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ABSTRACT

Electrical load forecasting is essential for efficient power system planning, smart grid operation, and
reliable energy management. With increasing renewable energy integration, electric vehicles, industrial
automation, and variable demand patterns, accurate forecasting has become more important. Traditional
statistical models often fail to capture nonlinear and dynamic electricity consumption trends. Therefore,
artificial intelligence and machine learning techniques such as ANN, LSTM, GRU, CNN, and hybrid
attention-based models offer improved forecasting accuracy. By integrating weather, calendar, industrial,
and socio-economic data, modern forecasting systems enhance prediction reliability. However, challenges
such as data quality, interpretability, and real-time implementation still require further research.
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I. INTRODUCTION

Electrical load forecasting has become a fundamental requirement in modern power system planning,
operation, and management due to the increasing complexity and variability of electricity demand
patterns. With the rapid expansion of smart grids, renewable energy integration, electric vehicles, and
industrial automation, the need for accurate prediction of electrical load has significantly increased. Load
forecasting helps utility companies and grid operators in making informed decisions regarding generation
scheduling, transmission planning, demand response programs, and energy trading. It also plays a crucial
role in ensuring system stability, reducing operational costs, and maintaining a reliable balance between
electricity supply and demand. Traditionally, forecasting was performed using statistical techniques such
as regression analysis, exponential smoothing, and autoregressive integrated moving average (ARIMA)
models. However, these methods often fail to capture nonlinear, dynamic, and highly complex patterns
present in modern electricity consumption data, especially under the influence of external factors such as
weather conditions, socio-economic behavior, and policy changes. As a result, artificial intelligence (Al)
and machine learning (ML) techniques have emerged as powerful alternatives that can model nonlinear
relationships and improve forecasting accuracy in both short-term and long-term horizons (Klyuev et al.,
2022; Lawan, 2025).

In recent years, significant advancements in Al-driven load forecasting models have transformed the field
by introducing deep learning architectures such as Artificial Neural Networks (ANN), Long Short-Term
Memory (LSTM), Gated Recurrent Units (GRU), Convolutional Neural Networks (CNN), and hybrid
attention-based models. These models are capable of learning temporal dependencies and extracting
hidden features from large-scale electricity datasets, which enhances prediction accuracy. For instance,
Rani et al. (2026) demonstrated that dual-attention-based bidirectional LSTM networks significantly
improve short-term load forecasting accuracy compared to conventional LSTM and CNN-LSTM models
by effectively capturing long-term dependencies and focusing on relevant input features. Similarly, Safari
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et al. (2023) developed a hybrid neural network-based predictive model that integrates LSTM with
attention mechanisms and Markov chain analysis, achieving highly accurate multi-term forecasting results
in smart grid environments. These studies highlight that hybrid deep learning models outperform
traditional approaches by addressing issues such as data noise, non-stationarity, and temporal variability
in electricity consumption patterns.

Furthermore, the integration of external influencing variables such as meteorological data, calendar
effects, industrial activity, and socio-economic indicators has significantly improved the performance of
load forecasting systems. Timur and Ustiinel (2025) emphasized that incorporating weather and
operational variables into machine learning-based forecasting models enhances predictive accuracy in
industrial energy systems by capturing external dependencies affecting electricity demand. Similarly, Lee
(2024) proposed a regression-based forecasting framework that integrates weather conditions, calendar
variables, and industrial activity data, achieving a mean absolute percentage error (MAPE) of
approximately 2%, demonstrating high forecasting precision compared to conventional methods. These
findings suggest that feature engineering and multi-source data integration are essential components of
modern load forecasting systems.

Another major development in the field is the use of probabilistic and clustering-based forecasting
approaches that address uncertainty in electricity demand prediction. Masood et al. (2024) introduced a
clustering-based quantile LSTM model that generates probabilistic forecasting intervals instead of single-
point predictions, thereby improving prediction interval coverage and reliability under uncertain
conditions. This approach is particularly useful in smart grid applications where variability in renewable
energy generation and consumer behavior introduces significant uncertainty. Additionally, Xu et al.
(2026) proposed a hybrid method for missing data recovery in load curves using bidirectional GRU
networks combined with dynamic time warping and noise decomposition techniques, which enhances the
quality and completeness of datasets used for forecasting models. Such preprocessing techniques are
critical because the accuracy of machine learning models heavily depends on the quality of input data.

Despite these advancements, challenges still exist in the field of electrical load forecasting. Issues such as
data sparsity, high computational complexity, model interpretability, and real-time implementation
constraints continue to limit widespread adoption in practical systems. Moreover, traditional deep learning
models often require large datasets and significant computational resources, making them less suitable for
small-scale or real-time applications. Ge et al. (2026) addressed some of these limitations by proposing a
variance transformation and contrastive learning-based framework for customer baseline load estimation,
which improves model robustness and data utilization efficiency. However, further research is still
required to develop lightweight, explainable, and scalable models that can be effectively deployed in real-
world smart grid environments.

I1. RESEARCH BACKGROUND

Ge et al. (2026) had investigated the critical issue of customer baseline load (CBL) estimation for the
effective implementation of demand response (DR) programs. The study was reported to have identified
key shortcomings in traditional control group methods, particularly their vulnerability to uneven sub-
cluster distribution and the under-utilization of non-DR users’ load data, which were considered to reduce
estimation accuracy and, in some cases, make the methods ineffective. To address these limitations, the
authors had proposed a novel CBL estimation approach based on the variance transformation principle
and a contrastive learning framework. It was explained that the variance transformation principle had been
used to generate sufficient correlated samples for DR users, while a neural network model within the
contrastive learning framework had been developed to identify highly similar non-DR users and extract
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high-dimensional load features. The final CBL estimates were obtained through feature similarity-weight
calculations. The proposed method was found to have demonstrated strong effectiveness and robustness
when validated using multi-source datasets and comprehensive evaluation metrics.

Rani et al. (2026) reported that accurate load forecasting had played a crucial role in ensuring sufficient
energy generation, efficient power distribution, and overall grid stability. The study explained that short-
term load forecasting (STLF) had been essential for addressing operational challenges such as unit
commitment, spot pricing, load switching, and dispatching. It was observed that recent advances in
machine learning and data analytics had enhanced the adaptability of STLF systems to changing electricity
consumption patterns, thereby improving prediction reliability for grid operators and energy traders. The
authors highlighted that deep learning networks had significantly improved multistep STLF performance
through their hidden-layer-based pattern recognition capabilities, although conventional deep learning
models had often faced limitations in identifying the most relevant data points within long sequences. To
overcome this issue, a hybrid STLF approach based on a dual-attention-based bidirectional long short-
term memory (DA-BiILSTM) network had been proposed for both commercial and residential datasets.
The proposed model was compared with LSTM, CNN-LSTM, and Q-LSTM models and was found to
have demonstrated superior robustness, with substantial improvements in MAPE across both datasets.

Xu et al. (2026) proposed a missing load data recovery method for electric load curves based on bidirectional
gated recurrent unit-driven load curve grafting and noise decomposition (BiIGRU-LCG-ND) to address the
issue of incomplete load data in smart and digital power systems. The study was intended to enhance the
quality and reliability of load data resources, which were often affected by missing values during real-world
data collection due to various interferences. It was reported that the proposed framework initially employed a
load curve grafting technigue based on dynamic time warping (DTW), which was designed to capture the
periodic characteristics of electric load data. Thereafter, a load noise decomposition strategy using variational
mode decomposition (VMD) and permutation entropy (PE) was introduced to reconstruct the unique noise
components of the load signals. Furthermore, a hybrid interpolation approach integrating BiGRU-based
preprocessing, linear interpolation, load curve grafting, and noise decomposition was developed to recover
missing data under variable missing scenarios. The case studies conducted using actual load data from
Zhejiang Province, China, demonstrated that the proposed method had outperformed conventional time-series
interpolation techniques in terms of error metrics and goodness-of-fit.

Panda (2025) investigated the significance of short-term load forecasting (STLF) in contemporary power
networks, emphasizing its role in managing reserve requirements and supporting grid operators in making
cost-effective decisions. The study reviewed STLF techniques, including particle swarm optimization (PSO),
enhanced particle swarm optimization (EPSO), and artificial neural network (ANN) methods, and highlighted
their advantages and limitations through detailed mathematical and graphical analyses alongside comparative
assessments. To enhance predictive performance for temporal sequences, a hybrid ANN-solar power model
was proposed and evaluated using comprehensive data from the Xingtai Power Plant in China. The findings
indicated that the hybrid model improved accuracy and performance in 24-hour load forecasting, measured by
root mean square error (RMSE), mean absolute error (MAE), standard deviation (o), and mean absolute
percentage error (MAPE). Moreover, the study reported that the model outperformed previous approaches,
demonstrating superior capability in reserve management and balancing supply and demand in modern
electrical networks.

Timur and Ustiinel (2025) investigated the shifting global energy landscape, noting that the reliance on
fossil fuels for electricity generation was progressively declining while the share of renewable energy
sources was steadily increasing. They emphasized that accurate load forecasting had become crucial for
optimizing energy management and ensuring efficient operation across industrial plants of varying scales.
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The authors highlighted that anticipating energy demand enabled facilities to improve efficiency, reduce
operational costs, and support the integration of renewable energy technologies into the power grid. Their
review of recent literature suggested that machine learning-based algorithms had been extensively
employed in electric load forecasting due to their ability to capture complex patterns and enhance
prediction accuracy. The study focused on developing short-term electric load forecasting models for a
large industrial plant in Adana, Turkey, incorporating calendar, meteorological, and lagging electrical
variables alongside machine learning algorithms to improve accuracy. The analysis assessed the statistical
performance of these models using metrics such as R? and MAPE.

Lawan (2025) emphasized that electric load forecasting (ELF) had been a critical procedure in the
planning of the electricity industry, significantly influencing electric capacity scheduling and power
systems management. The study noted that ELF had attracted increasing attention from the academic
community due to its role in ensuring uninterrupted and reliable power supply to consumers, highlighting
that accurate prediction of future electricity demand was essential for utility decision-makers to minimize
errors. The paper reviewed various techniques and models employed for electricity load prediction,
providing an overview of recent advancements in ELF technologies. It was reported that several studies
had focused on combining multiple machine learning algorithms to develop hybrid forecasting models.
Furthermore, the author analyzed a total of 44 academic articles to compare different projects, considering
criteria such as time frame, project scale, and the specific methods and models applied in each study.

Masood et al., (2024) investigated electricity load forecasting as a critical component of power system
planning and operation, emphasizing the need for accurate predictions under the smart grid paradigm and
emerging energy markets. They proposed a time-series clustering-based probabilistic approach for short-
term load forecasting (STLF), aiming to enhance the accuracy and intelligence of forecasts. The study
considered uncertainties from weather variations and data noise, presenting load probabilistic intervals as
the output for both individual and aggregated household energy consumption. The authors adapted the
logarithm of the hyperbolic cosine (log-cosh) error as a quantile loss and incorporated temporal features
using long short-term memory (LSTM) networks to address prediction gaps. A framework integrating
clustering-based quantile-LSTM learning was developed to improve the accuracy and robustness of short-
term electricity predictions, applied to 15-minute and 1-hour day-ahead demand horizons. Comparative
evaluation using quantile regression forest (QRF), quantile regression neural network (QRNN), quantile
gradient boosting regression tree (QGBRT), and quantile LSTM (Q-LSTM) indicated that the proposed
cluster-based probabilistic model outperformed benchmark methods in prediction interval coverage
probability (PICP).

Lee (2024) investigated a regression-based approach to forecast monthly electricity consumption in South
Korea, in which key external variables such as weather conditions, calendar data, and industrial activity
were incorporated to capture the primary factors affecting electricity demand. The predictor variables
were identified through extensive data analysis. Comparative experiments were reported to have been
conducted using various existing methods, including univariate time series models and machine learning
techniques such as Holt-Winters, LightGBM, and Long Short-Term Memory (LSTM), along with
ensemble approaches combining two or more of these methods. In the empirical analysis, the proposed
model was applied to forecast monthly electricity demand over a 24-month period (2022-2023), and it
was observed that the method achieved a mean absolute percentage error (MAPE) of around 2%. The
findings suggested that the proposed approach consistently outperformed all benchmark methods
evaluated in the study.

IJESTI 6 (3) https://doi.org/10.31426/ijesti.2026.6.3.6163 453


http://www.ijesti.com/

Vol 6, Issue 3, March 2026 www.ijesti.com E-ISSN: 2582-9734
International Journal of Engineering, Science, Technology and Innovation (IJESTI)

Naudiyal et al., (2023, July) investigated the challenges in forecasting contemporary electricity
consumption, noting that rising daily usage had made accurate prediction increasingly complex. They
reported that traditional grids were gradually being replaced with smart meters to facilitate electricity
estimation across industrial, residential, and commercial sectors. It was highlighted that electricity
consumption had been relatively easy to estimate when demand was minimal; however, with growing
usage, electricity patterns had evolved into complex datasets. The study indicated that load forecasting
relied on historical performance and probabilistic data to predict future outcomes and classified
forecasting into three types: long-term (LTLF) spanning three to five years, medium-term (MTLF)
covering three months to three years, and short-term (STLF) ranging from one day to six weeks. Factors
such as weather, expansion rate, and new clients were reported to influence STLF. The authors
emphasized that machine learning methods were applied to smart meter data to analyze energy
consumption, demonstrating that accurate future forecasts could be achieved by comparing various
multiprocessing machine learning techniques with relevant data variables.

Safari et al. (2023) proposed FARHAN, a hybrid model aimed at addressing challenges in electrical load
forecasting within smart grids. They reported that FARHAN integrated descending neuron attention,
long/short-term memory (LSTM), and Markov-simulated neural networks to enhance both accuracy and
computational efficiency for short-, mid-, and long-term planning. The study indicated that electricity load
data were processed through two LSTM blocks (LSTM.B1 and LSTM.B2) equipped with attention layers, a
90% gain averager, and a Markov chain analyzer. Comparative analyses were conducted against traditional
LSTM models and other forecasting approaches, which revealed FARHAN’s superior performance, achieving
Mean Absolute Percentage Errors (MAPES) of 0.019162%, 0.0386%, and 0.039% for 14-year, annual, and
monthly predictions, respectively. The model also exhibited Root Mean Square Percentage Errors (RMSPES)
of 2.5%, 5.2%, and 1.2%, along with an overall RZ of 1, demonstrating its exceptional accuracy. The findings
suggested that FARHAN offered a robust and intelligent framework for improving electrical load forecasting
in smart grids and energy management systems.

Klyuev et al. (2022) examined the critical task of balancing electricity production and consumption,
emphasizing that its effective implementation largely depended on planning methods. They argued that
forecasting served as a key planning tool, as accurate predictions could enhance the reliability of management
decisions. The study reviewed various methods for predicting electricity supply requirements across different
facilities, analyzing them according to the forecast horizon, including operative, short-term, medium-term, and
long-term predictions. The authors identified both classical methods, based on regression and statistical
analysis such as autoregressive models, and modern approaches, incorporating probabilistic models, deep
learning algorithms, fuzzy set theory, wavelet transformations, singular spectral analysis, and Gray models.
Despite the variety of methods, they highlighted that modeling power consumption remained crucial to account
for the specifics of each energy facility. The review further assessed the methods based on labor intensity, data
requirements, application scope, forecasting accuracy, and adaptability across horizons, emphasizing the
importance of classifying forecasts by anticipation period rather than by method to address the characteristics
of each forecasting type.

I11. KEY FINDINGS FROM STUDY

Author Objective Methodology Key Findings
(Year)
Ge et al. | Improve customer baseline | Variance transformation | Improved estimation accuracy
(2026) load (CBL) estimation for | + contrastive learning | by leveraging similarity-based
demand response | neural framework feature learning and multi-
programs source data
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Rani et al. | Enhance short-term load | Dual-attention Outperformed LSTM, CNN-
(2026) forecasting accuracy Bidirectional LSTM | LSTM, and Q-LSTM with
(DA-BILSTM) lower MAPE and better feature
attention
Xu et al. | Recover missing electric | BIGRU + DTW + VMD | Improved reconstruction
(2026) load data + noise decomposition accuracy of incomplete load
curves and enhanced data
reliability
Panda Improve load and solar | ANN + PSO/EPSO | Achieved better RMSE, MAE,
(2025) power forecasting hybrid model and MAPE for 24-hour
forecasting
Timur & | Develop ML-based STLF | ML models with | Improved forecasting accuracy
Ustiinel for industrial systems weather, calendar, and | using R?2 and MAPE metrics
(2025) lag features
Lawan Review of electric load | Systematic literature | Identified hybrid ML models as
(2025) forecasting techniques review of ML and hybrid | most effective for modern
models forecasting
Masood et | Develop probabilistic | Clustering + Quantile | Improved prediction interval
al. (2024) STLF model LSTM coverage probability (PICP)
under uncertainty
Lee (2024) | Forecast monthly | Regression  + ML | Achieved ~2% MAPE,
electricity consumption (LightGBM, LSTM, | outperforming benchmark
Holt-Winters) models
Naudiyal et | Compare ML techniques | Comparative ML study | Demonstrated ML superiority
al. (2023) for load forecasting on smart meter data over traditional forecasting
methods
Safari et al. | Improve multi-term load | Hybrid neural model | Achieved  extremely  low
(2023) forecasting (LSTM + attention + | forecasting error and high R2
Markov) values
Klyuev et | Review forecasting | Comparative literature | Highlighted advantages of deep
al. (2022) methods analysis learning and hybrid statistical
models

IV. CONCLUSION

Electrical load forecasting has emerged as a critical component in modern power system planning and
operation, especially with the increasing complexity of energy consumption patterns driven by
urbanization, industrial expansion, renewable energy integration, and smart grid development. The
reviewed literature clearly demonstrates that forecasting techniques have evolved significantly from
traditional statistical methods to advanced artificial intelligence (Al) and machine learning (ML)-based
approaches. Classical models such as regression analysis, autoregressive integrated moving average
(ARIMA), and exponential smoothing provided early foundations for electricity demand prediction;
however, their limitations in handling nonlinear relationships, dynamic variations, and external
influencing factors restricted their effectiveness in modern energy systems. In contrast, Al-based models,
particularly deep learning architectures such as Artificial Neural Networks (ANN), Long Short-Term
Memory (LSTM), Gated Recurrent Units (GRU), and hybrid attention-based networks, have shown
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remarkable improvements in forecasting accuracy, adaptability, and robustness. Studies such as Rani et
al. (2026) and Safari et al. (2023) have demonstrated that attention-enhanced LSTM and hybrid neural
architectures significantly reduce forecasting errors such as Mean Absolute Percentage Error (MAPE) and
Root Mean Square Error (RMSE), thereby improving prediction reliability for short-term, medium-term,
and long-term load forecasting applications. Furthermore, the integration of external variables such as
meteorological data, calendar effects, industrial activity, and socio-economic indicators has further
strengthened model performance by enabling better representation of real-world electricity consumption
behavior, as highlighted by Timur and Ustiinel (2025) and Lee (2024). In addition, recent advancements
in probabilistic forecasting and uncertainty modeling, as proposed by Masood et al. (2024), have
introduced confidence intervals and prediction distributions rather than single-point estimates, thereby
enhancing decision-making under uncertain conditions in smart grid environments. Data preprocessing
techniques such as missing value reconstruction and noise decomposition, as developed by Xu et al.
(2026), also play a crucial role in improving model accuracy by ensuring high-quality input datasets.
Despite these advancements, challenges such as high computational complexity, model interpretability,
real-time implementation constraints, and dependency on large datasets remain significant barriers to
practical deployment. Moreover, many deep learning models operate as “black-box” systems, limiting
transparency and reducing trust among utility operators. Ge et al. (2026) highlighted the importance of
efficient data utilization and similarity-based learning methods to improve robustness in demand response
applications, further indicating the need for optimized and explainable Al systems. Overall, the literature
confirms that hybrid Al-based forecasting models outperform traditional methods in terms of accuracy,
efficiency, and adaptability, making them highly suitable for modern smart grid applications. However,
future research must focus on developing lightweight, explainable, and scalable forecasting frameworks
that can operate in real-time environments while integrating renewable energy sources and distributed
energy systems. The continuous evolution of Al techniques, combined with big data analytics and edge
computing, is expected to further revolutionize electrical load forecasting, enabling more sustainable,
efficient, and intelligent energy management systems in the future.

V. FUTURE SCOPE

e Integration of Renewable Energy Sources: Future electrical load forecasting models will
increasingly integrate renewable energy sources such as solar, wind, and hydro power. Since
renewable generation is highly intermittent and weather-dependent, advanced Al-based
forecasting systems will be required to jointly predict both load demand and renewable generation
for maintaining grid stability and reliability.

e Development of Real-Time Forecasting Systems: There is a strong need for real-time load
forecasting models that can process streaming smart meter data and provide instant predictions.
Such systems will support dynamic load balancing, outage prevention, and real-time energy
trading in smart grids.

e Explainable Artificial Intelligence (XAI): Most deep learning models currently function as
black-box systems. Future research will focus on explainable Al techniques that make forecasting
models more transparent and interpretable for utility operators, improving trust and practical
adoption in power system decision-making.

e Edge and Fog Computing Implementation: Future forecasting systems are expected to shift
from centralized cloud computing to edge and fog computing architectures. This will reduce
latency, improve response time, and enable localized load prediction at substations, smart meters,
and distributed energy resources.
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Hybrid Deep Learning Architectures: Advanced hybrid models combining CNN, LSTM, GRU,
Transformers, and attention mechanisms will be developed to improve feature extraction and long-
term dependency learning. These architectures will enhance forecasting accuracy across different
time horizons.

Probabilistic and Uncertainty-Based Forecasting: Future models will focus more on
probabilistic forecasting rather than deterministic outputs. This will help in generating prediction
intervals and uncertainty ranges, improving risk management and decision-making in power
system operations.

Big Data and 10T Integration: With the expansion of loT-enabled smart meters and sensors, vast
amounts of real-time data will be available. Future research will focus on developing big data
analytics frameworks capable of handling high-volume, high-velocity, and high-variety electricity
data.

Cybersecurity in Load Forecasting Systems: As power systems become more digitalized, they
become vulnerable to cyber-attacks and data manipulation. Future research will integrate anomaly
detection and cybersecurity mechanisms to protect forecasting models and smart grid
infrastructure.

Transfer Learning and Cross-Region Models: Future studies will explore transfer learning
techniques to apply trained models from one region or dataset to another. This will reduce training
time and improve forecasting efficiency in areas with limited historical data.

Multi-Scale and Multi-Horizon Forecasting: Advanced models will be designed to
simultaneously handle short-term, medium-term, and long-term forecasting within a unified
framework, improving consistency and reducing computational redundancy.

Integration with Demand Response Systems: Forecasting models will be directly linked with
automated demand response systems to optimize electricity consumption, reduce peak load
pressure, and improve energy efficiency.

Quantum Machine Learning Exploration: In the long term, quantum computing-based machine
learning models may be explored to solve complex optimization problems in load forecasting with
significantly higher speed and accuracy.
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