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ABSTRACT Electricity load forecasting is crucial for effective energy management, particularly in
minimizing energy production and distribution costs. Traditional models like SARIMA and Singular
Spectrum Analysis (SSA) have been widely used but often need to capture complex nonlinear patterns
and deal with data uncertainties. This study aims to develop and evaluate a hybrid forecasting model that
combines the Prophet model with a Neural Network Autoregressive (Prophet-NAR) model, referred to as
PropNAR. The objective is to enhance the accuracy of hourly electricity load forecasting in Malaysia by
addressing the limitations of existing models. The proposed PropNAR integrated the strengths of the Prophet
model in capturing deterministic structures, such as trends, seasonality, and holiday effects with the NAR
model’s ability to handle nonlinear stochastic relationships. Additionally, SSA-based bagging is employed
to manage data uncertainties, and ensemble techniques are applied to further refine the forecasting accuracy.
The hybrid PropNAR model demonstrated significant improvements in forecasting accuracy. Specifically,
it reduced Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE) by approximately 21%-86% compared to the standalone Prophet model. On the Malaysian
electricity load datasets, the PropNARmodel achieved MAE values ranging from 527.26 to 1023.78, RMSE
values from 752.70 to 1498.54, and MAPE values from 1.12% to 2.04%. These results indicate a substantial
enhancement over SARIMA and SSA-NAR in handling outliers and data variability. The proposed hybrid
PropNARmodel offers a robust solution forMalaysian short-term electricity load forecasting, outperforming
conventional models in accuracy and reliability.

INDEX TERMS Electricity load forecasting, hybrid model, prophet model, neural network autoregressive
(NAR), singular spectrum analysis (SSA), ensemble techniques.

I. INTRODUCTION
Electricity load forecasting is essential for control of energy
transfer scheduling and load management. Improving the
accuracy of electricity load forecasting can reduce expenses
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or even financial losses due to the high difference between
energy availability and energy needs. Therefore, the research
topic on the development of forecasting models that are able
to capture electricity load patterns well is always interesting
to study.

The electrical load is typically influenced by the neighbor-
hood’s condition, which includes both natural conditions and
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human behavior as consumers. The need for more sophisti-
cated forecasting models has become apparent as electricity
consumption patterns become increasingly complex due to
the integration of renewable energy sources and evolving con-
sumer behaviors. Additionally, the behavior of the citizens
of two countries with the same seasons may not necessarily
result in a similar pattern.

In order to forecast electricity consumption data,
researchers have implemented a variety of models, including
machine learning and conventional models. The Seasonal
Autoregressive Integrated Moving Average (SARIMA)
model is capable of accurately capturing daily and weekly
pattern recurrences found in electricity time series data ([1],
[2], [3], [4]).

On the other hand, researchers use decomposition-based
methods, such as BATS (Box-Cox Autoregressive Moving
Average with Trend and Seasonal components), TBATS
(Trigonometric Box-Cox Autoregressive Moving Average
with Trend and Seasonal components) [5], SSA (Singular
Spectrum Analysis) ( [6], [7]), and Prophet [8], to model
electricity load data.

Complex time series that are often presented in hourly
electricity load data can be decomposed and analyzed using
Singular Spectrum Analysis (SSA). This assists researchers
in acquiring a more profound comprehension of the funda-
mental patterns that may be overlooked by the SARIMA
method ([9]). Within its application, basic SSA partitions
data into two components: signal and noise (irregular com-
ponents). SSA is capable of generating more precise forecast
values by concentrating on the signal components that have
been extracted. Nevertheless, in specific instances where the
irregular components exhibit an autocorrelation, it is neces-
sary to combine them with other models. Sulandari et al. [10]
has demonstrated that the combination of SSA and Neural
Networks can substantially reduce the level of forecasting
errors.

Recent advancements in machine learning and statistical
methods have opened up new possibilities for improv-
ing forecasting accuracy. The Prophet method is another
decomposition-based approach that has received consider-
able attention from researchers ([11], [12], [13], [14]). This
approach decomposes time series into seasonality (daily,
weekly, and yearly patterns), trends, and holiday effects. This
model is resilient to variations in data trends, outliers, and
missing data. In comparison to SSA, the Prophet model has
the advantage of accounting for the impact of holidays [15],
[16]. This model is considered to be particularly effective in
forecasting electricity loads due to these capabilities, as the
demand can be substantially influenced by deterministic
trends, seasonality, and holiday effects [8]. Nevertheless, this
model does not account for nonlinear stochastic relationships
that are often present in electricity load data. This gap in
addressing the full complexity of the data presents an oppor-
tunity for the development of hybrid models that can leverage
the strengths of multiple approaches ([17], [18], [19]).

This study proposes a novel hybrid model that combines of
Prophet model with a Neural Network Autoregressive (NAR)
approach, named PropNAR, as inspired by [10]. A Neural
Network is regarded as adaptable in the modeling of non-
linear stochastic relationships, such as economic shifts and
other dynamic influences, and has the capacity to learn from
large datasets. Additionally, it has the potential to account
for complicated temporal dependencies ( [20], [21]). The
NAR is one of the other types of Neural Networks for time
series forecasting, i.e., Long short-termmemory (LSTM) and
XGBoost. The NAR is simple but powerful and is more effi-
cient and requires less training time than LSTM [22]. It also
exhibits statistically comparable accuracy performance to
XGBoost in the context of time series with trend and seasonal
patterns [23].

PropNAR is a hybrid model that combines the strengths
of the Prophet and the NAR models to capture complex
patterns in time series data. Time series with complex pat-
terns include those that have trend, seasonal, and irregular
patterns, as well as values that may be very high or very
low because of external factors, like the holiday effect or
unknown outliers. Piecewise linear functions and Fourier
functions in the Prophet model can handle structural changes
and oscillation in data. The piecewise linear function breaks
up the nonlinear trend into several simple linear segments
so that it is more flexible in handling trend patterns. The
Fourier function, on the other hand, expresses data in the
frequency domain. This model can detect both deterministic
and stochastic cyclical trends as well as seasonal patterns.
Meanwhile, the autoregressive neural network can capture
nonlinear stochastic relationships between current data and
previous data and take into account the extreme values in the
data that cannot be handled by Prophet. With this advantage,
PropNAR has the ability to analyze and model complex time
series data that are usually related to natural phenomena,
such as climate data, electrical signals, web traffic, recurring
economic data, and other trend seasonal time series.

The hybrid PropNAR will also be implemented in the
investigation of bagging data for the purpose of data aggre-
gation. Bagging, or bootstrap aggregating, is a technique
that generates numerous bootstrap samples from the original
dataset to account for the uncertainty in the data. The bag-
ging principle involves the generation of data, the training
and modeling of each generated data, the determination of
the multiple-step-ahead forecast value, and the subsequent
combination of the predictions ([24], [25]). This method is
believed to be capable of reducing the effects of noise and
overfitting, resulting in a more dependable forecast value.
Another intriguing subject to investigate is the method of
calculating the aggregate value of the assembling forecast.
This investigation evaluates three ensemble methodologies
that were examined in [26].

The main concern of this work is to model the hourly
electricity load time series in Johor, Malaysia and Singapore,
using the hybrid PropNAR model. The objective of this
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empirical study is to investigate the hybrid PropNARmodel’s
ability to capture intricate patterns in the load time series and
to evaluate the accuracy of its forecasting value in comparison
to those obtained from the SARIMA and hybrid SSA Neural
Network Autoregressive (SSA-NAR) models as benchmark
models.

This paper is organized as follows. In Section II, we pro-
vide the fundamental methods used in this study and also
explain the procedure of the proposed approach. The imple-
mentation of the proposed approach to the two datasets of
hourly electricity load time series inMalaysia is then reported
in Section III. Finally, the conclusion is presented in the last
section.

II. MATERIALS AND METHODS
This section discusses the definition and provides a brief
overview of Prophet, the Neural Network for time series,
SSA-based bagging, and the ensemble method. The proposed
hybrid PropNAR with the implementation of bagging and
ensemble forecasting methods is also explained.

A. PROPHET MODEL
The Prophet model, developed by Facebook, is a forecasting
tool designed to handle time series data with strong seasonal
effects and missing observations. This model has three main
components: trend, seasonality, and holiday [8]. The model
can be represented mathematically as:

y (t) = g (t) + m (t) + h (t) + ε(t) (1)

where y (t) is the observed time series value at time t , g (t)
denotes trend function, capturing long-term changes in the
data,m (t) is the seasonality term, capturing periodic patterns
at different frequencies (e.g., daily, weekly, yearly), h (t)
represents the effect of holidays and special events, and ε(t)
is the error term that accommodates any changes that are not
accounted for in the model. By representing the model in
equation (1), it becomesmore flexible and effective in accom-
modating trend patterns, single or multiple seasonality, and
holiday effects. According to [8], this model can approximate
the trend function well without removing outliers.

The trend component g (t) can be modeled as a piece-wise
linear function:

g (t) = β0 + β1t + β2 (t − c)+ (2)

where c denotes the changepoint and βj(i = 0, 1, 2) are the
unknown parameters. The seasonal component, m(t), speci-
fied in (1) is modeled using a Fourier series:

m (t) =

∑nF

k=1

(
akcos

(
2πkt
s

)
+ bksin

(
2πkt
s

))
(3)

which controlled by a vector of parameters θ =[
a1, b1, . . . , anF , bnF

]T and seasonal period denoted by s.
The number of Fourier components, nF , can be obtained
by considering the used matrix evaluation with the possible
maximum value is the largest integer less or equal than a half

of the in-sample data size [27]. Meanwhile, h (t) considers
the effect of holidays expressed in the function of dummy
variables. In the Prophet model, the changepoints can be
selected, and other model characteristics can be estimated
automatically using the Bayesian approach [28]. By defining
each component in this manner, the Prophet model offers
flexibility in capturing complex seasonal patterns and abrupt
changes in trends. However, it does not inherently account for
nonlinear, stochastic relationships in the data, necessitating
the integration with other models like Neural Networks.

B. NEURAL NETWORK AUTOREGRESSIVE (NAR) MODEL
The Neural Network Regressive (NAR) model is a type of
feedforward neural network specifically designed for time
series forecasting. The model uses lagged observations of
the time series values as inputs to forecast future values.
The choice of NAR over other types of Neural Networks,
such as LSTM or Gated Recurrent Unit (GRU), was driven
by its simplicity and effectiveness in capturing short-term
dependencies in the data without requiring the complexity of
recurrent architectures [22].
The NAR model is represented as:

yt = v0 +

∑nh

j=1
vjf (netj) (4)

where vj(j = 0, 1, . . . , nh) denotes the unknown parameters,
nh is the number of nodes in the hidden layer. The function f
in (4) is a tangent sigmoid function which is defined as (5),

f
(
netj

)
= [1 − exp (−2netj)]/[1 + exp (−2netj)] (5)

where netj is obtained from (6)

netj = w0j +
∑np

k=1
wkjyt−k +

∑ns

i=1
wijyt−is (6)

Notations w0j,wkj, and wij
(
j = 1, . . . , nh; k = 1, 2, . . . , np

)
are the unknown parameters of the model. This model
has regular lagged inputs, yt−1, . . . , yt−np , and seasonal
lagged inputs, yt−s, . . . , yt−nss, where s represents the sea-
sonal period. The NAR model was chosen for its ability to
model nonlinear relationships in the data, complementing the
Prophet model’s strengths. This hybrid approach allows the
capture of deterministic and stochastic patterns in electricity
load time series data.

C. SSA-BASED BAGGING METHOD
Singular Spectrum Analysis (SSA) has a great ability to
decompose time series into several components, which usu-
ally shows trend, oscillatory, and irregular patterns [29].
In this work, SSA is liable for decomposing the time series
data into two components: signal and noise. These compo-
nents are subsequently employed as the basis for generating
new data. As illustrated in [30], the accuracy of multistep
forecasting values can be enhanced by implementing an
SSA-based bagging method.

In its implementation, SSA is comprised of four steps,
namely decomposition, singular value decomposition (SVD),
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grouping, and reconstruction. The decomposition step com-
mences with setting the window length parameter, L, and
transforming time series data

{
y1, y2, . . . , yntr

}
into a tra-

jectory matrix based on the selected window length, as
represented in (7).

Y =


y1 y2 y3 · · · yK
y2 y3 y4 · · · yK+1
...

...
... · · ·

...

yL yL+1 yL+2 · · · yntr

 (7)

where ntr represents the size of training data sets. At SVD
step, the trajectory matrix Y is then decomposed into signal
and noise (irregular component) by considering the eigen-
values of X = YY ′, λ1, λ2, . . . , λL , and eigenvectors,
U1,U2, . . . ,UL, corresponding to these eigenvalues. This
SVD can be represented as

Y = Y1 + . . . + Yd , (8)

where Y i =
√

λiU iVT
i , V i = Y

′
U i/

√
λi, λi is the

eigenvalues of X , d is rank of Y . In the grouping step, all
decomposition components written in (8) are grouped into
two separable components. Finally, by using diagonal aver-
aging, the decomposition results in the form of a matrix is
reconstructed into time series data that can be expressed as,

yt = St + Nt (9)

where St and Nt are the signal and noise components, respec-
tively. Further information related to this SSA method can be
found in [6], [29].
The window length L plays a critical role in the decomposi-

tion process. This study chose a window length of 4007 based
on the training data length, following guidelines from previ-
ous research [7], [30], [31], [32], [33]. A sensitivity analysis
showed that varying L within a reasonable range did not
significantly impact the model’s performance, ensuring the
robustness of the selected parameter.

The SSA-based bagging method generates new B time
series by following the procedure.

a. decomposing the time series by the SSAmethod into two
components as written in (9)

b. implementing k-mean cluster to cluster Nt (t =

1, . . . , ntr ) defined in (9) into K-groups,
c. determining the average and standard deviation of each

cluster.
d. generating B new noise series, N 1

t , . . . ,NB
t randomly

from a Gaussian normal distribution according to the
parameter obtained from step b.

e. defining new time series by

yit = St + N i
t for i = 1, . . . ,B; t = 1, . . . , ntr (10)

where B is the number of bootstrapped series and ntr is the
size of the training data.

D. ENSEMBLE METHOD
The ensemble method in time series forecasting is con-
structed from a variety of forecast values as predictors to
generate an aggregate forecast that is more accurate than
those obtained from its individual components. The ensemble
methods used in this study include three approach ensemble
models discussed in [26], namely ensemble model based on
average (EnA), based on linear relationship function (EnL),
and based on nonlinear relationship function (EnNL). Sup-
posed ŷit+h is the forecast value at time t + h calculated from
the ith model where i = 1, . . . , nm and nm is the number of
models involved in the ensemble model. These approaches
are formulated as follows:
a. Forecast value for EnA

ŷt+h =

∑nm
i=1 ŷ

i
t+h

nm
(11)

b. Forecast value for EnL

ŷt+h =

∑nm

i=1
wiŷit+h (12)

where wi, i = 1, 2, . . . , nm are obtained by minimizing
the squared error

min d(w) =

∑nm

t=1

(∑nm

i=1
wiŷ

(i)
t − yt

)2
under the linear restriction

∑nm
i=1 wi = 1.

c. Forecast value for EnNL

ŷt+h = v0 +

∑nh

j=1
vjf

(
w0j +

∑nm

i=1
wijŷit+h

)
(13)

where f represents log sigmoid function specified in

f (x) =
1

1 + exp (x)
(14)

A backpropagation neural network technique (namely,
NN) with the Levenberg-Marquart optimization is used to
estimate the weights, v0, vj,w0j, and wij for i = 1, 2, . . . , nm
and j = 1, 2, . . . , nh.
The rationale for considering all three methods lies in their

different strengths. EnA provides simplicity and robustness,
EnL optimizes linear relationships, and EnNL captures more
complex, nonlinear interactions between model outputs.

E. THE PROPOSED METHOD
The proposed hybrid forecasting method combines the
Prophet and NAR models within an SSA-based bagging and
ensemble framework. In general, this model states the time
series is composed as the sum of two components

yt = M1
t +M2

t (15)

where M1
t denotes the deterministic component and M2

t
denotes the stochastic component. The first component, M1

t
is approximated by the Prophet model so that the forecast
values from this component, namely Pt , can be obtained. The
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stochastic component,M2
t , is then approximated byNAR that

is constructed from the residuals of Prophet model. Let et
denotes the residual at time t yielded by the Prophet model,
then

et = yt − Pt , (16)

is modeled by NAR. Let the forecast values obtained from
NAR is denoted by NARt then the hybrid forecast of
model (15) is

ŷt = Pt + NARt . (17)

This hybrid approach is also implemented to the bagging data
together with the three ensemble approaches, i.e., EnA, EnL,
and EnNL.

The method is presented in Figure 1 and proceeds as
follows:

Step 1. Bagging the training data by the SSA-based bag-
gingmethod. New noise series are generatedB−1 times from
Nt in (9) and the new bootstrapped time series are then can
be determined by (10). In the experiment, we can consider
b < B which randomly chosen from B series. Note that in
this work N i

t = Nt for i = 1, therefore the first bootstrapped
series is the original series or yit = yt for i = 1.
Step 2. Modeling each bootstrapped series by Prophet

method
a. Calculating the fitted values
b. Defining the residuals
c. Obtaining the forecast values based on each Prophet

model
For modeling hybrid ensemble prophet NAR, follow

Steps 3 - 4, while for modeling ensemble hybrid propNAR,
follow Steps 5 - 6

Step 3. Constructing ensemble Prophet model
a. Estimating the weights to combine all fitted values

obtained from Step 2a based on
i. EnA
ii. EnL
iii. EnNL
to obtain the ensemble fitted values and determine their
residuals

b. Determining the forecast values by implementing the
weights obtained from Step 3a to combine all forecast
values obtained from Step 2c.

Step 4. Constructing the hybrid ensemble Prophet NAR
model
a. Modeling the residuals obtained from each ensemble

Prophet in Step 3a using NAR method
b. Obtaining the fitted and forecast values for residuals

of ensemble Prophet using the model constructed in
Step 4a.

c. Combining the ensemble Prophet and NAR serially to
find the final fitted and forecast values by (17)

Step 5. Constructing hybrid PropNAR model
a. Modeling the residuals obtained from Step 2b using

NAR method

b. Determining the fitted and forecast values for the resid-
uals by NAR model obtained from Step 5a

c. Combining each prophet with its corresponding NAR
model serially and calculating the fitted and forecast
values using (17).

Step 6. Constructing the ensemble hybrid PropNARmodel
a. Implementing the three ensemble methods to the final

fitted values obtained from Step 5c by EnA, EnL, and
EnNL

b. Calculating the fitted and forecast values based on the
ensemble hybrid PropNAR and defining the residuals

Step 7. Evaluating all models and comparing the results

FIGURE 1. The procedure used in this study.

There are two scenarios applied to the bagging data,
namely, the hybrid ensemble Prophet with NAR model and
the ensemble hybrid PropNARmodel. The first hybrid model
is constructed from the ensemble of all Prophet models with
the NARmodel (see Figure 1 with the green color), where the
NAR is used for forecasting the residuals of Prophet models.
The second is an ensemble of all of the PropNAR hybrid
forecasting models (see Figure 1 in pink color).

All models are then evaluated based on MAE (mean abso-
lute error), RMSE (root mean square error), and MAPE
(mean absolute percentage error). Let rt = yt−ŷt is the resid-
ual at time t(t = 1, . . . , nobs), the values ofMAE, RMSE, and
MAPE can be calculated by (18)-(20), respectively.

MAE =

∑nobs

t=1
|rt | /nobs (18)

RMSE =

√∑nobs

t=1
r2t /nobs (19)

VOLUME 13, 2025 7641



W. Sulandari et al.: Hybrid Prophet-NAR Model for Short-Term Electricity Load Forecasting

MAPE =
1
nobs

∑nobs

t=1

∣∣∣∣ rtyt
∣∣∣∣ × 100% (20)

where nobs is the number of observations involved in the cal-
culation. Finally, we compare the results with those obtained
from SARIMA and SSA-NAR as benchmark models.

The following Table 1 summarizes the proposed method
in comparison to traditional approaches like SARIMA and
SSA-NAR:

TABLE 1. Comparison between SARIMA, SSANAR, and the proposed
method.

III. RESULT AND DISCUSSION
This section discusses the implementation of the proposed
hybrid Prophet-NAR (PropNAR) methods on four hourly
electricity datasets. The proposed hybrid PropNAR model’s
performance was evaluated against traditional models, espe-
cially SARIMA and SSA-NAR.

A. DATASETS
The performances of the proposed hybrid models are eval-
uated using hourly Malaysian and Singaporean datasets,
which have varying sizes of training data. These data can be
accessed freely at [34] and https://www.ema.gov.sg/, respec-
tively. The four datasets employed in this investigation are
detailed in Table 2. The second dataset has an extreme value
on September 14, 2010, 02:00 pm, while the third dataset,
as the merger of the first and second datasets, has one missing
value on January 1, 2010, 00:00 and also an extreme value on
September 14, 2010, 02:00 pm.

These four datasets have been affected by daily and weekly
seasonal and also have holiday effects (see [30]). Further, the
pattern of the data can be seen in Figure 2 and Figure 3.
Based on those figures, it can be seen that the movement
of Malaysian data tends to be more stable than Singaporean
data.

TABLE 2. Training and testing periods for the datasets discussed in this
study.

FIGURE 2. Hourly electricity load of Malaysia from January 1, 2009
01:00 am to December 1, 2010 11:00 pm.

FIGURE 3. Hourly electricity load demand of Singapore from January 1,
2022 01:00 am to November 11, 2024 00:00 am.

B. EXPERIMENTAL RESULTS
Regarding the uncertainty in the data due to the influ-
ence of double seasonality, holidays, and other external
factors, we bootstrap the data 100 times. In this case, the
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SSA-based bagging method is implemented to generate
100 new bootstrapped time series, where the original data is
first decomposed into signal and noise using the SSAmethod
with a length of the window is the greater integer less than a
half of the training size. The noise is then grouped into several
clusters using the k-means cluster method. New bootstrapped
noise data points are generated based on the character of each
groupwhere the original data points are located. Furthermore,
new bootstrap time series data is obtained from the sum of
the signal with the bootstrap noise data. Then, the original
series and nine the bootstrapped series will be randomly
selected to be modeled. Based on [30], the more bootstrap
time series involved in the ensemble component does not
guarantee better performance of the ensemble forecasting
model.

Furthermore, four data sets and their bootstrap series
are modeled by following the procedures described pre-
viously. All calculations were carried out using laptop
12thGen Intel core-i7 memory 32 RAM Platform: x86_64-
w64-mingw32/x64 (64-bit) within the R version 4.2.2. and
Matlab 2024a software environments. The hybrid PropNAR,
three ensemble hybrid PropNAR: EnA hybrid PropNAR
(EnAHyPropNar), EnL hybrid PropNAR (EnLHyPropNAR),
and EnNL hybrid PropNAR (EnNLHyPropNAR), and three
hybrid ensemble Prophet with NAR: hybrid EnA Prophet
with NAR (HyEnAPropNAR), hybrid EnL Prophet with
NAR (HyEnLPropNAR), and hybrid EnNL Prophet with
NAR (HyEnNLPropNAR) were observed and compared to
the SARIMA and hybrid SSA-NAR.

In the numerical study, hyperparameters for the models
were selected as follows. For the SSA, we considered a
window length equal to the largest integer less than or equal
to half of the training data size, and a number of eigen-
triples in the reconstruction step was determined based on
the w-correlations between components. This is the general
suggestion from the literature, see, e.g. [29]. For the NAR
model, we considered a number of nodes in the hidden layer
equal to half of the number of input nodes plus 1. The number
of non-seasonal lags used for the input was estimated as based
on theAkaike Information Criteria (AIC). Then, we fit twenty
networks with different random starting weights, which are
then averaged to produce the forecasts. All computations
of NAR models are set with the set.seed(123) and use the
‘‘nnetar’’ function in ‘‘forecast’’ package in R. In the exper-
iment for the Prophet model, we employ the linear trend
function, with twenty-five changepoints from the first eighty
percent observations automatically selected. The influence of
holidays is considered in the third and fourth datasets. The
setting is ‘‘MY’’ for Malaysia and ‘‘SG’’ for Singapore. For
the EnLmodel, we employ the ‘‘fmincon’’ function inMatlab
to estimate the weights of each component. Meanwhile, for
the EnNL model, the maximum number of epochs is set to be
1000 with the number of hidden units determined by tuning
the value from one to ten so that themodel produces the small-
est MSE value. Although the hyperparameter choice might
affect the final accuracy of the model, we have considered

alternative sets of hyperparameters, being the best results
obtained in setup described above.

Initially, we examine the two first datasets, which pertain
to Malaysia in 2009 and 2010. For datasets with less than
one year of observations, we did not incorporate the holiday
effect into the model, as we were unable to observe the yearly
holiday effects’ repetition. The error evaluation based on
MAE, RMSE, and MAPE are presented in Tables 3–5.

TABLE 3. Evaluation of MAEs for malaysian years 2009 and 2010.

Table 3-Table 5 show that the hybrid PropNAR effectively
reduces the MAE (mean absolute error), RMSE (root mean
square error), and MAPE (mean absolute percentage error)
of the Prophet model by approximately 74%-85%. On the
testing data, the hybrid PropNAR models, which include the
ensemble approach implementation, produce lower MAEs,
RMSEs, andMAPEs (see Table 3-Table 5) than the SARIMA
and SSA-NAR models. In the case of 2009, it can be seen
that SARIMA can still work well compared with when it was
applied to the 2010 dataset. It seems that SARIMA is unable
to capturemore complex patterns in 2010, as shown byRMSE
evaluations on testing data in Table 5.

Furthermore, the last two datasets, which are lengthier
datasets of Malaysia and Singapore, do not have an appro-
priate SARIMA that can capture the intricate relationship in
the data. Tables 6–8 present the error evaluation in terms of
MAE, RMSE, and MAPE.

Based on Table 6-Table 8, it can be seen that the hybrid
PropNAR approach is effective and works well in reducing
MAE, RMSE, and MAPE of the standalone Prophet model
for the lengthier Malaysian data. In the same vein, PropNAR
was able to decrease the MAE, RMSE, and MAPE values
in the Singapore dataset in comparison to Prophet. However,
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TABLE 4. Evaluation of RMSEs for malaysian years 2009 and 2010.

TABLE 5. Evaluation of MAPEs for malaysian years 2009 and 2010.

the reduction inMAE, RMSE, andMAPE in the Singaporean
testing data was not as substantial as that in the Malaysian
data. The reduction was ranging from 21% to 48%.

C. DISCUSSION
It is crucial to ensure that electricity load forecasting is accu-
rate, as any discrepancy between the amount of electricity

TABLE 6. Evaluation of MAEs for malaysian 2009-2010 and singaporean
2022-2024.

TABLE 7. Evaluation of RMSEs for malaysian 2009-2010 and singaporean
2022-2024.

produced and the amount consumed will lead to finan-
cial losses. Therefore, investigation into the specificity of
each accuracy obtained from each step-ahead forecast value
may provide valuable information for the decision-makers.
Figures 4 – 9 provide useful supplementary information
regarding this issue.
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TABLE 8. Evaluation of MAPEs malaysian 2009-2010 and singaporean
2022-2024.

Figure 4 illustrates that for the first dataset (Malaysia
2009), SARIMA is able to compete well with the EnNL-
HyPropNAR and HyEnLPropNAR models, even better than
PropNAR and SSA-NAR. However, though the MAPEs of
SARIMA up to 24th lead times are consistently less than 2%
(see Figure 4), it produces higher APE values than EnNL-
HyPropNAR and HyEnLPropNAR at certain lead times with
values of more than 5%. In this case HyEnsNLPropNAR
models are more recommended for forecasting up to fifteen
steps ahead as the APE values are below 2% (see Figure 5).

FIGURE 4. MAPE obtained from PropNAR, EnNLHyPropNAR,
HyEnNLPropNAR, SARIMA, and SSA-NAR for the testing data of Malaysian
2009 dataset.

Meanwhile, for the second dataset (Malaysia 2010),
although the MAPE values produced by SARIMA is 5.10%
(see Table 5) higher than the SSA-NAR and PropNAR
models, the SARIMA is the most recommended model for

FIGURE 5. APE obtained from HyEnNLPropNAR, EnLHyPropNAR, and
SARIMA for the testing data of Malaysian 2009 dataset.

Malaysian electricity load forecasting up to 8 hours in the
future (see Figure 6). The accuracy of the SARIMA model
may be affected by an extreme value in the Malaysia 2010
dataset (see Figure 2). Figure 6 shows that the EnNLHyProp-
NAR and HyEnNLPropNAR models are the more suitable
options in this case. The APE values of these two models (see
Figure 7) aremore consistent than those of other models, even
when forecasting up to the next 24 observations.

FIGURE 6. MAPE obtained from PropNAR, EnNLHyPropNAR,
HyEnNLPropNAR, SARIMA, and SSA-NAR for the testing data of Malaysian
2010 dataset.

FIGURE 7. APE obtained from EnLHyPropNAR, HyEnNLPropNAR, and
SARIMA for the testing data of Malaysian 2010 dataset.

Due to the more intricate pattern datasets, the third
(Malaysia 2009–2010) and the fourth (Singapore 2022–2024)
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datasets cannot be modeled using SARIMA, in contrast to
the first two. Additionally, in accordance with the findings
on other Malaysian data sets, The SSA-NAR model is the
least suitable model for the lengthier Malaysian dataset (see
Figure 8).

FIGURE 8. MAPE obtained from PropNAR, EnLHyPropNAR,
HyEnLPropNAR, and SSA-NAR for the testing data of Malaysian 2009-2010
dataset.

On the other hand, SSA-NAR can be considered as a good
alternative model for the Singaporean dataset, as it is capable
of forecasting up to eight steps ahead (see Figure 9). Consid-
ering that the proposed hybrid PropNAR has not been able
to reduce the MAPE value to below 2% for forecasting up
to twenty-four steps ahead, additional research in the hybrid
model development is required for the Singaporean dataset.
In the future, it is imperative to select a trend function that can
capture the trend behavior of the data. Using more training
data is another issue that can cause the model to overfit.
The experimental results shown in Tables 6-8 reveal that the
model produces relatively small accuracy measures (in terms
of MAE, RMSE, and MAPE) but not on the testing data.

FIGURE 9. MAPE obtained from PropNAR, EnNLHyPropNAR,
HyEnNLPropNAR, and SSA-NAR for the testing data of Singaporean
2022-2024 dataset.

From the computational times, Table 9 shows a natural
increase when we move from the Prophet to the PropNAR.
However, that is a perfectly manageable computational time.
As expected, the increase for both models is more evident

when considering the ensemble models what consider 10 data
sets instead of one.

TABLE 9. Running time for modeling malaysia and singapore load time
series.

Based on the experimental results, the hybrid PropNAR,
including the ensemble approaches are more recommended
than other single models and SSA-NAR. In general, the
experimental results indicate that the accuracy of forecasting
can be enhanced through the implementation of ensemble
techniques. In this instance, EnNL, one of the three tech-
niques employed in the investigation, is worthy of selection.
Also, themodeling process that starts with the prophet ensem-
ble and is then combined with NAR produces better results
than the modeling process that starts with a combination of
prophets and NAR from bagging data and is then combined
with the ensemble. Additionally, the EnNLHyPropNAR is
deemed more appropriate for short-term electricity load
forecasting inMalaysia based on the results of detailed obser-
vations of forecasting errors at each lead time point. SARIMA
might still be a viable choice under certain conditions, par-
ticularly when forecasting data with stable and well-defined
seasonal patterns.

The study set out to address several key research questions
and hypotheses, primarily centered around the effectiveness
of the hybrid PropNAR model in improving electricity load
forecasting accuracy. It works well for modeling time series
with trend and seasonal patterns. Though the literature stated
that the Prophet is resilient to missing data, effective in the
presence of sparse data, and manages outliers well [12], [35],
[36], it is important to acknowledge that the Prophet has
limitations on strongly sparse data that do not show strong
seasonal patterns. The same limitations are observed in the
PropNAR model. Consequently, it is essential to exercise
caution when managing sparse and missing data during the
preprocessing phase.
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Further, the results of this study broadly support the
hypothesis that integrating the Prophet model with NAR
and employing SSA-based bagging enhances forecasting
accuracy, particularly for datasets with complex seasonal,
nonlinear patterns. However, the findings also suggest that the
hybrid model’s advantages are most pronounced in scenarios
where the data exhibits significant variability or nonlinearity.
Traditional models like SARIMA may still hold their own or
outperform the hybrid approach in more stable datasets. This
variation understanding emphasizes the importance of select-
ing forecastingmodels based on the specific characteristics of
the dataset in question.

These findings have significant practical implications
for energy management and forecasting in Malaysia and
Singapore. The hybrid model offers a powerful tool for
improving the accuracy of short-term electricity load fore-
casts, leading to more efficient energy production and dis-
tribution and, ultimately, reduced operational costs. However,
practitioners should be mindful of the model’s limitations and
consider using traditional models like SARIMA in scenarios
where the data exhibits strong, consistent seasonal patterns.
The choice of forecasting model should be guided by a thor-
ough analysis of the data characteristics, a crucial step to
ensure the most appropriate model is applied in each case.

Given the study’s findings, further research could explore
refinements to the hybrid model, such as incorporating addi-
tional layers of ensemble techniques or experimenting with
other types of neural networks like LSTM, GRU, or Trans-
former, which might offer better performance in capturing
long-term dependencies [37], [38], [39], [40], [41]. Addition-
ally, more extensive sensitivity analyses could be conducted
to better understand the impact of parameter choices, such as
window length in SSA, on model performance.

IV. CONCLUSION
This study introduces a hybrid Prophet-NAR model for
improving the accuracy of short-term electricity load fore-
casting in Malaysia and Singapore. The integration of the
Prophet model, known for its ability to capture deterministic
structures like trends, seasonality, and holiday effects, with a
Neural Networks Autoregressive (NAR) model, which excels
in modeling nonlinear stochastic relationships, demonstrated
substantial improvements over traditional models SARIMA
and SSA-NAR.

The hybrid model significantly reduced forecasting errors
across various metrics, with MAE reductions of up to 85%
compared to the standalone Prophet model. The model per-
formed particularly well in scenarios with complex and
variable data patterns, affirming its robustness and adaptabil-
ity. However, in certain cases, particularly with more stable
seasonal data, traditional models like SARIMA still offered
competitive or even superior performance.

The enhanced forecasting accuracy provided by the hybrid
model holds significant potential for real-world applications
in the energy sector, particularly in Malaysia and Singapore.
More accurate short-term electricity load forecasts can lead

to better energy management decisions, optimizing the bal-
ance between supply and demand, reducing operational costs,
and mitigating the risks associated with overproduction or
shortages. This could directly impact the efficiency and sus-
tainability of energy systems, contributing to a more reliable
and cost-effective electricity supply.

Future research should focus on refining the hybrid model,
possibly by integrating additional advanced techniques such
as LSTM, Transformer, or other ensemble methods to cap-
ture long-term dependencies more effectively. Additionally,
conductingmore extensive sensitivity analyses on key param-
eters, such as the window length in SSA, would provide
deeper insights into how these factors influence model per-
formance. Exploring the application of this hybrid approach
in other domains with similar data characteristics could also
broaden its utility and demonstrate its versatility.

In conclusion, while the hybrid PropNARmodel represents
a significant advancement in electricity load forecasting, its
application should be tailored to the specific characteristics of
the dataset. Continued research and development in this area
will be crucial to fully realize the potential of hybrid models
in energy forecasting and beyond. Future research will focus
on further improving the model’s performance by exploring
additional hybrid and ensemble techniques.
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