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ABSTRACT

The Box-Jenkins method or the Autoregressive integrated moving average model is a famous technique for
forecasting time series data. The study aims to analyze the historical data and develop an appropriate
model that will forecast the electricity demand in Davao del Sur province in the Philippines. The dataset
used in the paper was provided by the Davao del Sur Electric Cooperative, Inc. (DASURECO, Inc.) upon
request through the electronic Freedom of Information (eFOI) website. The annual data cover the years
2000 to 2021. The data series was transformed using the Box-Cox transformation, and differencing was
performed to address nonstationarity and nonconstant variance. The best model was selected among the
tentative models by selecting the model with the least Akaike Information Criterion (AIC) value. The
chosen model has undergone diagnostic checking and found that the residuals behave like white noise. The
results show that ARIMA (0,1,0) with drift is the statistically valid model and is suitable for predicting
electricity demand. The forecast shows that the electricity demand in the region will continue to increase,
and it is predicted that by 2026, the demand will reach 505,246.4 megawatt-hours.
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1. INTRODUCTION

Electricity plays a crucial role in modern living, and people rely heavily on it in performing daily
activities, whether at home, school, or work [1]. Compared to other forms of energy, electricity
has many advantages, for instance, efficient transfer, easy control, reliability, convenience,
versatility, and cleanliness.

The Philippines saw a steady increase in electricity consumption in the past years. In 2019, the
Department of Energy (DOE) reported that the country consumed 106,041 gigawatt-hours (GWh)
of electricity, a 6.3 percent increase from 99,765 GWh of the previous year [2]. In Davao City,
the Davao Light and Power Corporation also observed a growing electricity demand in the same
year. It is reported that the electricity consumption of residential consumers significantly
increased by 17 percent [3]. With the dependence and fast-growing demand, forecasting
electricity consumption has become necessary. Policymakers, power utility owners, and private
investors find forecasting electricity essential. The forecasts of electricity demand ensures that
enough electricity is being produced to meet future needs. The accuracy of demand load forecasts
can help save operating costs and increase power supply dependability [4]. For instance, the
generation of electricity heavily relies on other resources like water, coal, oil, natural gas,
biomass, and nuclear energy. With consumption forecasts, power stations can plan the number of
resources needed to generate electricity. With this, underestimation and overestimation leading to
power shortages and overspending of resources can be avoided.
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Several prediction techniques were introduced to accurately forecast the electricity demand, and
they can be categorized mainly into statistical (traditional) and Artificial Intelligence-based
algorithms. One of the well-known statistical techniques in forecasting time series data is the
Box-Jenkin’s method or the Autoregressive integrated moving average (ARIMA) model. The
model has been widely used in various fields as it is known to be an effective model for
forecasting time series data [5]. In 2019, Delima forecasted the Philippine electricity
consumption for 2018-2022 [6]. Parrefio forecasted the electricity consumption for 2021-2030
[7]. The results found that the ARIMA model has high precision predictions and is appropriate
for forecasting electricity consumption. Therefore, this paper applied the Box-Jenkin’s method or
the ARIMA model to forecast electricity demand in Davao del Sur. Moreover, there are few to no
studies that forecast the electricity demand in Davao del Sur.

This paper primarily aims to examine the possibility to develop a model that will efficiently
forecast the electricity demand in Davao del Sur. Specifically, this paper shall a) investigate the
characteristics of the available historical data of electricity demand in Davao del Sur, b) develop
an appropriate model for the electricity demand in Davao del Sur using the Box-Jenkins method,
and c) forecast the electricity demand in Davao del Sur using the model found in b). This study is
being carried out with the aim that the model could be used as a basis for planning electricity
generation to meet the increasing electricity demand in Davao del Sur.

This paper is organized as follows: Section 2 presents the studies and literatures related to this
paper. Section 3 describes the dataset used, forecasting methodology, and statistical software and
packages used in this paper. Section 4 discusses the performance of the forecasting model and
simulation results. Finally, the conclusions and recommendations are given in Section 5.

2. LITERATURE REVIEW
This section presents different models used to forecast electricity demand.

The performance of ARIMA and seasonal ARIMA (SARIMA) models in forecasting the
electricity consumption of a healthcare building were compared in [8]. The models were built
from a dataset consisting of 132 observations. It was revealed that the SARIMA(0,1,0)(0,1,1)12
model has better performance than the ARIMA(2,1,3) model since its MAPE and RMSE values
were smaller than the ARIMA model.

The ARIMA and seasonal ARIMA model was also used in forecasting electricity demand in
Ghana. The study found that SARIMA(0,1,1)(0,0,2) was appropriate for special load tariff data,
ARIMA(1,1,1) was appropriate for non-special load tariff data, SARIMA(1,1,0)(1,0,0) was
appropriate for prepaid load tariff data, and SARIMA(0,1,1)(1,1,3) was appropriate for regional
load tariff data. The models were chosen based on their sum of squared estimates (SSE). The
models were then validated using out-of-sample data with an error criterion of <I GW [9].

A study applied the ARIMA models to forecast the electricity consumption of the Philippines. It
applied model splitting; the first 43 data points were used to build the model, while the remaining
5 data points were used to evaluate the model. It considered the model with the least AIC value
and implemented diagnostic checks and forecast evaluation to determine if the model was
reliable. The results of the analysis revealed that ARIMA (0,2,1) was the appropriate model to
forecast electricity consumption. The study predicted that by 2030, the electricity consumption of
the Philippines would be 163,639.9 GWh. [7]

Other methods were also used to forecast electricity consumption. In [10], a modified grey
prediction model was applied to forecast the electricity consumption of industries in China. The
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particle swarm optimization algorithm was utilized to generate the optimal parameters of the
model. The novel prediction model applied these changes to the conditions to overcome the
challenge of having a fixed structure and poor adaptability of the model in transforming the raw
data. The results revealed that the novel modified grey prediction model performs better than
other models. The vector error correction model (VECM) with the self-adapting screening (SAS)
method was proposed in [11] to forecast and determine the effects of external economic factors
on the monthly electricity consumption of China from 2000-2014. The X-12- ARIMA was
implemented first to filter the seasonal patterns in the data series. The VECM was then applied to
explore the correlations of the external economic factors to electricity consumption. Then, the
self-adapting screening method was utilized to determine which external economic factors are
influential and can cause of contradiction among data quantity and data length. Finally, in [12], a
seasonal GM(1,1) model was implemented to forecast industrial electricity consumption in
China. The model was built from seasonal historical data from 2010 to 2016. The performance of
seasonal GM(1,1) was compared to GM(1,1), PSO-GM(1,1), and APL-SFGM(1,1) models. It
was revealed that the prediction accuracy of seasonal GM(1,1) was better than other models. It is
predicted that by 2020, the electricity consumption of industries in China will be 107.645 TWh.

3. METHOD

3.1. Dataset

The dataset used in this paper was provided by the Davao del Sur Electric Cooperative, Inc.
(DASURECO, Inc.) upon the author’s request through the electronic Freedom of Information

(eFOI) website. It is in megawatt-hours (MWh) and consists of annual electricity demand from
2000 to 2021.

3.2. Autoregressive Moving Average (ARIMA) model

The ARIMA model was used to forecast the electricity demand for 2022 to 2026. The general
ARIMA model is given by:

®(B) = (1 - B)%y, = § + ©(B)e, (1)
where & is the constant term, € is the white noise, ®(B) = 1 — ®B — ®,B? — -+ — @, BP
and ®(B) =1—6B — 6,B% — --- — 6;B3 [13].

3.3. Autocorrelation Function

The autocorrelation calculates the correlation coefficient for each set of ordered pairs of within
variable values separated by k period or lags. It helps determine the order of the moving average
(MA) component. The autocorrelation coefficient at lag k is given by

L (i —0) (L =)

OxOx

ACF(Lk) = @)

3.4. Partial Autocorrelation Function

The partial autocorrelation calculates the correlation among the current observation and the
previous observation, given that both observations are correlated to observations at other times. It
also helps determine the order of the autoregressive (AR) component. The kth partial
autocorrelation of y; and y, is given by
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3.5. Akaike Information Criterion

The Akaike Information Criterion (AIC) was used to select the best model among the tentative
models. The AIC value is a way to measure the goodness-of-fit of the model while penalizing the
model for data over-fitting. The model with the least AIC value indicates superior goodness-of-fit
and lesser tendency to overfit and was considered the most appropriate model. The AIC is given

by:
AIC =2k —2InlL (4)

where k is the number of model parameters and L = L(8) is the maximum value of the
likelihood function of the model.

3.6. Statistical Software

All calculations in this paper were done using the R statistical software. The following packages
were used: ‘tseries’ to test the stationarity, ‘stats’ to perform a test of normality, ‘forecast’ to fit
the ARIMA model to the series and to check the residuals, and ‘Imtest’ to test the coefficients of
the fitted model.

4. RESULTS AND DISCUSSIONS

The electricity demand in Davao del Sur from 2000 to 2021 is shown in Figure 1. The presence
of an upward trend can be observed in the time series plot. A 2% decrease in electricity demand
is observed from 2019 to 2020, and a 9% increase is observed from 2020 to 2021. These changes
can be attributed to the adjustments made in response to the COVID-19 pandemic. Several
lockdowns and quarantines were imposed in the region in 2020. In addition, different guidelines
were imposed by departments, agencies, and local government units on different sectors to
manage the spread of the virus that led to the decrease in electricity demand. The guidelines
include changing the air condition temperature, suspending free WIFIs, and prohibiting the use of
hand blowers or jet dryers. Business establishments were also forced to close temporarily. In
2021, several restrictions were eased, lockdowns and quarantines were lifted, and some
businesses reopened. These events have caused an increase in electricity demand.
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Figure 1. Electricity demand in Davao del Sur.
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Figure 2 shows the autocorrelation function (ACF) plot of the series. A sinusoidal and
exponential decay can be observed in the plot, which means that the series is nonstationary. In
order to address this, transformation and differencing will be applied to the series.
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Figure 2. ACF plot of the series.

A problem with the variance in the original data series is also observed in Figure 1. Specifically,
an issue of heteroscedasticity in the residuals is observed when trying to fit a model to the data.
Box-Cox transformation with the optimal lambda of 0.52896 is applied to the series to address
the issue. First differencing is also applied to the series to remove the linear trend and achieve
stationarity. Figure 3 shows the first-differenced series.
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Figure 3. Electricity demand in Davao del Sur after transformation and differencing.

Figure 4 shows the ACF and PACF plots of the Box-Cox transformed and first-differenced series.
It can be observed that the lags are close to zero and within the limits, indicating that the
transformed and differenced series is stationary. Also, the autocorrelation function cuts off at lag
zero and the partial autocorrelation function tails off. Hence, we have gq=0 and p=0.
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Figure 4. ACF and PACEF plot of the transformed and first-differenced series.

Table 1 displays the result of the search for the optimal model. The tentative models and their
corresponding AIC values are shown in the table. It can be observed that ARIMA (0,1,0) with
drift has the smallest AIC value of 213.2992. Hence, ARIMA (0,1,0) with drift is the suitable

model.

Table 1. Tentative models and their AIC values.

Model AIC
ARIMA (0,1,0) 232.0635
ARIMA (0,1,0) with drift 212.6326
ARIMA (0,1,1) with drift 214.5418
ARIMA (1,1,0) with drift 214.5102
ARIMA (1,1,1) with drift 216.2781

The and (quasi-) Wald tests of estimated coefficients are performed to determine if the model is
capable of making accurate predictions. It shows that the drift of 46.3075 has a standard error of
7.5855, a p-value of 6.1047, and a p-value of less than 0.01. These results indicate that the model

can make accurate predictions.
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Residuals from ARIMA(0,1,0) with drift
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Figure 5. Residual diagnostics.

The residual plots are shown in Figure 5. It can be observed that there are no patterns left in the
residuals. Moreover, the result of the KPSS test shows that the residuals are stationary (p > 0.1).
This result indicates that the model does not produce false relationships. Also, the spikes in the
ACEF plot are within acceptable limits. It can also be observed that the residuals closely resemble
a normal distribution. In order to confirm this Shapiro-Wilk test is performed, it has a test statistic
of w=0.97311 and a p-value of 0.7817. Hence, the residuals are approximately normally
distributed. The results indicate that the residuals behave like white noise. This indicates that the
model has captured all the information in the time series.

Further, the Ljung-Box test is performed to formally test the model’s lack of fit. The test has a
test statistic of 1.5283, with degrees of freedom of 3 and a p-value of 0.6758. The result indicates
that the model does not show a lack of fit.
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Figure 6. Fitted values from ARIMA (0,1,0) with drift compared to actual data.

The plot of the actual and fitted values of the model is shown in Figure 6. It can be observed that
the selected model is sufficient as the predicted values are close to the actual values.
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Forecasts from ARIMA(0,1,0) with drift
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Figure 7. Forecasted electricity demand in Davao del Sur from 2022 to 2026.

The electricity demand forecast for 2022 to 2026 and 95% confidence interval values computed
using the ARIMA (0,1,0) model with drift are shown in Figure 7. Table 2 shows the forecasted
values and the 95% confidence interval values. It can be observed that the electricity demand in
Davao del Sur will continue to increase in the following years.

Table 2. Forecasted electricity demand with 95% confidence interval

Year Forecast Lower 95% Upper 95%
2022 419026.7 388506.8 450631.2
2023 439869.1 396007.1 485894.4
2024 461187.3 406521.2 519089.6
2025 482980.2 418712.8 551551.1
2026 505246.4 432078.0 583780.0

5. CONCLUSIONS AND RECOMMENDATIONS

In this paper, the appropriate ARIMA model was developed to forecast electricity demand in
Davao del Sur. The dataset has been transformed using Box-Cox transformation with the optimal
lambda of 0.52896. Then, first-differencing was applied to make the dataset stationary. The ACF
and PACF plots were used to identify the order of the ARIMA model. Models with drift terms
were also considered. In selecting the appropriate model, the AIC values of tentative models were
taken into account. Results of the simulation revealed that ARIMA (0,1,0) with drift was the
statistically valid model to forecast electricity demand. The forecast revealed that the electricity
demand in Davao del Sur will continue to increase in the following years. By 2026, the electricity
demand will reach 505,246.4 MWh. It can be as low as 432,078.0 MWh and as high as 583,780.0
MWh.

Due to limited data, only 22 observations were used to build the model, out-of-sample testing was
not performed. However, the use of AIC values and residual analysis was able to address the
issue. Also, the ARIMA model was based on the annual observations of electricity demand.
Hence, the model was not able to capture the seasonality of the electricity demand in Davao del
Sur. With this, future researchers may consider the monthly electricity consumption in Davao del
Sur to better understand its behaviour and seasonality. Also, future researchers may use other
models such as SVR and hybrid models, and compare their results with the results presented in
this study.
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