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This research employs long memory modeling 
techniques to analyze and forecast global energy 
data spanning from 1965 to 2022. Focusing on the 
ARFIMA (Autoregressive Fractionally Integrated 
Moving Average) model, the study demonstrates 
its efficacy in predicting energy consumption 
trends. The evaluation of forecasting results for 
the subsequent four years reveals a remarkable 
Mean Absolute Percentage Error (MAPE) below 
5%. This outcome underscores the effectiveness of 
incorporating long memory components in 
energy modeling, offering a robust approach for 
accurate and reliable predictions. The findings 
contribute to the advancement of energy 
forecasting methodologies, providing valuable 
insights for policymakers, energy analysts, and 
researchers in the pursuit of sustainable and 
informed energy planning 

 
 
 
 
 
 
  
  

https://doi.org/10.55927/modern.v2i6.6970
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Darmawan, Handoko 

1310 
 

INTRODUCTION 
Accurate energy demand modelling is crucial for informing and framing 

energy policy decisions, ensuring energy availability and quality, and improving 
energy access across countries, thereby alleviating energy poverty, particularly 
in developing nations (Berbesi & Pritchard, 2023). The use of fundamental energy 
resources, such as fossil fuels, renewable sources, and nuclear energy, has a 
substantial influence on worldwide energy security, environmental well-being, 
and economic steadiness (Cao et al., 2019). In confronting the issues of climate 
change and working towards a shift to a more sustainable energy future, precise 
prediction and modeling of primary energy consumption grow progressively 
vital(Zaharia et al., 2019). This research paper focuses on employing long 
memory time series modeling techniques to enhance the precision and reliability 
of forecasting primary energy consumption trends. Long memory time series 
analysis is particularly relevant in capturing the persistent and autocorrelated 
nature of energy consumption data, offering insights that traditional short 
memory models may overlook (Li et al., 2020; Monge & Gil-Alana, 2019). 

Long memory time series models, such as fractional integration and 
autoregressive fractionally integrated moving average (ARFIMA), are designed 
to capture the memory effects present in economic and energy-related time series 
data (Adekoya, 2020; Balagula, 2020) . By incorporating these long memory 
components, the proposed modeling approach aims to provide a more accurate 
representation of the primary energy consumption (Shalalfeh et al., 2021) . This 
research seeks to contribute to the existing literature by exploring the 
applicability and effectiveness of long memory time series modeling in 
forecasting primary energy consumption. 

The primary objectives of this research paper are to investigate the 
presence of long memory in primary energy consumption time series data, 
develop and validate long memory time series models for forecasting primary 
energy consumption. Through a comprehensive analysis of historical primary 
energy consumption data, this study aims to identify patterns, trends, and 
dependencies that extend over longer time horizons. The research will employ 
rigorous statistical methods to evaluate the accuracy and reliability of long 
memory time series models, offering insights into their potential as tools for 
improved energy forecasting. 

This research contributes to the broader field of energy modeling by 
bridging the gap between traditional short memory time series analysis and the 
long memory characteristics inherent in primary energy consumption data. By 
advancing the methodology for modeling primary energy consumption with 
long memory time series techniques, this research aims to provide a valuable 
framework for developing more accurate and robust energy forecasts, ultimately 
supporting sustainable energy planning and management. 

This research paper is organized as follows. Section 2 provides a 
comprehensive review of existing literature on primary energy consumption 
modeling, emphasizing the shortcomings of short memory models and the 
potential advantages of long memory time series techniques. Section 3 outlines 
the data sources and methodology employed in this study, detailing the steps 
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taken to preprocess the data and implement long memory time series models. 
Section 4 presents the results of the analysis, including the identification of long 
memory components in primary energy consumption data and the performance 
evaluation of the proposed models. Finally, Section 5 concludes the paper with a 
summary of key findings, implications for future research, and the potential 
impact of incorporating long memory time series modeling in the field of primary 
energy consumption forecasting. 

 
LITERATURE REVIEW 
Long Memory Time Series Model 

Long memory time series modeling is a statistical technique used to model 
time series data that exhibits long-range dependence (Li et al., 2021). This means 
that the autocorrelation function (ACF) of the time series decays slowly, or even 
not at all. Long memory time series models are often used to model phenomena 
such as financial data, climate data, and internet traffic. 

There are a number of different long memory time series models, but the 
most common is the Autoregressive Fractionally Integrated Moving Average 
(ARFIMA) model. The ARFIMA model is a generalization of the ARMA model, 
which is a more traditional time series model. The ARFIMA model includes a 
fractional differencing parameter, which controls the decay rate of the ACF. 

The general form of the ARFIMA(p, d, q) model is given by (Wei, 2006); 
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METHODOLOGY 
Identification 

Basically, the identification of long memory patterns in time series can be 
a critical element in the development of the ARFIMA (Autoregressive 
Fractionally Integrated Moving Average) model. The ARFIMA model is a type 
of time series model that takes into account the presence of long-term 
dependencies or long memory in data (Tokhmpash et al., 2020). Identification of 
these long memory patterns can be done through spectral analysis and parameter 
estimation methods (Arteche & Robinson, 1998) . 

First, in the identification of long memory patterns, spectral analysis can 
be used to evaluate frequency behavior in time series. If the spectrum shows a 
frequency that decreases slowly as the frequency increases, this may indicate a 
long memory. Spectral analysis can identify typical frequency characteristics of 
time series, helping us understand whether the data shows long-term 
dependencies. 

Furthermore, parameter estimation methods are also important in the 
identification of long memory patterns. Parameter estimation in the ARFIMA 
model can involve determining the degree of fractional integration which 
measures the degree to which stochastic processes retain information from past 
observations. 
Estimation Parameter 

The parameters of the ARFIMA model can be estimated using a variety of 
methods, such as maximum likelihood estimation (MLE) and least squares 
estimation. Parameter estimation in the ARFIMA model is carried out in two 
stages, namely differentiating parameter (d) and parameter estimation ∅ and 𝜃. 

The assessment of ARFIMA model parameters through the spectral 
regression method for differentiating parameters (d) was proposed by Geweke 
and Porter-Hudak (Geweke & Porter-Hudak’, 1983)   , first forming a spectral density 
function into a linear regression equation and estimating the d parameter  
through  the Ordinary Least Square (OLS) method. Meanwhile, the assessment of 
autoregression and moving average parameters is carried out after the fractional 
differentiation process using the maximum likelihood method (Palma, 2007).    

A good ARFIMA model is one whose parameters are significant, or whose 
parameter values differ by zero. In general, if θ is a parameter of the ARFIMA 

model and  𝜃 is the estimated value of that parameter, serta 𝑆𝐸(𝜃)  is Standard 

error of estimated value 𝜃, Then the parameter significant test can be carried out 
with the following stages : 
1. Hipotesis 

H0 : θ = 0 or the parameters of the ARFIMA model are equal to zero. 

H1 : θ ≠ 0 or the parameters of the ARFIMA model are not equal to zero. 

2. Test Statistics 
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3. Rejection Criteria H0 

Subtract H0 if  |𝑡| > 𝑡∝/2,𝑑𝑓, with df= T-M, T = number of observations and 

M = number of parameters in the ARFIMA model, or by using p-value, i.e. reject 
H0 if p-value< ∝. In this study using  ∝= 0.05. 
Diagnostics Check 

Diagnostic checking can be divided into two parts, namely parameter 
significance test and model conformity test (consisting of white noise assumption 
test and  Normal distribution of residue). In ARFIMA modeling, the diagnostic 
check procedure involves assessing the goodness of fit and the adequacy of the 
model to the observed time series data. After estimating the parameters of the 
ARFIMA model, diagnostic checks typically include examining the residuals for 
stationarity, independence, and normality. Stationarity is crucial to ensure that 
the model captures the underlying patterns in the data, while independence of 
residuals is essential for the absence of systematic patterns or autocorrelation. 
Normality checks assess whether the residuals follow a Gaussian distribution. 
Additional diagnostics may involve inspecting the autocorrelation and partial 
autocorrelation functions of the residuals to identify any remaining patterns. 
Overall, a comprehensive diagnostic check ensures that the ARFIMA model 
adequately captures the temporal structure of the time series and that the 
assumptions underlying the model are met. 
Forecast 

The ARFIMA model can be used to forecast future values of a time series. 
The forecasts are generated by iteratively applying the ARFIMA model to the 
past values of the time series. Forecasting in the ARFIMA model is basically the 
same as the ARIMA model, in equation (1) it can be formed into the following 
equation; 
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Forecasting Evaluation 

In this study, evaluate the model using the Mean Absolute Percentage Error 
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RESEARCH RESULT 
In this study, data on world primary energy consumption from 1965 to 

2022 was used from https://ourworldindata.org/energy. 

 
Figure 1. Primary Energy Consumption in The World 

The primary energy of the world has grown steadily over the past 50 
years, from about 7,200 TWh in 1965 to about 19,600 TWh in 2022. This growth 
has been driven by population growth and economic development. The figure 
shows that fossil fuels (oil, coal, and natural gas) continue to be the dominant 
source of primary energy, accounting for about 82% of global consumption in 
2022. However, the share of renewables, such as hydropower, solar, and wind 
power, is growing rapidly. In 2022, renewables accounted for about 13% of global 
primary energy consumption. 

The growth of primary energy consumption has had a significant impact 
on the environment. The burning of fossil fuels releases greenhouse gases into 
the atmosphere, which contribute to climate change. In addition, the extraction 
and processing of fossil fuels can have negative environmental impacts, such as 
water pollution and air pollution. 

The transition to a clean energy future is essential to address the 
challenges of climate change and other environmental problems. Renewable 
energy sources offer a sustainable and low-carbon alternative to fossil fuels. 
However, the transition to a clean energy future will require significant 
investment in renewable energy technologies and infrastructure. 
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Figure 2. Autocorrelation Function plot of data 

The ACF of the annual primary energy consumption in the world from 
1965 to 2022 shows a strong positive correlation at lags of 1 to 10 years. This 
means that the consumption of energy in a given year is highly correlated with 
the consumption of energy in the previous 1 to 10 years. This suggests that there 
is a strong trend in energy consumption, with consumption increasing steadily 
over time. 

The ACF also shows a weaker positive correlation at lags of 11 to 30 years. 
This suggests that there is also some seasonal variation in energy consumption, 
with consumption being higher in some years than others. However, the seasonal 
variation is not as strong as the trend. 
Finally, the ACF shows a negative correlation at lags of 31 to 50 years. This 
suggests that there is a long-term cycle in energy consumption, with 
consumption increasing for a period of time followed by a period of decline. 
However, the long-term cycle is not very strong. 

Overall, the ACF of the annual primary energy consumption in the world 
from 1965 to 2022 shows a strong trend in energy consumption, with 
consumption increasing steadily over time. There is also some seasonal variation 
in energy consumption, but it is not as strong as the trend. Finally, there is a weak 
negative correlation at lags of 31 to 50 years, which suggests that there may be a 
long-term cycle in energy consumption.  
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Table 1. MAPE with h=4 and h=6 

Models MAPE Models       MAPE 

ARFIMA(1,d,0) 1.58% ARFIMA(1,d,0)       3.39% 

ARFIMA(0,d,1) 4.29% ARFIMA(0,d,1)       5.97% 

ARFIMA(2.d,0) 

ARFIMA(0,d,2) 

ARFIMA(1,d,2) 

ARFIMA(2,d,1) 

ARFIMA(1,d,1) 

ARFIMA(2,d,2) 

1.55% 

3.71% 

3.71% 

1.38% 

1.52% 

1.48% 

ARFIMA(2.d,0) 

ARFIMA(0,d,2) 

ARFIMA(1,d,2) 

ARFIMA(2,d,1) 

ARFIMA(1,d,1) 

ARFIMA(2,d,2) 

      2.37% 

      5.72% 

      2.22% 

      2.24% 

      2.28% 

      2.24% 

 

The table presents the Mean Absolute Percentage Error (MAPE) values for 

different models, the models considered are ARFIMA models with different 

parameters. The table has two columns for each model, one for h=4 and one for 

h=6, with h is length of forecasting. 

ARFIMA(2, d, 1) model has the lowest MAPE value of 1.38% for h=4 and 

2.24% for h=6. The ARFIMA (1, d, 2) model also has low MAPE values of 1.48% 

for h=4 and 2.24% for h=6.The ARFIMA (0, d, 1) model has relatively higher 

MAPE values of 4.29% for h=4 and 5.97% for h=6. The ARFIMA (0, d, 2) model 

has even higher MAPE values of 3.71% for h=4 and 5.72% for h=6. The ARFIMA 

(1, d, 0) model has the highest MAPE values of 1.58% for h=4 and 3.39% for 

h=6.The MAPE values suggest that the ARFIMA (2, d, 1) and ARFIMA (1, d, 2) 

models are the most accurate in predicting energy consumption trends, for h =4 

and h=6 respectively.         

Statistical model of  ARFIMA(2,d,1) is 

(1 − ∅1𝐵 − ∅2𝐵𝐵2)(1 − 𝐵)𝑑𝑍𝑡 = (1 − 𝜃1𝐵)𝑎𝑡 

𝑍𝑡 =
1

Γ(𝑑 + 1)
(∅1𝑍𝑡−1 + ∅2𝑍𝑡−2)

+ ∑ (
(−1)𝑘 (

𝑑
𝑘

) + ∅1𝐵(−1)𝑘 (
𝑑
𝑘

) + ∅2𝐵2(−1)𝑘 (
𝑑
𝑘

)

Γ(𝑑 − 𝑘 + 1)
)

∞

𝑘=1
𝑍𝑡−𝑘

+ (1 + 𝜃1𝐵)𝑎𝑡 

With 

d = 0.7368,  ∅1= 0.085, ∅2= 0.88, 𝜃1= -0.99 
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DISCUSSION 
Long memory time series models, such as ARFIMA, capture the persistent 

and autocorrelated nature of energy consumption data, providing insights that 
traditional short memory models may overlook. By incorporating long memory 
components, these models aim to provide a more accurate representation of 
primary energy consumption. 

Accurate energy demand modeling is crucial for informing energy policy 
decisions, improving energy access, and addressing climate change. Long memory 
time series modeling techniques can enhance the precision and reliability of 
forecasting primary energy consumption trends 

The study found that the sectoral energy consumption in the world long 
memory behaviour. The energy consumption series showed strong  non seasonal 
patterns and highly significant autoregressive and moving average components. 
Overall, the results of the study have important implications for the formulation 
and implementation of effective energy. 

The findings of this research contribute to the advancement of energy 
forecasting methodologies, offering valuable insights for policymakers, energy 
analysts, and researchers in the field of primary energy consumption..The use of 
long memory time series modeling can support sustainable and informed energy 
planning, aiding in the development of effective energy policies and strategies. 
 
CONCLUSIONS AND RECOMMENDATIONS 

Data of primary energy consumption showed Presence of long memory 
pattern. Data from far away still have a reasonably strong association with each 
other, and data from the present has a relationship with data from a long time ago. 
The Proposed model (ARFIMA) to forecast primary energy consumption showed 
good performance (According to MAPE Values). By advancing the methodology 
for modelling primary energy consumption with long memory time series 
techniques, this research provides a valuable framework for developing more 
accurate energy forecasts. 

The paper suggests that incorporating long memory time series modelling 
techniques can improve the accuracy and reliability of primary energy 
consumption forecasts. It recommends further research and exploration of long 
memory time series models to better understand the underlying dynamics and 
dependencies in primary energy consumption data.  Theis research also 
emphasizes the need for continuous monitoring and analysis of primary energy 
consumption data to capture any evolving long memory patterns and adjust 
forecasting models accordingly. 
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ADVANCED RESEARCH 
Further research was tried for seasonal data with different patterns such 

as additive or multiplicative patterns. Further research can also explore the 
application of long memory time series modelling techniques to other sectors of 
energy consumption, beyond primary energy, to gain a comprehensive 
understanding of energy dynamics and improve forecasting accuracy. 

Investigate the potential of combining long memory models with other 
forecasting methods, such as machine learning algorithms, to enhance the 
predictive capabilities of energy consumption models. Explore the use of 
alternative performance evaluation metrics to assess the accuracy and reliability 
of long memory time series models in energy forecasting, providing a more 
comprehensive analysis of model performance. 

Conduct comparative studies between long memory models and other 
traditional time series models, such as ARIMA, to determine the superiority of 
long memory techniques in capturing long-term dependencies and improving 
forecasting accuracy. Investigate the impact of incorporating exogenous 
variables, such as economic indicators or climate data, into long memory time 
series models to enhance the predictive capabilities and robustness of energy 
consumption forecasts 
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