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Abstract: This review paper is a foundational resource for power distribution and management
decisions, thoroughly examining short-term load forecasting (STLF) models within power systems.
The study categorizes these models into three groups: statistical approaches, intelligent-computing-
based methods, and hybrid models. Performance indicators are compared, revealing the superiority
of heuristic search and population-based optimization learning algorithms integrated with artificial
neural networks (ANNs) for STLE. However, challenges persist in ANN models, particularly in
weight initialization and susceptibility to local minima. The investigation underscores the necessity
for sophisticated predictive models to enhance forecasting accuracy, advocating for the efficacy
of hybrid models incorporating multiple predictive approaches. Acknowledging the changing
landscape, the focus shifts to STLF in smart grids, exploring the transformative potential of advanced
power networks. Smart measurement devices and storage systems are pivotal in boosting STLF
accuracy, enabling more efficient energy management and resource allocation in evolving smart
grid technologies. In summary, this review provides a comprehensive analysis of contemporary
predictive models and suggests that ANNs and hybrid models could be the most suitable methods to
attain reliable and accurate STLF. However, further research is required, including considerations of
network complexity, improved training techniques, convergence rates, and highly correlated inputs
to enhance STLF model performance in modern power systems.

Keywords: short-term electrical load forecasting; time-series models; regression models; machine
learning models; expert-systems-based models; metaheuristic models; hybrid models; smart grid

1. Introduction

Global electricity demand is projected to reach 26.8 KTWh by 2025, driven by popu-
lation growth, urbanization, and economic expansion [1], as shown in Figure 1. Diverse
resources such as water, wind, solar, fossil fuel, thermal, and nuclear power contribute to
electricity generation. This increasing demand is driving up production costs. An efficient
energy management system (EMS) relies on overcoming the challenges of generation, trans-
mission, and distribution challenges. The electric grid (EG), consisting of power plants,
substations, and transmission and distribution lines, connects suppliers to consumers [2].
Overloading the grid can lead to power quality issues, requiring the installation of new
power plants. However, existing grids lack accurate forecasting mechanisms to predict the
causes of outages and response times, creating challenges for resource allocation [3-6].
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Figure 1. Electricity consumption trend 2000-2050.

Despite increasing demand due to population growth, the current electrical power
system (PS) has changed little [7-9]. It suffers from visibility issues, slow mechanical
switches, inadequate monitoring, and poor power management. Climate change, compo-
nent failures, increasing energy demand, population growth, and fossil fuel consumption
require modern grid technology. Smart grids and microgrids have emerged as critical
next-generation energy infrastructures to address these challenges [10,11]. Modern smart
grids with advanced metering enable fast two-way communication, optimize energy con-
sumption, and improve grid efficiency through effective load management. They also
have faster self-healing capabilities and greater resilience to disasters and cyber threats.
In addition, smart grids quickly identify and resolve problems with minimal customer
impact, while conventional systems are slow to respond. Finally, power flow regulation in
conventional grids is severely limited compared to smart grids and microgrids [12].

Integrating distributed energy resources (DERs) address the growing demand for
electricity while complicating power systems [13]. Accurate load forecasting (LF) is critical
for effective grid management, especially with increasing DER integration. Emissions
targets require widespread integration of renewable energy sources (RESs), as shown in
the total electricity generation forecast in Figure 2. Additionally, the global trend in RES
electricity generation (%) is shown in Figure 3 [1]. Reliable load data, facilitated by the
Internet of Things (IoT), are essential for accurate LF. Researchers are developing innovative
approaches to predict future electricity demand in modern grids [14].

The LF guides critical decisions such as dispatch, unit commitment, and fuel alloca-
tion [15]. It minimizes the gap between power production and demand, thereby reducing
generation costs. Rapid changes in load consumption patterns require models that can
adapt and learn from historical data. However, model validation is affected by boundary
conditions and data quality issues, resulting in case-by-case adjustments. A model that
lacks essential features can result in significant operational, infrastructure, financial, or
maintenance losses. A reduction of only 1% in the mean absolute percentage error in
load forecasting can have a significant impact on the generation side, potentially reducing
generation costs by 0.1% to 0.3%, for a consequential impact of 3-5% [16].
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Figure 2. Electricity generation by energy source 2050 (%).
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Figure 3. Renewable electricity generation trend 2000-2050 (%).

In the literature, electrical load forecasting is categorized into long-term load fore-
casting (LTLF), medium-term load forecasting (MTLF), short-term load forecasting (STLF),
and very short-term load forecasting (VSTLF), which are discussed in detail in Section 3.
However, the focus of this paper is on STLF and its associated forecasting techniques due
to its importance in power utility management. STLF is critical to the efficient operation of
conventional power systems, influencing dispatch plans [17], demand-side management,
and generation monitoring [18]. It has a significant impact on power markets, transactions,
and revenues [19]. Scholars have proposed various STLF methods [20-25], influencing
power system performance [26] and resource management in modern grids [27]. STLF
helps to evaluate energy trading volumes with the wholesale power market and addresses
critical issues in grid management, RES optimization, and planning [28,29]. However,
accurate LF in modern grids is sensitive to equipment changes and load asymmetries
and requires extended time spans. Therefore, STLF is essential for modern grid operation
and security.

Despite extensive efforts to improve the efficiency and economic performance of
electric utilities through the development of high-precision LF models, limited research
papers have focused on STLF [30]. Previous reviews have emphasized specific sectors
and have examined either statistical, artificial intelligence (AI), or machine learning (ML)
approaches. Additionally, previous research categorized load forecasting into method-
ologies or application domains. The evolving domains present challenges when existing
methods cannot adapt, while computational advances enable more efficient models, often
incorporating artificial neural networks (ANNSs). Table in Section 2 provides a comparative
analysis of STLF reviews to provide context. In light of previous reviews on STLF, the main
contributions of this paper are:

1. Unlike previous reviews, it uniquely focuses on a comprehensive analysis of STLF
methodologies (statistical, intelligent computing, hybrid models), considering multiple
sectors to provide a broader perspective while integrating the smart grid perspective.

2. It provides a thorough background on load forecasting, emphasizing its importance,
load curve characteristics, influencing factors, and categorization.

3.  Addressing the evolving landscape, the paper explores STLF in smart grids, highlight-
ing the role of smart devices and storage systems in improving accuracy for efficient
energy management.

4. The study concludes with findings, research gaps, and future perspectives from a
detailed literature review.

Therefore, the main contribution of this paper is to provide a comprehensive study

for researchers to identify the work performed in STLF and further explore the future
directions along with the role of STLF in smart grids. It lays the foundation for researchers
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to identify the performance of different methodologies in different operating conditions
and applications.

Section 2 outlines the methodology for a comprehensive study of STLF. Section 3
discusses the importance of load forecasting, load curve characteristics, influencing factors,
and model categorization by time horizon. Section 4 discusses evaluation criteria and
outlines those used in this review. Section 5 provides a tabular overview of STLF method-
ologies. Section 6 provides a study of STLF methodologies in smart grid applications.
Section 7 analyzes models based on accuracy, time, and geographic factors. Section 8
highlights significant findings. Section 9 addresses research gaps and future directions.
Section 10 concludes the study.

2. Methodology

A systematic review [31,32] of electronic resources was conducted to investigate the
underlying electrical load forecasting models. Initially, different types of electrical load
forecasting were searched and studied. Subsequently, the focus shifted to short-term elec-
trical load forecasting. The initial search using the keyword “short-term electrical load
forecasting” yielded 3165 results. Preliminary studies on STLF revealed key topics, includ-
ing electric load demand and supply models, time-series models, exponential smoothing
methods, regression models, machine learning models, expert systems, hybrid models, and
smart grids. These results were further refined using the following criteria:

Objective: Short-term electrical load forecasting.

Keywords: Short-term electrical load forecasting, time-series models, exponential
smoothing methods, regression models, machine learning models, expert systems,
hybrid models, and smart grids.

Studies covering STLF supply/demand.

Key novel/review publications on STLF models from renowned institutions/authors.
This review exclusively incorporates research papers published in peer-reviewed
journals, excluding contributions from conference papers.

Out of 282 publications on load forecasting, 208 reviews on short-term load forecasting
and demand planning, including smart grid applications, were selected for analysis. First,
STLF models were categorized into statistical methods, intelligent-computation-based
methods, and hybrid models. Based on this categorization of STLF models, a comprehen-
sive study considering the contribution and performance accuracy of the reviewed papers
is presented. Furthermore, the study is extended to include the role of STLF in smart grids
and provides an inclusive review of STLF methodologies considering smart grid applica-
tion. The results are postulated based on a comprehensive study of various state-of-the-art
prediction models. Considering the influential factors to improve the performance of STLF
methods, the research gaps and future directions are outlined. The methodology of the
paper is presented in Figure 4. Table 1 lists relevant literature reviews of load forecasting.

Table 1. List of relevant literature reviews of load forecasting.

Reference  Year Review Type Remarks

[33] 1982 Systematic Categorized modeling techniques reflect 10§d demand. Multi-variable identification
methods model load demand at key nodes in large power systems.

[34] 1987 Tutorial Emphe}smed the critical role of S.TLF~ in EMS onh.ne scheduling and security
operations and addressed practical implementation challenges.
Presented a comprehensive review of CI approaches to STLF in power plants without

[35] 2001  Methodological relying on traditional models. It includes eight case studies that demonstrate the
effectiveness of the approach under different conditions.

[36] 2001 Critically evaluated Evaluated skepticism of NNs in STLF in various publications, suggesting that more

research on large NNs with stringent standards is needed for conclusive results.
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Table 1. Cont.

Reference  Year Review Type Remarks

Reviewed and evaluated Al-based LF models, highlighting the importance of factors

[37] 2015 Systematic such as ANN architecture, input combinations, activation functions, training
procedures, and exogenous variables on accuracy.

[38] 2016 Tutorial Reviewed probabilistic LF, including research directions and LF strategies.

[39] 2017 Systematic Organized LF techniques wiFh a focus on scenario-specific model selection. Provided
a taxonomy for model selection based on challenges.

[40] 2017 Comparative Compared STLF using different RNN architectures.

[41] 2020  Comprehensive Examined STLF using single, hybrid, and combined approaches.

[42] 2021 Narrative An analysis of th(? residentia%, Cf)mmercial, industrial, and off-grid sectors was .
reported. It highlighted the limitations of current LF models and proposed solutions.

Searched for Types of
Electrical Load Forecasting Short-Term Electrical Load
1. Long-Term Load Forecasting R Forecasting (STLF) —_ ) Searched for Short-Term

2. Medium-Term Load Forecasting Load Forecasting Models
3. Very Short-Term Load Forecasting

4. Short-Term Load Forecasting

(3165 Articles)

Time Series Models, Exponential

Developing the State-of-the Art Smoothing Methods, Regression
(Comprehensive approach to id Models, Machine Learning
multiple sectors and various methodologies) Models, Expert Systems, Hybrid
Models
Statistical Methods

Time Series Models

Exponential Smoothing Methods
Regression Models
. . i i Comprehensive Stud
Categorization of Short-Term Intelligent Computing Based - p . y.
. . Methods Considering the Contributions
Electrical Load Forecasting Models > . 8 — T
o . Machine Learning Models and Performance Accuracy of
Considering 208 Peer-reviewed Journals .
Expert Systems Reviewed Papers
Hybrid Models
—> Hybrid Models with Two Methods —>
Hybrid Models with Multiple Methods l
dl}esearcl]l)f]aps' Extended the Study Towards the
B CCLIONS — Outcomes «— Discussions «—— Role of STLF in Smart Grids and

Considering the Influential Factors to

Improve the Performance of STLF Models Review of STLF MethOdOIOgles

Figure 4. Methodology of the paper.

3. Load Forecasting

Load forecasting is critical for demand forecasting, power industry calculations, and
non-power sector planning. Table 2 outlines the advantages of traditional and modern grid
forecasting and their impact on beneficiaries. However, for reliable LF, a thorough examina-
tion of load data dynamics is essential [43]. Key elements that directly and indirectly affect
LF accuracy must be carefully considered during model development. Researchers must
identify relevant factors for accurate prediction of electrical consumption patterns. Table 3
briefly describes key elements that influence LF in traditional and modern power grids [44].
These influencing factors also pose challenges to the development of accurate models.
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Table 2. Advantages of Traditional and Modern Power Grid Load Forecasting Along with The Impact

on Beneficiaries.

Beneficiaries Impact on Beneficiaries
- - > — —
_ 5 8 E 3 § %
Benefits g g 3 .E b5} s
5 & 5 2 E ®=
> o v ] E 7}
e ¢z 5 & § &
O & £ o =
Ahead-of-load demand v - v oo v - - Aids decision-making.
Planning and execution v v o v - Plan and make decisions to avoid disruptions.
Maintaining infrastructure v - v oo v - - Prioritize infrastructure advancements.
Purchasing and conserving fuel - - v v - - Pre-negotiation and warehouse preparation.
Resource calculation v o - v v - - Management of spinning and non-spinning reserve.
Asymmetrical energy preparation v - v oo v - - Production facilities and uncertainties management.
Development of facilities - - v v - - Improvements in generation and resource addition.
Continuous power supply v v v v v v Intelligent power supply management.
Calculation of theft and loss v o - v - - - Disclosing problems that are overloading the system.
Contribution of renewable energy v v v v v vV Permits efficient integration of RESs.
IPP contribution v - v vV v v Preventcascading collapse effects.
Digitalization in industry v v v v v - Intelligent forecasting-based operational decisions.
Implementation of smart cities v v v v v V Intelligently manage distributed energy resources.
Market bidding and investment v o - v - - - Efficient handling of bids and investments.
Decline in CO; emission v v v - - RESintegration leads to reduction in CO, emission.

Table 3. Influential Factors Affecting Load Curve.

Factors

Affects

Time

Influences load patterns, requires historical data analysis [45].

Meteorology

Temperature, humidity, wind, etc. influence load consumption [46].

Region

Unique climates affect regional electricity demand, adaptation is crucial [47].

Application

Model effectiveness depends on the intended grid application [38].

Economics

Industrialization and consumer behavior [48].

Events

Pandemic and special events impact load patterns and sectors differently [49].

Past information

Historical data vital for training, model direction, and properties adaptation [50].

Data quality

Reliable data are essential for accurate LF and model performance [51].

Technology

Advancements bring greener power systems but also introduce uncertainty
in LF [51].

DERs

Commercial and residential input affects LF accuracy, necessitates
meter-level LF [52].

Forecasting involves input variables (past and present data), forecasting methods
(analyzing trends), and output variables (future predictions). Electric load forecasting
is categorized into four groups according to the distribution of time stamps (Figure 5):
LTLF, MTLF, STLE and VSTLF [53]. Different techniques, including expert systems, sta-
tistical methods, Al (e.g., ML, deep learning), and hybrid models, are used for different

time domains.
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Figure 5. Classifying electrical load forecasting categories based on various time periods and the
conversion process between STLF and LTLF, MTLEF, and VSTLFE.

LTLF addresses electrical demand planning for an extended horizon, supporting
system comprehension and ensuring a reliable power supply. It enables accurate forecasting
of infrastructure changes, impacting grid reliability, customer satisfaction, and utility
investments [54]. MTLF includes planning for grid maintenance, considering electricity
pricing, managing energy sharing agreements, and fuel preparation, typically over a month
to a year horizon [55].

STLF is critical to the day-to-day management of the utility, ranging from minutes to
weeks. It has a significant impact on financial savings and operational risk reduction. STLF
techniques include statistical methods such as LR, ARIMA, and ES, as well as advanced
approaches such as ANN, FL, SVM, RNN, and LSTM [56]. Hybrid models, such as GWDO
with MMI and FCRBM, have been proposed for improved accuracy. The combination of
LSTM and CNN has shown improved results [57]. Notable ML algorithms such as SVM, RF,
and LSTM have been evaluated, with a combined model proposed for superior STLF [58].

Several advanced techniques have been proposed for STLE. For instance, in [59], the
chimp optimization methods were coupled (CLFIF-IL-ChOA), combining iterative learning,
fractal interpolation function, parameterization, and chimp optimization, which showed
superior adaptability compared to other methods. A decision tree (DT) approach achieved
1.90% MAPE in predicting short-term electricity demand, reducing forecast variability [60].
A wavelet-based extreme learning machine (ELM) addressed load fluctuation challenges
by automatically determining hidden neurons based on input samples [61]. A multi-layer
bidirectional RNN outperformed regression methods in estimating monthly electricity
consumption [62]. Hybrid models, CNN, and LSTM networks showed promise, with
hybrid models performing best, followed by CNN. LSTM training was the fastest, but its
performance declined with longer input sequences [63].

STLE, with its range of minutes to days, plays a central role in power utility operations
and planning. It guides load control, dispatch, and secure power system operations, en-
suring efficient use of different forms of generation. Accurate STLF is critical for economic
dispatch and ensuring power system reliability. Accurate forecasting is critical to avoid
power supply problems or inefficient resource allocation due to underestimation or overes-
timation of load demand. In the last decade, significant progress has been made in load
accuracy [64]. This paper focuses on STLE, and Section 5 provides a comprehensive review
of STLF approaches, which are categorized into statistical, intelligent-computing-based,
and hybrid methodologies, which are further subdivided into subcategories.

VSTLEF specializes in short-term load forecasting, ranging from minutes to an hour.
It differs from other methods in that it relies on the most recent load patterns rather than
multi-variable relationships. The VSTLF model can be derived from the STLF model by
including loads from a few previous hours as inputs. The conversion processes between
STLF, LTLE, MTLE, and VSTLF are shown in Figure 5.



Appl. Sci. 2024, 14, 4442

8 of 46

4. Evaluation Criteria

Various criteria are used in the literature to evaluate the accuracy of load forecasting
methods. Researchers have used various statistical metrics, with an emerging focus on
probabilistic load forecasting metrics. Table 4 shows the most commonly used statistical
measures in the field. Here, n denotes the sample size, x’; denotes the model’s predicted
value, and x; denotes the actual value. The second-degree loss function provided by
RMSE prioritizes larger errors over smaller ones. Mean average error (MAE) is naturally
measurable and is unambiguous. Mean average percentage error (MAPE) can be easily
applied to both large-volume and small-volume items and is not scale dependent. However,
differential error often leads to biased predictions. In typical load forecasting problems,
demand at the aggregate level rarely approaches zero or is very small, so the shortcomings
of MAPE, such as problems with handling small and zero denominators, are not very
significant [38]. When the error distribution is anticipated to be Gaussian, reference [65]
asserted that the root mean square error (RMSE) is more appropriate than the MAE;
however, although this would help to elicit more information from the data, it is often
ignored in the reviewed articles.

Table 4. Formulas for Evaluation Criteria.

Criterion Name Formula
¥ |x; — xil
Mean Absolute Error (MAE) Pl i
n
Root Mean Square Error (RMSE) %il (x; — x/,')z
1=
Mean Average Percentage Error (MAPE) 1 i (xi —x'i)
ni—1 Xi

According to the objective of the research, the following additional variables were
found in the literature:

e  The largest negative and positive differences between a predicted value and the actual
values are indicated by the terms maximum negative error (MNE) and maximum
positive error (MPE), respectively. For some applications, these values may be more
relevant than the typical error (e.g., fuel storage forecasting in a power plant).

e  Relative root mean square error (rRMSE) normalizes the RMSE by dividing it by the
range of actual values. This makes it easier to compare prediction accuracy across
datasets of different scales.

e The coefficient of determination (R?), which is used in the literature to measure the fit
of the prediction model [66]. If R? is closer to 0, this indicates low predictive ability
and poor fit of the data.

e  Percentage error (PE) quantifies the relative discrepancy between forecasted and actual
values, expressed as a percentage. It provides clarity on the direction and extent of
forecast inaccuracies.

e  The residual sum of squares (RSS), which represents the expected deviations from
actual data values, is the sum of the squares of the residuals. It can be calculated using
the RMSE. It measures how much divergence there is between the actual data and an
estimated model.

e  Pearson’s correlation coefficient (Pearson’s r) measures the linear relationship between
forecasted and actual values. A high correlation indicates a robust linear relationship,
indicating that the forecasting models are effectively capturing the underlying patterns.

e  The standard deviation of residuals is a statistical term used to represent the difference
between the standard deviations of the observed values and the anticipated values, as
indicated by the points in a regression analysis.
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e Bias quantifies the consistent deviation of forecasts from actual values. Positive
bias indicates consistently higher forecasts, while negative bias indicates consistently
lower forecasts.

e  Some authors also employ quality comparisons between the time series generated by
different algorithms and the real validation data [67].

Calculating these variables makes it easier to compare the results of different methods,
especially by evaluating models that share identical influential factors and datasets. How-
ever, such a simple study may not be very informative, particularly when there is small
variation between the methods or the dataset is not very large. In order to compare the
results of an ANN, MLR, and ARIMA, the reference [48] employed Wilcoxson signed-rank
and paired t-tests. The ANN had no real advantage over ARIMA or MLR because the
p-values obtained were above a = 0.05, making the results insignificant. In addition, the
importance of these indicators varies depending on the parameters and datasets used.
Therefore, it is difficult to compare the results of different methods. Furthermore, there is
no task where all algorithms are tested on a single dataset to compare them. The accuracy
of the approaches mentioned in this study project is recorded in the following parts of
forecasting techniques.

To critically evaluate the effectiveness of STLF, especially within the paradigms of
modern power systems and smart grids, it is essential to define evaluation metrics that
reflect both quantitative and qualitative performance. These metrics provide standardized
means to compare and contrast different STLF methodologies and their alignment with
the operational requirements of modern power grids. Based on the literature review, the
following metrics are considered in this study because most of the forecasting studies in the
literature have used these metrics to evaluate the performance of their proposed algorithm.

MAPE: Offers a normalized measure of the deviation of forecasted values from actual
values, allowing comparisons to across different scales of data.

RMSE: Gives higher weight to larger errors, thus being sensitive to outliers which are
crucial in peak load forecasting.

MAE: Provides a direct average measure of forecasting errors, useful for understanding
typical deviations in load predictions.

It should be noted that in this paper, the presented performance accuracy of each
paper in Sections 5 and 6 is derived from each research paper studied. It is also important
to note that developing a comparison between the methodologies is challenging because,
in the literature, each research paper considers different protocols, hyperparameters, and
input data for the performance analysis of an algorithm in a specific application. The tables
and figures presented in Sections 5 and 6 provide a comprehensive review of the papers
studied along with their performance, allowing the readers to identify the performance
evaluation of each model in relation to the input data for a specific application, which could
pave the way for future research.

5. Methods for Short-Term Load Forecasting

The methodologies for STLF are mainly divided into three categories: statistical
methodologies, intelligent-computing-based methodologies, and hybrid methodologies.
The three main categories are further divided into subcategories. Tables 5-7 present the ad-
vantages and disadvantages of statistical models, intelligent-computing-based models, and
hybrid models, respectively. The purpose of presenting both advantages and disadvantages
is to provide a comprehensive evaluation that allows readers to make informed decisions
based on a detailed understanding of each forecasting model. The advantages are discussed
to highlight the strengths and positive attributes of each forecasting model. Conversely, the
disadvantages are mentioned to draw attention to the limitations, challenges, or drawbacks
associated with each forecasting model. The discussion is intended to guide researchers
and practitioners in selecting the most appropriate model for their specific requirements,
considering both the strengths and limitations of the available options.
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Table 5. Overview of Statistical Models for STLF.

Models Advantage

Disadvantage

Time-Series Models

ARMA High computational speed for stationary time series. =~ Unable to respond immediately, resulting in a certain lag.
ARIMA Fast computation for non-stationary time series. Exhibits some lag and is highly sensitive to outliers.
SARIMA Outperforms ARIMA in predicting cyclical datasets. Lacks the advantage of exogeneous variables.
ARMAX Combines time series and regression for optimization. ~ Covariate coefficients are hard to interpret.
BVAR Manages large datasets and prior beliefs in modeling.  Sums lower-frequency data, ignores high-frequency data.
GARCH Simple and generates volatility clustering. Symmetrical at positive and negative prior returns.
SEGARCH Includes autoregressive errors and GARCH variances. Lags behind other GARCH models in performance.
EGARCH Achieves accuracy via unconstrained likelihood Volatility, by its very nature, is unpredictable.

maximization.

Exponential Smoothing

SES More significance to recent observations. Does not project trends.
DES Projects trends. Seasonal patterns are not recognizable.
TES Recognizes seasonal patterns. Captures the multiplicative aspect of seasonality.
Regression Models
RM-W-SML
LR Performs remarkably well for linearly separable data. ~ Linearity links independent and dependent variables.
NLR Unbiased and produces smaller residuals. Mass computation required.
LgR Resists overfitting, avoids feature space disturbances. =~ Tendency for model overfitting in linear regression.
NPR Assumes no parametric form of predictor dependency. Larger sample size required.
SWR Manages large potential predictor variables effectively. ~ Variable selection influenced by multi-collinearity.
RM-SML
LR Easy implementation, extrapolation beyond dataset. Sensitive to outliers and multi-collinearity.
IR Improves variable relationship understanding. Complicates model with multiple interactions.
RRM Detects outliers in contaminated data. Less effective with Gaussian residuals than OLS.
SWLR Manages various potential predictor variables. Estimates high absolute values.
MTR Offers medium-sized functions for flexible responses.  Takes longer time to train the model.
CTR Offers a few large leaves for coarse response function. Model flexibility is low.
FTR Offers several small leaves for flexible response. Very leafy tree tends to overfit.
LSVM Finds decision boundary in separable data. Low flexibility, time-consuming feature selection.
QSVM Capable of separating non-linearly separable data. Class overlap increases with noisy datasets.
CSVM Effective when classifier’s kernel function is cubic. Medium-level flexibility.
FGSVM Precise class divisions with a specific kernel scale. Flexibility decreases with the kernel scale setting.
MGSVM Efficient with a specific kernel scale. Classifies only medium-complexity data.
CGSVM Makes coarse distinctions between classes. Classifies low-complexity data effectively.
RQGPR Fit for large datasets, smooth interpolating functions. ~ Tricky to detect errors in multi-dimensional data.
SEGPR Handles large datasets in higher dimensions. Interpretability is difficult.
M-5/2-GPR No measure concentration issue in higher dimensions.  Effective within dataset range boundaries.
EGPR Handles smooth functions with minimum error. Struggles with smooth functions with discontinuities.
BT Capable to capturing complex patterns. May overfit if the data are noisy.
BgT Increases with the number of learners, high flexibility. Introduces a loss of interpretability of a model.
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Table 6. Overview of Intelligent-Computing-based Models for STLFE.

Models

Advantage

Disadvantage

Machine Learning Models

ANN Powerful prediction, discovers non-linear relations. Low interpretability, limited scalability.

DL Improved initial values, general purpose learning. Training process could get stuck at bad local optima.
MLP Higher accuracy and superior for non-linear problems. Local minima affect training; slow convergence.
SVM Accurate even with non-separable datasets. Large memory utilization, high computational cost.
ELM Fast training with good generalization. Generality degradation and ambiguity hinder ELM.
SOM Superior interpretation with few training samples. Scalability issues; inputs must be vectors.

DT Non-parametric with scalability for handling large data. Poor prediction performance.

RNN Processes any length of time-series data. Slow recurrent computation.
LSTM Addresses RNN issues with long-term memory. High memory bandwidth demand, overfitting.

AN Simplifies problems via numeric subdivision functions. Elusive completeness, identifies all alternatives.

Expert Systems

GP Minimizes external factors, less reliance on historical data. =~ Unreliable prediction effects with large datasets.
FCMs Superior error estimation index. Sensitive to local minima, lengthy computation.
FRBS Short development time, no design parameters required.  Difficult to recognize optimal FRBS.

FR Mitigates LR limits, studies system’s structural uncertainty. =~ Problematic tasks; guidelines, setting accuracy.

Metaheuristic Systems

ABCO Efficient for multi-variable optimization and flexibility. Needs new fitness experiments for new factors.
AIS Decodes and encodes information efficiently. Limited potential of extrapolation.
GA Does not break easily in presence of moderate noise. Not scalable with complexity.
FA Able to find local and global optima synchronously. Convergence speed is low and accuracy is imprecise.
CSA Low parameter setting and easy to implement. Slow convergence rate.
MA Improves fitness using local research in GA. Complexity linked to problem’s extrapolation.
GSA Precision in solving adaptive non-linear optimization. Slow iteration’s search, post-convergence inactivity.
SAA Evades local maxima and finds near-optimal solutions. Sensitive to input, slow optimal solution.
HSA Quick convergence and fewer modifiable parameters. Needs improved parameter tuning for diverse applications.
PSO High training speed, efficient search algorithm. Slow convergence, global optimum search issues.
ACO Parallelized concurrent processing and derivative free. Uncertain convergence time.
CASO Overcomes untimely local optimum concern of SVR. Insufficient impact of organization variable on ant.
DE Homogeneity around the mean compared to GA and PSO.  Unstable convergence risk, local optimum trapping.
Table 7. Overview of Key Hybrid Models for STLF.
Models Advantage Disadvantage
Hybrid Models
SVM-BFGSFA Minimum number of average value iterations. Complexity allows optimal solution convergence.
SVM-HSA High prediction accuracy and training speed. Complex architecture.

SVM-FFOA Able to quickly attain global optimum solution. Optimal SVM parameter selection is challenging.
SVM-GA Finds optimal values for minimal forecast errors. Protracted real-time SVR parameter optimization.
SVM-PSO Memory storage ability. Early convergence, resistant to local minimization.
SVM-SAA Non-linear mapping capability. Training error minimization not performed.
ANN-FA Solves local optimal shortcoming of NN. More iterations needed with optimal parameters.
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Table 7. Cont.

Models Advantage Disadvantage
ANN-CT Models complex output/input relations. Higher number of clusters and samples required.
ANN-NFIS Forecasts irregular datasets. Increased training time for complex tasks.
ANN-AIS Fast search capability. Limited extrapolation capability.
ANN-WT Separates multiple load frequency components. Dependence on frequency resolution.
ANN-PSO Affordable computation useful in load variation. Multiple function estimates need optimal solution.
ANN-GA Resolves the local minima convergence issue. GA assists ANN parameter selection complexities.

GNN-WT-GAFL

Mitigates concerns of BP and ANN algorithms.

Manual changes required for suitable fitness.

EMD-PSO-SVR

Load data decomposition capability to IMF
components.

Challenges in handling non-stationary and non-linear
data.

EEMD-GLM-GOA

Efficient for weight and threshold parametric
solutions.

Unable to predict abnormal events and traditional
parameters selection is complex.

GHSA-FTS-LS-
SVM

Good computational speed utilizing a bionic
algorithm with high accuracy of prediction.

Manual parameter selection.

T-C-IEMD-DBN

T-Copula enhances peak-time forecasting accuracy
with DBN.

Process repetition required due to the stochastic
nature of exogenous variables.

Less complexity with fast convergence by utilizing

GA-NARX-NN clitist GA. GA parameter manual selection.
FCW-EMD & More prediction accuracy with improved selection s L
KE-BA-SVM and optimizing algorithm. Incapability of learning input data temporal features.

GA-PSO-ANFIS

Fast execution time and selects predictors that notably
affect the load pattern.

Predictor selection is complex.

5.1. Statistical Methods

Statistical models are preferred for STLF, which involve extensive data analysis to pre-
dict load demand [68]. Time-series datasets contain repeated measurements of a variable at
regular intervals. Understanding data patterns is critical to interpreting historical behavior
and making future projections. Statistical techniques include various models for data anal-
ysis, presentation, and correlation [69]. Table 5 provides an overview of statistical methods,
including time-series, exponential smoothing, and regression models, and outlines their
advantages, disadvantages, and levels of complexity. Table 8§ summarizes key information
from reviewed research articles on models based on statistical analysis [56,70,71]. The
MAPE, MAE, and RMSE values presented in Table 8 are drawn from the respective studied
research papers and they are not meant to draw a comparison in this paper. The purpose
of presenting the performance accuracy of each paper is to offer an inclusive review for
the readers to identify the performance evaluation of each model in accordance with their
dataset and input parameters.

Figure 6 shows the distribution of the methods studied in Table 8, which outlines the
RMSE, MAE, and MAPE according to the information reported in the respective papers.

gzo

E

50 12

520 5' 4' 5' 5' T 3' T 70 4'

P T TS LSS 0
PN S R

Models

Figure 6. Statistical model distribution for STLF.
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Table 8. Review Based on Statistical Analysis Methodologies for STLF. (Year: Research paper
published, Data Duration: Duration of the dataset used in the research paper, Contribution: Each
paper’s contribution, Benchmarked Against: Studied research papers compared their proposed model
with different models and load, Accuracy: Proposed model accuracy presented in research papers).

Accuracy
(Best-Performing
Data . Benchmarked Model)

Year Duration Contribution Against = - =
n = [
= s &
~ p=

ARMA

1987 1983-1984 Enhanced ARMA with polynomial regression for a ARM.A' TEM,

[72] USA non-linear extension of TFM for optimal forecastin, non-linear, - 3.7 -
p & periodic ARIMA

1994 >4 Weeks Applied ARMA with WRLS algorithm for online model

[73] USA parameter estimation in power distribution. Actual load - <25 -

2002 1998-2000  ARMA fitted after analyzing deseasonalized data; Actual load B 13 B

[74] USA hyperbolic distribution offers an excellent fit. ’

2006 2001-2002  Combined offline learning with online forecasting while .

[75] Turkey adjusting weights to conditions. ARMA, hybrid - 16 -

2013 2008-2010  ARMA-GARCH models and performance evaluation of ~ARMA-GARCH(-M) 74 02 145

[70] ISO-NE their modifications for STLE. variants ’ ’ ’
ARIMA

2000 1994-1995  Introduced a non-linear statistical dependence measure; ARIMA, ARMAX, B _ 0.8

[76] CR compared ANN and non-linear models. ANN ’

2001 1991-1997 Proposed modified ARIMA with operator estimation; ARIMA, modified B 3 1.98

[77] Iran outperformed ARIMA and ANN. ARIMA, ANN ’

2018 2012-2015  MARS yielded most accurate results at 0.5 h and 1.0 h

[78] Australia horizon, while SVR performed well at 24 h horizon. ARIMA, MARS, SVR 38 27 -

2020 2017-2018  Suggested model integrates auto-ARIMA and K-means ~ ARIMA, hybrid B _ 51

[79] Japan for peak load reduction. ARIMA ’
SARIMA

2011 2004—.2009 Proposed MA—C—WH model excels against SARIMA in SARIMA, actual load B _ 288

[80] China seasonal adjustments and trends.

2012 2007-2010  Fourier-based residual series enhance SARIMA precision ~SARIMA, F-SARIMA, 49 3 219

[81] China optimized by PSO. FS-SARIMA excels. S-SARIMA, FS-SARIMA ’ ’

2013 2009-2009 SARIMA-SVM model outperformed SARIMA and SVM  SARIMA, SVM,

. . 9.4 - 2.73
[82] Italy in PV power forecasting. actual data
2018 2012-2015 Deve?lo.pecl interactions-SARIMAX method; enhancing SARIMA, MLR B _ 0.7
[83] Japan predictive performance and accuracy.
2019 2007-2008 Proposed KP-SVR via SARIMA with feature selection for =~ ARIMA, SARIMA, 3 1.79
[84] UK, France  time series. ANN, SVR, KP-SVR ’

ARMAX

2009 1998—2095 Included exogenous variables in the models, and TSK ARMAX, NN, TSK 54 _ B
[85] Colombia models perform well.
2008 2005-2005  HSPO-ARMAX overcomes local optimal points via PSO-ARMAX, B B 1.06
[86] China genetic algorithm crossover operation. HPSO-ARMAX '
2011 1995—2007 Explored dlve.rse populétlon growth effects on electric ARMAX, GARCH B _ B
[87] Spain roads for tourism planning.
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Table 8. Cont.
Accuracy
(Best-Performing
Data . Benchmarked Model)

Year Duration Contribution Against = - =
) < Py
= s &
[~ =

2012 20062007  ARMAX-GARCH models advance in long-horizon

[88] USA  forecasting for MISO, USA. ARMAX-GARCH - 28 -

2018 2011 Developed hourly ARMAX for EDF and ILF, performed ~ARMAX-GARCHX, B 1.79 B

[89] Netherlands  exceptionally in risk-aware activity decisions. ILS, CAViaR, CARE ’
BVAR
2008 2097 Utlhzed the Baye.s method for input group selection to BP-NNN, Bayesian-SVR B 3 161
[90] China improve forecasting performance.
GARCH
2010 ZOggoagld Combined ARMA and GARCH with wavelet transform  ARIMA, B _ 116
[91] . for enhanced historical series. ARIMA-GARCH, CNN ’
Spain, USA
2005 1999-2000  Proposed GARCH for deregulated electricity prices, B B
[92] Spain, USA  outperforming ARIMA, enhanced by demand. ARIMA, actual data ?
2009 2000-2002 Propose(?l k—factor G.IC:}ARC.H, predicting long-memory SARIMA, GARCH 363 B B
[93] Germany seasonality in electricity prices.
SEGARCH
2009 1993-2007 Incorporated GARCH variances and autoregressive WARCH-ANN, B _ 256
[94] Taiwan errors. SEGARCH-ANN ’
EGARCH
2008 2007-2007 Examined ARIMA and its EGARCH variant models’ ARIMA-EGARCH, B 105 B
[95] USA in-sample and out-of-sample forecasting performance. =~ ARIMA-EGARCH-M '
2019 2009_20.1 6 Proposed EGARCH model for accurate electricity price .
Australia, . .. . . ARMA and extensions - - 8.87
[96] Spain estimation in the Australian and Spanish markets.
ES
1971 1966-1967 Implemented general ES for STLF, which offered
. . .. . Actual data - 2 -
[97] USA operational simplicity and high accuracy.
2010 2001-2006  Extended double seasonality methods capturing SES, DES, TES, B B 17
[98] UK, France intra-year, intra-week, and intra-day cycles. actual data ’
2012 2007-2009 Explored ES methods for STLF, introduced SVD-ES, ES methods, ARMA, B 3 2
[99] UK, France  enhanced efficiency for intra-day. ANN, actual data
2018 20.11 Created SES-GP model, using SES smoothing for GP GP model, actual data B 1.26 B
[100] China sequence development.
RM

1990 1982-1985 Suggested novel LR model for holiday load forecasting

[101] USA using binary variables. Actual data 044

1998 1997 Introduced NPR-based method, forecasting directly .

[102] USA from historical data with ANN outperformance. NPR, NPR-Static, ANN - 264 357

2008 1999-2003  Developed hybrid NN model using novel data Hybrid LR, proposed B 3 15

[103] Iran clustering, surpassing hybrid LR. model ’

2009 1970-2007 Forecasted Italy’s consumption using various regression  Regression models, B _ B

[104] Italy models with stationary data. national forecasts
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Table 8. Cont.
Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against = - =
[75) < =5
s 3 £
[~ =
2010 2004-2008 Combined time-series and ML models with filters, the Time series, machines B 201 017
[105] UK LR model with PF and MF filters performs well. learning ’ ’
1985-1991 Modified the SVR algorithm using LWR in risk function
[21001 60] 1995-1998 with Mahalanobis-based weighting. The LSWR iwg{/llgcal SVR, - - 1.34
EUNITE outperformed other methodologies.
2011 1974-2003  Designed experiments and proposed a conventional ANN-MLP, regression, 001 003
[107] Iran regression and ANN-MLP-based flexible model. actual data ’ ’
2016 2002-2004 Mainly sgggested stralghtforward models for daily STLF ARIMA, ES, MLP B _ 135
[56] Poland cycles using regression.
2017 2014-2014 Proposed SVR for office building baseline forecasting, Simple average model, B 157 B
[108] China enhancing real-time effectiveness. actual data ’
2018 2009-2012  Incorporating non-linear trend variables and unit B 3
[71] SA commitment enhances forecasting integration. ILP, PLAQ-RM 081
2007 and
2018 2013 ‘ Developed SSVRE fqr precise SVR learning execution, SVR, SSVRE 011 _ B
[109] Australia,  enhancing computational accuracy.
China
2020 2009-2010 Proposed a PAR-based model via group and distinct LF ~ SGDR, FTRLP, OSELM, 3 1.62
[110] Ireland learning to address smart grid complexity issues. PAR ’

5.2. Intelligent-Computing-Based Models

The intelligent-computing-based models (ICMs) are divided into machine learning and
expert-system-based models. Machine learning includes 10 models, while expert-system-
based models include 4 methodologies that address non-linear challenges in real-world
load forecasting.

Since the mid-1980s, researchers have focused on ANNs as powerful tools for load
forecasting. ANNSs outperform previous methods for non-linear inputs, complex rela-
tionships, adaptive control, and pattern prediction. Unlike statistical models, ANNs map
input-output relationships without complicated dependencies. Their training process
retrieves non-linear relationships, allowing effective load demand prediction with the right
algorithm, training data, and network structure [111].

Table 9 provides an overview of 45 machine learning models and 8 expert systems,
including ANN, DL, MLP, SVM, ELM, SOM, DT, RNN, LSTM, GP, FCMs, FRBS, and FR
applied in ICM for STLFE. Table 6 provides overviews for machine learning and expert-
system-based methods that could lead to the selection of an appropriate ICM according
to the constraints. The MAPE, MAE, and RMSE values presented in Table 9 are derived
from the respective research papers studied and are not intended for direct comparison in
this paper [43,111-162]. The purpose of presenting the performance accuracy of each paper
is to provide readers with a comprehensive review, enabling them to assess each model’s
performance based on its dataset and input parameters.
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Table 9. Review depending on intelligent-computing-based methodologies for STLF. (Year: Research
paper published, Data Duration: Duration of the dataset used in the research paper, Contribution:
Each paper’s contribution, Benchmarked Against: Studied research papers compared their pro-
posed model with different models and load, Accuracy: Proposed model accuracy presented in
research papers).

Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against g - E
= § g
[~ =
Machine Learning Methods
1992 1?87 Propgsed 1\/.[LF.-1.\TN for STLF w1t.h an adaptive learning ANN, actual load 088 069
[111] Taiwan algorithm significantly accelerating convergence.
1995 1992 Introduced FNN for STLF; it performed similarly to
[112] Greece neural networks but trained faster. Actual load - 29 -
1995 19?2 DeveloPed hybrid FNN for STLF using fuzzy set theory Actual load 06 -
[113] China and logic.
1995 1990 Comparing adaptive NN and statistical methods for Statistical methods, B 3 6
[114] USA 7-day demand forecasting. actual load
1998 1989-1990  Introduced ANN-based input variable identification, Actual load B B 167
[43] USA simplifying training and enabling compact ANNSs. ’
2002 1989—1999 Evaluated.MLPs for spec1f1ed.cle.155es using Actual load B _ 115
[115] Spain self-organizing maps and statistics.
2005 1991-2001 Utilized a feed-forward neural network for monthly,
[116] Turkey peak, and daily load forecasting. ANN, actual load - - -
2006 20002003  Introduced Euclidean norm-based similar day selection
[117] Australia and proposed two ANN models. ANN, actual data - - 13
1985-1991 . . . . .
2007 1997-1999 Proposed autonomous NN-based STLF with Bayesian BPN, gain scaling with B 175
[118] USA and SVM learning techniques. CIS and SS ’
2001 and . .
[2101099] 2003 k[is;;il}i?;r;f;gdology to modify NN weights and Actual data B B 1.98
USA &
2009 2000-2003 Developed an ideal large NN structure and connecting
[120] Iran weights for STLF using CGA. BP-ANN, CGA-ANN - B 1.46
2012 20002007  Utilized grey prediction for STLF, excelling with small, B 3
[121] APEC incomplete datasets. BPN, SVR 3.27
2012 2001—2010 Proposc?d SOM negral network for STLF, optimized MLP, ARIMA B _ 218
[122] Spain hourly input, and improved forecasting accuracy.
2013 2007 Combined SVR and DEKEF for RBFENN, outperforming DEKF-RBFNN, B _ 0.6
[123] Taiwan existing models in accuracy and stability. GRD-RBFNN ’
2013 2011-2011 Introduced MFES combining seasonal correction, EMD
[124] Australia filter, and multi-output FFNN, overcoming limitations. MFE, MFNN, MFES - B 242
2015 2004-2011 Tested SVR, ELMs, DRNNSs for STLF with common RBF Actual load B _ 1.78
[125] ISO-NE networks, drawing insights. ’
2005,2006, Suggested using a revolutionary pattern-sequence-based
2010, direct time-series LF approach. Clustering and next
2015 2000-2001  symbol prediction make up the two phases in the newly B _
[126] Spain, created SCPSNSP. The association between a specific DR, KNN, PSE 297
Australia, length of a pattern sequence and its following pattern
USA was trained using ANN.
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Table 9. Cont.
Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against = - =
[75) < =5
= S g
[~ =
2016 2010 Developed DCANN and UDCANN based on IBSM, BP-ANN, FNN, _ 8.8
[127] Australia combining supervised and unsupervised learning. LSSVM, GARCH ’
2016 2011-2011 Proposed innovative STLF combining BP-ANN, ANFIS,
[128] Australia and D-SARIMA for varied data. BP, ANFIS, D-SARIMA - - 1.65
2016 2010-2011 A.neural. network for LY/ MYV networks poosts accuracy Time-series models,
with varied models for intra-day and daily average . - 3.63 103
[129] France naive model
power change.
2016 20112014 Nove¥ RELM combines ELM and RNN for enhanced ELM, LR, GRNN 0.03 _ B
[130] Portugal electricity LF.
2016 2009 Proposed an ensemble method using wavelet transform,  Actual load, WNN, B _ 202
[131] ISO-NE ELM, and PLS regression for STLF. SVR, ELM ’
2017 2010—.2012 Implemented MLP for LF; claimed NN yields better LR, SVR, DNN, CNN B 3 141
[132] China results in several sectors.
2017 1991-2012 Compared forecasting techniques for South Korea using  SVR, Fuzzy-Rough, B _ 213
[133] SK 20 variables, laying the foundation. MLP, MLR, ARIMA ’
2017 2013 Proposed EMD-based ensemble DL for STLF, integrating SVR, ANN, DBN, RF, B B 0.67
[134] Australia adaptive signal processing. EMD-SVR ’
2017 2016 Developed SOM for microgrid planning, identifying Actual load B B B
[135] Chile distinct family consumption patterns.
2018 2009-2010 Proposed a novel deep RNN architecture for household =~ ARIMA, RNN, SVR, 045 025 _
[136] Ireland LF employing both conventional and recurrent layers. DRNN, PDRNN ' ’
2018 2011-2012  Introduced a prediction model considering the impact of ~ARIMA, SVR, BRNN, B B 453
[137] Hungary EVs on building loads. RBFNN ’
Created a strategy of decomposition-reconstruction by
2013-2013 integration of singular spectrum analysis. A variety of
2018 2013_20.1 3 forecasting models, including ARIMA, ES, and NN, LSSVM, CSA-SVM, - - 0.59
[138] Australia, . . GA-BPNN
Sineapore were used in the ensemble to estimate future values of
&ap each component using historical data.
2019 2016 Proposed a novel approach combining the copula model NN, SVR, ELM, B _ 236
[139] USA and DNN for accurate STLE. R-DNN, DBN ’
2004-2007 .
2019 Toxas and Developed the MOFTL algorithm, evaluated on . GRNN, MOWCA,
[140] ISO-NE benchmarks, enhancing LF accuracy when combined MOPSO. NSGA-II - - 4.59
USA ’ with ANN (MOFTL-ANN) for weight optimization. !
2007, Combined BRNNSs and DBNs for STLF to effectively
2019 1997-1998  capture temporal and spatial dependencies. Input is _
[141] China, processed by BRNN forwards/backwards, then fed to SVR, LSTM, BPNN 285 1.95
EUNITE DBN for high-level representation learning.
2019 2009-2010 Suggested an LSTM network with pinball loss for _ B
[142] Ireland probabilistic forecasting on large consumer dataset. QRNN, QGBRT 218
2019 2012-2016  Developed Al and DL-based LF system, examined
[143] SA OP-ELM and LSTM models considering weather impact. ANEFIS, OP-ELM 006 005 0.3
2019 2014-2018  Proposed multi-scale CNN with time cognition for DM-MS-CNN, B _ 374
[144] ITreland enhanced multi-step STLFE. DM-GCNN ’
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Table 9. Cont.
Accuracy
(Best-Performing
Data o Benchmarked Model)
Year Duration Contribution Against = - =
[75) < =5
= S g
[~ =
2013-2013 Implemented subsampling to expedite SVR modeling.
2019 2002-2002 Progressively constructs SVR, presenting regression Actual data, SGA-SVR, B 538
[145] China, surface parameters, affirming model relevance and SSVR ’
USA effectiveness.
2010, 2013, Proposed a synthetic STLF using a MIMO model with
2020 2014 . ¢ . ANN-MIMO,
LSSVM, employing DWT to split the signal and - - 210
[146] USA, . . . . . ANN-LSSVM
. integrating GSA for optimal input selection.
Australia
2020 20152017 Introduced COSMOS, a stacking ensemble model for Shallow NN, MLR, B 3 6.97
[147] SK accurate STLF predictions. KNN, DT, DNN ’
2020 2013-2016 Deveilope.d an FFNN and clustering hybridization model RBENN, GRNN, ENN B _ 7.00
[148] Greece for historical bus load.
2020 2017-2018 Used RNN s for STLF in commercial buildings, optimal
[149] USA with mid-season training. GRU, LSTM 6.75 - -
2020 20162016  Proposed a novel QRF model with temperature and EEMD + QRF, EMD + B 3 137
[150] China humidity factors, involving training multiple models. QRF, QET ’
2020 2018-2019 Used an ensemble of HMMs trained on industrial SVR-RBF kernel, CNN, B _ 707
[151] China electricity data for accurate forecasting. LSTM ’
2020 2003-2015  Suggested MCRN for STLEF, leveraging k-d tree algorithm  Actual load, SVM, B _ 459
[152] ISO-NE and error correction. ELM ’
2020 2015-2016  Proposed DBM model, incorporating DSM and B _
[153] China leveraging RBM for features. ARIMA, LSSVM, DBN 386
2021 2020 Suggested an online adaptive RNN for LF, continuously = LSTM, regression B _ 0.24
[154] UK adapting to new patterns. algorithms ’
Expert Systems
2005 1960-1990  The FLR model applies Tanaka’s fuzzy arithmetic for Actual load, NN-Fuzzy 357 -
[155] SK weekend holiday forecasting. interface '
2008 2002-2004 TSK fuzzy system predicts OEM peak price, compared
[156] Canada to statistical methods. ARMAX, ANN 0.08 B -
2009 2000-2007 A new f'uzzy l'oglc controller enhances LF accuracy and Actual load B _ 29
[157] Jordan processing efficiency.
2012 20002002  Developed Interval Type-2 FLS (IT2-FLSs) to improve LF  Traditional Type-1 0.16 _ _
[158] Iran accuracy by handling uncertainties in real datasets. TSK-based FLS '
2014 2005-2007 Fuzzy interaction regression for STLF outperforms other ~Multiple fuzzy B 3 3.68
[159] ISO-NE fuzzy and MLR models. regression, MLR ’
2015 2014 A novel weekday STLF algorithm combines WT,
[160] India adaptive GA, fuzzy system, and GNN. ANN, GNN 005 - -
2018 2010-2012 An adaptive fuzzy model improves day-ahead STLF Gustafson—-Kessel B _ 0.13
[161] Slovenia using recursive clustering and identification. clustering, SARIMA ’
2020 2009-2010 Fuzzy clustering and a crow optimization K-means RF, LSSVM, multiple B B 163
[162] Treland algorithm improve large-scale user clustering accuracy.  hybrid models ’
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5.3. Hybrid Models

Researchers have increasingly turned to hybrid models for STLF to improve accu-
racy and minimize error. These models combine multiple methodologies, leveraging the
strengths of each approach. SVM and ANN are key contributors, with SVM excelling in
unstructured data and ANN demonstrating adaptive learning from training data. Hybrid
models offer improved forecasting results, particularly those that combine SVM and ANN.
Table 10 provides a comprehensive overview of 64 research articles on various hybrid
models, including SVM, ANN, LSTM, MLP, BPNN, expert systems, and metaheuristic
methodologies. Hybrid models in STLF can include single-stage or multiple-stage models,
each addressing specific problem-solving objectives. Single-stage models are basic, while
multiple-stage models independently use different machine learning methods to address
different problems. Figure 7a illustrates the basic organization, and Figure 7b depicts the
structure, of multiple-stage hybrid models [163]. The MAPE, MAE, and RMSE values
presented in Table 10 are sourced from the respective research papers studied and are not
intended for direct comparison in this paper [164,165]. The purpose of presenting these
performance metrics is to provide readers with a comprehensive review, allowing them to
evaluate each model’s performance based on its dataset and input parameters.
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Figure 7. (a) Single-phase hybrid framework. (b) Multiple-phase hybrid framework.
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Table 10. Review Based on Hybrid Methodologies for STLF. (Year: Research paper published, Data
Duration: Duration of the dataset used in the research paper, Contribution: Each paper’s contribution,
Benchmarked Against: Studied research papers compared their proposed model with different
models and load, Accuracy: Proposed model accuracy presented in research papers).

Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against = - =
92} Ry
5 § g
[~ =
Hybrid Methodologies
1995 1993-1994 Hybrid model integrates ANNs and fuzzy expert Actual load, B 13
[164] SK systems for STLF. ES ’
2002 1997-1999  ANN model for peak load demand forecasting using the Levenberg-Marquardt B 3 287
[166] India Levenberg-Marquardt BP algorithm. BP, quasi-Newton BP, ’
2003 1993-1994 Propose’d GA V\flth new operations to optimize FNN for Actual load, GA B B 1.56
[167] SK De Jong’s functions.
2004 20012001y 4 STLF technique combines LR and ANN for 0.62
1998-1999 . . ANN, LR - -
[168] improved data load forecasting. 0.43
USA
2005 1998-2002 STLF model utilizes periodic time series and
. . . Actual load - - <3
[169] Belgium autoregression for load forecasting.
2005 1995-1997 Proposed fuzzy logic to co¥rect neural network output Actual load, NN B _ 171
[170] Japan for improved load forecasting.
2006 2000 Hybrid FNN with CGA and SA optimizes LF parameter =~ ANN, FNN, B _ 1.96
[171] Taiwan choices. GA-ANNN ’
2008 2006 Developed GRNN-based STLF model integrates prices,
[172] Australia load, and weather data. ANN-Fuzzy, ARMA - B 1.85
2009 1988-1992 Hybrid forecast method combines WT, NN, and Actual load, B 3 202
[173] USA evolutionary algorithm (EA) for load prediction. single SVM ’
2009 1997-1999 Hybrid genetic algorithm (HGA) optimizes SVR ) _
[174] EUNITE parameters for accurate electricity load forecasting. GA-SVR, actual load 7.73 0.76
2010 2004-2006 SVM and ACO combined for efficient STLF and Actual load, ANN, B _ 1.98
[175] Mongolia  improved performance. SVM '
2013 ;8823882 Two-step algorithm for STLF: WT and an ANN for
[176] Iran primary forecasting, second step uses similar-hour WNN, RBFNN, ANFIS - 1.60 -
", method and ANFIS to enhance the results.
Australia
2013 2012 Separate forecast of seasonal and trend components; Actual load, RBFs, _ 209
[177] Australia evaluated using statistical tests. regression models ’
2013 2010-2010 Utilized harmony search with LS-SVM for the STLF BPNN, LS-SVM, PSO, B 3 176
[178] China model, GRNN analyzed influencing factors. HS ’
Introduced CB-FWNN model utilizing multiplication of
2013 1994-1994 WNN and multi-dimensional Gaussian activation
[179] Greece functions, with fuzzy subtractive clustering and ABPA, ANFIS, RBF 331 B 0.87
Gaussian mixture models employed for pre-processing.
2014 2004 New STLF model combines WT and GP, improving Improved SSA,
[180] 2010 accuracy through PSO SSA-Recurrent - 196 3.12
USA, Iran ' algorithm
2014 - Combines BP method (to determine suitable weighting ~ ANN, ANN-GA, 203 3 _
[181] Iran and biasing factor parameters) and MFA for better LF. ANN-PSO, ANN-FA ’
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Table 10. Cont.
Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against = - =
[75) < =5
= S g
[~ =
2015 2008-2013 BNN for selected inputs through correlation analysis
[182] ISO-NE and /2-norm and DWT for improved daily LE. ANN, SSA-SVR - - 0.19
2015 1999-2010  Proposed semantic-aware genetic programming for 3 _ 3
[183] Italy STLEF, outperforming existing methods in south Italy. LR, RBENN, SVM
2015 2013-2013 New STLF method: WT removes errors, LSSVM WT-LSSVM,
[184] China optimized by fruit fly optimization algorithm for FOA-LSSVM, - - 1.07
parameter selection. PSO-LSSVM
2016 2009-2010 STLF with improved ELM,. Levenberg-Marquardt, and WNN, MLR, RBENN B _ 021
[185] ISO-NE partial least square regression for accuracy.
2014, 2010, Proposed hybrid algorithm integrates conditional
2016 2013 feature selection, LSSVM, and wavelet packet signal ANN-MIMO, - - 2.11
[186] Usa, decomposin foé rice/ léad forecastin 4 & LSSVM-MIMO .
Australia posmg for p &
2016 2012—2914 Suggested adaptive two-stage model excels in daily HWT, BPNN, NARX B _ 164
[187] Algeria peak LE.
2016 2015-2015 Novel time-series LF model combines SARIMA and SARIMA, B 003 148
[188] Taiwan MetaFA-LSSVR models to handle non-linear data. MetaFA-LSSVR ’ ’
2016 2013 Hybrid approach combining data-driven techniques and ~ ANN, SVR, LSSVM, B 3 8.16
[189] USA physics-based models for LF energy consumption. GPR, GMM ’
2016 2006-2010 Modified ANN combined with clustering improves
[190] Greece STLF accuracy for Greek interconnected system buses. Actual load, FF-ANN - - 35
2016 2006-2008 Model with multiple seasonality, ANNSs, non-positive ARIMA, random walk, B B 0.85
[191] Australia constraint theory, and BFGSFA improves performance. WNN, BPNN ’
2016 2014-2014 Hybrid EMD-PSO-SVR model: EMD decomposes data, = SVR, EMD-SVR, 006 004 275
[192] China SVR for individual forecasting, PSO for parameter selection. = PSO-SVER ’ ’ ’
2017 2012-2014 SDA predicts hourly electricity prices, with RS-SDA NN, MARS, SVM, B _ 247
[193] USA outperforming other day-ahead models. SDA, RS-SDA '
2017 2008 A weak-ahead LF with FFNN of three layers optimized  Actual load, BPNN, B B 141
[194] ISO-NE by global best PSO. LMNN, PSONN ’
2017 2016 Combined WD, second-order GNN with ADF test to
[195] China increase STLF accuracy. WD-ELMAN, GNN - B 240
2018 2013-2015 Proposed STLF model considers regional climate using
[196] India grasshopper optimization for SVM. GA-SVM, PSO-5VM - - 14
2018 2015-2015 Article reviewed various ML techniques and .
[197] Taiwan emphasized the accuracy of hybrid models. ANN, bagging ANN - 003 157
2018 2015-2016 Combined RF with EEMD where EEMD decomposes EEMD-BPNN, B 3 445
[198] China data, which are analyzed in time-frequency domain. EEMD-LSSVM ’
2018 2011-2012 Proposed 3-stage hybrid model utilizing wavelet and
- Kalman machines and Kohonen self-organizing map for = ARIMA, FNN, WNN - 17.6 -
[199] Spain .
load forecasting.
2018 2014 Introduced a 2-step hybrid optimization using the grid ~ ARIMA, GA-SVM, B _ 253
[200] USA traverse algorithm and PSO for superior SVR load LF. ANN ’
2018 2013-2015 A hybrid approach using DWT, EMD, and RVFL for
[201] Australia enhanced forecasting. Actual load, ANN - B 2.08




Appl. Sci. 2024, 14, 4442 22 of 46
Table 10. Cont.
Accuracy
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Year Duration Contribution Against = - =
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Considering multiple decomposition factors: FCW
2018 2014-2015  (select dense days), EMD (decompose into IMF series), Multiple hybrid B _ 191
[202] China BA (optimize SVM parameters), and KF (fine tuning) to  models ’
optimize SVM, the hybrid model was developed.
2019 2017 A CLD-based STLF with LSTM using similar-day and WNN, MFWNS, AGG, B _ 338
[203] SK pilot signals. DTLP, CLD ’
2019 2 mqnths Propose(.i hybrlfi GA—PSQ—BPNN for STLE, overcoming GA-BPNN, PSO-BPNN - _ 105
[204] China local optimum in predictions.
2019 2014 Hybrid PSO and GSA for optimal weight determination
[205] Australia in STLF models, increasing prediction accuracy. BPNN, WNN, SVM - B 0.79
2019 2017 Introduced DRL algorithm, DDPG with autoencoder for ~ BPNN, BSAS-BPNN, B 347 _
[206] China improved HVAC energy prediction. SVM, BSAS-SVM ’
2019 2018 Proposed EEMD-ELM-GOA hybrid model for accurate ~ WD-ELM, EMD-ELM, B B 046
[207] Australia 1-step-ahead LF, using grasshopper optimization. EEMD-ELM ’
2010, 2009,
2019 1988-1992 Developed Elman NN-based forecast engines with ARIMA, SVR, RBFNN, 3.11 B 143
[208] Australia, feature selection, ESSO optimized parameters. WT-RBENN 1.34 1.31
USA
2019 2014-2016 Suggested GA-PSO-ANFIS for STLF utilizing binary
[209] China genetic algorithm to eliminate less predictive features. NN, ARIMA - B 6.78
2020 2003-2006 Introduced E-ELITE, a 2-layer NN framework based on ~ ANN, SIWNN, GP, B 3 118
[210] ISO-NE a three-stage methodology with optimized structure. SSA-SVR, ELITE '
2020 2019 Proposed LSTM with pinball loss for probabilistic ANN-, ARIMA-, 0.69 _ _
[211] Tanzania forecasting in consumer studies. LSTM-, SVM-AD ’
2020 2017 A pre-processing method using CEEMD and SSA for LE,  BP, GRNN, RBE, ELM, B 3 174
[212] Australia then combined with RBF, GRNN, and ELM models. SVR, WNN ’
2020 2017 Hybrid model enhances SVM accuracy with intelligent =~ GRP-SecRPSO-SVM, B 3 0.04
[213] Singapore  feature selection and optimization. mRMR-WGRP '
2020 E B ¢ Novel STLF models with clustering, WNN, and ANN ANN-WNN, ANN-KF, 0.02 _ 183
[214] 8YPL exhibit high accuracy. WNN-KF ’ ’
Canada
2020 2010-2015  Developed using specific ratios and SVR optimized with ELM, WNN, BPNN, 203 204 _
[215] China improved adaptive genetic algorithm (IAGA). RBFNN ' '
200 2012016 o wlising he Levenberg Morquarat NN fraditional S m
[216] Canada -ay ! & & ! WT-NN, actual load ’
algorithm.
2010-2012 . .
2020 2014-2018 Proposed fuzzy clustering for ensemble predictions Actual load, ML-SVM, B B 3.66
[217] Greece using novel RBFNN architecture, analyzed using CNN.  fuzzy RBFNN ’
2020 2016 Hybrid approach; EMD to decompose load data, PSO to  PSO-ANFIS, BPNN, B _ 9.86
[218] China optimize ANFIS model (EMD-PSO-ANFIS). ARIMA ’
2020 20132017 EGA-STLF employs Bi-GRU, attention mechanism, and
[219] Australia distributed representation for LF. SVR, MLP - - 3.06
2021 2016-2019 Developed DBNN with Markovian dynamic topology to _ _
[220] ISO-NE enhance network resilience to attacks. DBN, DDBN 2.05
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2006, 2018 Proposed method includes wavelet transform, feature 0.93
2021 2002, 2009 selection, and LSTM networks to enhance load and price Multiple hybrid - - 4.38
[221] .. models 2.2
ISO-NE prediction accuracy. 267
2015-2016 . . . .
2021 2005-2006 Combined improved FCMs, REF, and DNNSs, addressing ~ Actual load, multiple _ _ 0.03
[222] China, USA historical load data disparity for better load profiling. hybrid models 0.08
2017,
2021 2018-2021 Hybrid NN constituting CNN and bidirectional GRU CNN-NN, CNN-GRU, B 3 4.22
[223] ISO-NE, (CNN-BiGRU) using multi-model fusion. CNN-LSTM 5.08
China
2012-2013
2022 2003-2014 Model with improved TCN and DenseNet, Multiple hybrid B B 0.91
[224] ISO-NE, incorporating correlation analysis and self-attention. models 0.87
China
2022 2017-2021 Integrated WNN and self-adaptive momentum factor Multiple hybrid B B 0.79
[225] Australia (SAMF) for accurate and stable forecasting. models 1.08
2023 2006-2010 Based on ResNet and LSTM, a hybrid model to enhance MLR, ResNat,
[226] Australia STLF performance, ResNet used to extract data features CNN-LSTM, - - 0.61
’ " ResNet-LSTM
2016-2016 . .
2023 009-2009 Model consisting of SVM, BPNN, GRI\/IN predictors, and BPNN-PSO, ELM-GA,
deep ensemble model. The predictors’ performance was 0.01 - -
[66] USA, L . . RBF
optimized using GA and the bat algorithm.
Denmark
2023 2015-2017 Researched feed-forward LSTM, introducing HFSM for ~ LSTM, CNN, FC, B _ 201
[165] Switzerland  optimal feature selection. HFSM-LSTM ’

6. Smart Grid

The smart grid, an advanced power network capable of automatic control of electricity
and information exchange between utilities and consumers, offers significant advantages
over conventional grids for STLF [227-229], as detailed in Table 11. The initial step towards
smart grids is the integration of smart meters by utilities [230,231], as they play a central
role in the use of data for the smart grid network paradigm [232].

In the realm of smart grids, the integration of second-life batteries alongside innovative
technologies such as vehicle-to-grid (V2G) and microgrid technologies further enhances
adaptability and resilience. V2G, which enables bidirectional energy flow between electric
vehicles and the grid, contributes to flexibility and stability [233,234]. The integration of
second-life batteries and V2G plays a crucial role in STLF within smart grids. This synergy
affects the stable operation of the smart grid, addressing evolving load forecasting needs
and ensuring efficient energy management. Numerous models address the impact of
additional EV charging on distribution systems [235-237]. Microgrids improve reliability
with their localized power generation and distribution [238,239]. In the dynamic smart grid
environment, electrical consumption patterns are constantly evolving due to a variety of
factors, including weather, processes, activities, and events. Unlike cyclical patterns, these
changes manifest themselves unevenly throughout the day. In the smart grid environment,
the smart switches are an integral part that significantly improve the accuracy of load
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forecasting. Their precise control and monitoring of devices provide critical data that
optimize load forecasts for efficient grid management.

Table 11. Comparative advantages of smart grid systems in enhancing STLF over traditional

power grid.

Advantages Smart Grid System: Advantages for STLF Traditional Power Grid: Limitations in STLF
Energy Improved load forecasting accuracy through real-time = Reduced forecasting precision due to limited visibility
efficiency data monitoring and adaptive control systems. and control capabilities.

I Self-healing mechanisms minimize forecasting Increased forecasting errors due to slower fault
Reliability . . . . - . .
disruptions, leading to more reliable load predictions.  detection and recovery capabilities.
Renewable Advanced integration of renewable sources allows for  Difficulty in predicting load due to limited renewable
integration improved prediction of variable load patterns. integration and fluctuating generation profiles.
Demand Real-time demand response improves load forecasting ~ Challenges in managing peak demand lead to less
response by adjusting for immediate consumption changes. accurate load forecasting.

Fault detection

Quick detection of system anomalies allows for rapid
adjustments in load forecasting.

Longer reaction times to faults hinder accurate load
forecasting.

Grid security

Enhanced security features protect forecasting systems
from external threats.

Vulnerability to cyber disruptions leads to
compromised load forecasting accuracy.

Data analytics

Utilization of sophisticated analytics for predictive
load modeling and optimization.

Basic data processing capabilities restrict the
refinement of forecasting models.

Flexibility

Agile grid infrastructure supports evolving forecasting
models for dynamic load patterns.

Rigid grid design limits the ability to adapt forecasting
models to changing load profiles.

The continuous data streams in smart grids challenge traditional machine learning

models, rendering them inadequate when confronted with new and unknown parameters
influencing consumption patterns [240]. Table 12 succinctly outlines the differences between
traditional and adaptive learning models and provides key insights for addressing the
evolving load forecasting needs in smart grids. It serves as a comprehensive summary of
pertinent information gleaned from the reviewed research articles on STLF in the context of
smart grids.

Table 12. Outline of the distinctions between traditional and adaptive learning models.

Aspect

Traditional Models Adaptive Learning Models

Deterioration in
forecasting

Suffers
energy

with variable inputs, negatively affecting
management forecasts.

Retains precision and accuracy even after changes in
parameters, application, and sectors.

Impact of parameter
changes

Significant impact; model limitations and errors in

results.

Minimal impact; adapts to changes dynamically
without significant errors.

Nature of data
modeling

Models static data; cannot capture dynamic
changes in input parameters.

Adapts to dynamic changes; self-regulatory for
updates in parameters, features, and patterns.

Automated model
updates

Lacks automatic updates; tuning cannot be
performed in real time.

Automatically updates with new features and
patterns in real time, ensuring accuracy.

Adaptability
approach

Static; lacks self-regulation.

Semi- and fully adaptive approaches; dynamically
adjusts with fundamental improvements.

Impact on operations
and costs

May cause losses of millions due to poor forecasts
and operational challenges.

Ensures stability, reducing operational costs and
potential losses.

The smart grid incorporates diverse distributed generation modalities and increases
system availability and resiliency by integrating diverse energy resources. While this
complexity presents challenges, it also offers a unique opportunity to propel the energy
industry into a realm of reliability, availability, and efficiency that promotes intelligent
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power systems. In this context, accurate electric load forecasting is crucial for anticipating
future demand in smart grids. Figure 8 illustrates a hierarchical structure that underscores
the importance of research in this area for the sustainable advancement of smart cities and
smart grids that contribute to efficient electrical power generation and management.

UN Sustainable
Development Goals

Sustainable Future

!
v v v '

Smart Material Smart Cities Smart Technology Others

!
v ' v v
Smart Smart Grid Smart Mobility Others

Infrastructure
|
v v }

Smart Transmission  Smart Distribution Smart Homes

Smart Generation
& Management

Figure 8. Hierarchical structure highlighting the target areas in smart grid.

Since the smart grid depends on accurate and efficient load forecasting, electric load
forecasting is treated as a critical operational task. In the smart grid and distributed
generation environment, STLF is an important factor in the day-to-day operations and
planning of an electric utility and a critical component of an energy management system.
Several STLF techniques have been discussed in previous sections; however, this section
focuses solely on the STLF studies related to smart grids due to their importance in modern
power grids. Table 13 presents the most relevant information from the reviewed STLF
research articles related to smart grids [52,136,241,242]. The MAPE, MAE, and RMSE values
shown in Table 13 are taken from the respective research papers and are not intended for
direct comparison in this review. The purpose of presenting these performance metrics
is to provide readers with a thorough overview, enabling them to assess each model’s
performance based on its specific dataset and input parameters.

Table 13. Review of STLF Methodologies in smart grid application. (Year: Research paper published,
Data Duration: Duration of the dataset used in the research paper, Contribution: Each paper’s
contribution, Benchmarked Against: Studied research papers compared their proposed model with
different models and load, Accuracy: Proposed model accuracy presented in research papers).

Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against = =
) ﬁ [
> S &
[~ =
. Introduced a novel clustering-based approach,
[22(11131 2(;3691510(;0 enhancing short-term intra-day household LF FWK, CFWK - - -
performance using smart meter data.
2014 2012 Proposed accurate STLF at individual household level,
[243] Poland enhancing smart meter intelligence for better customer ~ ANN, SVM - - -
understanding and cost management.
2015 2012-2013  Enhanced system-level load forecasting using clustering
, ased on household smart meter data for improved gri ctual loa - — .
[244] USA based on h hold data for imp dgrid A 1load 3.68
Ireland efficiency.
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Table 13. Cont.
Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against = - =
[75) < =5
= S g
[~ =
2015 2011-2013  Improved solar power forecasting using VAR framework
[245] Portugal for smart grid efficiency. VAR, VARX 85 - -
Boosted additive quantile regression increases Unconditional
2016 2009-2010 - aa qua & quantiles,
[246] Ireland p?Obabthth LE partlcularly.aQVantageous for conditional quantiles, _ _
disaggregated demand predictions. additive models
2016 2014 Examined a big-data-driven EV charging demand LF
[247] SK model, integrating real-world traffic data, aiding power  Actual data - - -
system planning and infrastructure decisions.
2017 2011-2013 Sparse coding increases individual household LF ARIMA, Holt-Winters, B B 20.6
[248] USA accuracy by 10% over classical methods. group sparse ’
2017 2008 Se.er grld offers a 2-level energy pI:edlCthI:l framewqu SARMA, SVM, actual
[249] UK utlhzmg smart meter data, minimizing prlvacy—utlhty data - . -
trade-offs for smart grids.
2009-2010 . . . . e
2018 Ireland Novel ensemble method utilizing hierarchical clustering  Actual data, individual B _ 508
[250] . for improved ageregated LF with fine-grained subprofiles.  forecast ’
Australia p 881¢8 & P
2018 ) LSTM-based deep learning framework advances
[52] Canada residential LF, leveraging appliance consumption LSTM, FNN, KNN - - 4.24
g sequences for better accuracy.
2018 2013-2016 Introquced CQRA for probabilistic LF, ach}eVlng BL NS, MED, SA, WA,
[251] 2009-2010  superior ensemble performance and effectively QRA variants - - -
ISO-NE minimizing pinball loss.
2018 2009-2010 Developed a novel pooling-based deep RNN for ARIMA, SVM, deep
[136] Ireland household load forecasting, overcoming overfitting RNN, pooling-based - - -
challenges effectively. deep RNN
2018 20122014 foered 'shdmg-wmdow-based ARIMA 'algorltl"\ms Four sliding-window-
[252] Israel integrating non-seasonal and seasonal time-series based ARIMA model - 9.05
stae models for accurate STLF using smart meter data. ase oqes
2019 2010-2013 Pioneered Bayesian deep-learning-based LSTM for
[253] Australia superior probabilistic net LF, leveraging subprofile MLR, QR, QRE, LSTM 172 139 0.09
clustering and PV visibility.
A parallel gradient boosting decision tree algorithm for =~ SCC-PGBDT, SCC-PRF,
2019 2015-2016 EV schedulable capacity forecasting was developed, SCC-PKNN, 3.99 _ 3.97
[254] China outperforming other methods in accuracy and efficiency SDC-PGBDT, SDC-PRF, ’ ’
in big data environments. SDC-PKNN
A novel clustering-based approach for efficient LF and
2019 2009-2010 demand-side management using smart meter data
[255] Ireland demonstrated improved accuracy and reduced MLR, ANN - - 4.64
P y
computational burden.
2009-2010 Multi-task Bayesian NN improves probabilistic LF,
2020 2010-2014 . . . e 074 044
offering superior accuracy and addressing over-fitting SVR, GBRT, RE, PLSTM -
[256] Ireland, - . . 0.81 0.52
Australia challenges in deep learning for smart grids.
o o Ml liitope mein 0 s s,y s
[257] Ireland proved accuracy by exploiting sma eter data 25-MSWA . . .

smart grid management.
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(Best-Performing
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2020 2013 Efficient hierarchical clustering using dissimilarity
[258] UK measures captures diverse household consumption ACORN-Grouped - - -
patterns in smart meter data.
2020 2013 Proposed a CNN-LSTM hybrid for individual household =~ LSTM, BPNN, KNN, B _ 403
[259] Australia STLE, outperforming state-of-the-art models. ELM ’
2020 2017 Developed a hybrid DL scheduling algorithm for smart Ring bufer, Clas.s—means
[260] SK ids, improvin, r. d pr ing time efficien K-means, CosSim, 0.09 - -
grids, improving accuracy and processing time efficiency. incremental DL
Introduced ST-BTMLPVF problem, developed ST-GAE
2020 2017 L SVR, GRU, LSTMV,
[261] USA and STGDL optimization for accurate BTM load and PV DRNN 019 013 8.01
forecasting.
2020 2012-2016 Offered a DRNN Bi-LSTM model for accurate STLF, RNN, FFNN,
Czech enhancing microgrid operational schedulin Copula-DBN, - - 1.18
[262] g g P g P
Republic effectiveness. CNN-RNN, D-CNN
Combining best-basis stationary wavelet packet 0.48
2020 2016-2018 transform and Harris-hawk-optimization-based PSO-ANN, B 1.27
[263] Australia feed-forward NN model for STLF in microgrids, PSO-LSSVM, BPNN 1.43
significantly outperforming existing models. 1.02
L a1 R e he-meter PV penctration  LOWSOfl0, HighBofl0,
[264]  Australia oo naton underfugh beund-thermeter BV penetration - \riq40f6, MLR, SVR '
using a 2-stage decoupled approach.
2021 2016-2018 ProPos.ed bottorp—up method for HV load. forecasting, Bottom-up, ES method,
. achieving superior accuracy and narrow intervals, 0.32 247 248
[265] China . 1 4 BELM
aiding grid management.
2021 2017-2019 Proposed parallel processing for fast, accurate STLF, DT, LR, NN, SVR, RF, B B 109
[266] Spain favoring decision tree over other models. GBRT ’
2021 2012 Examined graph ANN for spatial-temporal STLF, 097 4.53
[267] USA achieving significant gains over traditional methods, and ~FC-LSTM, CNN-GRU - 059 636
proposed self-adaptive models. 058 65
Introduced a novel multi-task multi-information fusion SVRf XGBoost,
2021 2010-2014 DL framework, outperforming state-of-the-art methods pooling-based deep - 0.14 -
[268] Australia L urlz & RNN, CNN-LSTM, '
orecasting accuracy. M-LSTM
A CNN-LSTM time-series LF model for V2G services
2021 UK was developed, demonstrating improved predictive CNN-LSTM, actual B 219 _
[269] 2019 capability over regression models and adaptability to load '
p y g P y
market events, crucial for service reliability.
2022 2011-2014 A hybrid scheme balancing perturbation and
[270] UK cryptography ensures efficient and privacy-preserving DDF, LDEF raw data - - 3.3
smart meter data publishing.
2022 2019 Efficient reduced model leverages hierarchical Cluster-based approach,
[271] USA dimension reduction for scalable and accurate STLF aggregated model, 0.8 - -
using fine-resolution smart meter big data. reduced model
op s LI Kool ppoe
[272] UK & P y P FL + HC — LFT :

efficiency.
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Table 13. Cont.
Accuracy
(Best-Performing
Data . Benchmarked Model)
Year Duration Contribution Against = - =
) < Py
= S g
[~ =
2022 2020-2021 icglf;i_?gahykﬁrﬁqnmfiwi frer‘l’.elr(’pi‘.idf"r RNN, LSTM, GRU, oo
[273] Taiwan o o T rPRAse bt SIMAL SoKar MICTOgTics, Bi-LSTM, Bi-GRU '
outperforming traditional models.
2022 2013 Presented a superior STPLF methodology using DPMM, CKDE, ARIMA, QRTE,
[274] Canada MCMC, and ensemble learning, surpassing benchmarks CED - - -
in uncertainty modeling.
2022 2019 Explored the potential of electric vehicle batteries in
[275] UK home energy management systems, offering optimal Actual load - - -
designs and insights.
2022 2016-2019 Addressed STLF for smart grids, emphasizing the DLR, Bi-LSTM, GRU,
[276] Panama significance of deep learning in achieving superior SVR, XGB, AdaBoost, - - 2.9
accuracy, as evidenced in Panama case study. random forest
2022 2018 Developed a Poohng—based DL algont.hmt, .utlhzmg 286
. Copula function and Hankel matrix, significantly SVM, DBN - -
[277] India . . 2.46
enhancing EMS forecasting accuracy.
2023 2022 Introduced an IoT-based STLF model for electric power  Decision tree
[278] India consumption and RES generation, enhancing regression, random - - 0.55
demand-side management in smart buildings. forest regression
2023 2022 An innovative IoT-based smart meter with high data
[279] Ira rates was developed, featuring cloud-based storage and  Actual load - - -
q energy estimation, contributing to smart grid structure.
Examined privacy-preserving and
2023 2010-2013 communication-efficient federated learning for net CNN, LSTM, 057 032 _
[227] Australia metering, combining hybrid DL predictor, IPFE, and CNN-LSTM ’ ’
g gy p
CAT for superior results.
Offered. flexible pro.bablhs’g.c LF approach using . Fully connected NN,
2023 2009-2010  Bernstein polynomial stabilizing flow, demonstrating . .
. . dilated 1D convolution - - -
[280] Ireland superior performance over Gaussian and QR-based NN
methods, especially in low-data scenarios.
Customized pricing scheme for an electricity market,
2023 2018 enhancing the agent’s profit by 4% to 130% compared to
[281] USA uniform pricing utilizing LSTM, considering BTM Py “xctualload 78 - 13l
and energy storage.
0 aoma [l sshimodelig ek o 0 i A,
[242] Ireland 1stribution NELWOrs, outperto g loc odess K-means LSTM ’ ’

offering scalability and efficiency.

7. Discussion
7.1. Accuracy

Power generation and distribution infrastructure decisions rely on accurate STLE.
Evaluation metrics such as RMSE, MAE, and MAPE are considered in this study. Different
models use diverse variables and datasets, making direct comparison challenging, which
can only be performed by comparing models that use similar influencing factors and
datasets. This study presents precision results (Tables 8-10), taking into account the specific
objectives of each model for clarity. This study found that ICM approaches outperformed
statistical methods. Combining statistical methods with RM, metaheuristic models, ES,
and ANN models improved accuracy. Hybrid approaches generally outperformed ICM
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methods. The choice of forecasting method depends on the learning difficulty and data
availability, while the performance of the forecasting model depends on the size of the
dataset. The STLF using ICM includes methods such as SNN and SVMs. The dataset size
affects the performance of ANNs and SVMs, with larger datasets improving generalization.
The fuzzy logic adapts to uncertainty, while genetic algorithms optimize parameters; their
effectiveness depends on the diversity of the dataset. Ensemble methods benefit from larger
datasets for model diversity. Deep learning models such as RNNs and LSTMs require
substantial data for effective training. Hybrid models combine techniques, and the dataset
size also influences their performance. The analysis showed that certain hybrid models
achieve MAPE values below the 3% threshold, indicating a high level of accuracy in load
prediction. This accuracy has a direct impact on the grid’s ability to effectively balance
supply and demand, thereby reducing the frequency of load shedding events and the
reliance on peaking power plants. Careful pre-processing and validation are critical for a
reliable STLF model in power systems.

7.2. Time Analysis

The study of forecasting models, initiated in 1971, has experienced remarkable growth,
with a surge in electrical load forecasting models after 1995. The implementation of the
Kyoto Protocol in 2005 further stimulated model development. In particular, 87% of the
models were developed in the last 19 years. While STLF models slightly declined after 2020,
hybrid STLF models showed consistent growth. Machine learning gained prominence in
the 1990s, with a notable increase in both statistical and machine learning techniques after
2007. The use of metaheuristic techniques in forecasting increased after 2009. Despite the
increased accuracy of intelligent computing techniques, hybrid models have seen a more
significant increase in the last eight years.

7.3. Geographical Extent

In the context of STLF, geographic scope plays a critical role in shaping the performance
efficiency of forecast models. The case sensitivity of a forecasting model becomes evident as
the same methodology may yield different performances in distinct locations or countries
due to factors such as temperature, humidity, windspeed, rainfall, and cloud cover. In
particular, variations in climatic conditions lead to dynamic patterns in energy consumption,
highlighting the need for adaptive and location-specific forecasting models. This nuanced
understanding enhances our appreciation of the complex interplay between geographical
characteristics and forecast accuracy and further emphasizes the case sensitivity inherent in
STLE. Out of 196 countries [282], 44 nations, including the USA and China, have contributed
to STLF models and datasets. Collaborative efforts from organizations such as EUNITE and
APEC have further enriched the dataset (Figure 9), underscoring the global commitment to
STLF research. There are six countries in North Africa, of which only Egypt and Morocco
have presented studies based on their datasets.
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Figure 9. Country-wise models developed and datasets utilized in STLE.
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Tanzania is the only East African country out of 19 working on STLF, while 4 out of
6 East Asian countries are involved. India and Iran are notable contributors in South Asia.
In West Asia, Turkey, Tanzania, and Jordan are actively developing models. In Western
Europe, Spain, the Netherlands, France, Italy, Ireland, Denmark, Switzerland, and Portugal
conduct STLF research. In Eastern Europe, the Czech Republic, Greece, Poland, Hungary,
and Slovenia are notable. Colombia and Chile are the leaders in South America. Developed
regions such as the United States, Canada, Australia, and Japan are actively involved in
developing electric load forecasting datasets and implementing various STLF models, in
addition to the collaborative efforts of EUNITE and APEC.

7.4. Robustness and Reliability

The robustness of a model, particularly its capacity to consistently perform under
variable conditions, is of paramount importance in the context of the smart grid paradigm.
The findings demonstrate that machine learning models with self-correcting capabilities
exhibit a notable improvement in error consistency. This robustness signifies a reliable
performance, which is crucial for maintaining grid stability and ensuring an uninterrupted
power supply.

7.5. Computational Efficiency and Its Impact

The computational efficiency of STLF models has significant implications for their
deployment in smart grids. Models exhibiting rapid computation times are of paramount
importance for real-time analytics and immediate load adjustment, which are central to the
dynamic demand-response mechanisms in smart grids. The analysis indicates that while
there is a trade-off between speed and complexity, the employment of efficient algorithms
can mitigate this, enabling fast and reliable forecasting.

7.6. Implications of Scalability

In the context of the expansion of modern grid networks, scalability represents a crucial
feature for STLF models. The analysis indicates that models designed with scalability in
mind are capable of handling increasing volumes of data from diverse sources without a
significant loss in performance. This scalability is of great importance in adapting to the
growth of the smart grid infrastructure and the integration of distributed energy resources.

7.7. Policy and Future Research

The analysis of STLF models not only affects the technical management of modern grid
networks but also has policy implications. The formulation of accurate forecasts enables the
formulation of more efficacious policy decisions pertaining to energy conversion, demand-
side management, and investment in infrastructure. Moreover, the results of this analysis
can inform future research in the development of models that are not only precise but also
incorporate features such as adaptability and resilience against anomalies in data, which
are crucial for the next generation of modern power grids and smart grids.

8. Outcomes

The following is a list of the principal outcomes postulated following a detailed
examination of the various state-of-the-art predictive models presented in the previous
sections:

o  The forecasting time, weather conditions, and system economy all have a significant
impact on the accuracy of a given load forecasting model.

e  To assess the reliability of a hybrid or single predictive model’s reliability, the values
of MAE, RMSE, and MAPE can be employed.

e A multitude of articles consider a plethora of climatic variables based on the specific
application and location in question, rendering the use of standard variables irrelevant
for LFE as the LF fails to account for them.
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e  Geographical factors, such as temperature and humidity, render the STLF case sensi-
tive, with location-specific variations impacting model performance and accuracy.

e  Correlational analysis of the load-forecasting-related elements has a significant impact
on the model’s accuracy. Any alterations to the region will have a detrimental effect
on the model’s accuracy, given that these correlations are similarly dependent on the
region in question.

e By incorporating econometric variables, loading data, or statistical processes, the
values derived from STLF can be approximated to those of MTLF or LTLF.

e The ELM offers expedient training, the fuzzy C-means method offers a superior error
analysis index, FRBS has the capacity to approximate all variables, and MLP and
LSTM have the most precise classification of the single methods listed.

e  From a literature perspective, the combination of various single predictive methods
for load forecasting, such as ANN, SVM, or LSTM-based double predictive models,
has demonstrated enhanced outcomes.

e Invarious studies, a variety of clustering techniques were employed, with K-means
demonstrating superior performance.

e In load forecasting models, optimization strategies were employed with great fre-
quency. Nevertheless, the GA and PSO techniques were predominantly applied due
to their superior crossover and mutation performance and optimal fitness.

e The STLF plays a pivotal role in optimizing smart grid operations, particularly in
the context of integrating advanced technologies such as smart meters, V2G, and
second-life batteries.

o  The use of smart meters provides valuable data for STLF, thereby enhancing forecasting
accuracy.

e The integration of second-life batteries introduces a new level of adaptability, improv-
ing the stability and overall performance of the smart grid.

In summary, the comprehensive analysis highlights the significance of each model’s
performance in a practical setting and its potential to contribute to the advancement of
modern grid technology. It is of the utmost importance to continue refining and evaluating
these models in order to achieve the ultimate goal of a fully intelligent power grid system.

9. Research Gaps and Future Directions

This section presents our findings, which identify the current research needs and
potential future directions of STLE. This information is derived from synthesizing findings
across multiple studies. Its inclusion is intended to highlight areas where further research is
warranted based on the identified gaps in the current state of knowledge. The methodology
employed to identify these research gaps is based on a comprehensive examination of the
existing literature. The summarized view of research gaps and future direction is presented
in Table 14.

Table 14. Summarized view of research gaps and future direction.

Research Gap

Future Direction

Time-of-use

Explore the incorporation of time-of-use factors into STLF models, with a particular focus on the

considerations impact of varying electricity demand patterns during different times of the day.
Edge computing The potential of edge computing in STLF to enhance local processing capabilities, reduce dependencies
applications on centralized systems, and improve forecasting accuracy should be explored.

Consistency in LF
models

Incorporate meteorological, economic, and regional data for correlational analysis in future STLF models.

LF in isolated grid Conduct additional research and design custom parameters to address the prediction challenges in
sectors isolated grid sectors.
Model adaptability Develop adaptability STLF models capable of adjusting to diverse generation modalities and varying

concerns

circumstances.
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Table 14. Cont.

Research Gap

Future Direction

Demand-side
management

The integration of LF into consumer demand-side management plans has the potential to enhance the
quality of the power system. Such integration may result in more economical power use, lower prices,
and increased system reliability.

Anomaly detection in LF

Anomaly detection in LF is underexplored, despite the complexities introduced by smart grids. The
development of models capable of anticipating and detecting anomalies could enhance the accuracy of
the results obtained.

Evolutionary and
metaheuristic
optimization techniques

Combining evolutionary and metaheuristic optimization techniques can enhance the learning
capabilities of ANNS, thereby improving the accuracy of their outputs. The hybridization strategy
warrants investigation for better forecasting.

Lack of STLF analysis in
developing countries

The lack of STLF analysis in developing countries is due to data availability issues. It is of the utmost
importance to improve data collection methods and to explore alternative data sources in order to
achieve more accurate forecasting in these regions.

A research gap exists in the field of uncertainty quantification for STLE. Further methodologies should

Ulilacr?:itf??;gon provide probabilistic forecasts and quantify uncertainty through scenario analysis, ensemble

q forecasting, and other appropriate techniques.

STLF integration with Integration of STLF with smart technology can enhance power systems, leading to smart grids,

smart technology buildings, and microgrids. It improves energy efficiency, reduces costs, and enhances system reliability.

Data imputation
techniques

The gaps in STLF caused by missing data points must be researched and the implementation of
effective data imputation techniques must be carried out.

Transferability across
regions

Assess the transferability of STLF models across different regions, considering variations in power
system structure, climate, and load behaviors.

Grid resilience
considerations

Explore how STLF models can contribute to grid resilience by incorporating factors related to grid
robustness and adaptability in the forecasting process.

Privacy-preserving
forecasting

Development of privacy-preserving techniques for STLF models is important, ensuring that sensitive
data are protected while still allowing for accurate forecasting.

10. Conclusions

The most crucial aspect of power system operations is the forecasting of short-term
electrical loads. It provides the foundation for a multitude of power distribution and
management decisions. Consequently, the accuracy and precision of such forecasts are
of paramount importance to decision-makers in the power sector. This study presented
a comprehensive analysis of various STLF models that were applied to databases from
different geographic locations and connected to several distinct power system subsectors,
including smart grids. Researchers have developed a variety of prediction models to
improve the efficacy of the current forecasting techniques, given the necessity for regular
and accurate assessments of fluctuating factors in order to accurately predict electrical load.
To provide a comprehensive analysis of the most prominent STLF models, this research
classified them into three general categories: statistical approaches, methods based on
intelligent computing, and hybrid models. A comprehensive tabular review was initially
presented on statistical methodologies and intelligent-computing-based methods. The two
aforementioned categories were then subdivided into a specific analysis of cutting-edge
hybrid models. Subsequently, the significance of STLF in the context of smart grids was
evaluated. The advent of smart grids in modern power systems, their integration with
smart meters, and innovations such as V2G and second-life batteries have introduced a
novel dimension to STLE. V2G enables bidirectional energy flow between EVs and the grid,
thereby enhancing flexibility and resilience. Furthermore, the incorporation of second-life
batteries contributes to the stability and adaptability of the grid. As electric consumption
patterns continue to evolve in the dynamic smart grid environment, these advancements
present challenges for conventional machine learning models. A number of challenges,
including meteorological and production-related factors, can affect the accuracy of load
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forecasting. The necessity for models that can adapt to changes in characteristics over time
is of paramount importance, as traditional models become obsolete in dynamic, real-time
environments. A number of studies have been conducted on STLF models related to smart
grids, smart buildings, and V2G applications. The development of energy storage systems
based on second-life batteries could be facilitated by the use of accurate STLF, which would
assist in maintaining the stability of the smart grid during periods of fluctuating renewable
energy resources. In order to assist researchers in selecting the most appropriate models
for load prediction, the performance accuracy of each study is presented in terms of MAE,
RMSE, and MAPE values.

The output of several fundamental time-series models, such as ARIMA and ARMA,
indicates that more complex predictive models are necessary to enhance forecasting accu-
racy. The models must be capable of detecting sudden changes in the electric load data
during peak hours. This study also examined a range of intelligent-computing-based
approaches for STLF applications. Furthermore, it has been observed that neural network
techniques have been utilized to varying degrees of efficacy in a multitude of electrical
load forecasting research fields. The findings of a comprehensive review of intelligent-
computing-based methodologies demonstrate a clear shift towards enhancing the training
capability of neural networks, with the objective of achieving more promising results of the
STLF model than those obtained through conventional techniques. In addition, a range of
hybrid forecasting techniques have been employed with the objective of enhancing forecast
accuracy. It has been demonstrated in the literature that the combination of two or more
predictive models can create hybrid models with the required accuracy. In several hybrid
methodologies, the widely used BPNN training algorithm is utilized to train the NN, yet
these approaches do not fully resolve the aforementioned issues. In order to achieve an
efficient power system utility, whereby the demand load can be forecast with a minimum
error percentage, it has been demonstrated that SVM, ANN, LSTM, and their pertinent
models have excellent prospects.

Recent research has demonstrated that the heuristic search and population-based
optimization learning algorithms of ANN for STLF produce superior outcomes compared
to conventional neural networks. Nevertheless, the efficacy of an ANN-based forecast
model can be enhanced by addressing shortcomings such as the reliance on initial weight
values, local minima problems, inadequate network generalization, and slow convergence.
The findings of the research have been included to provide readers with a comprehensive
understanding of modern predictive models, which can be utilized in the selection of
a specific model for the development of new hybrid forecasters in accordance with the
characteristics of the individual approaches. Future research will focus on the design and
comparison of hybrid models with three or more approaches to address the shortcomings of
the current forecasters. Previous studies have demonstrated that hybrid models with more
than two methods have a significant advantage over single or double models. It is thus con-
cluded that several factors, including network complexity, an improved training algorithm,
convergence rate, and the selection of highly correlated inputs for the forecast model, need
to be addressed in addition to enhancing the prediction accuracy of forecasting models.
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