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Abstract: This study uses the Scopus and Web of Science databases to review the forecast of electricity
consumption from 2015 to 2024. Based on the keywords used in the article title, which are associated with
electricity consumption forecasts, the study retrieved 821 documents for additional analysis using various
techniques. For frequency analysis, we used Microsoft Excel; for data visualisation, we used VOSviewer; and
for citation metrics and analysis, we used Harzing's Publish or Perish. Standard bibliometric variables,
including publication growth, authorship patterns, collaboration, prolific authors, national contribution, most
active institutions, favourite journals, and highly cited articles, are used in this study's reporting of the findings.
Our analysis indicates that over ten years, starting in 2015, publications on the forecasting of electricity
consumption have continued to increase. China was the country that contributed the most to research on
electricity consumption. Most of the research publications on electricity consumption were published in the
Journal of Energy.
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1. Introduction

The electrical industry is evolving rapidly, which creates more opportunities and requires
empirical research like forecasting. Numerous novel techniques and areas of application have
emerged in recent years. The fragmented scientific work must be merged and structured as research
expands and becomes more specialized and diverse. It is critical to balance the production and
consumption of electricity. Its implementation primarily depends on the strategies and tactics used
to plan electricity production. Since having an accurate prediction increases the validity of
management decisions, forecasting is essentially one of the planning instruments. Probabilistic and
contemporary forecasting techniques employ classical and deep machine learning algorithms, rank
analysis methodology, fuzzy set theory, singular spectral analysis, wavelet transformations, gray
models, and other techniques. Classical forecasting techniques are grounded in the theory of
regression and statistical analysis (regression, autoregressive models).

For over 33 years, the global patterns of electricity consumption growth have been sustained
(Figure 1). Since electricity is a vital resource in the current stage of human development and is
necessary for household and professional activities, there are no requirements for cutting back on
energy consumption in the future. Enerdata, a global energy and climate portal, reports statistics for
2024 that show that, at 25,759 TWHh, electricity consumption in 2023 was 10.08% and 9.75% higher
than in 2020 and 2019, respectively. Data on the electrification of final consumption worldwide also
supports the increase in electricity consumption. The global electrification trend is still increasing; in
2023, the indicator increased by 31.21% from 2010 to 2023 [1].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Global Electricity Consumption for 1990-2023.

As per the global energy and climate data provided by Enerdata, Asia has the highest growth
rate of electricity consumption from 2000 to 2023, with a rate of 286.09%. Comparably, for the Middle
East, Africa, Latin America, CIS, Pacific, North America, and Europe throughout this time, the growth
rates for electricity are 199.01%, 103.75%, 91.31%, 39.26, 33.39%, 14.32%, and 9.18%, respectively.
However, if we look at the data on the top 10 countries' electricity consumption in 2023, we can see
that China consumed the most, with 8391.78 TWh. The USA, India, Brazil, Canada, South Korea,
Germany, and France were the next countries with higher electricity consumption, followed by the
USA (4065.29 TWh), India (1406.66 TWh), Russia (996.59 TWh), Japan (908.65 TWh), Brazil (594.30
TWh), Canada (557.56TWh), South Korea (557.56TWh), Germany (557.56TWh), France (557.56TWh).
Figure 2 displays the dynamic pattern of power use in the eight regions from 2010 to 2023.
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Figure 2. Dynamic electricity consumption pattern in 2000-2023 in the eight regions.

There is a plethora of research on electricity consumption/load/demand forecasting based on
geographical regions, time span, nature of data sets, and methodology.

Quantitative methods in electricity consumption forecasting encompass a variety of statistical,
econometric, and machine learning techniques, each tailored to address specific forecasting horizons
and accuracy requirements. Traditional methods such as regression analysis, autoregressive models,
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and time series analysis have been foundational in this field, providing a basis for understanding

consumption patterns and trends. Many researchers have compared different techniques for

forecasting electricity consumption. In this context, studies have compared several methods based on
quantitative methods, including time series econometrics, machine learning, deep learning, hybrid
models, and optimized models, e.g., [2-24]. On the other hand, some studies focus on time horizons,

e.g. [25-37]. Some studies used univariate analysis and multivariate analysis for electricity

consumption forecasting. The current study highlighted the most crucial literature review with

respect to short-term, medium-term, and long-term forecasting. The study highlights the important
quantitative methods and categorizes them into time series econometrics forecasting models, grey
forecasting models, machine learning models, deep learning models, and hybrid models.

The study tries to reflect the forecasting accuracy by mentioning the accuracy metrics, e.g., Mean
Absolute Error (MAE); Mean Squared Error (MSE); Root Mean Squared Error (RMSE); Mean
Absolute Percentage Error (MAPE); R-squared (R?). Moreover, the study analyzed the network
visualization map for authors concerning citations and published documents, coauthors association,
organizations association, countries association, co-occurrence of Authors Keywords, documentation
and citation to countries, publication sources, and bibliographic coupling for Authors and countries.
Furthermore, the study highlighted the important visualized facts and figures by mentioning the total
number of documents over time, average number of citations per year, ccountries' publication production
over time, affiliations’ publication production over time, most relevant authors to publication, most
relevant Source to publication; publication sources production over time; Word’s frequency over
time; view of Author’s Local Impact by H index, and view of Country Collaboration Map.

Table 1 provides a comprehensive overview of the state of research in electricity consumption
forecasting. It highlights the diversity of methodologies, the global relevance of the topic, and the
importance of context-specific approaches.

The present work makes the following contributions to the literature on energy modeling:

1. This paper provides an extensive and in-depth evaluation of earlier cutting-edge research on
electricity consumption forecasting, considering the methodologies employed, the duration, and
the accuracy metrics utilized in the forecast.

2. The study provides a succinct synopsis of the practical features of the compared methods for
forecasting electricity consumption/loading/demand.

3. The study determined the obstacles and prospects for additional research in forecasting
electricity consumption/load/demand.

The remainder of the paper is organized as follows: Section 2 reports the relevant material and
methods. Section 3 provides a comprehensive literature review. Section 4 presents and discusses the
results. Section 5 provides conclusions.

Table 1. Summary of previous studies on Quantitative Techniques in Electricity Consumption.

Target

S.NOAuthor(s) Sample(s) Country(s) variable(s) Methodology Empirical Findings
ANN, ANFIS,
1 2 2007 - 2016 7 tri E The FT del perf d well.
[2] 00 016 7 countries C LSSVMs, FTS e FTS model performed we
Jan 2007—- . LSTM network; LSTM network has obtained the
2 [38] Spain EC
June 2016 CVOA smallest errors.
ANN; PSO; ABCA; cuckoo s.earch ne.uf'al network shows
4 [39] 1980-2012 OPEC EC GA: CSA effectively, efficiently, robustly,
’ consistently, and reliably
Regression Spline
D ition,
ccompost 1o'n The proposed decomposition method
Smoothed Spline .
Jan 1990 - . o outperforms the DSTL, and the hybrid
5 [40] Pakistan EC Decomposition, . .
June 2020 Hvbrid decomposition (DH) method achieves
ri
y . high accuracy.
Decomposition,

linear autoregressive,
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11

12

13

14

15

16

17

[41]

[42]

[25]

[43]

[44]

(3]

(4]

[45]

[46]

[47]

[48]

(5]

1999 - 2017

2009 - 2012

Jan 1991 -
June 2023

2010 - 2021

976/77—
2018/19

Jan 1975 —
Dec 2021

1970 - 2009

Monthly
2000-2014

2000 - 2019

1993 - 2019

Jan 2003 —
Dec 2013

Daily 2009
-2018

China

Brazil

Pakistan

Qatar

Turkie

Turkey
China
Rwanda
UK

Brazil

Thailand

EC

IEC

EC

EC

Bangladesh PCEC

EC

EC

EC

EC

EC

REC

EC

nonlinear
autoregressive, and
autoregressive
moving averages.
PQRNN, BP neural
network (BP), GRNN,
ELM, SVM
Holt-Winters,
SARIMA, Dynamic
Linear Model, TBATS
(Trigonometric Box-
Cox transform,
ARMA, ANN,
ARNN, MLP
(multilayer
perceptron)

RF, k-NN, SVM,
ARNN, LSTM,
SARIMA
machine-learning
models (XGBoost, RF,
SVM)

MA model, SES
model, DES model,
Winter’s
Multiplicative and
Additive model,
Decomposition
Multiplicative and
Additive model,
Linear Trend model,
Quadratic Trend
model, Exponential
Trend model, S

Curve Trend Analysis

model, an ARIMA
model

SARIMA, LSTM

SVM; LSSVM; ANN

SAS-SVECM, X-12-
ARIMA

ARIMA, MLR

BPNN, MLR,
LSSVMs

ARIMA, ARIMAspa

ANN, MLR, SVM,
Hybrid Models (NFL
theorem)

PQRNN has advantages over both
CQR and ANN.

The MLP model obtained the best
forecasting performance.

The k-NN and ARIMA are best for
forecasting short-term EC.

The XGBoost algorithm performance
is the best.

ARIMA model was selected as the
most accurate.

The LSTM model generally
outperformed the SARIMA model,
with the lowest MAPE (2.42%) values
and the most excellent R?(0.9992).
The proposed LSSVM model is an
accurate prediction method.
The results verify that the SAS-
SVECM achieves better forecasting
The ARIMA (1,1,1) was found to be
the best model to forecast EC
The LS-SVM model has the best
forecasting performance.
ARIMASpD) shows better predictive
performance than the ARIMA.

The forecasting performance of ANNs
and MLR is the best.
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35

36

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

2000 -2009 China
2015-2022 China
1970 -2017 Turkey
1990 -
Jan Turkey
Dec 2010
June 2013 -
Turk
March 2020 Y
2010 -
Jan China
Dec 2015
2003 -2013 China

Province of

Jan 2012— Aceh
March 2017 (Indonesia)
2005-
Jan Thailand
Dec 2013
1999-2018  China
Jan 2010- China
Dec 2018
1999-2016  China
Brazil
2002-2020 .
Regions
China
2010-2020 .
(Jiangsu)
2013-2020
Ukraine
(Hourly)

REC

REC

EC

EC

EC

EC

EC

EC

EC

ED

EC

ED

The forecasting performance of the
Jaya-ELM is better than that of BPNN,
SVM, ELM, and SARIMA.

BPNN, SVM, ELM,
Jaya-ELM, SARIMA

ARIMA, DNN, GM
(1,1), DGM (1,1),
SGM (1,1), GPM

(1,1,1), GFM (1,1,n),

DTFGM(1,1,N)

The proposed model performs better
than benchmark grey and non-grey
prediction models.

The hybrid-based ARIMA-LSSVM can

ARIMA, MLR, o .
generate more realistic and reliable

ARIMA-LSSVM
forecasts.

SARIMA, NARANN, The LADES and RADES are more
LADES, RADES
SARIMA, ANNSs,
MLPs, SARIMA-
ANNs, SARIMA-

robust and reliable forecasts.

The hybrid models are more accurate
than single-time series/machine
learning models.

MLPs
SARIMA, BPNN,
SVR, PSOSVR, SFOASVR Hybrid Model has better
FOASVR, SPSOSVR, forecasting performance
SFOASVR

GM, NP-GM, The forecasting performance of the
OICGM, IRGM IRGM (1,1) model is the best.
Multiplicative

SARIMA, Subset
ARIMA, Feedforward
Neural Networks
(FENN), ARIMA-
FFNN, Multiplicative
SARIMA-FFNN,
Subset ARIMA-
FFNN
SARIMA -ANNs and
SARIMA- GP (with
Combine Kernel

ARIMA-FFNN and SARIMA-FFNN
Hybrid models have better forecasting
than individual models.

SARIMA-GP Hybrid model

Functions)
IMGM, SFOGM,
GMC, FOAGRNN,
MGM
SI model, MHW-
default, FOASVR,
GASVR GA-MHW,
FOA-MHW
GM, DGM, CFGM,
CFGOM
RS, ES, ARIMA, RS +
ES + ARIMA, ARIMA
+RS, RS + ES

MGM

FOA-MHW

CFGOM

RS, RS + ES

GM, FDGM, Holt ES GM

LM, LM-ARIMA,
LM-LSTM, LM-
ARIMA-LSTM

ARIMA-LSTM

d0i:10.20944/preprints202408.0062.v1
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6
Jan 1999- . RS, ES, ARIMA, RS-
38 [7] Brazil ED AWT
Dec 2019 ES, AFT, AWT, ANN
XGBoost-Based
Jan 1990- Lo Hybrid Models,
39 63 Tiirk EC XGBoost-SSA
[63] Dec 2010 urkye CatBoost-Based 008
Hybrid Models
2010-2016 GM, SGM, DSGM,
40 64 Chi EC FDSGM
[64] (Quarterly) ma RSGM
Saudia .
41 [65] 1990-2018 Arabi EC SARIMAX SARIMAX is the best performance
rabia

Note: Variables Abbreviations: EC: Electricity consumption; ED: Electricity demand; REC: Regional
electricity consumption; GEC: Gross electricity consumption; EG: electricity generation; EL:
electricity Load; IEC: Industrial electricity consumption; PCEC: Per capita electricity consumption.
Methods Abbreviations: ABCA: artificial bee colony algorithm; ARIMA: Autoregressive Integrated
Moving Average; ARIMAspa: Spatial ARIMA; ARNN: Autoregressive neural network; AFNIS:
adaptive neuro-fuzzy inference system with subtractive clustering (SC); ANFIS with fuzzy cmeans
(FCM); ANFIS with grid partition (GP); ANN: Artificial Neural Network; BPNN: Back Propagation
Neural Network; CVOA: coronavirus optimization algorithm; CSA: Cuckoo Search Algorithm; DES:
Double Exponential Smoothing; DGM(1,1): Discrete Grey model; DTFGM(1,1,N); novel discrete
time-varying grey Fourier model; DSS: Deep neural network; DL: Deep Learning; DWT: Discrete
Wavelet Transformation; ETS: exponential smoothing state space; ELM: extreme learning machine;
FTS: fuzzy time series; FOASVR: fruit fly optimization algorithm SVR model ; GA: genetic
algorithm; GM(1,1); Standard Grey model; GFM: Grey Fourier model; GRNN: general regression
neural network (GRNN); IRGM(1,1): improved-response grey prediction model k-NN : k-Nearest
neighbour; LADES (LASSO-based adaptive evolutionary simulated annealing) model; LSTM; Long
Short Term Memory; LSSVMs: least squares support vector machines; MA: Moving Average; MLR:
Multiple linear regression; NARANN: (nonlinear autoregressive artificial neural network) method;
NFL: No Free Lunch; NPGM(1,1): newly priority grey prediction model; POQRNN: panel quantile
regression neural network; PSO: particle swarm optimization; PSOSVR: particle swarm
optimization Support Vector Regression model; RADES (ridge-based adaptive evolutionary
simulated annealing) model; RNN: Recurrent Neural Network; RF: Random forest; SARIMA:
Seasonal Auto-regressive Integrated Moving Average; SPSOSVR: Seasonal particle swarm
optimization Support Vector Regression model; SFOASVR: Seasonal fruit fly optimization algorithm
SVR model; SVM: Support Vector Machine; SVR: Support Vector Regression; SES: Single
Exponential Smoothing; SGM(1,1); Seasonal Grey model; TGMRM: trigonometric grey model with
rolling mechanism; OICGM(1,1): optimized initial condition GM(1,1) model; XGBoost: Extreme
gradient boosting; Data Sources Abbreviations: CBS: China Statistics Bureau; EIA: Energy
Information Administration; PBS: Pakistan Bureau of Statistics; TEIAS: Turkish electricity
transmission company; TEDC: Turkish Electricity Distribution Corporation; WDI: World
Development Indicators.

2. Material and Methods
2.1. Information Extraction

Figure 3 shows our search strategy. To avoid double counting in this investigation, we deleted
erratum documents and withdrawn papers that would have produced false-positive results. Every
document was examined using bibliometrics. Using Microsoft Excel 2016, we produced the pertinent
charts and graphs and calculated the citation metrics. Har-zing's Publish and Perish software was
used to calculate the frequencies and percentages of the published materials. VOSviewer (version
1.6.20) created and visualized the bibliometric networks.

2.2. Data Analysis

The current study examined previous research on electricity consumption forecasting using
several quantitative methods (e.g., time series models, grey forecasting, machine learning methods,


https://doi.org/10.20944/preprints202408.0062.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 August 2024 d0i:10.20944/preprints202408.0062.v1

7

deep learning approaches, and probabilistic forecasting methods). The study considered research and
review studies from 2015 and earlier during the review. In the last five years, the dynamics of research
have changed, and in applied research work, many researchers have adopted artificial intelligence
methods for predicting the accuracy of electricity consumption. However, we also focused on earlier
research that reflected the primary advancement paths in electricity consumption forecasting. From
2015 to 2024, bibliometric analysis was done using the Web of Science and the Scopus database. The
search term "electricity consumption forecasting," which appears in the article's title, abstract, and
keywords, was used to find pertinent English-language publications about research on the subject.
The study only included articles and review documents and excluded the conference and book
chapters. Because it is easy for readers to follow up on the pertinent information, the current study
concentrated on the article titles. It is a pertinent subject that is important to the study's goal and
research field. The study eliminated and retracted document kinds to prevent multiple or fraudulent
document counts (false positive data)[66].

Using keywords and terms like artificial intelligence (Al), electricity consumption forecasting
(ECF), time series (TS), machine learning (ML), and combinations of Al and ECP, ML and ECF, ML
and ECF, and ML and ECF, the current study selected 175 cutting-edge research works out of 821
documents from Scopus and Web of Science. Following a thorough analysis, each downloaded
research work was divided into two categories for electricity consumption forecasting: engineering
approaches and data-driven (artificial intelligence) methods.

The study extracted the data from Scopus by using the keywords: TITLE-ABS-KEY
(‘electricity AND consumption AND forecasting) AND PUBYEAR >2014 AND PUBYEAR
<2025 AND ( LIMIT-TO ( LANGUAGE , "English") ) AND ( LIMIT-TO ( DOCTYPE , "ar") OR
LIMIT-TO ( DOCTYPE , "re") ) AND ( LIMIT-TO ( PUBSTAGE , "final") ) AND ( LIMIT-TO (
SUBJAREA , "ENER" ) OR LIMIT-TO ( SUBJAREA , "ENGI" ) OR LIMIT-TO ( SUBJAREA , "ENVI")
OR LIMIT-TO ( SUBJAREA , "ECON") OR LIMIT-TO ( SUBJAREA , "MULT") OR LIMIT-TO (
SUBJAREA , "DECI") ) AND ( LIMIT-TO ( SRCTYPE, "j" ) ) AND ( LIMIT-TO ( EXACTKEYWORD
, "Machine Learning" ) OR LIMIT-TO ( EXACTKEYWORD , "Forecasting Method" ) OR LIMIT-TO (
EXACTKEYWORD, "Electricity” ) OR LIMIT-TO ( EXACTKEYWORD , "Electricity Consumption" )
OR LIMIT-TO ( EXACTKEYWORD |, "Electricity Consumption Forecasting”") OR LIMIT-TO (
EXACTKEYWORD, "Times Series" ) OR LIMIT-TO ( EXACTKEYWORD, "Forecasting Models" ) ).

2.3. Study framework

Every systematic review's quality, according to Ref.[67]It depends on its building protocol,
which describes the study's purpose, theory, and techniques. Only a small number of systematic
reviews, though, provide their framework's report. A comprehensive and articulated framework for
systemic reviews aids in comprehending and assessing the employed techniques. As shown in Fig.3,
this investigation used the PRISMA model [68]. The PRISMA provides the flow of information from
one step of a systematic literature review to the next, as illustrated in Fig. 1. It also lists all the research
that has been identified, excluded, and included, along with the rationale behind each decision.

As seen in Fig. 3, the PRISMA flow diagram has five (5) phases. Phase 1 comprises the review's scope,
questions, and inclusion/exclusion criteria.
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Topic > Electricity Consumption Forecasting
Database: Scopus & Web of Science
Publication Stage: Final
—P . i
Scope & Coverage Time Frame: 2015-2024
Language: English
Source Type: Journal
Document Type: Article and Review
Keyword & Search String " TITLE (“Electricity Consumption Forecasting”)
Date Extracted > 19 July 2024

Fecord Identified & Screened
n=821

Y

Scopus Databases (n =664)
Web of Saence Database (n=157)

Y
(duplicate, n=102)
FRecord Removed >
(Irrelevant document, n=544)
Studies included for Bibliometric . n=173
Analysis

Figure 3. Following the PRISMA flow diagram. Source: [68].
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Phase 2 searches the literature with keywords to identify potential studies. Phase 3 includes
determining the addition of a paper by screening its abstracts to see if it meets the inclusion criteria.
Phase 4 provides for the characterization of the paper for mapping by keywords. This review aimed
to document an overview of research in electricity consumption forecasting to make way for future
studies. As a result, a fifth (5) step offers an in-depth quantitative synthesis (meta-analysis) of studies
included in the review.

Phase 2 looks for possible research by using keywords to search the literature. Phase 3 involves
evaluating a paper's abstract to check if it fits the inclusion requirements before adding it. Phase 4
consists of characterizing the paper and mapping it using keywords. To make a precise view of the
study, this review aims to compile an overview of the literature on electricity consumption forecasts.
Thus, a comprehensive quantitative synthesis (meta-analysis) of the papers included in the review is
provided in the fifth phase.

The current research work extracted 821 documents (articles and reviews) from Scopus and Web
of Science (see Fig. 3). During the identification and screening process, six hundred sixty-four (664)
documents were extracted from Scopus and one hundred, and fifty-seven (157) articles were extracted
from Web of Science out of 821 articles. Of the 821 records, 102 were duplicates, and 544 documents
were irrelevant to the study's objective; hence, they were removed, leaving one hundred and seventy-
five (175) records shortlisted in the screening stage.

Table 2 lists the top 10 most productive authors between 2015 and 2024 whose research focused
on forecasting electricity consumption. The table ranks these authors based on several bibliometric
indicators. The table reveals a notable concentration of productive authors from China, which shows
that universities in China have become key centers for research in electricity consumption forecasting.
The h-index values indicate that these authors publish frequently and produce well-cited work,
suggesting a high impact within the research community. For example, Dang Y, with an h-index of 4
and 502 total citations, stands out as having a particularly strong influence. Ddeinec A and Ding S
have a lower publication count, but their work is highly cited on average, with C/P values of 244 and
176, respectively, indicating that their publications are highly valued.

Table 2. Top 10 most productive Authors in 2015 - 2024.

Author's Affiliation Country Phg m C C/P
Name
Dang Y College of Economics and Management, Nanjing China 4 4 4 0.50 502 125.5

University of Aeronautics and Astronautics, Nanjing

LiuC  College of Sciences, Northeastern University, Shenyang China 3 3 3 0.60 186 62.0

School of Economics and Business Administration,
Central China Normal University, Wuhan

Big Data Research Center, University of Electronic

Science and Technology of China

Almuhaini Department of Computer Science, Imam Abdulrahman  Saudi
S Bin Faisal University Arabia

Faculty of Civil Aviation and Aeronautics, Kunming

Wu L China 3 330.33344 114.7

Yang L China 33305022 73

222067 26 13.0

ChenL University of Science and Technology, Kunming China 222100 6 3.0

Ddeinec A Faculty of Computer Sc.1ence énd l?ngmeerl.ng, Ss. Cyril  North 002 0.22 488 244.0
and Methodius University, Skopje Macedonia
Ding S College of Econorrucs and'Management, Na.n]mg China 22 2 0.29 352 176.0
University of Aeronautics and Astronautics
Fan G School of Math.emat.lcs &.Statl.StICS, Pingdingshan China 222 040169 845
University, Pingdingshan
Gao F Institutes of Science and Development, Chinese China 222020 65 325

Academy of Sciences

Note: P: number of publications; h: h_index; g: g_index; m:m_index; C: Total number of citations;
C/P: average citations per publication.
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3. Comprehensive Review for Electricity Consumption Forecasting

The current section is based on a detailed review of electricity consumption forecasting based
on the review of time span (e.g., short-term, long-term, and long-term). On the other hand, the second
part of the study reviews electricity consumption forecasting concerning quantitative methods used
for forecasting (e.g., time series modeling, grey prediction models, machine learning models, deep
learning models, probabilistic models, regression analysis, etc.). Third, the study also reviewed the
comparative studies based on mixed approaches.

3.1. Review of Electricity Consumption Based on Time Span
3.1.1. Short-Term Forecasting

This subsection is based on a review of electricity consumption forecasting based on short-term
periods. Many researchers explored this topic in different regions and quantitative methods [25-37]
A vital part of an energy management system, STLF manages time zones that can vary by a few
minutes, hours, or days. It plays a major role in a power company's daily operations and planning.
The short-term forecasting strategy directly impacts savings by effectively lowering operational risks
and financial expenses. As a result, the cutthroat energy market is being paid a lot of attention and is
considered a severe issue [30].

Ref. [46] used the BPNN model to analyze the short-term forecasting performance, and projected
sample generation helped to improve it. The accuracy of the BPNN model was improved by
increasing both the number of training samples and the amount of information gleaned from the data
set—two essential components for building a strong model. The utilization of the latent information
function in the projected sample generation demonstrated by the results made the upgraded BPNN
model superior to the original BPNN model. The study concluded that small-time series forecasts can
be effectively performed using the BPNN model with projected samples.

To study the short-term power load, Ref. [33] created a novel short-term load forecasting model
that combines several machine learning techniques, including random forest (RF), grey catastrophe
(GC (1,1)), and support vector regression (SVR). RF's superior optimization capabilities are employed
to maximize forecasting performance. The researcher used electric loads from the Australian-Energy-
Market-Operator, the suggested SVR-GC-RF model has higher forecasting accuracy (MAPE values
are 6.35% and 6.21%, respectively); it can offer analytical support to anticipate electricity consumption
accurately.

Ref. [34] examined several algorithms and a novel hybrid deep learning model that combines
long short-term memory networks (LSTM) and convolutional neural network (CNN) models to
evaluate their effectiveness for short-term load forecasting. The suggested model is PLCNet, which
is short for parallel LSTM-CNN Network. The proposed models are tested and compared using two
real-world data sets: the "hourly load consumption of Malaysia" and the "daily power electric
consumption of Germany." R-squared, mean absolute percentage error (MAPE), and root mean
squared error (RMSE) were used to assess the performance of the tested models. The findings
demonstrate the suitability of deep neural network models —PLCNet in particular—as short-term
prediction instruments. PLCNet greatly succeeded in load forecasting, increasing the accuracy from
83.17% to 91.18% for the German data and achieving 98.23% accuracy for the Malaysian data.

To estimate the short-term power consumption for an enterprise's daily power consumption
data, Ref. [35] observed the time-series prediction model based on the EMD-Fbprophet-LSTM
approach. The time series was split into a residual component and a multisong intrinsic mode
function (IMF) using the EMD model. The study reported that the time-series prediction model based
on the EMD-Fbprophet-LSTM approach has higher forecast accuracy than the single time-series
prediction model. This method may substantially increase the accuracy of short-term regional power
consumption prediction.

3.1.2. Medium-Term Forecasting

This subsection is based on the reviews of the most crucial studies on medium-term forecasting
for electricity consumption, e.g., [69,70]. Ref. [69] developed and compared district-level models for
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electrical load demand prediction based on deep learning techniques like recurrent neural networks
(LSTM) and non-linear auto-regressive exogenous (NARX) neural networks, as well as machine
learning techniques like support vector machines (SVM) and Random Forest (RF). After completing
the preprocessing and cleaning steps, the models are trained using a dataset that includes nine years
of historical load demand for Bruce County, Ontario, Canada, fused with the climatic information
(temperature and wind speed). With an R-squared of roughly 0.93-0.96 and a MAPE of
approximately 4-10%, the results demonstrate that the model could forecast the load demand more
correctly by utilizing deep learning than SVM and RF.

Ref. [70] combines the GRU model, which is appropriate for long-term forecasting, with the
Prophet model, which is appropriate for seasonality and event handling, to offer a short- and
medium-term power consumption prediction algorithm. The researchers preprocessed the data to
anticipate seasonality and event management and put forth the Prophet model. Seven multivariate
data are tested using GRU in the second step. Additionally, projections of electricity consumption are
provided for both short- and medium-term periods (2 days and 7 days) and (15 days and 30 days).
The suggested method works better than the Prophet and GRU models, lowering prediction errors
and providing insightful information about electricity consumption patterns.

Ref. [71] employed a SARIMA model for medium—and long-term forecasting built by
simulating Yunnan Province's entire society's electricity consumption data from 2008 to 2018. The
analysis results indicate that the experimental data have strong autocorrelation, a continuous upward
trend, and strong seasonality. Lastly, the model's parameters were optimized, and it was tested using
the test set. Ultimately, the model obtained a MAPE of 6.05%.

3.1.3. Long-Term Forecasting

This subsection is based on the reviews of the most significant studies on long-term forecasting
for electricity consumption [71-73]. Ref. [74] estimated Sierra Leone's electricity consumption from
2023 to 2050 using MAED-D (version 2.0.0) demand software. The researchers used technical and
socioeconomic factors to study three new scenarios—baseline, high, and low demand. The high-
demand scenario looks at an ambitious development future with increasing economic diversification
and mechanization, while the low-demand scenario looks at more restrained future development.
The baseline scenario treats the current electrical sector as if it were a business as usual. The base case,
high demand, and low demand scenarios show a rise in power demand by 2050 of 7.32 PJ, 12.23 PJ,
and 5.53 PJ, respectively, according to the results of the modeled scenario.

Among various data-driven techniques, Ref.[73] found the most effective one for estimating the
effects of socioeconomic and climatic shifts on Hong Kong's long-term monthly electricity demand
in the future. First, these models are trained and validated using 40 years of historical data on
socioeconomic conditions, climate, and electricity consumption. Second, as future climate changes
are anticipated, three percentiles of the results from 24 global circulation models and several
representative concentration pathway (RCP) scenarios are used. For future socioeconomic
uncertainty, however, five common socioeconomic routes are considered. According to the findings,
the ANN approach has the lowest accuracy and the least capacity for generalization, while the GBDT
method offers the highest accuracy, time-series stability, and generalization.

3.2. Review of Electricity Consumption Based on Quantitative Methods

This subsection is based on the review of the most prominent studies, which exhibit the types,
impact, scope, and significance of quantitative methods used in electricity consumption forecasting.
In this section, the study mentioned the most important and frequently used quantitative methods in
electricity consumption forecasting (e.g., time series econometrics modeling, grey forecasting models,
machine learning models, deep learning models, optimization-based models, top-down and bottom-
up models, and hybrid models).

3.2.1. Time Series Econometric Modelling


https://doi.org/10.20944/preprints202408.0062.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 August 2024 d0i:10.20944/preprints202408.0062.v1

12

This subsection reviews the most prominent studies based on time series econometrics
approaches. Most of the studies used the traditional forecasting methods (e.g., ARIMA, Seasonal
ARIMA (SARIMA), SARIMAX, Holt-Winters, ETS, decomposition methods, Auto-Regressive
Conditional Heteroscedasticity (ARCH), Generalized ARCH (GARCH), Exponential Smoothing
(ETS)). Generally, researchers adopted the ARIMA forecasting methods as a benchmark to measure
forecasting accuracy. Researchers often used solely ARIMA methods; however, some studies
compared ARIMA predicting performance with other quantitative methods. The studies used the
ARIMA models [44,45,48,60,75-83], SARIMA models [56,84,85], regression analysis [41,86-89],
SARIMAX [65], ETS [10,30,43], decomposition methods [60,77,83].

To create forecasting models of the amount of electricity consumption, Ref. [56] examined the
various forecasting techniques, including hybrid SARIMA-ANN and hybrid model by SARIMA-
Gaussian Processes (GP) with coupled Kernel Function methodology. Utilizing data on electricity
consumption, the study examined how well the two systems performed. The research computed the
SARIMA model's forecast values and Thailand's electricity consumption between 2005 and 2015.
With a MAPE of 4.7072e-09 and 4.8623, respectively, the hybrid model by SARIMA-GP with an
integrated Kernel Function approach performed better than the SARIMA-ANN model.

Using a novel framework, the panel quantile regression neural network (PQRNN) is created by
incorporating an artificial neural network structure into a panel quantile regression model, Ref. [41]
examined the prediction of electricity consumption for China. An empirical examination of China's
province panel dataset from 1999 to 2017 is used to assess the prediction accuracy and demonstrate
the effectiveness of the PQRNN-based electricity consumption forecast. Lastly, using the PQRNN
model, the province's electricity consumption for the following five years (2018-2022) is estimated.
The empirical study assesses accuracy using MAE, RMSE, MAPE, RRMSE, Total RMAE, Total RMSE,
Total MAPE, and Total RRMSE. The data gets increasingly spread, as evidenced by the Mean *
standard deviation of power consumption, which is 411:5 + 247:7 in 1999, 1219:2 + 892:4 in 2009, and
2100:6 + 1500:7 in 2017.

Ghana's electricity consumption by 2030 was predicted using the Autoregressive Integrated
Moving Average (ARIMA) model, employed in Ref. [76]. Ghana's electricity consumption is expected
to increase from 8.5210 billion kWh in 2012 to 9.5597 billion kWh in 2030 under the predicted scenario,
from 8.5210 billion kWh in 2012 to 4.7839 billion kWh in 2030 under the low growth scenario, and
from 8.5210 billion kWh in 2012 to 17.3267 billion kWh in 2030 under the high growth scenario,
according to data from the ARIMA forecast using a time series spanning from 1980 to 2013. Moreover,
the empirical findings show the accuracy of the forecast, the study employed goodness-of-fit
measures such as R? (0.931), stationary R? (0.894), RMSE (0.419), MAPE (5.34%), MAE (0.297),
MaxAPE (13%), MaxAE (0.793).

Using a spatial model, Ref. [48] examined the regional electricity consumption in Brazil and
produced a spatial pattern of regional dissimilarity. After applying the suggested method to the
regional power demand in Brazil, it was discovered that there is a spatial dependence on the region's
regional electricity consumption, resulting in a spatial pattern of dissimilarity between areas. By
lowering the MAPE of forecasts, the ARIMASp model —presented in this paper —performed better
predictively than the ARIMA model. In terms of numbers, the ARIMA forecast showed a shortfall of
1,317.30 GW, but the ARIMASp model overestimated the electricity demand by 214.68 GW.

3.2.1. GREY Forecasting Models

This subsection reviews the most prominent studies based on GREY forecasting methods. The
literature investigates several approaches to electricity consumption forecasting using grey
prediction models. The main advantage of the grey model is that it is best suited for predicting with
a small data span. Many researchers have explored the issue of electricity consumption forecasting
on an hourly, daily, monthly, quarterly, and annual basis, e.g., [50,54,59,61,90-113].

Ref. [50] examined the predictive accuracy for residential electricity consumption in China from
2015 to 2022 using the novel discrete grey model (DTGFM (1,1, N)). The study compared the ARIMA,
Deep neural network (DNN), and four grey models, e.g.,, SGM (1,1); GMP (1,1); GFM (1,1,6), and
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proposed model DTGFM (1,1, N). The results indicate that the proposed model captures the dynamic
amplitude variations of the time series and has better prediction performances than other benchmark
grey prediction models and non-grey prediction models. The results show that MAPE of the test data
set is 3.26%, 4.4.6%, 12.89%, 4.29%, 6.73%, and 11.26% for DTGFM (1,1, N), GFM (1,1,6), GMP (1,1);
SGM (1,1), DNN, and ARIMA models respectively.

Ref. [90] creates a novel discrete grey model (abbreviated as DGM(2,1,kn)), for predicting
China's per-capita electricity consumption. The research employed in this work predicts China's per
capita electricity consumption using the DGM(2,1,kn) model. The CPR, BPNN, NDGM(1,1,k), and
DGM(2,1) models are contrasted with the results. The raw data for China's per-person electricity
consumption (kilowatt-hours) between 1997 and 2017. The MAPEs of five models were empirically
numerically determined between 1997 and 2017. The MAPEs of the CPR, BPNN, NDGM(1,1,k),
DGM(2,1), and DGM(2,1,kn) models are observed to be 3.01%, 5.29%, 6.02%, 6.70%, and 3.03% during
the simulation stage, and 9.75%, 14.40%, 8.47%, 8.12%, and 2.72% at the verification stage,
respectively.

Ref.[98] analyzed three different grey forecasting models to predict yearly net electricity
consumption in Turkey. The study applied three models, which were compared to find the best
model using performance criteria. The best approach, the Nonhomogeneous Discrete Grey Model
(NDGM), is employed to forecast electricity consumption from 2014 to 2030. The study proposed that
the NDGM grey model delivers better forecasting performance. The results indicate the MAPE values
of the DGM, ODGM, and NDGM models are 22. 39%, 11.45%, and 6.38% respectively.

Ref.[109] proposed a novel unbiased fractional nonlinear grey Bernoulli model [i.e., UFNGBM
(1,1)] to forecast China’s annual electricity consumption based on the nonlinear grey Bernoulli model
[i.e.,, NGBM (1,1)]. The experimental results demonstrate that our proposed model is significantly
superior to nine alternative models in terms of the electricity consumption data of Jilin and Jiangsu.
The performance of our novel method is close to the state-of-the-art deep learning method on the
electricity consumption data of Shandong. It is noticed that our method [as an extended version of
NGBM (1,1)] is significantly better than NGBM (1,1) on these three real-world datasets, which further
shows the effectiveness of our proposed algorithm. The UFNGBM (1,1) models show the best
predictive performance with the smallest MAPE values of 2.94% and 3.04% for Jiangsu and Jilian
provinces, respectively.

3.2.1. Machine Learning Models

There is a plethora of electricity consumption forecasting using machine learning approaches,
e.g., [2,43,53,63,114-138]. On the one hand, some researchers examined the forecasting issue based on
single machine learning methods; some used a comparison of machine learning methods, and
similarly, some used a comparison of machine learning and other well-known methods.

Overall, the application of machine learning in electricity consumption forecasting holds great
promise for enhancing energy management, reducing costs, and supporting the integration of
renewable energy sources into the grid. In Singapore, a hybrid approach combining building
characteristics and urban landscape variables with XGboost has outperformed other models like
Geographically Weighted Regression (GWR) and Random Forest (RF), achieving an R? value of 0.9 in
forecasting residential electricity consumption [138]. In Saudi Arabia, a hybrid model combining
Bayesian optimization algorithm (BOA) with support vector regression (SVR) and nonlinear
autoregressive networks with exogenous inputs (NARX) has shown high accuracy in long-term
electricity consumption forecasting, with R? values exceeding 0.98 [139]. Machine learning in
electricity consumption forecasting is not limited to large-scale applications; it also extends to
individual households, where models can predict electricity bills based on historical conssumption
patterns, helping consumers manage their energy expenses better [140].

Using historical time series data from January 1975 to December 2021 and suitable estimation
techniques, Ref.[3] investigated the Gross electricity consumption (GEC) forecasting models. To
anticipate GEC in Tiirkiye, a machine-learning model utilizing a deep-learning technique based on
an LSTM neural network was employed in this study. The seasonal autoregressive integrated moving
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average (SARIMA) model was compared to the LSTM model to calculate the total amount of
electricity consumption. Despite the results being near one another, the LSTM model fared better
overall than the SARIMA model. It had the highest R2-value (0.9992) and the lowest values of MAPE
(2.42%), MAE (215.35 GWh), and RMSE (329.9 GWh).

Ref. [20] forecasted the electricity consumption of an administration building in London, United
Kingdom, to compare the prediction abilities of five distinct intelligent system methodologies.
Support Vector Machine (SVM), Artificial Neural Network (ANN), Deep Neural Network (DNN),
Genetic Programming (GP), and Multiple Regression (MR) are these five approaches. The five years'
worth of observed data for five distinct parameters—such as solar radiation, temperature, wind
speed, humidity, and weekday index—were used to build the prediction models. The weekday index
is an essential metric to distinguish between working and non-working days. The first four years'
worth of data are used to generate prediction data for the fifth year and train the models. Lastly, a
comparison is made between each model's estimated and actual electricity consumption for the fifth
year. The results show that, with a Mean Absolute Percentage Error (MAPE) of 6%, ANN outperforms
the other four techniques, MR, GP, SVM, and DNN, having MAPEs of 8.5%, 8.7%, 9%, and 11%,
respectively.

A model for estimating power consumption in Agartala, Tripura, India, was proposed by Ref.
[]- This model can accurately anticipate the load for the following 24 hours and can estimate the load
for a week or a month. Furthermore, the current work demonstrates how an ensemble machine-
learning procedure can significantly increase prediction accuracy. We showed how Random Forest
and XGBoost performed both individually and collectively. The accuracy achieved by the RF and
XGBoost ensemble was improved by 15-29%.

3.2.1. Deep Learning Models

This subsection reviews the most prominent studies based on deep-learning approaches,
[38,39,42,47,98,141-165]. Ref. [161] adopted a panel semiparametric quantile regression neural
network (PSQRNN) developed by combining an artificial neural network and semiparametric
quantile regression for panel data. By embedding penalized quantile regression with the least
absolute shrinkage and selection operator (LASSO), ridge regression, and backpropagation,
PSQRNN keeps the flexibility of nonparametric models and the interpretability of parametric models
simultaneously. The prediction accuracy is evaluated based on a study of 30 provinces’ panel datasets
from 1999 to 2018 in China under three different scenarios. The results indicate that with the lowest
MAPE value, PSQRNN with 0.1364 performs better compared with three benchmark methods,
including BP neural network (BP) with 0.2621, Support Vector Machine (SVM) with 0.2345, and
Quantile Regression Neural Network (QRNN) with 0.2559.

In Ref.[165] analyzed the sample data to remove the volatility of the electricity consumption data
by denoising it using a wavelet transform. The multi-layer LSTM model is then trained using the pre-
processed samples, and the suggested model is validated and projected to consume daily power
consumption based on the area controlled by the U.S. electric power company. The experimental
findings demonstrate that this model outperforms bidirectional and conventional LSTM in terms of
prediction performance. The coefficient of determination (R?) is as high as 0.997, and the MSE is 0.019.

Ref. [147] used the deep belief networks (DBN), which are based on multiple layers of restricted
Boltzmann machines, to investigate Macedonia's electricity consumption forecasting. Short-term
electrical load forecasting using the suggested DBN model used hourly electricity consumption data
from 2008 to 2014. The results are compared with the most recent real data, the data from the
Macedonian system operator (MEPSO), and the predicted data from a conventional feed-forward
multi-layer perceptron neural network. The comparisons demonstrate that the used model outcome
has better results than those produced with conventional techniques and is appropriate for the
Macedonian electric power system's hourly electricity load forecasts. When utilizing DBN instead of
MEPSO data for 24-hour forward forecasting, the mean MAPE is lowered by 8.6%, and the MAPE for
daily peak forecasting is lowered by up to 21%.
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A novel convolutional neural network (CNN) technique using an input signal decomposition
algorithm was presented in Ref. [143]. Hourly electricity consumption data for Turkey's COVID-19
period were used as input data, and the short-term electricity consumption was projected using the
suggested CNN architecture. Empirical Mode Decomposition (EMD), a signal decomposition
technique, was used to break the input data into smaller components. All input data were converted
into 2D feature maps to extract the deep features and fed into CNN. The pre-trained models
GoogleNet, AlexNet, SqueezeNet, and ResNet18 were used to compare the outcomes. According to
model-wise comparisons, the suggested approach exhibited the best R2, the lowest mean absolute
error (MAE), and the lowest root mean square error (RMSE) values for the 1-, 2-, and 3-hour periods.
For one hour, two hours, and three hours ahead, the suggested method's mean R?-values were 95.6%,
95.2%, and 94.0%, respectively.

3.2.1. Hybrid Models

This subsection is based on the reviews of the most critical studies on hybrid models forecasting
electricity consumption [49,51,52,57,62,64,95,166-177].

For the ultra-short-term forecasts of Chinese residential electricity consumption, Ref. [169]
created a hybrid model based on the Extreme Learning Machine (ELM) network and the Holt-Winters
(HW) approach. The suggested HW-ELM model was applied to various training set sizes and seasons
to forecast results for 15-minute electricity consumption. The suggested model frequently showed
reduced inaccuracy for forecasting residential electricity consumption compared to HW, ELM, and
long short-term memory network (LSTM). The RMSE values were decreased by 87.98%, 64.89%, and
53.39%, respectively, for a training set size of 50 days in the spring. The trials' findings demonstrate
that the suggested HW-ELM model performs more exceptionally than the established models created
using other techniques.

In order to estimate energy consumption in China's primary sector, Ref. [64] proposed the
Fourier-modified grey forecasting model (FDSGM (1, 1, x(f3), v)) based on seasonal fluctuation
features and starting condition optimization. This study compares the grey forecasting models based
on seasonal index (SGM (1,1)), grey correlation seasonal index (RSGM (1,1)), and dynamic seasonal
index (DSGM (1,1)) with empirical data on seasonal electricity consumption in China's primary
industry. In the training set, the MAPEs of the SGM, RSGM, and DSGM models were 2.89 %, 2.92 %,
and 1.08 %, respectively; in the testing set, they were 6.13 %, 6.16 %, and 6.09 %. The FDSGM (1, 1,
x(B), vY) model's prediction accuracy is superior to three prior prediction models combined. The
training and testing sets' MAPEs decreased to 0.2% and 6.02%, respectively. The dynamic seasonal
factor-constructed model has been demonstrated to outperform the previous two seasonal models in
terms of accuracy and suitability for electricity consumption prediction.

Ref. [62] uses hourly data from Ukraine from 2013 to 2020 to forecast the country's electricity
demand using an innovative hybrid approach combining traditional statistics and machine learning.
The hourly, daily, and annual time series of electricity consumption were examined in the study,
along with their underlying structures. Macroeconomic regression analysis assesses the annual trend
over the long run. The mid-term model describes the error term by combining ARIMA and LSTM
"black-box" pattern-based techniques, while the underlying structure is defined by integrating
temperature and calendar regressors. The short-term model captures the hourly seasonality using
several ARMA models for the residual and calendar regressors. According to the results, the best
forecasting model combines an LSTM hybrid model for residual prediction with multiple regression
models. On an hourly level, our hybrid model performs exceptionally well in predicting long-term
electricity consumption. For LM, LM+ARIMA, LM+LSTM, and LM+ARIMA+LSTM, the
corresponding RMSE values in megawatts (MW) are 552.8 MW, 533.4 MW, 500.6 MW, and 504 MW.

Ref. [52] looked at Tiirkiye's forecasting model for electricity consumption. This involves
comparing the predicting abilities of single and hybrid electricity consumption models; SARIMA is
the time series model, ANNs and MLPs are single machine learning models, and SARIMA-ANNS5s
and SARIMA-MLPs are hybrid models. Using novel hybrid models, this study investigates whether
Zhang's hybrid model—often employed as the ARIMA-hybrid model with well-known flaws—is
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better than the multiplicative model of Wang et al. or the combination model of Khashei and Bijari.
The findings indicate that when it comes to predicting Turkish electricity consumption, hybrid
models outperform single-time series and machine learning models in terms of accuracy.
Furthermore, it was shown that the Khashei and Bijari hybrid models performed better than the
others and were the most accurate in predicting Turkey's electricity consumption, respectively.

3.3. The accuracy metrics

The accuracy metrics of electricity consumption forecasting models found in the papers include:
e  Mean Absolute Error (MAE)
¢ Mean Squared Error (MSE)
¢  Root Mean Squared Error (RMSE)
¢  Mean Absolute Percentage Error (MAPE)

e  R-squared (R?)

These metrics provide a comprehensive understanding of the model's predictive performance
and ability to accurately capture the underlying patterns in the data. Almost every study mentioned
the accuracy metrics MAE, MSE, RMSE, MAPE, and R% however, for the reader, the Ref. [30]
mentioned different values of MAPE in the previous studies.

3.5. Obstacles to Additional Research in Forecasting Electricity Consumption

Forecasting models are heavily dependent on the quality and availability of historical data, and
therefore, inconsistent, incomplete, or outdated data significantly hinder the development and
validation of effective forecasting models. The lack of historical data series with high time granularity
limits the ability to perform accurate short-term forecasts. In the case of mid- and long-term forecasts,
a particular challenge is incorporating the impact of energy and climate policy goals, which influence
the dynamics of the energy transition and lead to the diffusion of new electric end-use technologies
that substitute the fossil-fuel status quo. This creates difficulties for models that rely on historical
data.

As forecasting models become more complex, especially with the integration of machine
learning and deep learning techniques, their interpretability decreases. This complexity can create
challenges in understanding the underlying factors driving electricity consumption.

Furthermore, advanced forecasting models require substantial computational resources,
particularly machine learning and deep learning. This can be a barrier for researchers or institutions
with limited access to high-performance computing facilities.

4. Results and Discussion

The study highlights the most significant quantitative forecasting approaches and their
forecasting performance. As was previously mentioned in this study, one hundred and seventy-five
(175) papers were included in the quantitative analysis. The present work makes the following
contributions to the literature on energy modeling. The current study used the bibliometric R package
to estimate the empirical findings[178].

Figure Al shows the (Coauthors association concerning citation); 8 coauthors strongly associate
with a minimum of one document and ten citations per document). On the other hand, Fig A2 depicts
the association of the Organization to documents and their citation. The minimum number of
documents in an organization is one, and the minimum number of citations is 30. The results show
that 30 organizations are associated with each other. In Fig A3, the study also analyzed the Network
visualization map of documents and citations for countries. At least one document with a minimum
of 10 citations was selected from 46 countries, and the results found that 24 documents are strongly
connected across the countries. Similarly, Fig 4. depicts the visualization of citations and authors; in
this analysis, the study selected at least 1 document and 40 citations. The results show that nine
authors are connected.

In Fig A5, the study analyzed the connection between countries by taking at least 1 document
and ten citations, and the results showed that 24 countries are strongly associated with each other.
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Fig A6 shows the network visualization of authors' keyword occurrences. The study selected at least
three keyword occurrences in this analysis, and the results show 39 occurrences. Similarly, Fig A7
depicts the association of publication sources by choosing at least 1 document and five citations. The
findings show that 21 sources of document publication are connected. The Fig A8. It shows the
bibliographic coupling, and the study selected at least one document and 120 citations, and the results
depict that 26 authors are strongly connected. Fig A9 shows the bibliographic coupling for countries.
The study selected at least one document and ten citations, and the results depict that 42 countries
are strongly connected. Fig A 10 depicts the authors whose documents are highly cited. Figure A1l
presents the number of scientific articles produced annually from 2015 to 2024. After an initial steady
growth, there is a sharp increase starting in 2020, leading to peak production in 2022. Subsequently,
the number of articles produced decreases substantially.

Figure A12 shows the average number of citations per year for scientific articles from 2015 to
2023. One can note a notable peak in average citations in 2017, followed by a substantial drop and a
continued decline in the following years. Figure A13 shows the number of articles produced by
various countries from 2015 to 2024. China has demonstrated a significant increase in article
production over the years, especially after 2020, reaching the highest count among all the countries
by 2024. Brazil and the USA have a steady increase in article production but at a slower rate compared
to China. Turkey and Pakistan have relatively lower and more stable production rates, with minor
increases over the observed period. Figure Al4 depicts the number of articles produced by various
academic affiliations from 2015 to 2024. The top 6 affiliations included in the figure are Chongqing
University, Nanjing University of Aeronautics and Astronautics, Northwestern University,
Universidade Federal do Rio de Janeiro, Xinyu Petroleum University, and Zhejiang University of
Finance and Economics. Chongging University exhibits the most significant growth in article
production, while the other affiliations show more stable and moderate increases. Figure A15 shows
the number of documents authored by the most prolific researchers. DANG Y, with a total of 4
articles, stands out as the leading author, followed by four authors with three articles each and five
authors with two articles each. Figure A16 illustrates the distribution of papers published across
various scientific journals. The journal "Energy" leads with 34 papers, while "Energies" also has a
substantial number of publications, amounting to 21. "Applied Energy" is notable, with 12 published
papers. The number of publications in other journals is significantly lower. When examining the
production of articles over time (Figure A17), "Energy" shows a significant and consistent increase in
publications over the years, reaching the highest count among all sources by 2024. "Energies" also
demonstrates a notable increase, particularly after 2019. "Applied Energy" exhibits a steady increase
in publications, maintaining a moderate growth rate. In contrast, the number of publications in other
journals remains relatively low and stable.

Figure A18 presents the cumulative occurrences of specific terms found in the papers. The most
commonly used term is "China," with a significant increase over the years. "Electric power utilization"
and "Electricity" also demonstrate notable increases in frequency, especially after 2019. Other terms,
such as "Electricity consumption,” "Electricity consumption forecasting," and "Energy saving," show
steady increases but at a lower rate. "Forecasting method," "Machine learning," and "Neural
networks" have relatively lower and more stable occurrences over the observed period. Figure A19
shows the Authors' Local Impact measured by the H index. DANG Y has the highest H index of 4,
indicating the highest impact among the listed authors. LIU C, WU L, and Yang L each have an H
index of 3, while the remaining authors have lower impact scores 2. Figure A20 reveals the
geographical collaboration between countries based on scientific research. The highest level of
collaboration is observed in China (indicated by a darker shade) and the United States. Other
countries with significant collaboration include those in Europe, Brazil in South America, and some
regions in Asia. Lines connecting the countries highlight key collaborative relationships between the
United States, China, and countries in Europe.

5. Conclusions
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This study has provided a comprehensive bibliometric analysis of electricity consumption
forecasting research conducted from 2015 to 2024. By analyzing 175 documents from the Scopus and
Web of Science databases, we have highlighted the significant trends, compared different
methodologies, revealed their strengths and weaknesses, and identified which models perform best
under specific conditions. There has been a steady increase in publications on electricity consumption
forecasting over the past decade. This growth reflects the rising importance of accurate electricity
consumption forecasting in planning the power system operation and expansion. Short-term
forecasting is crucial, especially for DSOs, energy communities, clusters, industry, and VPPs. The
increasing introduction of dynamic tariffs in many countries is also gaining significant importance
for energy consumers and the commercial sector. It also helps to reduce GHG emissions by
optimizing the use of generation and storage assets since natural gas-fired units are most commonly
used to balance deviations from planned consumption. Mid- and long-term forecasting is critical for
elaborating investment strategies to expand energy infrastructure. It helps policymakers, TSOs, and
energy utilities make informed decisions regarding future electricity needs and optimize resource
allocation to ensure the adequacy and reliability of the electricity supply. There is a growing focus on
forecasting models that support the integration of renewable energy sources.

The study indicates that no single method consistently outperforms others across all contexts.
Traditional statistical methods such as ARIMA and SARIMA remain commonly used due to their
robustness and simplicity. However, machine learning (ML) and deep learning (DL) models have
gained significant traction. These models, including XGBoost, LSTM, and hybrid approaches, have
demonstrated superior accuracy in handling large and complex datasets. The shift towards ML and
DL approaches signifies a broader towards leveraging advanced computational techniques to
improve forecasting accuracy. Hybrid models are found to be more robust and reliable for long-term
forecasting.

The choice of model often depends on the specific characteristics of the data and the forecasting
horizon.

Electricity consumption forecasting is particularly important for countries such as China, Brazil,
the USA, Pakistan, Turkey, and various European nations. Most of the articles on this topic are
produced in these countries. China has shown a significant increase in article production post-2020,
which aligns with its broader economic and industrial growth. Although China dominates,
significant international collaboration is essential for advancing research and sharing diverse
perspectives. Countries like the United States and China have strong collaborative networks, which
contribute to the high impact of their research outputs.

The analysis identified several emerging trends, including the use of big data analytics, the
incorporation of socioeconomic factors, and the application of advanced optimization algorithms.
Future research should continue to explore these areas, with a particular emphasis on improving the
accuracy and scalability of forecasting models.
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