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Abstract

This study examines various predictive models for forecasting
electricity demand in the ASEAN region, characterized by rapid
industrialization and diverse economic landscapes. Traditional
methods like ARIMA and the Grey Model, while effective in certain
scenarios, often fall short in capturing the complexities of electricity
consumption due to evolving factors like technological advancements
and economic policies. Advanced models such as Neural Network
Autoregressive, Echo State Networks, Autoregressive Support Vector
Machine, and Extreme Gradient Boosting have demonstrated superior
capabilities in various fields, including finance and public health. Our
research, leveraging data from the World Development Indicator
database, evaluates these models specifically for per capita electricity
consumption in ASEAN nations. The results highlight the advanced
models, particularly XGBoost, for their accuracy and adaptability in
handling the dynamic electricity demand, suggesting their greater
efficacy over traditional models. This study not only provides valuable
insights for electricity demand forecasting in rapidly evolving
economies, but also emphasizes the importance of appropriate model
selection for informed energy policy and planning. The findings have
significant policy implications, aiding in the development of more
efficient, sustainable, and equitable energy management across the
ASEAN region, and pave the way for future research integrating real-
time data and socio-economic factors.
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1. INTRODUCTION

Electricity, a fundamental cornerstone of modern civilization,
plays an indispensable role in powering industries, illuminating
cities, and propelling technological advancements. Electricity
holds a particularly prominent role in the Association of Southeast
Asian Nations (ASEAN) region, which is composed of diverse
and vibrant economies. Here, electricity transcends its
conventional role as a mere utility. It emerges as the lifeblood that
catalyzes economic growth, underpins social development, and
nurtures the aspirations of over 650 million inhabitants [3]. As
these nations collectively embark on a path marked by rapid
industrialization and digitalization, the demand for electricity
witnesses an unprecedented surge [4] [5]. This burgeoning
demand poses a formidable challenge, one that lies at the very
heart of sustainable development and resource management:
forecasting electricity demand with both precision and reliability
[6].

The ASEAN region, with its unique mosaic of emerging
economies and varied energy landscapes, presents a distinct and
complex set of challenges in the realm of electricity demand
forecasting. Several dynamic factors fueled this complexity [7].
Rapid urbanization, a phenomenon witnessed across the region,
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brings with it an escalating demand for energy in urban centers.
Industrial sectors, which are in varying stages of development
across different ASEAN countries, contribute to a fluctuating and
often unpredictable pattern of electricity consumption [8].
Additionally, the economic conditions within these nations,
characterized by both periods of rapid growth and instability,
further contribute to the intricacies of forecasting electricity
demand [9].

Traditional forecasting methods have played a pivotal role in
anticipating energy requirements. These methods, grounded in
historical consumption data and straightforward predictive
algorithms, have provided a foundation for understanding and
planning for future energy needs. However, as the energy
landscape evolves, these traditional approaches often fall short
[10]. They struggle to encapsulate the full breadth of variables that
now influence electricity demand [11]. Variables such as
economic policies, technological advancements, environmental
considerations, and social changes introduce a level of complexity
that traditional models are ill-equipped to handle. This gap in
forecasting capability highlights a pressing need for more
advanced predictive techniques [12]. These advanced
methodologies, leveraging the latest developments in data
analytics and machine learning, are capable of assimilating the
multifaceted and interconnected variables that define the energy
landscape of the ASEAN region. By doing so, they promise to
deliver forecasts that are not only more accurate but also more
reflective of the dynamic nature of the region.

The realm of predictive modeling encompasses a variety of
techniques, each with its unique strengths and applications across
diverse fields. Among these, the Autoregressive Integrated
Moving Average (ARIMA) model stands out as a foundational
tool in time series forecasting. The ARIMA model, originated by
Box and Jenkins [13], has gained recognition for its robust
application in economic trend analysis [14]. This is evident from
its widespread use in predicting stock market trends and assessing
economic indicators. In the field of meteorology, ARIMA models
have been pivotal in forecasting weather patterns, a testament to
their reliability in handling time-dependent data [15].
Additionally, in public health, ARIMA models have been
instrumental in predicting disease outbreaks and patient
admission rates, showcasing their utility in diverse temporal data
contexts [16] [17] [18] [19]. Moreover, the ARIMA model is
effectively applied in forecasting electricity consumption in the
Philippines, aiding in accurate prediction of energy demand
patterns and facilitating efficient energy management and grid
planning [20] [21]. The Grey Model, characterized by its ability
to make effective predictions with limited or incomplete data, is
another significant tool in the predictive modeling arsenal [22]. It
has been particularly advantageous in marine economics and
management analysis, where it is able to handle multi-variable
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systems [23]. Moreover, the Grey Model was effectively applied
in studying COVID-19 trends in China, utilizing various
forecasting models, including the GMQP (1,1), to analyze
confirmed cases, deaths, and recovery trends, proving particularly
useful during the early outbreak stages with limited data [24].
Another application of the Grey Model is in the prediction of
material properties under changing conditions. In the study of Wu
et al. [1], the Grey Model was used to predict the tensile strength
of materials at temperatures ranging from 400 degrees Celsius to
1100 degrees Celsius.

In contrast, the Neural Network Autoregressive (NNAR)
model represents the synergy of traditional time series analysis
and the advanced capabilities of neural networks [25]. This hybrid
model has been effectively employed in forecasting direct
economic losses from earthquakes in Indonesia. This method is
significant for providing policymakers with critical information
to anticipate future losses from such natural disasters [26].
Additionally, in the telecommunications sector, NNAR models
have been adept at load forecasting, a critical function for network
capacity planning and optimization [27]. Echo State Neural
Networks, emerging from the domain of reservoir computing,
demonstrate exceptional efficiency in learning and predicting
dynamic temporal patterns [28]. These networks have found their
niche in applications such as speech recognition, where they
process and predict complex audio sequences [29]. In the finance
sector, their ability to handle the non-linear dynamics of financial
time series has made them valuable for predicting stock market
fluctuations [30]. Furthermore, their application in robotics,
particularly in dynamic systems modeling, underscores their
versatility in handling time-varying data [31]. The Autoregressive
Support Vector Machine (AR-SVM) combines the time series
analysis capabilities of autoregressive models with the robustness
and precision of Support Vector Machines [32]. This fusion has
been beneficial in predicting financial time series, where it
navigates the volatility and non-linearity inherent in financial
markets [33]. In the biomedical field, SVM models are used for
analyzing biomedical signals, contributing to advancements in
health monitoring and diagnostics [34]. Additionally, their
application in forecasting health-related events, such as disease
outbreaks and patient admissions, highlights their relevance in
public health planning and response [35]. Lastly, Extreme
Gradient Boosting (XGBoost), renowned for its efficiency and
performance in machine learning, has made significant inroads in
various applications [36]. Its use in credit scoring has
revolutionized the way financial institutions  assess
creditworthiness, enhancing accuracy and reducing risk [37]. In
the arena of customer behavior analysis, XGBoost aids businesses
in understanding and predicting consumer preferences, driving
marketing strategies [38]. Moreover, its application in
recommendation systems exemplifies its capability to handle
large datasets and complex algorithms, making it a cornerstone in
the field of machine learning and data science [39]. These
predictive models, with their diverse applications, not only
underscore the breadth of their capabilities but also highlight their
potential utility in the specific context of electricity demand
forecasting in the ASEAN region.

The diverse applications of these models, ranging from
financial markets to public health, demonstrate their adaptability
and robustness in analyzing and predicting complex patterns in
time-series data. Such versatility is crucial in addressing the
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dynamic and often unpredictable nature of electricity demand,
especially in the rapidly evolving ASEAN region. This
observation seamlessly leads us to the core objectives of our
study. The primary objective of our research is to rigorously
evaluate and compare the performance of these diverse models—
ARIMA, Grey Model, Neural Network Autoregressive, Echo
State Neural Network, Autoregressive Support Vector Machine,
and XGBoost—in the specific context of per capita electricity
consumption. By doing so, we aim to identify the model that best
encapsulates the intricacies of electricity demand patterns in these
countries. Our study leverages the extensive applications of these
predictive models in various fields to address a vital question:
How can these proven models be effectively utilized in
forecasting electricity demand in the ASEAN region? The answer
to this question holds the potential to significantly influence
energy policy and planning, ensuring sustainable and efficient
fulfillment of the energy needs of the region.

2. MATERIALS AND METHODS

2.1 DATASET

The dataset utilized in this research is the electric power
consumption dataset (measured in kWh per capita), sourced from
the World Development Indicator database managed by the
World Bank. This dataset encompasses a comprehensive
aggregation of per capita electric power consumption data,
extending from 1971 through 2014. It should be noted, however,
that for Cambodia, the dataset is confined to the years 1995 to
2014. The scope of the study encompasses nine ASEAN nations:
Indonesia, Thailand, Singapore, Vietnam, Malaysia, the
Philippines, Myanmar, Cambodia, and Brunei Darussalam,
selected based on data accessibility. The exclusion of Lao PDR
from the study was due to the unavailability of relevant data. In
the study conducted by Parrefio [2], an examination of the
stationarity of electric power consumption across each nation was
undertaken. It was discovered that, with the notable exception of
Brunei, the electric power consumption patterns in most ASEAN
countries exhibited nonstationary characteristics. This finding of
nonstationarity was a critical consideration in the development of
the forecasting models employed in this research, ensuring that
the models accurately reflect the dynamic nature of electric power
consumption within these nations.

2.2 ARIMA MODELS
FORECASTING

The ARIMA model, an acronym for Autoregressive
Integrated Moving Average, is a prominent forecasting tool used
for time series data. The model is based on the concept that past
values of a time series can be used to predict future values. Its
popularity stems from its ability to model various standard
temporal structures found in time series data. The methodology of
the ARIMA model hinges on three key parameters: p (the order
of the autoregressive term), d (the number of differencing
required to make the time series stationary), and q (the order of
the moving average term). The ARIMA model can be represented
mathematically [19] as,

FOR REGIONAL
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Before applying the ARIMA model, it is crucial to check
whether the time series is stationary. This means its statistical
properties like mean, variance, and autocorrelation are constant
over time. The Augmented Dickey-Fuller (ADF) test is used for
this purpose. If the series is not stationary, differencing is applied
to transform it into a stationary series. The next step is to
determine the order of the ARIMA model, denoted as ARIMA
(p,d,q), The Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF) plots were used for identifying
p and g. After identifying the order of the model, the next step is
to estimate its parameters. This was done using the Akaike
Information Criterion (AIC), which helps in selecting a model that
balances goodness of fit with simplicity. Once the model is fitted,
the diagnostic checks were performed to ensure the residuals are
white noise. This was done using plots the Residuals
Autocorrelation and Partial Autocorrelation, as well as the Ljung-
Box test [15].

2.3 GREY MODEL

In this paper, we used the GM(1,1) variant of the grey model.
In forecasting scenarios where data is limited or incomplete, the
grey model, especially the GM(1,1) variant, serves as a powerful
tool. The methodology of the Grey GM(1,1) model involves
several key steps. Initially, the model considers a nonnegative
sequence as the basis for generating a 1-AGO (Accumulating
Generation Operator) sequence, which is essential for the
construction of the model. This is done to reveal any hidden
patterns in the data. The new sequence, X%, is generated from the
original data sequence, X©, as follows,

xm(i):ix“)(j), i=12,...,n

where n is the number of data points. Subsequently, the GM(1,1)
model is constructed, governed by the differential equation

)

®
X7 +aX® =b (3)
dt
@
where a and b are the model parameters estimated, and is

the rate of change of the accumulated sequence. These parameters
were estimated using the least square method, with the equation
linearized for ease of computation. The differential equation is
solved to provide a forecast. The solution of the GM(1,1) model
is given by,
L0 (i _( © bj i D
i+)=| XVQ-—=|e"+= @)
a a
Post-solution, an inverse transformation is applied to revert
the forecasted data to its original scale [40].

2.4 NEURAL NETWORK AUTOREGRESSIVE

The Neural Network Autoregressive model, represented as
NNAR(p,k), is a forecasting method that integrates neural
networks with time series data. It utilizes past values (lags) of the
time series as inputs to a neural network. The model combines
these inputs linearly with weights and biases. Mathematically, the
input combination is given by,
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i=1
where, z; is the input to the j neuron, bj is the bias term for that
neuron, wi; are the weights, and x; are the input values. The inputs
are then transformed using sigmoid function, a nonlinear function
denoted by

S(2)= ®)

This function maps the input to a value between 0 and 1,
adding non-linearity to the model. This nonlinearity allows the
model to capture complex relationships in the data. The
NNAR(p,k) notation indicates p lagged inputs and k neurons in
the hidden layer. The parameters of the network are learned from
the data through backpropagation algorithms that aim to minimize
error measures. Regularization techniques, specifically using a
decay parameter, are then applied to prevent overfitting [41].

2.5 ECHO STATE NETWORK

The Echo State Network (ESN) is a type of recurrent neural
network that is specifically tailored for time series prediction. Its
unique feature is the reservoir, a large and randomly initialized
network of neurons. The reservoir updates its state at each time
step, combining information from the current input and its
previous state using tanh function, a nonlinear activation function.
This update process is represented by the equation,

x(t) = f (W, u(t) +Wx(t 1)) )

where x(t) is the reservoir state at time t, u(t) is the input, W,

are the input weights, W is the recurrent weight matrix, and f is
the activation function. The output of the ESN is computed using
a readout function that linearly combines the state of the reservoir.
This can be described by the equation

Y(0) =Wou X(1) (®)

where y(t) is the output and W, are the output weights. These
weights are trained using linear regression methods, minimizing
the error between the output of the network and the actual data.

Additionally, our ESN implementation include a leakage rate,
denoted as a, to control the update speed of the reservoir's state.
The state update equation incorporating the leakage rate is

X(t) = @—a)x(t —1) +af (W, u(t) +Wx(t —1)) 9)

This highlights how this rate moderates the influence of new
inputs versus the existing state of the reservoir [42] [43].

2.6 AUTOREGRESSIVE SUPPORT VECTOR
MACHINE

Support Vector Regression (SVR) is a sophisticated machine
learning method used primarily for forecasting and regression
tasks. It operates by determining a function, denoted as

f(X) ={(w,x)+b (10)
This aims to capture the relationship between the input

features x and the output. In this function, (w,x) represents the

dot product of the weight vector w and the feature vector x, with
b being the bias term. A key aspect of SVR is its focus on
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minimizing %II oll*, balancing the complexity of the model

against its ability to tolerate deviations greater than a certain
threshold, e. This balancing act incorporates an e-insensitive loss
function, where deviations within a margin of ¢ from the actual
values are not penalized. The formulation uses slack variables ¢
and &* for each data point to manage this aspect, and involves a
regularization parameter C, which controls the trade-off between
the flatness of the function and the amount up to which deviations
larger than € are tolerated. In cases where the relationship between
the input and output is non-linear, SVR employs the kernel trick,
using functions like linear, polynomial, RBF, or sigmoid kernels.
These kernels transform the input data into a higher-dimensional
space where linear separation is possible. The kernel function,
denoted as K(x;,x;), essentially calculates the dot product of the
vectors in this higher-dimensional space.

The actual regression function in SVR is derived from the
solution to an optimization problem involving Lagrange
multipliers, represented by i and «". The final regression
function is expressed as

F(X) =D (e~ JK(%, %) +b
i=1
which is used for making predictions or forecasts [32].

2.7 XGBOOST

11)

XGBoost, or eXtreme Gradient Boosting, is a sophisticated
machine learning algorithm that is particularly effective for
forecasting in time series analysis, thanks to its mathematical
foundation. At the heart of XGBoost is an objective function that
combines a loss function and a regularization term. This function
is expressed as

0bi(6) = 3103, 3)+ (1) 12

where I(y;, ¥;) quantifies the difference between the predicted and
actual values, and Q(f,) is the regularization term that penalizes

complexity to avoid overfitting. During training, XGBoost
expands the loss function to its second-order Taylor series,
utilizing both the first-order (gradient) and second-order
(Hessian) derivative information. This approach significantly
enhances the performance of the model over traditional gradient
boosting methods. The regularization term in the objective
function,

Q(fk):;/T+%/1IIa)II2 (13)
where T is the number of leaves, w is the scores on the leaves, y is
the parameter for tree complexity, and 2 is the L2 regularization
on leaf weights, is key in preventing overfitting.

XGBoost builds its model additively. In each iteration, it
introduces a new tree that optimizes the objective function,
following

910 =9 +nf(x) (14)

with # being the learning rate and fi(x;) the output of the new
tree. When applying XGBoost to the ASEAN electric
consumption data, the time series data is first transformed into a
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format suitable for machine learning. This process involves
creating lagged variables to encapsulate the temporal
dependencies of the time series. The model is trained on this
dataset, tuning hyperparameters like the learning rate, depth of
trees, and number of trees to enhance performance. The
effectiveness of the model is then evaluated using Mean Absolute
Error and Root Mean Square Error [17] [44] [45].

3. RESULTS AND DISCUSSION

3.1 ARIMA MODEL RESULTS

Since the electric consumption data for most ASEAN nations
are nonstationary [2], the time series data need to be differenced
first before building the ARIMA model. The Table.1 shows the
fitted ARIMA models for electric power consumption for each
ASEAN nations. The variation in the ARIMA model parameters
(p,d,q) across countries highlights the differing dynamics in the
electric power consumption trends in each nation. The
performance of the ARIMA model, indicated by the MAPE
values, varies from about 2.78% for Singapore to over 6.9% for
Cambodia, reflecting the differing levels of model accuracy in
capturing power consumption trends.

Table.1. Performance of Fitted ARIMA Models for Electric
Power Consumption in ASEAN Nations

ASEAN Nation ARIMA RMSE | MAPE
Brunei Darussalam|ARIMA(1,1,0)|345.6957| 5.39317%
Cambodia ARIMA(1,2,0)(8.439079|6.900228%
Indonesia ARIMA(2,2,0)(8.963071(4.442399%
Malaysia ARIMA(3,1,0)|105.1567|3.033633%
Myanmar ARIMA(2,2,2)(6.135964|6.423116%
Philippines ARIMA(1,1,0)| 21.7223 |4.585378%
Singapore ARIMA(1,1,1){172.5642|2.784062%
Thailand ARIMA(2,1,0)|50.67693|3.680094%
Vietnam ARIMA(1,2,0)|13.64435| 4.59009%

3.2 GREY MODEL RESULTS

Table 2 presents the performances of the fitted Grey Models
for forecasting electric power consumption in various ASEAN
nations. The results reveal variety of dynamics in the electric
power consumption patterns across the region. For instance, the
model parameter for Indonesia are a=-0.06904143 and
b=60.95087, resulting in an RMSE of 135.4473 and a high MAPE
of 91.84311%, suggesting a notable discrepancy between the
actual and fitted values, indicating significant variability. In
contrast, Cambodia, with a=-0.1476733 and b=14.95296, shows
a much lower RMSE of 5.598126 and a MAPE of 4.908046%,
indicating a closer fit between the output of the model and the
actual data. Notably, the grey model for Singapore, with
parameters a=-0.03453686 and b=2457.047, exhibits an RMSE of
821.288 and a MAPE of 19.13825%. This reflects the complexity
and high fluctuation in electric power consumption patterns in
Singapore. The performance of the grey model, as indicated by
the RMSE and MAPE values, varies significantly across the
ASEAN countries, reflecting the distinct characteristics and
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challenges in modeling electric power consumption in each
nation. For instance, the Philippines shows a relatively low MAPE
of 6.602833%, indicating a relatively more consistent

performance of the model in this country.

Table.2. Performance of Fitted Grey Models for
Electric Power Consumption in ASEAN Nations

ASEAN Nation a b | RMSE | MAPE
Da'f’l:;‘s”a‘el;m -0.03893318(2166.069949.8664|25.26895%
Cambodia | -0.1476733 |14.95296|5.598126|4.908046%

Indonesia  |-0.06904143|60.95087|135.4473(91.84311%
Malaysia  |-0.05298033(539.2747|314.7542|21.45852%
Myanmar  |-0.05694217|11.42241|18.96123|22.05486%
Philippines  |-0.02299563(249.1481/30.683126.602833%
Singapore  |-0.03453686|2457.047| 821.288 |19.13825%
Thailand  |-0.05451121(315.3965(269.1985|38.62651%
Vietnam | -0.1101007 |-2.60247 |451.0755|88.81626%
3.3 NEURAL NETWORK AUTOREGRESSIVE

RESULTS

The Table.3 outlines the performance of NNAR models for
electric power consumption forecasting across various ASEAN
nations. Electric power consumption data of each nation was
modeled using the NNAR(1,1) configuration. The NNAR models,
averaged over 20 networks, each being a 1-1-1 network with 4
weights, demonstrated varying degrees of forecasting accuracy
among the ASEAN countries. For example, Indonesia
demonstrated an estimated variance (¢?) of 93.57, along with an
RMSE of 9.67327 and a MAPE of 6.390644%, indicating a
moderate level of accuracy in the fit of the model. In contrast,
NNAR model for Brunei exhibited a much higher &> of 106811,
suggesting greater variability in the fitted model. NNAR model
for Singapore, with a ¢ of 21014, managed to achieve a relatively
low MAPE of 2.085161%. This suggests that despite the high
variance, the model was able to capture the general trend of
electric power consumption with reasonable accuracy.
Meanwhile, countries like the Philippines and Myanmar, with
their lower estimated variances and RMSEs, indicate different
levels of model fit quality and predictability in their electric power
consumption patterns.

Table.3. Performance of Fitted NNAR Models for
Electric Power Consumption in ASEAN Nations

ASEAN Nation NNAR 6> | RMSE | MAPE

Brunei Darussalam|NNAR(1,1)[{106811|326.8197|6.596919%
Cambodia NNAR(1,1)| 57.37 |7.574161(6.467324%
Indonesia NNAR(1,1)| 93.57 | 9.67327 |6.390644%
Malaysia NNAR(1,1)| 12057 {109.8058(3.356124%
Myanmar NNAR(1,1)| 38.15 [6.176324(5.724485%
Philippines NNAR(1,1)| 350.8 |18.73017|3.890609%
Singapore NNAR(1,1)| 21014 |144.9632|2.085161%
Thailand NNAR(1,1)| 2119 |46.03151|3.150477%

Vietnam  [NNAR(L,1)| 155.1 [12.45478|4.356473%

3.4 ECHO STATE NETWORK RESULTS

The Table.4 details the performance of fitted ESN models for
electric power consumption in various ASEAN nations. Most
nations, specifically Indonesia, Thailand, Singapore, Vietnam,
Malaysia, Philippines, Myanmar, and Brunei Darussalam, utilized
an ensemble of 34 ESN models with the configuration ESN
(1,17,1), indicating 1 lag, 17 reservoir nodes, and a single output.
Cambodia, however, employed 16 models with the configuration
ESN (1,8,1). These differences in model configurations are
reflective of the distinct power consumption patterns and data
characteristics in each country. For instance, the ESN model for
Indonesia, ESN (1,17,1), yielded an RMSE of 21.37499 and a
MAPE of 13.81274%, indicating a moderate level of alignment
between the outputs of the model and the actual values. ESN
model for Thailand demonstrated an RMSE of 58.40638 and a
MAPE of 8.428777%, suggesting a relatively higher level of
model accuracy. ESN model for Singapore showed a higher
RMSE of 184.3397, but a lower MAPE of 4.01458%, indicating
that while the magnitude of errors was larger, the proportion of
errors relative to actual values was smaller. In the case of
Cambodia, which used a smaller ensemble of ESN models (ESN
(1,8,1)), the RMSE was 14.99147 with a MAPE of 21.30261%.
This higher MAPE indicates less accuracy in the fit of the model
compared to other nations.

Table.4. Performance of Fitted ESN Models for
Electric Power Consumption in ASEAN Nations

ASEAN Nation ESN RMSE | MAPE
Brunei Darussalam|ESN(1,17,1)|224.3887|5.545757%
Cambodia ESN(1,8,1) {14.99147|21.30261%
Indonesia ESN(1,17,1)|21.37499(13.81274%
Malaysia ESN(1,17,1)|105.0565|7.253703%
Myanmar ESN(1,17,1)|6.681808|7.053579%
Philippines ESN(1,17,1)|9.937318|2.338732%
Singapore ESN(1,17,1)|184.3397| 4.01458%
Thailand ESN(1,17,1)|58.40638(8.428777%
Vietnam ESN(1,17,1)|49.75843|11.54566%

3.5 AUTOREGRESSIVE VECTOR

MACHINE RESULTS

SUPPORT

The Table.5 provides a detailed analysis of the performance of
AR-SVM models for electric power consumption in ASEAN
nations. AR-SVM model for Indonesia, utilizing 7 support
vectors, shows an RMSE of 16.95347 and a MAPE of
22.23923%, indicating the level of deviation of the predictions of
the model from the actual values. In contrast, AR-SVM model for
Thailand, with 13 support vectors, has an RMSE of 59.97657 and
a lower MAPE of 9.129444%, suggesting a different scale of error
in the output of the model relative to actual consumption data. The
AR-SVM model for Singapore, using 9 support vectors,
demonstrates a significantly higher RMSE of 191.6974, yet
maintains a low MAPE of 3.982123%. This suggests that while
the absolute errors might be larger, they are relatively small
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compared to the actual values, indicating a good model fit in
proportionate terms. In the case of the Philippines, which
employed 22 support vectors, the model achieved an RMSE of
20.79329 and a MAPE of 4.164425%, suggesting a relatively
more accurate fit. On the other hand, Brunei Darussalam, with 18
support vectors, exhibited the highest RMSE in the table at
371.8799, and a MAPE of 8.101263%, indicating considerable
variability in the fit of the model.

Table.5. Performance of Fitted AR-SVM Models for
Electric Power Consumption in ASEAN Nations

ASEAN Number of

Nation Support Vectors RMSE | MAPE
Brunei Darussalam 18 371.8799|8.101263%
Cambodia 8 12.3071 |12.38234%
Indonesia 7 16.95347|22.23923%
Malaysia 9 126.5497|6.850145%
Myanmar 17 10.5982 |7.792609%
Philippines 22 20.79329|4.164425%
Singapore 9 191.6974|3.982123%
Thailand 13 59.97657|9.129444%
Vietnam 7 38.29419|24.01097%

3.6 XGBOOST RESULTS

The Table.6 showcases the performance of fitted XGBoost
models for electric power consumption in ASEAN nations. The
XGBoost model for Indonesia, which underwent 100 iterations,
started with a train RMSE of 329.2199653 and progressively
improved to 0.7431893. This dramatic improvement indicates the
efficiency of the model in learning and adjusting to the
characteristics of the dataset. The final RMSE of 0.7431934 and
an exceptionally low MAPE of 0.003123305% reflect the high
accuracy of the model in fitting the electric power consumption
data. Similarly, the model for Thailand demonstrated significant
progress during training, reducing the train RMSE from an initial
1206.978461 to 1.448969. This indicates the capability of the
model to adapt and learn from the dataset, resulting in a final
RMSE of 1.448977 and a very low MAPE of 0.001210328%.
XGBoost model for Singapore, starting with a train RMSE of
5428.63625, showed considerable improvement, eventually
reaching an RMSE of 10.47943. Despite the higher RMSE
compared to other nations, the low MAPE of 0.001332788%
suggests that the model could capture the general trend of the data
effectively. The model for Vietnam also exhibited consistent
improvement, with the train RMSE decreasing from 465.090110
to 1.215772, leading to a final RMSE of 1.215777 and a MAPE
of 0.002943752%. This trend of significant reduction in RMSE
during the training process was observed across all nations,
indicating the robustness of XGBoost in modeling and fitting
complex datasets. These results underscore the effectiveness of
XGBoost models in capturing the nuances of electric power
consumption patterns. The consistently low MAPE values across
all countries further reinforce the accuracy and reliability of the
model, making XGBoost a compelling tool for predictive
modeling in diverse contexts.

4291

ICTACT JOURNAL ON SOFT COMPUTING, JULY 2026, VOLUME: 17, ISSUE: 02

Table.6. Performance of Fitted XGBoost Models for Electric
Power Consumption in ASEAN Nations

ASEAN Nation | RMSE MAPE
Brunei Darussalam| 11.2106 |0.001738513%
Cambodia 0.3674934/0.001363503%
Indonesia 0.7431934/0.003123305%
Malaysia 5.8119 |0.002816197%
Myanmar 0.2413716/0.001959335%
Philippines 0.8513808/0.001186033%
Singapore 10.47941 0.001332788%
Thailand 1.448977 [0.001210328%
Vietnam 1.215777 |0.002943752%

3.7 COMPARISON OF MODELS

The Fig.1 visually contrasts the model-derived estimates
against the actual electric power consumption data in Brunei
Darussalam. It can be observed that the XGBoost model outshines
others. This superiority is further underscored by its lowest RMSE
and MAPE values, highlighting its exceptional accuracy in the
dataset. Compared to the ARIMA and Grey models, which are
traditionally strong in linear trends and small datasets
respectively, the ability of XGBoost to handle non-linearities and
complex interactions gives it an edge. NNAR and ESN models,
despite being good at capturing non-linear trends, do not match
the performance of XGBoost.

Brunei Darussalam

12000
L

6000 8000 10000
L L

Electric Power Consumption (kWh}

4000

2000

2000 2010

Fig.1. Graphical comparison of the fitted values from different
models with Brunei Darussalam electric consumption data.

The line graph presented in Fig.2 offers a visual comparison
between the actual electric power consumption data of Cambodia
and the fitted values from various models, effectively highlighting
the differences in accuracy. The superiority of XGBoost model is
clearly demonstrated, as it aligns most closely with the actual
consumption figures, a fact underscored by its lowest RMSE and
MAPE. While ARIMA and Grey models have their merits in
certain scenarios, they fall short in achieving the same accuracy
level. Similarly, although the NNAR and ESN models are
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effective in a range of applications, they do not match the

efficiency demonstrated by XGBoost.

Cambodia
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Fig.2. Graphical comparison of the fitted values from different
models with Cambodia electric consumption data

In Fig.3, a detailed line graph comparison showcases how
different fitted values of the models align with the actual electric
consumption data of Indonesia, revealing the effectiveness of
each model. Moreover, the graph demonstrates the notable
proficiency of the XGBoost model in Indonesia, as indicated by
its fitted line closely mirroring the actual values, along with the
lowest RMSE and MAPE, signifying its superior predictive
accuracy. ARIMA and Grey models, despite their usefulness in
specific conditions, do not provide the same level of accuracy.
NNAR and ESN models, although capable in various
applications, do not reach the efficiency of XGBoost.

Indonesia
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Fig.3. Graphical comparison of the fitted values from different
models with Indonesia electric consumption data

For Malaysia, XGBoost again demonstrates the best
performance. The complex consumption patterns of the country
might be challenging for the linear approaches of ARIMA and the
assumptions of the Grey model. NNAR and ESN, while effective
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in capturing non-linear relationships, do not match the accuracy
of XGBoost (Fig.4).
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Fig.4. Graphical comparison of the fitted values from different
models with Malaysia electric consumption data

In Myanmar, the performance of XGBoost is unmatched,
indicating its strong adaptability and accuracy. The ARIMA
model, though useful for certain types of time series data, and the
Grey model, ideal for small or incomplete datasets, are not as
effective. NNAR and ESN models also lag behind in comparison
to the capabilities of XGBoost. This finding is illustrated in Fig.5.

Myanmar
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Fig.5. Graphical comparison of the fitted values from different
models with Myanmar

The Philippines sees the best results with the XGBoost model.
Its ability to manage large and complex datasets gives it a clear
advantage over ARIMA and Grey models. NNAR and ESN
models, while beneficial in specific contexts, do not reach the
same level of predictive power as XGBoost in this case (Fig.6).
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Philippines

700
L

600
!

Electric Power Consumption (kWh)
400

1990 2000 2010

Year

Fig.6. Graphical comparison of the fitted values from different
models with Philippines electric consumption data

The diagram in Fig.7 provides a comparative graphical
analysis of electricity consumption of Singapore against the fitted
values from different predictive models. The XGBoost leads in
predictive accuracy. Traditional models like ARIMA struggle
with the complexity of the data, and the Grey model is limited by
its inherent assumptions of linearity. NNAR and ESN models,
which are generally more adaptable to non-linear data, still do not
match the comprehensive learning algorithm of XGBoost.

Singapore

Electric Power Consumption (kWh)

1990 2000 2010

Year

Fig.7. Graphical comparison of the fitted values from different
models with Singapore electric consumption data

In Thailand, the superior performance of XGBoost is again
evident. While the ARIMA model is decent for linear trends and
the Grey model can be beneficial for datasets with limited
information, their accuracy falls short compared to the advanced
machine learning capabilities of XGBoost. NNAR and ESN
models, though capable of handling complex patterns, are
outperformed by the robustness and precision of XGBoost
(Fig.8).
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Thailand
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Fig.8. Graphical comparison of the fitted values from different
models with Thailand electric consumption data

The XGBoost model again shows its prowess in Vietnam,
surpassing other models in forecasting accuracy. While ARIMA
and Grey models have their merits in simpler scenarios, they fall
behind in capturing the intricate consumption patterns that
XGBoost manages to model effectively (Fig.9).
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Fig.9. Graphical comparison of the fitted values from different
models with Vietnam electric consumption data

In this study, we examined several predictive models for
electricity demand forecasting in the ASEAN region, each with
its own set of assumptions and limitations. The ARIMA model,
known for its linear approach, assumes future values of a time
series as a function of past observations and random errors. The
effectiveness of this model might be compromised in rapidly
changing economies due to its reliance on historical data and the
requirement for stationarity in time series data [46]. In contrast,
the Grey Model, designed for limited or incomplete data sets, may
not fully exploit its strengths in contexts where comprehensive
data is available [22]. It simplifies complex systems, potentially
overlooking the multifaceted factors influencing electricity
consumption in ASEAN countries. The NNAR model, capable of
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capturing non-linear relationships, faces challenges of
complexity, potential overfitting, and being data and
computationally intensive. Its "black box" nature could pose
interpretational challenges for policy formulation [47] [26].
Similarly, the ESN model, while innovative, is sensitive to initial
conditions and parameters. The performance of the model heavily
depends on the size of reservoir, and there is a risk of instability,
especially with volatile data like electricity consumption patterns
[48]. The AR-SVM requires careful kernel selection and
parameter tuning, presenting complexity in application. Its
predictions, while robust, offer limited interpretability, a common
drawback in machine learning models [49]. Finally, XGBoost,
known for its efficiency in handling complex datasets,
necessitates meticulous hyperparameter tuning. While it includes
regularization to prevent overfitting, improper tuning or lack of
data diversity can still lead to overfitting. It is also
computationally intensive, posing challenges in resource-
constrained scenarios [17] [45].

4. CONCLUSIONS

This study presents a comprehensive evaluation of various
predictive models for forecasting electricity demand in the
ASEAN region. The ARIMA, Grey Model, NNAR, ESN, AR-
SVM, and XGBoost models each exhibit unique strengths and
limitations in handling the intricate dynamics of electricity
consumption patterns. While traditional models like ARIMA and
Grey Model provide foundational insights, advanced models like
XGBoost demonstrate superior accuracy and adaptability in
capturing complex, non-linear patterns in the data. The findings
of this research not only offer valuable insights into the
effectiveness of these models in the context of electricity demand
forecasting but also underscore the importance of selecting
appropriate predictive tools to inform energy policy and planning
in rapidly evolving economies. As the ASEAN region continues
to grow and diversify, the ability to accurately forecast electricity
demand will remain a critical component in ensuring sustainable
and efficient energy management.

Future work should focus on integrating real-time data and
loT-based analytics to enhance the accuracy of electricity demand
forecasts in the ASEAN region. Exploring the incorporation of
socio-economic and environmental variables can provide a more
holistic understanding of consumption patterns. Additionally, the
development of user-friendly interfaces for these predictive
models would facilitate wider adoption and application by
policymakers and energy sector stakeholders.

5. AVAILABILITY
MATERIALS

OF DATA AND

The datasets analyzed and R scripts used to execute the
methodology are available at
https://github.com/samjohnparr/ASEAN_Predictive_Models.
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