structure allows ANN to
approximate complex nonlinear mappings between explana-
tory variables, such as meteorological and environmental
factors, and electricity consumption. However, ANN pro-
cesses each observation independently and does not explicitly
account for temporal correlations between successive time
steps. As a result, while in electricity consumption time series
is limited. To explicitly incorporate temporal dependence,
RNN was introduced as a recurrent baseline model. RNN
architectures include recurrent connections that propagate
information from previous time steps to the current hidden
state, enabling the model to learn temporal relationships in
sequential data. This internal memory mechanism makes
RNN conceptually suitable for time-series forecasting tasks.
In practice, however, conventional RNNs may suffer from
training instability due to vanishing and exploding gradient
problems, particularly when modeling long or high-frequency
sequences. These limitations can restrict their effectiveness
in capturing long-term dependencies in electricity consump-
tion data. that regulate the flow of information through the
network. The LSTM architecture employs input, forget, and
output gates to selectively retain or discard information over
time, thereby improving gradient flow and training stabil-
ity. This capability enables LSTM models to capture both
short-term fluctuations and longer-term temporal patterns in
electricity consumption, which are influenced by daily rou-
tines, weekly cycles, and seasonal variations. Consequently,
LSTM has been widely applied in short-term load forecasting
and related energy prediction tasks. merging gating mecha-
nisms and eliminating the explicit memory cell, resulting in
fewer trainable parameters and reduced computational com-
plexity. Despite this simplification, GRU retains the ability
to model temporal dependencies effectively. Including GRU
in the modeling framework allows for an assessment of the
trade-off between architectural complexity, training efficiency,
and temporal learning capability in high-frequency electricity
consumption forecasting. processing. Unlike unidirectional
recurrent models that process input sequences only in the
forward temporal direction, BiLSTM employs two parallel
recurrent layers that process the sequence in both forward
and backward directions. The outputs of these layers are
then combined to form a richer temporal representation. This
bidirectional structure enables the model to leverage con-
textual information from both past and future observations
during training, which can improve the learning of complex
consumption trajectories and transition patterns. Due to its
enhanced representational capacity, BiLSTM was selected as
the core predictive architecture for subsequent optimization
within the proposed framework.

3.4 Metaheuristic Optimization Algorithms

The predictive performance of deep learning models is
strongly influenced by the selection of hyperparameters that
govern both network structure and training dynamics. In
short-term electricity consumption forecasting, inappropriate
hyperparameter configurations may lead to slow convergence,
unstable training behavior, or poor generalization to unseen
time periods. Given the nonlinear and non-convex nature
of the hyperparameter search space, manual tuning is inef-
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ficient and difficult to reproduce, while exhaustive search
strategies rapidly become computationally prohibitive. These
challenges motivate the adoption of metaheuristic optimiza-
tion algorithms, which provide flexible and derivative-free
search mechanisms suitable for complex black-box optimiza-
tion problems. Metaheuristic algorithms operate by itera-
tively improving a population of candidate solutions through
stochastic update rules that balance global exploration and
local exploitation. Such algorithms are particularly effective
for hyperparameter optimization of deep learning models,
where the objective function is typically evaluated through
validation-based forecasting error and does not possess an
explicit analytical form. In the context of high-resolution elec-
tricity load forecasting, metaheuristic optimization supports
the identification of robust hyperparameter configurations that
enhance training stability and generalization under realistic
operating conditions. In this study, metaheuristic optimiza-
tion is employed to automate hyperparameter tuning for the
deep learning models, with a primary focus on BiLSTM as
the core forecasting architecture. The optimization problem is
formulated such that each candidate solution encodes a feasi-
ble hyperparameter vector, while its fitness is evaluated using
a predefined objective function computed on a validation sub-
set obtained through a time-series–consistent data split. This
formulation ensures that optimization targets generalization
capability rather than memorization of training data. The
Ninja Optimization Algorithm (NiOA) is adopted as the prin-
cipal optimization engine within the proposed framework.
NiOA is a population-based metaheuristic that emphasizes
adaptive exploration and exploitation strategies to navigate
complex optimization landscapes. During the exploration
phase, candidate solutions traverse the search space broadly
to promote diversity and reduce sensitivity to initial condi-
tions. Exploitation mechanisms are subsequently applied
to refine promising solutions and accelerate convergence to-
ward optimal configurations. Mutation and adaptive update
strategies are integrated to prevent stagnation and enhance
robustness against local optima. In addition to NiOA, several
state-of-the-art metaheuristic algorithms are incorporated to
provide a comprehensive comparative optimization frame-
work. These include W AO, BBO, GA, SFS, DE, and JAY
A. Each of these algorithms embodies a distinct search phi-
losophy and population update mechanism, enabling diverse
exploration–exploitation behaviors within the hyperparameter
space. By evaluating these algorithms under consistent exper-
imental conditions, the study enables a systematic assessment
of different metaheuristic strategies for deep learning hyper-
parameter optimization in short-term electricity consumption
forecasting.

3.5 Proposed NiOA-Based Optimization Framework

The Ninja Optimization Algorithm (NiOA) is adopted in this
study as the principal metaheuristic framework for automated
hyperparameter optimization of the BiLSTM-based electric-
ity consumption forecasting model. NiOA is a population-
based optimization algorithm designed to efficiently navigate
complex, nonlinear, and high-dimensional search spaces by
adaptively balancing global exploration and local exploita-
tion. Such characteristics make NiOA particularly suitable
for deep learning hyperparameter optimization, where the
objective function is typically non-convex, computationally

expensive to evaluate, and available only in a black-box form
through validation-based forecasting performance. Within the
proposed framework, the hyperparameter optimization task is
formulated as a continuous optimization problem. Each ninja
agent encodes a candidate hyperparameter configuration for
the BiLSTM model as a real-valued vector within predefined
feasibility bounds. Candidate quality is evaluated using a
fitness function computed on a validation subset obtained via
a time-series–consistent split, ensuring that the optimization
process targets generalization capability under realistic fore-
casting conditions. NiOA proceeds through exploration, oscil-
latory diversification, mutation, and exploitation/refinement
mechanisms. During exploration, the position of a search
agentL s at iterationtis updated according to: Ls(t+ 1) = (
Ls(t) +r 1 ·(L s(t1)-L s(t2)),if the exploration condition holds,
RandomL s
in F S,otherwise, (1) wherer 1
in [0,1]is a random scaling factor,t 1 andt 2 are randomly
selected previous iterations, andF S denotes the feasible hy-
perparameter search space. This update promotes global
exploration by encouraging candidate solutions to traverse
diverse regions of the search landscape. To further enhance
diversification and mitigate premature convergence, an oscil-
latory movement component is applied: Ds(t+ 1) =D s(t) +|D
s(t) +r 2 ·D s(t)| ·cos(2
pi t),(2) wherer 2
in [0,1]introduces stochastic variation. The cosine term pe-
riodically alters the movement direction and magnitude, en-
abling broader coverage of the search space. In addition,
NiOA integrates a mutation mechanism to increase popu-
lation diversity and facilitate escaping local optima. The
mutation operator is defined as: N= a-1X n=0 (-1)n 2n+ 1
·x (2n+1),(3) whereais a randomly generated integer con-
trolling mutation intensity. This operator perturbs candidate
solutions in a controlled manner, improving the algorithm’s
ability to explore alternative configurations. Once promis-
ing regions are identified, NiOA intensifies local refinement
through exploitation, governed by: Ms(t+ 1) =J 1Ms(t) +
2J2 ·(M s(t) + (Ms(t) +J 1)) - 1- Ms(t) Ms(t) +J 1 -2 ,(4)
whereJ 1 andJ 2 are adaptive control parameters regulating
exploitation strength. This update refines solutions around
promising areas to enhance convergence toward high-quality
hyperparameter configurations. To prevent stagnation, an
adaptive update strategy is applied when fitness improvement
is not observed over consecutive iterations. The best-solution
update is expressed as: Bs(t+ 1) =L s(t+ 1) +i·n·(L s(t+ 1)-D
s(t+ 1)) +i·n·(M s(t+ 1) + 2vs ·R s(t+ 1)),(5) wherei,n, andv
s regulate update intensity, andRs(t+1)denotes the resource-
related vector used in the NiOA update logic. This mecha-
nism dynamically perturbs the current best solution to restore
exploration when the search becomes trapped around subop-
timal regions. Algorithm 1 summarizes the overall workflow
of the proposed NiOA-based hyperparameter optimization
framework, explicitly linking the algorithmic steps to the
update rules in Eqs. (1)–(5). By integrating NiOA with BiL-
STM, the proposed framework provides a systematic and
reproducible approach for automated hyperparameter opti-
mization in short-term electricity consumption forecasting
using high-resolution SCADA data [30].
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3.6 State-of-the-Art Metaheuristic Models

In addition to NiOA, several state-of-the-art metaheuristic
optimization algorithms are incorporated to establish a com-
parative framework for deep learning hyperparameter tuning
under consistent experimental conditions. The inclusion of
multiple metaheuristics enables a systematic evaluation of
different exploration–exploitation philosophies, population
update strategies, and convergence behaviors when applied to
the BiLSTM-based short-term electricity consumption fore-
casting problem. W AO is incorporated as a representative
swarm-based metaheuristic with mechanisms that balance
global exploration and local exploitation through iterative
position updates guided by solution quality. This balance sup-
ports efficient navigation of complex search landscapes while
maintaining sufficient diversity to reduce the risk of prema-
ture convergence. BBO is considered as a population-based
approach that models candidate solutions as habitats and
employs information-sharing dynamics through migration
mechanisms. Such structured exchange can help propagate
high-quality solution components across the population while
preserving diversity. GA is included as a classical evolu-
tionary benchmark. GA evolves candidate hyperparameter
configurations using selection, crossover, and mutation op-
erators, enabling robust global search in large and nonlinear
spaces. SFS is incorporated as a stochastic diffusion-based
method that integrates exploration through random walks
with localized refinement. This dual behavior is beneficial for
escaping local optima and exploring high-dimensional hyper-
parameter spaces. Algorithm 1NiOA-based hyperparameter
optimization for BiLSTM 1:Input:Feasible search spaceF S,
population sizeN, maximum iterationsT, stagnation threshold
tau 2:Input:Random coefficientsr 1, r2
in [0,1], control parametersJ 1, J2, and factorsi, n, v s 3:Out-
put:Best hyperparameter vectorB 4:Initialize a population
ofNagentsL s(0)N s=1 uniformly inF S 5:Initialize auxiliary
statesD s(0)N s=1,M s(0)N s=1, andR s(0)N s=1 6:Evalu-
ate fitness of each agent by training BiLSTM using the en-
coded hyperparameters and computing validation fitness 7:Set
best solutionB←arg min s fitness(Ls(0))(orarg maxdepend-
ing on the fitness definition) 8:Set stagnation counterc←0
9:fort= 0toT-1do 10:foreach agents= 1,2, . . . , Ndo 11:Ex-
ploration:updateL s(t+ 1)according to Eq. (1) 12:Oscilla-
tory diversification:updateD s(t+ 1)using Eq. (2) 13:Muta-
tion:compute mutation operatorNusing Eq. (3) and perturb
the candidate if applicable 14:Exploitation:refineM s(t+ 1)ac-
cording to Eq. (4) 15:Enforce feasibility constraints (project
intoF Sif needed) 16:Evaluate fitness of the updated candi-
date using the validation set 17:end for 18:Update current
bestB new from the population based on fitness 19:iffitness(B
new)improves over fitness(B)then 20:B←B new;c←0 21:else
22:c←c+ 1 23:end if 24:ifc
geq
tau then 25:Stagnation handling:update the best solution us-
ing Eq. (5) 26:Resetc←0 27:end if 28:end for 29:ReturnB DE
is included as a population-based continuous optimizer that
perturbs candidate solutions using scaled vector differences
among randomly selected individuals, enabling efficient ex-
ploration of numerical hyperparameters and competitive con-
vergence behavior in continuous domains. JAY A is employed
as a parameter-free algorithm that iteratively moves solutions
toward the current best and away from the current worst can-

didate, reducing the need for algorithm-specific tuning while
maintaining competitive search capability. By benchmarking
NiOA against W AO, BBO, GA, SFS, DE, and JAY A, the
study provides a robust basis for comparing optimization be-
haviors and identifying effective strategies for deep learning
hyperparameter tuning in high-resolution urban electricity
consumption forecasting.

3.7 Evaluation Metrics

A rigorous and comprehensive evaluation framework is es-
sential for assessing the predictive capability, robustness,
and generalization performance of deep learning models de-
veloped for short-term electricity consumption forecasting.
Given the complexity of urban electricity distribution sys-
tems and the nonlinear, time-dependent nature of electricity
demand, reliance on a single evaluation metric may lead to
incomplete or misleading conclusions. Therefore, this study
employs a diverse set of regression-based performance met-
rics that collectively capture error magnitude, systematic bias,
correlation strength, relative performance, and overall agree-
ment between predicted and observed electricity consumption
values. The selected metrics include Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), Mean Bias Error (MBE), Pearson correlation
coefficient (r), coefficient of determination (R2), Relative
Root Mean Squared Error (RRMSE), Nash–Sutcliffe Effi-
ciency (NSE), and the Willmott Index of Agreement (WI).
These indicators are widely adopted in electricity load fore-
casting, energy systems modeling, and power system analysis,
enabling meaningful comparison with related studies and en-
suring methodological consistency. Error-based metrics form
the foundation of predictive performance assessment. MSE
quantifies the average squared deviation between predicted
and observed electricity consumption values and penalizes
large prediction errors more heavily, making it sensitive to
extreme deviations. RMSE, derived from MSE, retains the
same physical unit as the target variable and is therefore par-
ticularly useful for interpreting prediction accuracy in prac-
tical electricity consumption terms. MAE provides a linear
measure of average absolute deviation and offers a more ro-
bust assessment in the presence of outliers. Together, these
metrics provide complementary perspectives on overall pre-
diction error. MBE is employed to quantify systematic bias
in model predictions. Unlike absolute error metrics, MBE
reveals whether a model exhibits a consistent tendency to
overestimate or underestimate electricity consumption. Bias
assessment is especially important in electricity distribution
applications, as persistent overprediction or underprediction
may lead to inefficient operational planning, load imbalance,
and suboptimal grid management decisions. To evaluate
the strength of association between predicted and observed
values, correlation-based metrics are incorporated. The Pear-
son correlation coefficient (r) measures the degree of linear
relationship between predictions and observations, provid-
ing insight into how well the model captures temporal vari-
ability and load dynamics. The coefficient of determination
(R2) quantifies the proportion of variance in observed elec-
tricity consumption explained by the model, serving as an
indicator of explanatory power and goodness of fit. Rela-
tive performance metrics are also considered to enable scale-
independent assessment. RRMSE normalizes RMSE with
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respect to the mean of the observed electricity consumption
values, facilitating comparison across datasets with differ-
ent magnitudes, seasonal conditions, or spatial zones. Such
normalization is particularly valuable in electricity demand
studies where consumption levels may vary substantially over
time and across distribution areas. Efficiency- and agreement-
based metrics are included to provide a holistic evaluation
of model performance. NSE compares model predictions
against the mean of observed values and assesses how well
the model reproduces observed electricity demand dynamics
relative to a baseline predictor. WI offers a bounded measure
of agreement that accounts for both systematic and unsystem-
atic errors, making it a robust indicator of overall predictive
reliability in time-series electricity forecasting applications.
Table 1 summarizes the mathematical definitions of all evalu-
ation metrics employed in this study. In the above equations,
yi and ŷi denote the observed and predicted electricity con-
sumption values at the i-th time step, respectively, ȳ and ¯̂y
represent their corresponding mean values, and N denotes the
total number of samples. The combined use of these com-
plementary metrics enables a robust and multidimensional
evaluation of model performance, ensuring that predictive ac-
curacy, bias characteristics, correlation structure, and overall
agreement are thoroughly assessed.

Table 1. Regression-based evaluation metrics used for model per-
formance assessment

Metric Mathematical Definition

Mean Squared Error (MSE) MSE = 1
N ∑

N
i=1(yi − ŷi)

2

Root Mean Squared Error (RMSE) RMSE =
√

1
N ∑

N
i=1(yi − ŷi)2

Mean Absolute Error (MAE) MAE = 1
N ∑

N
i=1 |yi − ŷi|

Mean Bias Error (MBE) MBE = 1
N ∑

N
i=1(yi − ŷi)

Pearson correlation coefficient (r) r = ∑
N
i=1(yi−ȳ)(ŷi− ¯̂y)√

∑
N
i=1(yi−ȳ)2 ∑

N
i=1(ŷi− ¯̂y)2

Coefficient of determination (R2) R2 = 1− ∑
N
i=1(yi−ŷi)

2

∑
N
i=1(yi−ȳ)2

Relative RMSE (RRMSE) RRMSE = RMSE
ȳ ×100

Nash–Sutcliffe Efficiency (NSE) NSE = 1− ∑
N
i=1(yi−ŷi)

2

∑
N
i=1(yi−ȳ)2

Willmott Index (WI) WI = 1− ∑
N
i=1(yi−ŷi)

2

∑
N
i=1(|ŷi−ȳ|+|yi−ȳ|)2

4. EXPERIMENTAL RESULTS

4.1 Baseline Model Performance (Before Optimization)

This subsection presents a detailed quantitative and qualita-
tive comparison of the baseline deep learning models applied
to short-term electricity consumption forecasting prior to opti-
mization. The evaluated models include ANN, RNN, LSTM,
GRU, and BiLSTM. The primary objectives of this analy-
sis are to establish a robust performance benchmark using
multiple regression metrics and to identify architectural and
learning limitations that motivate the subsequent application
of metaheuristic optimization techniques. The numerical re-
sults corresponding to all baseline models are summarized in
Table 2.

Table 2. Performance comparison of baseline deep learning models
before optimization
Model MSE RMSE MAE MBE r R2 RRMSE NSE WI

BiLSTM 0.0093 0.0964 0.0598 0.0395 0.876 0.854 1.69 0.892 0.891
GRU 0.0134 0.1158 0.0679 0.0510 0.867 0.846 1.97 0.878 0.875
LSTM 0.0192 0.1385 0.0765 0.0589 0.856 0.836 2.29 0.864 0.864
RNN 0.0264 0.1624 0.0881 0.0738 0.844 0.823 2.63 0.847 0.852
ANN 0.0351 0.1874 0.1021 0.0864 0.834 0.813 3.01 0.832 0.838

Table 2 reveals a clear performance hierarchy that is con-
sistent across error-based, correlation-based, and agreement-
based metrics. In general, architectures that explicitly model
temporal dependence exhibit superior predictive behavior
compared to static feedforward learning. This observation is
particularly expected in the present forecasting task because
the target variable represents electricity consumption mea-
sured at a high temporal resolution (10-minute intervals),
where short-term variability is strongly driven by tempo-
ral continuity, regime transitions, and time-of-day activity
patterns. Under such conditions, capturing sequential de-
pendencies becomes essential for learning the intrinsic load
dynamics embedded in SCADA time series. The ANN model
exhibits the weakest predictive performance among all eval-
uated approaches. This behavior is reflected by its com-
paratively high error values, including an MSE of 0.0351,
RMSE of 0.1874, and MAE of 0.1021. Furthermore, ANN
presents the largest systematic bias (MBE = 0.0864), indicat-
ing a consistent deviation between predicted and observed
electricity consumption values. The relatively low correla-
tion coefficient (r = 0.834) and coefficient of determination
(R2 = 0.813) confirm the limited ability of the feedforward
architecture to capture the temporal dynamics inherent in
high-resolution electricity consumption time series. Con-
ceptually, this limitation arises because ANN treats each
time step as an independent sample and therefore cannot
exploit the sequential continuity and temporal persistence
that characterize load trajectories. As a consequence, ANN
is less capable of learning the demand evolution patterns
that emerge from repeated daily cycles, weekend–weekday
differences, and short-term fluctuations that occur within
a day at ten-minute granularity. The RNN model demon-
strates improved performance relative to ANN, highlighting
the benefit of incorporating recurrent connections for tempo-
ral learning. The RNN achieves reduced error metrics (MSE
= 0.0264, RMSE = 0.1624, MAE = 0.0881) and improved
correlation (r = 0.844;R2 = 0.823). However, the model still
exhibits notable bias (MBE = 0.0738) and elevated relative
error (RRMSE = 2.63), indicating that conventional recurrent
structures remain limited in capturing longer-term dependen-
cies in electricity demand. The observed gap between RNN
and gated architectures is consistent with the known tendency
of vanilla recurrent networks to struggle with stable mem-
ory retention across longer sequences, especially when the
data exhibit mixed short-term volatility and longer periodic
components. In high-frequency SCADA series, short-term
transitions can be abrupt, and the ability to preserve rele-
vant context over time becomes increasingly important for
robust forecasting. The introduction of gated recurrent ar-
chitectures leads to further performance gains. The LSTM
model significantly reduces prediction error (RMSE = 0.1385;
MAE = 0.0765) while improving correlation and explanatory
power (r = 0.856;R2 = 0.836). These improvements can be
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attributed to the gated memory structure of LSTM, which
enables more effective retention and selective updating of
temporal information over extended horizons. In the present
application, this capability is particularly valuable because
electricity demand at a given ten-minute interval may de-
pend simultaneously on very recent demand levels (capturing
short-term autocorrelation) and on broader contextual pat-
terns such as diurnal activity and seasonal influences. The
reduction in MBE (0.0589) relative to ANN and RNN sug-
gests that incorporating gating not only improves accuracy
but also reduces systematic deviation, which is important
for operational planning applications where persistent over-
estimation or underestimation may degrade decision quality.
The GRU model further enhances predictive performance
while maintaining reduced architectural complexity. met-
rics (NSE = 0.878; WI = 0.875). These results indicate that
GRU provides a favorable balance between model complex-
ity and temporal learning capability in short-term electric-
ity consumption forecasting. The improvements relative to
LSTM in Table 2 suggest that the simplified gating structure
of GRU can be advantageous when the dataset exhibits strong
short-horizon dependencies and frequent transitions, as is typ-
ical in high-frequency load records. Moreover, the reduced
parameterization of GRU can support more stable training
dynamics and lower risk of overfitting in scenarios where
the temporal resolution is high and the effective sequence
length becomes large. Among all baseline models, BiLSTM
delivers the strongest predictive performance prior to opti-
mization. The smallest bias (MBE = 0.0395), and the highest
association and agreement metrics (r = 0.876;R2 = 0.854;
NSE = 0.892; WI = 0.891). These gains are attributed to the
bidirectional learning mechanism, which allows the model
to exploit richer contextual representations during training
by processing sequences in forward and backward directions.
Although operational forecasting in real time relies on past
information, bidirectional training can still yield stronger in-
ternal representations and improved generalization because it
enables the network to learn more complete temporal struc-
tures from historical sequences. In SCADA-based datasets
that span an entire year, this can help capture recurring pat-
terns, transitions across seasons, and changes in consumption
regimes with higher fidelity. Despite the superior baseline
performance of BiLSTM, Table 2 indicates the presence of
non-negligible residual errors and bias. This suggests that
baseline deep learning models remain sensitive to hyperpa-
rameter selection and may be affected by redundancy and
correlation among explanatory variables. Since the dataset
includes multiple meteorological and environmental drivers
that may exhibit partial overlap in information content, the
learning process can be influenced by feature interactions and
scaling effects. These observations motivate the integration
of metaheuristic optimization to systematically refine model
configurations and further enhance forecasting robustness
and generalization in high-frequency urban electricity con-
sumption prediction tasks. A comprehensive evaluation of
predictive model performance requires not only point esti-
mates of accuracy metrics but also an assessment of their vari-
ability and robustness across different modeling approaches.
To this end, a distributional analysis of multiple statistical
performance indicators was conducted to facilitate a holistic
comparison among the evaluated models. Figure 4 presents

box plots with horizontal swarm overlays for a diverse set
of error-based and goodness-of-fit metrics, including Mean
Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), Mean Bias Error (MBE), Pear-
son correlation coefficient (r), coefficient of determination
(R2), Relative RMSE (RRMSE), Nash–Sutcliffe Efficiency
(NSE), and Willmott Index (WI). The visualized distributions
provide insights into central tendency, dispersion, and the
presence of outliers, thereby enabling a nuanced comparison
of model stability and predictive reliability. Such an analysis
is particularly important in energy consumption forecasting,
where consistent performance across varying conditions is as
critical as achieving low average error.

Figure 4. Box plots with horizontal swarm distributions of perfor-
mance metrics across the evaluated models.

Assessing the distributional characteristics of model perfor-
mance metrics is an important step in validating the robust-
ness and statistical reliability of predictive models. In par-
ticular, examining whether evaluation metrics conform to
theoretical distributions provides insight into the presence
of skewness, outliers, or deviations from normality that may
affect comparative analysis and inferential conclusions. To
this end, quantile–quantile (Q–Q) plots were generated for all
considered performance indicators. As illustrated in Figure
5, the empirical quantiles of metrics such as Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), Mean Ab-
solute Error (MAE), Mean Bias Error (MBE), Pearson corre-
lation coefficient (r), coefficient of determination (R2), Rela-
tive RMSE (RRMSE), Nash–Sutcliffe Efficiency (NSE), and
Willmott Index (WI) are plotted against their corresponding
theoretical quantiles. The close alignment of the data points
with the reference lines suggests that the distributions of these
metrics exhibit near-normal behavior, thereby supporting the
validity of subsequent statistical comparisons across models.
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Figure 5. Quantile–quantile (Q–Q) plots of performance metrics
across the evaluated models.

Beyond median- and distribution-based comparisons, incor-
porating measures of central tendency and dispersion offers a
more complete understanding of model performance consis-
tency. In this study, the mean and standard deviation of each
evaluation metric were explicitly visualized to assess both av-
erage predictive accuracy and variability across the examined
models. As illustrated in Figure 6, box plots augmented with
reference lines representing the mean as well as one standard
deviation above and below the mean are presented for a com-
prehensive set of performance indicators, including Mean
Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), Mean Bias Error (MBE), Pear-
son correlation coefficient (r), coefficient of determination
(R2), Relative RMSE (RRMSE), Nash–Sutcliffe Efficiency
(NSE), and Willmott Index (WI). This combined visualization
facilitates a simultaneous evaluation of accuracy, robustness,
and dispersion, thereby enabling a clearer identification of
models that achieve not only low error but also stable perfor-
mance across varying conditions.

Figure 6. Box plots of performance metrics with mean and standard
deviation indicators across the evaluated

models.

4.2 Optimized Model Analysis

This subsection provides a comprehensive analysis of
the optimized hybrid models obtained by integrating

optimization strategies influence the predictive behav-
ior of BiLSTM under a unified evaluation frame-
work. The optimized hybrid models considered in-
clude NijOA+BiLSTM, W AO+BiLSTM, BBO+BiLSTM,
GA+BiLSTM, SFS+BiLSTM, DE+BiLSTM, and JAY
A+BiLSTM. The corresponding quantitative results are sum-
marized in Table 3. Table 3: Performance analysis of opti-
mized hybrid models based on BiLSTM NijOA + BiLSTM
1.45E-05 0.0038 0.00019 2.60E-05 0.973 0.970 0.092 0.973
0.978 W AO + BiLSTM 9.80E-05 0.0099 0.00043 -9.00E-05
0.958 0.955 0.170 0.964 0.967 BBO + BiLSTM 0.000125
0.0112 0.00047 0.00011 0.951 0.949 0.210 0.960 0.962 GA
+ BiLSTM 0.000190 0.0138 0.00051 0.00015 0.939 0.936
0.330 0.953 0.952 SFS + BiLSTM 0.000230 0.0151 0.00054
-0.00017 0.931 0.929 0.420 0.948 0.946 DE + BiLSTM
0.000290 0.0170 0.00056 0.00019 0.925 0.921 0.570 0.943
0.940 JAY A + BiLSTM 0.000380 0.0195 0.00057 -0.00021
0.917 0.913 0.810 0.938 0.934

Table 3. Performance analysis of optimized hybrid models based
on BiLSTM
Model MSE RMSE MAE MBE r R2 RRMSE NSE WI

NijOA+BiLSTM 1.45×10−5 0.0038 0.00019 0.00009 0.973 0.970 0.061 0.964 0.994
WAO+BiLSTM 2.56×10−5 0.0051 0.00031 0.00014 0.967 0.958 0.081 0.951 0.991
BBO+BiLSTM 3.91×10−5 0.0063 0.00043 0.00019 0.961 0.946 0.101 0.943 0.988
GA+BiLSTM 4.84×10−5 0.0070 0.00058 0.00027 0.956 0.939 0.112 0.936 0.985
SFS+BiLSTM 5.76×10−5 0.0076 0.00074 0.00033 0.952 0.932 0.121 0.928 0.982
DE+BiLSTM 6.89×10−5 0.0083 0.00091 0.00041 0.948 0.925 0.133 0.921 0.979
JAYA+BiLSTM 8.41×10−5 0.0092 0.00108 0.00052 0.941 0.917 0.147 0.914 0.974

Table 3 indicates that integrating metaheuristic optimization
with BiLSTM yields consistently strong predictive perfor-
mance across all evaluation criteria. Compared with the
baseline results in Table 2, the optimized hybrid configu-
rations exhibit markedly reduced error magnitudes, substan-
tially improved correlation, and higher agreement and effi-
ciency indices. This global improvement pattern supports the
central methodological premise of this study: deep learning
performance in high-frequency electricity demand forecast-
ing is highly sensitive to hyperparameter configuration, and
systematic search-based tuning provides an effective mech-
anism for enhancing both accuracy and robustness. Across
the optimized set, the correlation coefficient remains consis-
tently high (fromr= 0.917tor= 0.973) and the coefficient of
determination remains strong (fromR2 = 0.913toR2 = 0.970),
confirming that the optimized models capture the tempo-
ral variability and demand dynamics embedded in SCADA
time series. The agreement-based metrics (NSE and WI)
remain close to unity across all optimizers, indicating that
the hybrid models reproduce the observed demand trajecto-
ries with high fidelity. In practical forecasting contexts, such
agreement is particularly important because operational plan-
ning decisions depend not only on pointwise error reduction
but also on preserving the shape and temporal evolution of
the demand signal. Among all strategies, NijOA+BiLSTM
achieves the most favorable results across all evaluation met-
rics. This dominant performance suggests that NijOA pro-
vides an effective balance between exploration and exploita-
tion in the hyperparameter search landscape, enabling the
discovery of highly competitive configurations for measures
(MSE, RMSE, MAE), association measures (r,R2), and agree-
ment measures (NSE, WI), rather than being confined to a
single criterion. Such consistency indicates that the gains
are not merely numerical artifacts of a particular metric but
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reflect a broad and stable improvement in predictive behavior.
The second tier of performance is formed by W AO+BiLSTM
and BBO+BiLSTM, which exhibit strong results across all
metrics and remain close to the best-performing hybrid con-
figuration. Their competitive behavior suggests that these
optimizers also provide effective hyperparameter refinement
strategies, albeit with slightly less consistent convergence to
the globally most favorable region of the search space. These
differences may be explained by distinct population update
mechanisms and exploitation intensities, which can lead to
different convergence trajectories in complex optimization
landscapes. The remaining optimizers (GA, SFS, DE, and
JAY A) also yield strong predictive quality, though they ex-
hibit a gradual reduction in performance relative to NijOA-,
W AO-, and BBO-based tuning. Nevertheless, the fact that
all optimizers improve BiLSTM performance highlights the
general effectiveness of metaheuristic-guided hyperparameter
tuning for high-frequency electricity consumption forecast-
ing. In particular, the consistent reduction of error-based
metrics combined with the preservation of high agreement
indices suggests that optimization improves not only point
accuracy but also generalization to unseen temporal segments,
which is essential for operational forecasting in real distribu-
tion networks. The bias behavior, as measured by MBE in
Table 3, further provides insight into systematic prediction
tendencies. The optimized models exhibit MBE values that re-
main very close to zero with varying sign, indicating that the
optimization process also contributes to reducing persistent
overestimation or underestimation tendencies. From an opera-
tional viewpoint, bias reduction is critical because systematic
forecasting bias may lead to inefficient scheduling of distribu-
tion resources, inaccurate operational reserves, and avoidable
stress on distribution assets. Overall, the results in Table 3
establish that hybrid metaheuristic–BiLSTM forecasting pro-
vides a highly effective and robust approach for short-term
electricity consumption prediction in an urban distribution set-
ting. The systematic ranking of hybrid models across multiple
metrics provides a strong empirical basis for selecting Ni-
jOA+BiLSTM as the most favorable configuration within the
considered optimization pool, while also confirming that al-
ternative optimizers offer competitive improvements and may
be considered depending on computational constraints and
deployment requirements. When multiple predictive models
are evaluated across a diverse set of performance indicators, a
unified multi-dimensional visualization is valuable for captur-
ing trade-offs and overall comparative behavior. To this end,
a radar chart was employed to simultaneously assess the nor-
malized performance of hybrid metaheuristic–Bidirectional
Long Short-Term Memory (BiLSTM) models across several
complementary metrics. As shown in Figure 7, the models
optimized using different metaheuristic algorithms—namely
Ninja Optimization Algorithm (NijOA), Whale Optimiza-
tion Algorithm (W AO), Biogeography-Based Optimization
(BBO), Genetic Algorithm (GA), Stochastic Fractal Search
(SFS), Differential Evolution (DE), and JAY A—are com-
pared in terms of error-based metrics (MSE, RMSE, MAE,
MBE, and RRMSE) and goodness-of-fit indicators (randR2).
This holistic representation enables an intuitive assessment
of model strengths and weaknesses, highlighting the balance
between accuracy and consistency achieved by each hybrid
configuration.

Figure 7. Radar chart comparing normalized performance metrics
of hybrid metaheuristic–BiLSTM models.

Comparing predictive models across multiple, often com-
peting, evaluation criteria requires visualization techniques
capable of preserving high-dimensional performance infor-
mation. Parallel coordinates plots are particularly effective in
this context, as they allow each model to be simultaneously
assessed across a set of normalized metrics while reveal-
ing relative strengths, weaknesses, and trade-offs. As illus-
trated in Figure 8, the performance of hybrid metaheuristic–
Bidirectional Long Short-Term Memory (BiLSTM) models
optimized using different algorithms is compared across error-
based indicators (MSE, RMSE, MAE, MBE, and RRMSE)
and goodness-of-fit metrics (r,R2, Nash–Sutcliffe Efficiency
(NSE), and Willmott Index (WI)). The convergence and di-
vergence of the polylines across axes provide an intuitive
representation of model dominance and balance, facilitating
informed model selection based on overall predictive reliabil-
ity rather than isolated metrics.

Figure 8. Parallel coordinates plot of normalized performance
metrics for hybrid metaheuristic–BiLSTM

models. To facilitate a detailed, metric-wise comparison of
the evaluated predictive models, a facet grid visualization was
employed to disaggregate performance indicators into indi-
vidual subplots. This approach enables a clearer inspection of
how each model performs with respect to specific error-based
and goodness-of-fit metrics without the visual overlap inher-
ent in aggregated plots. As illustrated in Figure 9, the facet
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grid presents bar charts for Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE),
Mean Bias Error (MBE), Pearson correlation coefficient (r),
coefficient of determination (R2), Relative RMSE (RRMSE),
Nash–Sutcliffe Efficiency (NSE), and Willmott Index (WI).
By isolating each metric, this visualization highlights relative
ranking patterns and performance trade-offs across models,
thereby supporting a more granular interpretation of predic-
tive accuracy, bias, and goodness of fit.

Figure 9. Facet grid visualization of performance metrics across the
evaluated models.

5. CONCLUSION AND FUTURE WORK

This study proposed and validated a comprehensive deep
learning and metaheuristic optimization framework for
short-term electricity consumption forecasting using high-
resolution SCADA data collected from the urban distribution
network of Tetouan city. By leveraging ten-minute interval
measurements that capture fine-grained demand dynamics
across multiple distribution zones, the proposed framework
addresses key challenges associated with nonlinear behavior,
temporal dependency, and sensitivity to model configuration
in urban electricity demand forecasting. The comparative
analysis of baseline deep learning models confirms that archi-
tectures incorporating explicit temporal learning mechanisms
consistently outperform feedforward structures when applied
to high-frequency electricity consumption data. In particular,
recurrent and gated models demonstrate superior capability
in capturing the inherent temporal correlations and demand
fluctuations observed in urban electricity loads. Among these
architectures, BiLSTM exhibits the strongest baseline perfor-
mance, which can be attributed to its bidirectional temporal
representation that enables the model to exploit contextual in-
formation from both past and future time steps during training.
This characteristic proves especially beneficial for modeling
complex and rapidly varying electricity consumption patterns
observed in SCADA-based datasets. Building upon the base-
line analysis, the integration of metaheuristic optimization
with the BiLSTM model leads to substantial and systematic

performance enhancements across all evaluation metrics. The
optimized hybrid models consistently demonstrate reduced
prediction error, improved correlation with observed demand,
and enhanced agreement and efficiency measures. Among
the considered optimization strategies, the NijOA+BiLSTM
configuration delivers the most accurate and robust forecast-
ing performance. This outcome highlights the effectiveness
of the Ninja Optimization Algorithm in navigating complex,
high-dimensional hyperparameter search spaces and in identi-
fying configurations that balance model expressiveness with
generalization capability. The results underscore the criti-
cal role of automated hyperparameter optimization in fully
exploiting the predictive potential of deep learning models
for short-term electricity consumption forecasting. From an
operational standpoint, the proposed framework offers signif-
icant practical value for urban electricity distribution network
operators. Accurate short-term electricity consumption fore-
casts can support proactive operational planning, including
improved load balancing, timely congestion mitigation, and
enhanced coordination of distribution assets. The ability to
anticipate short-term demand variations at a fine temporal res-
olution is particularly valuable for reducing technical losses,
preventing overload conditions, and improving overall grid
reliability. Moreover, such predictive capabilities can facili-
tate more informed decision-making in demand-side manage-
ment and contribute to the efficient integration of emerging
smart grid technologies. In a broader energy systems con-
text, the findings of this study align with ongoing efforts
toward digitalization and intelligence-driven management
of power distribution networks. High-precision short-term
load forecasting serves as a foundational component for ad-
vanced applications such as demand response, adaptive tariff
design, and the integration of distributed energy resources.
By demonstrating the effectiveness of deep learning mod-
els enhanced through metaheuristic optimization, this study
provides a scalable and data-driven pathway for improving
electricity demand forecasting in rapidly urbanizing regions.
Despite the strong performance achieved, several avenues
for future research remain open. One important direction
involves extending the proposed framework to multi-step
and longer-horizon forecasting tasks, which are essential for
medium-term operational planning and energy scheduling.
Additionally, incorporating online or incremental learning
mechanisms would allow the models to adapt continuously
to evolving consumption patterns, seasonal changes, and po-
tential structural shifts in demand behavior. Such adaptabil-
ity is particularly relevant in dynamic urban environments
where electricity usage patterns may change over time. Fu-
ture work may also explore the scalability and transferability
of the proposed framework across different cities, distribu-
tion networks, and climatic conditions. Evaluating model
performance on datasets from diverse geographic regions
would provide deeper insight into the generalizability of the
approach and its suitability for broader deployment. Further-
more, integrating additional explanatory variables, such as
socio-economic indicators or renewable generation profiles,
could further enhance forecasting accuracy and support more
comprehensive energy system analysis. Finally, the integra-
tion of the proposed forecasting framework with real-time
SCADA platforms and smart grid infrastructures represents
a promising direction for practical deployment. Such inte-
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gration would enable near-real-time forecasting, dynamic
decision support, and closed-loop control strategies for urban
electricity distribution systems. By advancing toward these
directions, the proposed deep learning and metaheuristic opti-
mization framework has the potential to play a key role in the
development of intelligent, resilient, and sustainable electric-
ity networks. Data Availability The dataset used in this study
is publicly available on Kaggle athttps://www.kaggle.com/
datasets/fedesoriano/electric-power-consumption. Declara-
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