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Abstract  

The primary products of the power industry are electric energy and thermal energy. Thus, forecasting electric 
energy consumption is significant for short and long term energy planning. ARIMA model has adopted to forecast 
energy consumption because of its precise prediction for energy consumption. Our result has shown that annual 
average electric energy consumption will be 10,628 million kWh per year during 2019-2030 which approximately 
3.3 percent growth per annum. At the moment, there is not a practice solution for the storage of electricity in 
Mongolia. Therefore, energy supply and demand have to be balanced in real-time for operational stability. Without 
an accurate forecast, the end-users may experience brownouts or even blackouts or the industry could be faced 
with sudden accidents due to the energy demand. For this reason, energy consumption forecasting is essential to 
power system stability and reliability.  
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Introduction 

The primary product of the power system is electric energy. Electric energy is the main 
factor for production, manufacturing and socio-economic activities. Growing technological and 
social developments are the main influencing factor for high energy consumption. For this rea-
son, the article involves a time series analysis of the annual energy consumption of Mongolia 
by using ARIMA modeling. The methodology adopted Box-Jenkins method which is an appli-
cation of autoregressive integrated moving average (ARIMA) modeling for describing discrete 
data where continuous observations are correlated(Oppenheim 1978). From mathematical point 
of view, employing the appropriate forecast could improve the decision to be made(Morales et 
al. 2014). The Box-Jenkins method ARIMA technique has become considerable recognition in 
recent years in energy-related forecasting(Albayrak 2010; Hor, Watson, and Majithia 2006; Lai 
et al. 2014; Li, Han, and Yan 2018; Nichiforov et al. 2017). Electric energy consumption fore-
casting is not only used for defining short or long-term energy supply but it helps for energy 
system planning and power system expansion. At the same time, energy demand and supply 
have to be balanced. At the moment, there is not any scientific research on Mongolian energy 
consumption forecasting. Hence, there are many researchers hypothesis assumed by the previ-

 
In this article, we applied a univariate model for forecasting the future annual electricity 

consumption as a function of prior annual electricity consumption. ARIMA technique is well 
known for predicting economic variables and widely used for predicting future values of the 
power industry, health sector and economic activity and many others. Such as, some research-
ers(Etuk, Eleki, and Sibeate 2016) have established the ARIMA model by extending seasonal 
autoregressive integrated moving average (SARIMA) for the monthly natural gas production, 
the result showed some social constraints, as well as infrastructural inadequacies and economic 
depression, make limitation for production nevertheless its abundant reserve. The same method 
has used for forecasting Turkish energy demand between 2005-2020(Ediger and Akar 2007), 



where researchers concluded that the result of ARIMA is more reliable for future energy pre-
diction. Few researchers(Jiang, Yang, and Li 2018) adopted ARIMA model by integrating sev-
eral similar forecasting models as well as metabolic grey model (MGM) and back-propagation 
neural network (BP) for more precise prediction of energy usage. Some scholars(Mohamed and 
Bodger 2004) have proposed six different forecasting models for electricity consumption. Ac-
cording to the result, ARIMA model ranked as the best forecasting technique in short term 
prediction. Forecasting energy consumption has a vital role in market stability(Jiang et al. 2018) 
and reliability.  

Methodology  

Data source  

The historical data regarding electric energy consumption during 1990-2018 are collected 
from the National Statistical Office of Mongolia(National Statistical Office). Considering the 
current circumstance of energy consumption of Mongolia over 93 percent(World Bank) gener-
ated by fossil fuels. Figure-1 shows the trend of energy consumption based on the collected 
data which shows that energy consumption has an increasing trend in the last 29 years except 
for early social transition years (1991-1996) of Mongolia. 
 

Fig. 1 Annual energy consumption variation 

Model structure 

ARIMA short for the "Auto-Regressive Integrated Moving Average" model was devel-
oped by Box and Jenkins in 1970 which is a time series analysis method based on the theory of 
random. The forecasting time series divided into two forms. The first is the univariate time 
series forecasting as we have adopted in analyzing which generally uses previous values of the 
time series to predict its future. The last form called multivariate time series forecasting. The 
ARIMA model has three basic types: Auto-Regressive model (hereinafter AR (p)), the moving 
average model (hereinafter MA (q)) and auto-regressive moving average model (ARMA (p,q). 



 

Forecasting on the ARIMA model mainly includes four steps: First, the stationary test for an 
original sequence which means it uses its own lags as predictors because the ARIMA is based 
on a linear regression model. In most cases, the predictors are not correlated and are independ-
ent of each other, as a result need to make it a series stationary by differencing it. Accordingly, 
need to be a difference by subtracting the previous value from the current value. The value of 
d, therefore, is the minimum number of differencing needs to make the series stationary where 
d=0. Second, after time-series stationarity d=0, the parameters p and q will be determined. The 
parameter p is the order of the AR term. It refers to the number of lags of Y to be used as 
predictor. The actual mathematical formula for AR model is: 

       (1) 
 the 

 
Next, the parameter q is the order of the MA term. It refers to the number of lagged forecast 

agged forecast 
errors. The mathematical formula is: 

q q        (2) 
where the error terms are the errors of the autoregressive models of the respective lags. The 

 
        (3) 

       (4) 
That is our AR and MA model respectively. Third, the estimation of the unknown param-

eters in the model and examination of the rationality of the model. An ARIMA model where 
the time series was differenced at least once to make it stationary and by combining the AR and 
the MA terms. The general equation form becomes: 

q q    (5) 
 of lags of Y + linear 

combination of lagged forecast errors. The final step is diagnostic analysis to confirm that the 
obtained model is consistent with the observed data characteristics. Box and Jenkins (Box, et 
al.) were stated that these do not involve independent variables, but rather make use of the 
information in the series itself to generate forecasts. Therefore, ARIMA models depend on au-
tocorrelation patterns in the series. The predominant contribution of Box and Jenkins were to 
grant a common strategy in which three levels of the model building (which are model identi-
fication, estimation, and diagnostic checks) had been given prominence(Hipel, McLeod, and 
Lennox 1977). 

Empirical result 

The research objective of this paper is the energy consumption forecasting for improving 
the energy planning of Mongolia. The energy consumption forecast depends on historical data 
where the dataset belongs to univariate prediction. The energy consumption in the next 11 years 
forecasting range relies on 2019-2030. Historical data at annual intervals over 28 years period 
was adopted the Box-Jenkins method iterative procedure to obtain the appropriate model. In 
the ARIMA modeling, each of the data set is considered independently for stationarity, identi-
fication, estimation, and diagnostic checking residuals(Mohamed and Bodger 2004) as we have 
mentioned earlier. In the first step we need to find the order of differencing (d) in ARIMA 



model. The aim of differencing is to make the time series stationary. We applied Augmented 
Dickey-Fuller (hereinafter ADF) test to inspect the existence of unit root in energy consump-
tion. ADF test is the common method of unit root. 

 
Fig. 2 Unit root level versus Unit root in 1st difference 

According to the correlogram in Figure 2, stationary resulted in the first-order difference which 
is stable. Even though the series is not perfectly stationary but we fix the order of differencing 
as 1. Afterward, we made model identification which leads to the time series of energy con-
sumption. In this step, we tested correlation coefficients for a stationary sequence. Figure 3 
shows autocorrelation and partial-autocorrelation based on stationary sequence difference.  

 
Fig. 3 ACF and PACF coefficients 

Partial autocorrelation could be imagined as the correlation between the series and its lag, after 
excluding the contributions from the intermediate lags. Partial autocorrelation of lag (k) of  
a series is the coefficient of that lag in the autoregression equation of Y. The mathematical 
formula of PACF is: 

        (6) 

is the coefficient in the above equation. According to Figure 3, we can observe that PACF lag 
1 is quite significant, thus, we take p as 1. As in figure 3, we can see the ACF plot for the 
number of MA terms which is technical, the error of the lagged forecast. The ACF shows how 



 

many MA terms are required to remove any autocorrelation in the stationarized series. Accord-
ing to the coefficient result criteria of the ARIMA model, ARIMA (1,1,1) is preferable to be 
used for the forecasting where the process takes formulation as: 

(1- Y)(1-Y  1- Y)         (7) 
Right after, we have to determine the fit for the model. Figure 4 and Table 1 show that our 
determination of R2 is 0.980, which means the fitting effect is good. 

Table 1 Parameters of the fit for the ARIMA (1,1,1) model 

 

 
Fig. 4 Model calibration using historical data 
The last step of the ARIMA(1,1,1) model is forecasting energy consumption from 2019-2030. 

Table 2 ARIMA (1,1,1) model for energy consumption forecasting  

 



 

 
Fig. 5 Historical and simulated energy consumption 

From Figure 4-5, the ARIMA(1,1,1) model seems to give a directionally correct forecast. And 
the actual observed values lie within the 95. The model of total energy consumption is a better 
overall fit that could be used to predict Mongolia's energy consumption in the next eleven years. 

Conclusion 

According to the stationarity analysis ARIMA (1,1,1) model has established in this paper 
for forecasting the energy consumption of Mongolia from 2019-2030. Since the ARIMA (1,1,1) 
model of total energy consumption is better overall fit. As looking back to figure 3, ARIMA 
(1,1,1) has high fitting precision and certain stability. As a result, the model adopted in this 
paper has a higher fitting degree. The result indicates that at the end of 2030 energy consump-
tion predicted more than 12000 million kWh. The annual average growth rate of energy usage 
3.3 percent. Moreover, the growth rate of Mongolia's energy consumption during 1991-1996 
were declined due to the social structure transition. Currently, 20 percent of electric energy has 
been importing from Russian Federation and China
2011). Increasing energy consumption will result in shortage in the future as well and the im-
ported energy could be increased. Thus, in our point of view Mongolia's energy strategy should 
integrate allocating more resources such as wind, solar and hydro generated energies for the 
development of energy technologies and stability of energy supply. And need to establish com-
petitive energy market conditions through liberalization. Forecasting energy consumption has 
a vital role in energy planning and design to the national energy agency and policy-makers. 
Within the purpose of balancing energy independence and effective energy policies which pro-
mote industrial structure optimization and development the new industry with high technology. 
The forecasting technique gives more information for maintaining market stability and safety. 
Although coal reserves are high, this will be exhausting, so we need to find an optimal energy 
system. Year by the year huge coal reserves has been exhausting, as mitigating environmental 
impacts of fossil fuel, Mongolia need integrate renewable resources into the energy system. 
According to the statistics only 5.6% of renewable resources have been supplied by the renew-
ables. Energy consumption forecasting could be done the basis of energy system planning and 



 

expansion.  Based on this research, we will study system dynamic analysis for promoting re-
newable energy resource expansion and its integration into existing energy system.    
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