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 ABSTRACT 

Article History: 
The value of Indonesia's oil and gas imports is a combination of the value of crude oil 

(petroleum), oil, and natural gas products. Throughout 2021, the value of Indonesia's oil and 

gas imports reached US$ 25.53 billion or the equivalent of 382.95 trillion rupiah (estimated at 

US$ 1 = Rp. 15,000.00). The high demand for petroleum in Indonesia is due to the fact that 

petroleum is the main source of energy for daily life needs, especially for industrial, 

transportation, and household needs. The requirement for oil imports is expected to increase 

along with the growth in Indonesia's population. Therefore, a step is needed to prevent an 

increase in the value of oil and gas imports in the coming period. One method of analysis that 

can be used is forecasting using the time series method with the Seasonal Autoregressive 

Integrated Moving Average (SARIMA) model. The SARIMA model is a time series method with 

data that has a seasonal pattern and the forecasting results will get a pattern similar to the 

previous data. The data used is data on the monthly value of oil and gas imports from January 

2005 to December 2022 with totaling 216 data. This research aims to find the best model and 

predict the value of Indonesia's oil and gas imports in the next 12 periods with data test in 4 

periods (January to April 2023). The best model for the results of this research is (2, 1, 0)(0, 1, 

1)43 with a MAPE value of 13.90%. Based on the accuracy of the MAPE value, this percentage 

has good quality forecasting results. 
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1. INTRODUCTION 

The 1945 Constitution, in chapter 33 article (3), explains that "Earth, water, and the natural resources 

contained therein are controlled by the state and used as much as possible for the prosperity of the people"[1]. 

Natural wealth (commonly called natural resources) is the most important asset in creating and maintaining 

the life axis of a country. Ideally, the more natural resources a country has, the easier it will be for the country 

to become a country that makes its people prosperous. However, in reality, this is not the case because there 

are many factors that can influence the success of a country in exploiting its natural resources. 

Natural resources are wealth that exists on earth, both in the form of inanimate objects and living things 

that can be used to meet the needs of human life [2]. The natural resources contained in a country will be one 

of the greatest potentials for the country's progress. What's more, natural resources are also the main 

component of the country in meeting human needs, such as oil and gas. Oil and gas are composed of several 

main elements, and if based on the value of oil and gas is a combination of the value of crude oil (petroleum), 

the value of oil products, and the value of gas [3]. 

The value of Indonesia's oil and gas exports throughout 2021 reached US$ 12.28 billion or the 

equivalent of 184.2 trillion rupiah (estimated at US$ 1 = Rp. 15,000.00), while Indonesia's oil and gas import 

value reached US$ 25.53 billion or the equivalent of 382.95 trillion rupiah (estimated at US$ 1 = Rp. 

15,000.00) [4]. Besides that, Indonesia also ranks 24th out of 61 countries as oil-producing countries in the 

world with a magnitude of 692 thousand barrels per day, and on the other hand, Indonesia has a need for 

petroleum reaching 1.47 million barrels per day [5]. If viewed from the value of exports, these statistics give 

Indonesia the opportunity to make petroleum an asset in increasing the country's valuation. However, in other 

situation, Indonesia also has a higher import value. This creates a dilemma that requires the attention of the 

Indonesian government. 

The high demand for petroleum in Indonesia is due to the fact that petroleum is the main source of 

energy in everyday life [6]. This causes concern that the value of Indonesia's oil and gas imports will increase 

so that it will affect the prices of cooking fuel, vehicle fuel and other daily materials. Seen in the past time 

series, the value of oil and gas imports has experienced repeated increases and decreases in several periods.  

This resulted in the value of oil and gas imports having a seasonal pattern in the data series. Therefore, a step 

is needed to prevent the increase in these prices, that is by estimating the value of oil and gas imports in the 

future. Because the data is seasonal, so the steps can be taken are forecasting using the time series method 

with the Seasonal Autoregressive Integrated Moving Average (SARIMA) model.  

SARIMA is a time series model using observational behavior on data that has a seasonal pattern [7] 

[8][9]. There are several previous researchs that discuss the value of oil and the SARIMA model, including 

the results of forecasting the number of passengers of PT. Angkasa Pura I (Persero) Yogyakarta Adisutjipto 

Airport branch office [10]. This research proves that the SARIMA model has more accurate forecasting 

results where the Mean Squared Deviation (MSD) value is smaller than the Winter's Exponential  Smoothing 

method. In another research, forecasting the number of flood disasters in Indonesia using the SARIMA model 

also proved that the SARIMA model has a Mean Absolute Percentage Error (MAPE) value of 8.7%, where 

from the criteria for the accuracy of forecasting the model has a percentage of <10% so that the forecast has 

very good quality [11]. In addition, in the research on forecasting the Kelayang drought index using the 

SARIMA and SPI methods it has a mean squared value of 4,111.51 [12]. In research [13] has applied 

SARIMA to forecast the production of distillate fuel oil refinery and propane blender net, it is also proven 

that the time series algorithm or SARIMA can be used to forecast the amount of fuel oil production. Based 

on that analysis, the purpose of this study is to forecast and predict the value of Indonesia’s oil and gas import 

using SARIMA model with analysis spectral to find the periodic in this data. 

2. RESEARCH METHODS 

2.1 Research Data 

The data used in this research is secondary data, with the data source used is monthly data on the value 
of Indonesia's oil and gas imports of 216 data from January 2005 to December 2022 collected from the official 
of Central Statistics Agency (BPS) [14]. 
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2.2 Research Stages 

   The stages of research conducted in this article are as follows: 

1. Collect data from the official website of the BPS. 

2. Input oil and gas import value data with the help of R software. 

3. Display a data plot of the oil and gas import value against time. 

4. Looking for seasonal periods contained in the data with spectral analysis. 

Spectral analysis is one of methods for analyzing time series in the frequency domain. This method is 

part of a statistical analysis based on the concept of frequency, which is described in the form of a spectrum 

(range) [15][16]. Spectral analysis is also a form of Fourier transform, namely a form that converts a time 

series into a set of sine or cosine waves at various frequency conditions [17][18]. It can be used to find hidden 

periodicity in time series data. The basic concept and purpose of spectral analysis is to calculate the 

periodogram and display the power spectral lines. 

The periodogram is a function of the spectrum of power to frequency. The application of the 

periodogram in time series data is to see the hidden periodicity of the time series data, that is, by looking at 

the frequencies that are paired with the peak points of the spectral lines. The period that has been obtained is 

then used as the period of the time series model [19].             

I(ωx)= 
n(ax

2+bx
2
)

2
 (1) 
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where 𝐼(𝜔𝑥) = x-th Periodogram, 𝜔𝑥 = x-frequency, 𝑎𝑥 = Parameter a fourier coefficient, 𝑏𝑥 = Parameter 

b fourier coefficient, 𝑛 = Lots of data, 𝑍𝑡 = Actual data in the t-period, 𝜋 = 3.14 or 
22

7
, 𝑡 = Observation time, 

and 𝑇 = Seasonal period. 

5. Testing the stationarity of the data against the variance and mean with Box-Cox Transformation and 

Augmented Dickey Fuller Test. 

6. Carry out the box-cox transformation and differencing process (if the data is not stationary) and re-test the 

data stationarity. 

7. Display a plot of data on oil and gas import values that are already stationary. 

8. Specify temporary SARIMA models with general model . 

ϕ
p
(B)ΦP(Bs)(1-B)d(1-Bs)DZt=θq(B)Θ𝑄(Bs)αt 

9. Estimate parameter of SARIMA models used maximum likelihood estimation. 

10.  Test of significance parameters model for AR and MA. 

The parameter significance test hypothesis is as follows. 

Ho:ϕ
p
=0 atau θq=0 (the model parameters are not significant) 

H1:ϕ
p
≠0 atau θq≠0 (the model parameters are significant) 

Significance criterion test, that is reject 𝐻𝑜 if the result 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 𝛼 or |𝑡ℎ𝑖𝑡| > 𝑡𝛼

2
;(𝑛−𝑘) where k=2.  

|𝑡ℎ𝑖𝑡| > 𝑡𝛼
2;(𝑛−𝑘)
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|𝑡ℎ𝑖𝑡| > 𝑡0.05
2 ;(216−2)

 

|𝑡ℎ𝑖𝑡| > 𝑡0.025 ; (214)  
|𝑡ℎ𝑖𝑡| > 1.971 

For parameters p-value<0.05 or |𝑡ℎ𝑖𝑡| > 1.971, then these parameters are significant model parameters 

so that they can be used for the feasibility test of the next stage of the model.  

11.  Carry out residual diagnostics with the Ljung-Box Test whether it meets the White Noise assumption. 

The hypothesis test for the assumption of residual white noise is as follows. 

Ho : there is no residual correlation between lags (independent) 

H1 : there is a residual correlation between lags (not independent) 

Accept 𝐻𝑜 or the model has met the assumption of white noise, if p-value>α.  

12. Carry out residual diagnostics with normal distribustion test. The hypothesis test for the assumption of 

residual is as follows. 

Ho : there is a normal distribution of the data 

H1 : there is no normal distribution of the data 

Accept 𝐻𝑜 or the model has met the assumption of white noise, if 𝑄 (𝐶ℎ𝑖 − 𝑆𝑞𝑎𝑢𝑟𝑒) < 𝑋(𝛼,𝑑𝑓)
2  with 

degrees of freedom (df)=k-p-q. 

13.  Determine the best model from several SARIMA models while then forecasting with the best model. 

14.  Testing the accuracy of forecasting results using the MAPE value. 

3. RESULTS AND DISCUSSION 

3.1 Data on Indonesia's Oil and Gas Import Value 

Data on oil and gas import values used in this article are oil and gas import values from January 2005 

to December 2022. The data is monthly data as much as 216 data. The value of oil and gas imports will be 

displayed in the form of a graphic plot that aims to analyze the data characteristics of the data. 

 
Figure 1.  Time Series Plot of Indonesia's Oil and Gas Imports Values 

Figure 1 shows a process of repeated increases and decreases in the value of oil and gas imports. The highest 

value was in July 2022 and the lowest value was in May 2020. The repeated increase and decrease in value 

indicates that the data contains a seasonal pattern. In addition, it can be seen that the data is not stationary 

because the data fluctuations are not in a fixed mean range. Therefore, it is necessary to perform spectral 

analysis to determine the seasonal period in the data and stationarity test to test the stationarity of the data. 
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3.2 Spectral Analysis and Periodogram 

By using the equation above, the periodogram value is obtained from the data on Indonesia's oil and 

gas import values as follows. 

Table 1. Periodogram Value of Indonesia's Oil and Gas Import Value 

𝐱 𝐚𝐱 𝐛𝐱 𝛚𝐱 𝐈(𝛚𝐱) 𝐓𝐱 

1 -304.61 217.56 0.029 15132917.4 216 

2 229.56 -364.05 0.058 20004861.2 108 

3 -33.96 201.52 0.087 4510467.9 72 

4 158.98 -307.24 0.116 12924474.3 54 

5 59.09 -452.48 0.145 22488816.1 43.2 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

105 18 -21.44 3.053 84636.7 2.057 

106 1.36 -8 3.082 7111.8 2.038 

107 9.46 -10.45 3.111 21459.0 2.019 

108 1.54 -4.16 3.14 2125.1 2 

 Based on Table 1, it can be seen that the highest periodogram value is at the 5th frequency with the 

periodogram value (𝐼(𝜔5)) of 22,488,816.1 with value 𝜔5 =  
2𝜋(5)

216
= 0.145 so we get the seasonal period 

𝑇5 =  
2𝜋

𝜔
= 43.2 = 43.  Based on this, it can be seen that the seasonal period in the value of Indonesian oil 

and gas imports is 43 months or s = 43. 

3.3 Identification of Stationary Data 

3.3.1   Stationary Test of Variance 

Stationary to variance means that time series data has a constant variance value over time. In addition, 

this stationary variant also uses a box-cox transformation in the testing process. Following are the results of 

the stationary test of variance with box-cox test. 

Table 2. Box-cox Value of Indonesia's Oil and Gas Imports 

Test Value of Lambda 

Box-Cox Test 0.689 

Table 2 shows the data on the value of oil and gas imports is not stationary with respect to the variance 

because the rounded value is 0.689 while a data is said to be stationary if it has a lambda of 1. Therefore, data 

on the value of oil and gas imports needs to be transformed using a formula 𝑍𝑡
0.689. After the data is 

transformed, the data is tested again for stationarity with box-cox. 

Table 3. Box-cox Value of Indonesia's Oil and Gas Imports is Stationary 

Test Value of Lambda 

Box-Cox Test 1.022 

Table 3 shows that the data on the value of oil and gas imports has been said to be stationary with 

respect to the variant because it has a lambda of 1. Next, the data will be tested for stationarity with respect 

to the average. 

3.3.2   Stationary Test of Mean 

Data that is stationarity with respect to the mean can be seen p-value of Augmented Dickey Fuller 

(ADF) test. On ADF test, if p-value < 0.05 so the data is stationary with respect to the mean. The following 

ADF values can be seen in Table 4 below. 
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Table 4. ADF Value of Indonesia's Oil and Gas Imports 

Test p-value 

ADF Test 0.317 

Table 4 shows results of the p−value is 0.317 > 0.05 so that the data not yet stationary with respect to 

the average. Next, the differencing process needs to be carried out to satisfy the stationary test of the mean. 

The differencing process is carried out by calculating the difference between 𝑍𝑡 and 𝑍𝑡−1. Furthermore, the 

data that has been differentiated will be searched for values again the ADF is to test whether the data is 

stationary with respect to the average.  

Table 5. ADF Value of Indonesia's Oil and Gas Imports is Stationary 

Test p-value 

ADF Test 0.01 

In Table 5 is obtained that the p − value is 0.01 < 0.05 so that the data is already stationary with respect 

to the average. In the next stage, calculations and plotting are carried out on the ACF value to find out the lag 

that is outside the interval limit to define a provisional model.  

 

Figure 2.  ACF Graph after Difference 1 

In Figure 2, the ACF value after differencing results does not appear to decrease continuously. Apart 

from that, there are also less than 3 lags coming out of confidence intervals. Thus, the data is stationary with 

respect to the average. 

In addition, ACF graphs can also be used to see stationarity on seasonal model of data. Based on Table 

1, the seasonal period is obtained at s = 43 so that you can see the ACF graph in Figure 2  for the lags of 

seasonal period that is significantly different from zero. On the graph of the ACF it seems that there is no lag 

outside the confidence interval so that the seasonal model cannot be determined. Therefore, it is necessary to 

carry out the process of differencing 1 on the seasonal model, that is, on the 43rd lag. 
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Figure 3.  ACF Value of Indonesia's Oil and Gas Imports is Stationary to Seasonality 

Based on Figure 3, the results of seasonal differencing in ACF do not appear to be decreasing 

continuously. In addition, there is also a seasonal lag outside the confidence interval. Thus, the data is said to 

be stationary with respect to the average in the seasonal model.  

3.4 SARIMA Model Identification 

The general form of the SARIMA model is (𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑠 [20][21][22]. Order s is the period of 

the seasonality, that is s = 43. This model is a combination of two models, namely non-seasonal and seasonal. 

Both models are known from the number of lags that come out of the confidence interval limits. The number 

of values in the ACF and PACF lags that are outside the interval limit or significantly different from zero, 

will be used as an order in the temporary SARIMA model. 

3.4.1   Non-Seasonal Model 

In the non-seasonal model, it can be seen in the order (𝑝, 𝑑, 𝑞). The p value is the order of 

Autoregressive (AR) on the non-seasonal PACF chart that goes outside the interval limit, the d value is the 

number of differencing on the non-seasonal, and the q value is the order of the Moving Average (MA) on the 

non-seasonal ACF chart that goes out of the interval limit.  

 

Figure 4.  PACF Graph for Non-seasonal Modeling 
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Figure 5.  ACF Graph for Non-Seasonal Modeling 

From Figure 4, PACF values that come out of the interval are lag-1 and lag-2, so it can be seen that 

there are 2 lags that come out of the interval limit on the PACF graph, based on [23] the order of p = 2 atau 

AR(2). From Figure 5, ACF values that come out of the confidence interval are lag-1 and lag-10, so it can 

be seen that there are 2 lags that come out of the interval limit on the ACF graph, based on [23] the order of 

q = 2 atau MA(2). In this stationary test process, one differencing is performed, so the value is d = 1. 

3.4.2   Seasonal Model  

In the non-seasonal model, it can be seen in the order (𝑃, 𝐷, 𝑄). The P value is the order of 

Autoregressive (AR) on the seasonal PACF chart that exits the interval limit, the D value represents the 

number of seasonal differencing, and the Q value is the order of the Moving Average (MA) on the seasonal 

ACF chart that exits the interval limit. 

 

Figure 6.  PACF graph for seasonal modeling 
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Figure 7.  ACF Graph for Seasonal Modeling 

 Based on Figure 6 and Figure 7, the PACF lag that comes out of the interval is lag-43, so the order 

of P = 1. The ACF lag that comes out of the confidence interval is lag-43, so the order of  Q = 1. In this 

stationary test process, differencing once is done for seasonality, so the value of D = 1. 

3.4.3   SARIMA Model Determination 

Based on the lags that come out at the interval limit above, 15 models can be determined 

(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑠, they are (2,1,1)(1,1,1)43, (1,1,1)(1,1,1)43, (0,1,1)(1,1,1)43, (2,1,0)(1,1,1)43, 
(1,1,0)(1,1,1)43, (2,1,1)(1,1,0)43, (1,1,1)(1,1,0)43, (0,1,1)(1,1,0)43, (2,1,0)(1,1,0)43, (1,1,0)(1,1,0)43,

(2,1,1)(0,1,1)43, (1,1,1)(0,1,1)43, (0,1,1)(0,1,1)43, (2,1,0)(0,1,1)43, dan (1,1,0)(0,1,1)43. 

3.5 Estimation and Test of Significance of Parameters of the SARIMA Model 

At this stage, parameter estimation is carried out for the temporary SARIMA model. From 15 existing 

models, only 6 models met the significance test according to Table 6. 

Table 6. SARIMA Model Parameter Estimation Results 

Models Parameters p-value Information Decision 

 

(1,1,0)(1,1,1)43 

AR(1) 2.2 × 10−16 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05  Significance 

SAR(43) 4.7 × 10−14 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

SMA(43) 2.2 × 10−16 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

 

(2,1,0)(1,1,0)43 

AR(1) 0.002 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

AR(2) 0.033 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

SAR(43) 4.7 × 10−10 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

(0,1,1)(1,1,0)43 MA(1) 0.001  𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

SAR(43) 4.8 × 10−9 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

 
(2,1,0)(0,1,1)43 

AR(1) 0.001 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

AR(2) 0.031 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

SMA(43) 3.4 × 10−6 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

(1,1,0)(0,1,1)43 AR(1) 0.008 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

SMA(43) 1.2 × 10−6 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

(0,1,1)(0,1,1)43 MA(1) 0.001 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

SMA(43) 1.5 × 10−6 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 Significance 

3.6 Test the Residual Assumptions of the SARIMA Model 

A model can be said to be a feasible model if it meets the residual white noise assumption and normal 

distribution test. At this stage, the Ljung-Box test will be carried out to find out whether the model meets the 

residual white noise assumption and Chi-Square Test to meet the normal distribution test. From 6 models that 
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met the significance test criteria, all of models met the residual white noise assumption and normal 

distribution test as shown in the table below.  

Table 7. White Noise Assumption Test Results 

Models p-value Information Decision 

(1,1,0)(1,1,1)43 0.614 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05 Independent 

(2,1,0)(1,1,0)43 0.967 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05 Independent 

(0,1,1)(1,1,0)43 0.898 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05 Independent 

(2,1,0)(0,1,1)43 0.977 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05 Independent 

(1,1,0)(0,1,1)43 0.560 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05 Independent 

(0,1,1)(0,1,1)43 0.967 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05 Independent 

Based on Table 7, it can be seen that there all of  models that meet the assumption of white noise. 

Table 8. Normal Distribution Test Results 

Models Type 12th Lag 24th Lag 36th Lag 48th Lag Result 

(1,1,0)(1,1,1)43 Df 8 20 32 44 Not normally 

distribute data  Chi-Square 26.47 43.33 66.13 91.68 

 𝜒(0.05 ; 𝑑𝑓)
2  15.51 31.41 46.19 60.48 

(2,1,0)(1,1,0)43 Df 8 20 32 44 Normally 

distribute data  Chi-Square 9.37 22.29 35.16 49.52 

 𝜒(0.05 ; 𝑑𝑓)
2  15.51 31.41 46.19 60.48 

(0,1,1)(1,1,0)43 Df 9 21 33 45 Not normally 

distribute data  Chi-Square 20.42 37.64 55.12 79.19 

 𝜒(0.05 ; 𝑑𝑓)
2  16.92 32.67 47.40 61.66 

(2,1,1)(0,1,1)43 Df 8 20 32 44 Normally 

distribute data  Chi-Square 5.97 18.77 31.83 48.94 

 𝜒(0.05 ; 𝑑𝑓)
2  15.51 31.41 46.19 60.48 

(1,1,0)(0,1,1)43 Df 9 21 33 45 Not normally 

distribute data  Chi-Square 16.78 33.00 49.10 70.72 

 𝜒(0.05 ; 𝑑𝑓)
2  16.92 32.67 47.40 61.66 

(0,1,1)(0,1,1)43 Df 9 21 33 45 Normally 

distribute data  Chi-Square 11.74 26.35 41.33 60.77 

 𝜒(0.05 ; 𝑑𝑓)
2  16.92 32.67 47.40 61.66 

Based on Table 8, only 3 models meet normal distribution test. 

3.7 Best Model Selection 

After identifying the model, estimating parameters, and testing the model on the value of Indonesia's 

oil and gas imports, some of the best models are obtained and are suitable for forecasting. Next, the selection 

of the best model is carried out by looking at the smallest Mean Absolute Error (MAE) value in the several 

models. Below are the MAE values for some SARIMA models. 

Table 9. Best Model Selection 

SARIMA Model MAE Value 

(2,1,0)(1,1,0)43, 304.54 

(2,1,0)(0,1,1)43 286.15 

(0,1,1)(0,1,1)43 286.71 

 

Table 9 shows that the SARIMA model (2,1,0)(0,1,1)43 is the best model and feasible to use for 

forecasting. This model was chosen because it has the smallest MAE value. 

3.8 Forecasting Results 

After getting the SARIMA model (2,1,0)(0,1,1)43 as the best model where the general form of the 

SARIMA model is as follows.  

 

ϕ
p
(B)ΦP(Bs)(1-B)d(1-Bs)DZt=θq(B)Θ𝑄(Bs)αt 
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Furthermore, from Table 9, the results of forecasting the value of Indonesia's oil and gas imports are 

obtained as in Table 10 below. 

Table 10.  SARIMA Model Forecasting Results (𝟐, 𝟏, 𝟎)(𝟎, 𝟏, 𝟏)𝟒𝟑  

Period Forecasting Results 

January 2023 2978.13 

February 2023 2826.88 

March 2023 2554.76 

April 2023 2352.19 

May 2023 2636.55 

June 2023 2726.38 

July 2023 2919.59 

August 2023 2949.81 

September 2023 2751.60 

October 2023 2770.15 

November 2023 2507.37 

December 2023 2374.20 

3.9 Forecasting Accuracy Rate 

The final stage in this forecasting is evaluation by comparing the actual value with the results of 

forecasting the value of Indonesia's oil and gas imports. For the test with compared data from January 2023 

to April 2023. The purpose of this evaluation is to compare the error rate of the MAPE value prediction 

results. The following is the evaluation of forecasting the value of Indonesia's oil and gas imports using the 

SARIMA model (2,1,0)(0,1,1)43. 

Table 11. MAPE Value of SARIMA Model (𝟐, 𝟏, 𝟎)(𝟎, 𝟏, 𝟏)𝟒𝟑  

Data to Period Actual Value  Forecasting Value MAPE Value 

217 January 2023 2906.1 2978.13 2.48 % 

218 February 2023 2406.5 2826.44 17.47 % 

219 March 2023 3014.8 2554.76 15.26 % 

220 April 2023 2955.0 2352.19 20.40 % 

Overall MAPE Score 13.90 % 

According to Table 11, the MAPE value is obtained from forecasting the value of oil and gas imports 

using the SARIMA model (2,1,0)(0,1,1)43 with a MAPE value of 13.90%. From the results of the evaluation, 

the MAPE value can be seen to be between 10-20%, which means it has good forecasting abilities.  

4. CONCLUSIONS 

Based on the results and discussion regarding forecasting the value of Indonesia's oil and gas imports 

using the SARIMA model, the following conclusions can be drawn : 

1. The best SARIMA model formed from data on Indonesia's oil and gas import values from January 

2005 to December 2022 is the SARIMA model (2,1,0)(0,1,1)43. 

2. The forecasting results obtained using the SARIMA model produce a MAPE value of 13.90% which 

means the quality of good forecasting results. 

3. SARIMA Model (2,1,0)(0,1,1)43 used to predict the value of Indonesia's oil and gas imports from 

January 2023 to December 2023 obtained 2978.13; 2826.88; 2554.76; 2352.19; 2636.55; 2726.38; 

2919.59; 2949.81; 2751.60; 2770.15; 2507.37 and 2374.20 (million US$). 
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