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Abstract
Fossil fuel electricity generation in Saudi Arabia increased greatly from 1980 to 2017. This paper aims to quantify the elec-
tricity generation effect on the environmental quality of Saudi Arabia and explore the role of energy-efficient technological 
innovation. A structural time series model (STSM) to estimate long-run elasticities and logarithmic mean Divisia index 
(LMDI) is employed. The results showed that variables (GDP, electricity generation, and population) have a significant effect 
on carbon dioxide (CO2) emissions. Also, the underlying energy demand trend (UEDT) showed an upward slope for the entire 
period, which suggests that over the study time there is no improvement in energy efficiency. In decomposing the factors 
for carbon emissions growth in Saudi Arabia, the findings of applying additive LMDI analysis showed a 1377.56 million 
tonne (MT) increase in CO2 emissions from the three factors between 1980 and 2017 in the country. The results of additive 
decomposition showed that the primary factor that drives the carbon emissions growth in Saudi Arabia was the structure 
effect. Saudi Arabian policymakers could make more informed decisions regarding electricity generation by focusing on 
increasing energy efficiency and demanding strict environmental regulations to contribute to sustainable economic growth.

Keywords  Carbon emissions · Structural time series model (STSM) · Underlying energy demand trend (UEDT) · 
Logarithmic mean Divisia index (LMDI) approach · Electricity generation

Introduction

Global warming and environmental degradation caused by 
rising emission levels of carbon dioxide (CO2) affect life 
on Earth. The global energy demand is increasing rapidly, 
driven by growth in economies and population. Despite a 
high oil consumption providing the basis for economic activ-
ity and human wellbeing, it simultaneously is contributing 
to environmental degradation. This has resulted in a global 
shift toward a low-carbon energy system, considered a fun-
damental strategy for sustainable development. Saudi Ara-
bian economic growth still depends on oil, even in the elec-
tricity sector. Domestic electricity generation has increased 
drastically in the past four decades, from 20.45 billion (kWh) 
in 1980 to 355.48 billion (kWh) in 2018 (U.S. energy infor-
mation administration 2020). According to the US Energy 

Information Administration, Saudi Arabia ranked 6th in 
petroleum and other liquids consumption (3328 thousand 
barrels per day) and ranked 13th in electricity consumption 
(295 billion kilowatt-hours) in 2017 (U.S. energy informa-
tion administration 2020). Saudi Arabia’s environmental 
issues are related to dependency on fossil fuel for devel-
opment and economic growth, and so the country faces a 
great challenge in finding a suitable path to ensure economic 
growth and maintain the quality of the environment.

The National Action Plan for Energy Efficiency (2019) 
stated that Saudi Arabia needs to invest in the efficiency of 
energy to combat global climate change for two reasons: 
First, using less energy will reduce emissions. Second, cost-
effective energy efficiency will lead to environmental advan-
tages and achieve climate goals.

Saudi Arabia was placed 11th in a global ranking of car-
bon dioxide emissions from fuel combustion in 2018 (IEA 
2019). Statistics reveal that carbon dioxide emissions from 
fossil fuel combustion increased from 97.9 MT in 1980 
to 575.47 MT in 2018; see Fig. 1  (BP Statistical Review 
of World Energy 2020 ). Thus, the policy to reduce carbon 
dioxide emissions will become more challenging for Saudi 
Arabia because the country relies on fossil fuel consumption 
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in its sectors including electricity generation; this situation 
motivated the current study. Therefore, it is crucial to deter-
mine the environmental impact of electricity generation 
from fossil fuels for Saudi Arabia. How do these environ-
mental effects vary with key characteristics of the economy, 
such as the economic activities and population?

Therefore, there are two objectives; the first objective is to 
quantify the impact of electricity generation on environmen-
tal quality along with conventional variables in Saudi Arabia 
through employing a structural time series model (STSM) to 
explore the role of energy-efficient technological innovation 
to protect environmental quality in Saudi Arabia over the 
period from 1980 to 2017. The second objective is to explore 
the factors influencing changes in carbon dioxide emissions 
in Saudi Arabia by using the logarithmic mean Divisia index 
(LMDI) decomposition method analyses changes in carbon 
emissions over four decades. To the best of our knowledge, 
by using these two methods (STSM and LMDI), this study 
is the first to consider the trends and factors of carbon emis-
sions from electricity generation in Saudi Arabia.

The study is organized as follows. “Literature review” 
presents a literature review. The econometric framework 
employed and data are given in “Methodology.” “Empirical 
results and discussions” presents the structural time series 
results and the logarithmic mean Divisia index (LMDI) 
decomposition results and discussions. Finally, “Conclu-
sion and policy implications” is the conclusion and policy 
implications.

Literature review

Many studies have discussed and examined the relation-
ship between economic growth, energy, and environmental 
pollution. In this study, we will highlight some of these, 
particularly studies related to CO2 emissions, energy, and 
electricity generation.

For energy modeling, several studies have employed the 
STSM method. Hunt et al. (2003a, b) analyzed the demand 
for aggregate energy for different sectors in the UK using 
the STSM approach. They found that trends reflect other fac-
tors besides technical progress such as changes in the struc-
ture of economic and consumer tastes. Hunt and Ninomiya 
(2003) examined oil demand in the transport sector using 
the STSM method with quarterly data for Japan and the UK. 
Their results show that the suitability of stochastic trends is 
better than traditional deterministic ones. Also, Broadstock 
and Hunt (2010) estimated the demand relationship for oil 
transport using the STSM. Their findings have important 
implications for policymakers who want to reduce growth 
in transport oil consumption and its emissions in the UK.

Other studies have used the STSM method in the elec-
tricity sector, such as Amarawickma and Hunt (2008), to 

forecast electric demand in Sri Lanka. They employed the 
STSM technique to forecast up to 2025. Also, Dilaver and 
Hunt (2011) forecast the demand for industrial electricity in 
Turkey by using the STSM approach and estimate UEDT 
to provide information about unobserved components that 
affect energy demand. Similarly, Atalla and Hunt (2016) 
employed the STSM method for the Gulf Cooperation Coun-
cil (GCC) countries to explore the drivers of residential elec-
tricity demand. Their results suggested that there is a need 
to improve the efficiency of appliances and raise awareness 
to reduce electricity consumption. Javid and Qayyum (2014) 
investigated the relationship among economic activity and 
electricity consumption in four sectors of Pakistan over the 
period 1972 to 2012 using the STSM method. The results 
of UEDT showed that there are no improvements in energy 
efficiency in these sectors. Atalla et al. (2018) estimated 
gasoline demand using the STSM method for Saudi Arabia 
and found that the government cannot limit gasoline con-
sumption growth in the future because of price inelasticity. 
Thus, they need to increase energy awareness and improve 
energy efficiency.

In terms of carbon emission studies, Alkhathlan and Jaivd 
(2015) used the STSM approach to expose the UEDT for the 
emissions of carbon to analyze the impact of total oil con-
sumption on the environmental quality in Saudi Arabia from 
1971 to 2013. Their findings showed that the models have a 
nonlinear and stochastic trend, so growth in CO2 emissions. 
Javid and Khan (2020) examined the role of technological 
innovations to protect environmental quality (by reducing 
emissions of CO2) in the top five greenhouse gas–emitting 
countries using the STSM approach for data from 1971 to 
2016. The findings show that energy consumption positively 
affects CO2 emissions for all five countries. A recent study 
by Alarenan et al. (2020) modeled industrial energy demand 
in Saudi Arabia using STSM from 1986 to 2016. Based on 
the elasticity long-run results, as economic activity increases 
in Saudi Arabia, the demand for industrial energy will con-
tinue to grow in the next decades.

Liu et al. (2007) examined the growth of industrial CO2 
emissions for 36 industrial sectors in China from 1998 to 
2005 using the LMDI approach. The results showed that 
there are two main contributors driving the growth of indus-
trial CO2 emissions in China: industrial activity and real 
energy intensity because of the increase in electricity use. 
Also, Xu et al.(2014) analyzed factors that impact CO2 emis-
sions in China from 1995 to 2011, using LMDI additive 
decomposition to decompose CO2 emissions for energy 
consumption into factors, such as energy structure, energy 
intensity, and population effects. The results display that the 
major contributors to CO2 emissions are electricity produc-
tion, petroleum processing, and others. Furthermore, Kim 
(2017) used the LMDI decomposition to analyze factors 
that affect energy consumption in the manufacturing sector 
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in Korea from 1991 to 2011. The decomposition showed 
that the reason behind increasing energy consumption is the 
activity effect. Daldoul and Dakhlaoui (2018) evaluated the 
factors that impact the carbon emissions in the transporta-
tion sector in Tunisia. They used the LMDI decomposition 
method for the period from 1991 to 2016. They found that 
the main factor behind carbon emissions growth is the trans-
port sector. Tu et al. (2019) employed LMDI decomposi-
tion to investigate the changes in carbon emissions of the 
transport sector from 1960 to 2001 in different cities. They 
suggested some effective strategies to reduce carbon emis-
sions, such as rational land use, fuel economy policies, and 
the development of public transport. Furthermore, there are 
studies using ARDL techniques to estimate the relationship 
between CO2 emissions, energy consumption, GDP, and 
other variables for several countries including Saudi Ara-
bia, such as Begum et al. (2015), Mert and Bölük (2016), 
Samargandi (2017), and Balaguer and Cantavella (2018). 
They found that GDP contributed to CO2 emissions. Baek 
and Kim (2013), Bouznit and Pablo-Romero (2016), and 
Ahmad et al. (2016) found that energy consumption posi-
tively affects CO2 emissions.

Other studies examined the relationship between energy 
use and emissions using different methods. Ali et al. (2017) 
used the Bilan Carbone model-scenario-based modeling to 
analyze reduced energy use and carbon emissions for the 
Bangkok Metropolitan Area in Thailand. The results show 
that the CO2 emissions in the city will decrease by 50% 
through following the optimal solutions provided under the 
2050 low-carbon scenario compared to the business-as-usual 
scenario. Also, Ali et al. (2018) investigated the relation-
ship between income, education, and carbon footprint at the 
University of Agriculture Faisalabad, using the ordinary 
least squares (OLS) approach. Findings indicated that the 
carbon footprint increased by 1.15 million tonnes per year 
when faculty members increased by one. Thus, the attitude 
toward environmental pollution should be changed, and 
awareness should be created to reduce the carbon footprint 
on campus to be environmentally friendly through promot-
ing public transportation and reducing car use. Also, Ali 
et al. (2019) examined different possibilities for cost/ben-
efit analysis for the mitigation approach of carbon emission 
levels in the Lahore Metropolitan Area (marked by a high 
population creating huge energy demands and carbon emis-
sions) of Pakistan using the multi-criteria decision analysis 
(MCDA) approach and the Bilan Carbone method for energy 
environment modeling. Their results showed no evidence of 
renewable energy use, and mitigation analysis of different 
sectors showed that carbon emissions would be reduced by 
50% in 2050 under the low-carbon scenario.

Recently, Chontanawat et al. (2020) decomposed the 
changes in carbon emissions related to the industrial sector 
by employing an LMDI approach for Thailand from 2005 

to 2017. Their results reveal that the energy intensity of 
individual industries led to increased CO2 emissions and a 
structural effect reducing CO2 emissions. Quan et al. (2020) 
found that economic growth is the main factor promoting 
carbon emissions, followed by the positive impact of popula-
tion size and energy structure using LMDI decomposition in 
China’s logistics industry from 2000 to 2016. Raza and Lin 
(2020) apply the LMDI technique to detect the influencing 
variables on CO2 emissions growth in Pakistan’s transport 
sector covering the period 1984–2018, showing that the 
economic growth effect increases CO2 emissions. Another 
study in Pakistan by Yasmeen et al. (2020) assessed CO2 
emissions from 1972 to 2016 through employing the LMDI 
approach. Their results indicated an economic development 
factor behind increasing per capita carbon emissions, while 
restraining factors for per capita carbon emissions are energy 
structure and energy efficiency. In terms of energy consump-
tion, Alarenan et al. (2020) applied the LMDI approach to 
decompose the growth in consumption of industrial energy 
for Saudi Arabia from 1986 to 2016. The LDMI findings 
revealed that the two effects (activity and structure) have 
roles in driving the demand for industrial energy. Akyürek 
(2020) used LMDI for the energy consumption growth of 
Turkish manufacturing industries from 2005 to 2014, and the 
results show that the activity effect has a significant influ-
ence on energy consumption, while other effects are small. 
Ali et al. (2021) recently found reduced pollution emissions 
resulting from the countrywide lockdown to minimize the 
spread of the COVID-19 virus in Pakistan due to the turn-
off in energy consumption by human and industrial activi-
ties. The findings showed that there is a need for appropriate 
management of transportation systems, land use expansion, 
industrial emissions, and the use of renewable energy.

The above studies used several methods to examine the 
energy consumption and emissions problems, but none of 
them examined changes in Saudi Arabia using the STSM or 
LMDI approach, a gap we aim to fill. The contributions of 
this study to current literature are on electricity generation 
and carbon emissions by estimating the impact of electricity 
generation on carbon emissions, capturing the effect of exog-
enous factors, such as energy efficiency, and highlighting 
the factors behind the growth in carbon emissions in Saudi 
Arabia. This analysis will help policymakers to identify the 
contribution of electricity production to environmental deg-
radation. Then, they can take steps toward raising energy 
efficiency in this sector.

Methodology

This study will employ both the structural time series models 
(STSM), also known as unobserved components models, and 
decomposition analysis using the logarithmic mean Divisia 
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index (LMDI) method. To better understand the impact of 
electricity generation on environmental quality, we employ 
the LMDI decomposition analysis to quantify the contri-
butions to a change in a variable or aggregate economic, 
energy, or environmental indicator (Ang and Zhang 2000). 
The STSM will estimate the long-run relationships between 
GDP, electricity generation, population growth, other exog-
enous factors, and carbon emissions in Saudi Arabia, while 
the decomposition approach will estimate the factors of the 
growth in emissions of carbon over four decades.

Data

Generally, in the energy–environment literature, economic 
growth, population, and electricity generation are impor-
tant variables that contribute to carbon emissions besides 
other factors. Therefore, the carbon dioxide emissions 
(CO2) is a function of gross domestic product GDP (Y), 
fossil fuel electricity generation (EOC), population growth 
(POP), and UEDT, which captures the impact of exog-
enous factors. Annual time-series data from 1980 to 2017 
for Saudi Arabia will be used in this study for analyzing 

the relationship between electricity generation and envi-
ronmental quality in the country. CO2 emissions data were 
obtained from the BP World Energy (BP Statistical Review 
of World Energy 2019) online database. The data for fossil 
fuel electricity generation were obtained from the Energy 
Information Administration (EIA 2020). Data on GDP and 
population growth were obtained from World Develop-
ment Indicators (World Bank 2020).

The data of fossil fuel electricity generation is shown 
in Fig. 1, illustrating the strong general growth in Saudi 
Arabian electricity production through 1980 to  2018, but 
a high growth starting from 2011 then became steady in 
the last two years. Also, Fig. 1 shows total CO2 emis-
sions from different sources, with an increase from 97.91 
MT in 1980 to 575.47 MT in 2018. The previous graphs 
indicate that the increasing electricity generation using 
fossil fuels will produce more carbon emissions, which in 
turn affects the environment quality adversely. Figure 2 
illustrates the total GDP trend of the oil sector and non-
oil sector (private and government sectors, and import 
duties), showing a continuous rise during the period from 
1980 to 2018.

Fig. 2   Saudi Arabia total GDP; 
oil GDP and non-oil GDP by 
billion Riyals (SR) (1980–
2018). Source: SAMA 2021

Fig. 1   Saudi Arabia fossil fuel 
electricity generation by billion 
kWh and total CO2 emissions 
by million tonnes (1980–2018). 
Source: U.S. energy informa-
tion administration  2020 and 
BP Statistical Review of World 
Energy 2020
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The structural time series model (STSM) 
and the UEDT concept

The STSMs developed by Harvey (1990) and the underly-
ing energy demand trend (UEDT) proposed by Hunt et al. 
(2000, 2003a, b) are to be modeled stochastically. Simply, 
the STSM approach produces a better forecast and gives 
a better fit. This model uses stochastic trends (to pick up 
changes that cannot be explicitly measured in habits and 
tastes) with explanatory variables (Harvey 2006). There-
fore, to evaluate the impact of energy-efficient technological 
innovation in reducing carbon emissions, we need to use a 
methodological framework that can capture the other unob-
servable factors. Thus, we employed the STSM model to 
estimate the energy-efficient technological innovation effect 
in reducing CO2 emissions.

Following the studies that used the STSM approach such 
as Dilaver and Hunt (2011), Javid and Khan (2020), and 
Alarenan et al. (2020), carbon emission is modeled as a 
function of

where CO2 is carbon emissions in million tonnes (MT); Y is 
gross domestic product (GDP) in billion Saudi Riyals (SR); 
EOC is fossil fuel electricity generation in billion kilowatt-
hours (kWh); POP is population growth, and UEDT is 
underlying energy demand trend for CO2 emissions, which 
captures the impact of energy-efficient technological inno-
vation on carbon emissions growth, as exogenous factors.

The dynamic autoregressive distributed lag model 
(ARDL) specification has been used for estimation as 
follows:

where cot , yt , eoct , and popt are the natural logarithms of 
CO2, Y, EOC, and POP in year t. A 2-year lag is employed 
based on the Akaike information criterion (AIC) after elimi-
nating the insignificant variables from the model.

The UEDT ( �t) consists of level and slope components. 
�t is supposed to have the following process:

where �t and �t represent the level and the slope of the trend, 
respectively.�t and �t with zero means and variances �2

�
 and 

�2
�
 are the uncorrelated mutual white noise disturbance 

terms. Information about significant breaks and structural 
changes can be given by irregular, slope, and level 

(1)CO2 = f (Y ,EOC,POP,UEDT)

(2)cot = �
1
cot−1 + �

2
cot−2 + �

0
yt + �

1
yt−1 + �

2
yt−2 + y

0
eoct + y

1
eoct−1 + y

2
eoct−2 + �

0
popt + �

1
popt−1 + �

2
popt−2 + UEDTt + �t

(3)�t = �t−1 + �t−1 + �t;�t ∼ NID
(

0, �2
�

)

(4)�t = �t−1 + �t;�t ∼ NID
(

0, �2
�

)

interventions on specific dates of the estimation period. By 
these interventions, the condition of normality of the auxil-
iary residuals can be retained when required (Harvey and 
Koopman 1992). Based on Dilaver and Hunt (2011), the 
UEDT can be written as below:

Equations (2), (3), and (4) are estimated by maximum 
likelihood and the Kalman filter. Diagnostic tests and check-
ing the consistency of the estimated parameters must be 
applied to assess the suitability of the estimated model. The 
software package STAMP 8.30 (Koopman et al. 2007) is 
used to estimate our model, and the study results are given 
in “Empirical results and discussions.”

The LMDI decomposition approach

Ang et al. (1998) introduced a new method by factorizing 
changes in gas emissions or energy demand using a decom-
position method over time. This approach gives perfect 
decomposition and could be generally employed in energy 
and environmental decomposition studies. Ang (2005) pre-
sented a practical guide for LMDI for both multiplicative and 
additive decomposition along with the general formulation 
process and examples. Also, Ang (2015) provided a strong 
foundation for the implementation of the LMDI decomposi-
tion method by presenting eight models in addition to pro-
viding guidelines on the choice between these eight models 
to assist researchers in the application. Therefore, studies 
of emission and energy widely use the index decomposi-
tion analysis (IDA) as an analytical component. This use 
has attracted policymakers to follow energy efficiency trends 

(Ang, 2015). This study uses the additive logarithmic mean 
Divisia index (LMDI) decomposition approach to assess 
the change in carbon emissions between a reference year, 
denoted by the superscript 0, and an end year, denoted by 
the superscript T, into additive components that call factors. 
In additive decomposition analysis, the aggregate change 
(the arithmetic or difference change) and decomposition 
results are given in a physical unit (Ang 2015). However, by 
implementing the additive LMDI decomposition approach 
suggested by Ang et al. (1998) for one sector, which is the 
electricity sector, the carbon emissions can be formulated 
as follows:

The subscript tot represents the total change in carbon emis-
sions, and the terms on the right-hand side of the equation give 
the effects linked to the respective factors. The term ΔCact 

(5)UEDT = �
t
+ irregular intervention + level interventions + slope interventions

(6)ΔCtot = CT − C0 = ΔCact + ΔCstr + ΔCpop
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is called activity effect and measures the impact of GDP on 
change in carbon emissions. The term ΔCstr is called struc-
ture effect and measures the impact of electricity generation 
on change in carbon emissions. The term ΔCpop is defined to 
be the population effect and measures the impact of popula-
tion growth on change in carbon emissions. Therefore, we can 
study changes in carbon emissions by determining the changes 
in three different factors: overall GDP (activity effect), electric-
ity generation (structure effect), and population growth (popu-
lation effect). In order to estimate the effect of the three factors, 
the formulas of the additive LMDI approach are adopted from 
Ang (2005) and presented in Eqs. (7), (8), and (9):

(7)ΔCact =
∑ CT − C0

lnCT − lnC0
ln

(

CT
act

C0
act

)

(8)ΔCstr =
∑ CT − C0

lnCT − lnC0
ln

(

CT
str

C0
str

)

The LMDI becomes the preferred method for decomposi-
tion analysis because its results give a perfect decomposition 
and do not produce any unexplained residuals. Also, it simpli-
fies the result interpretation, as noted by Ang (2005, 2015).

Empirical results and discussions

ARDL model estimation results

The preferred estimated equation is

where UEDT2017 = −1.018. Table 1 presents the estimated 
coefficients of the preferred model in detail, and Table 2 
shows the details of diagnostic tests for residuals and aux-
iliary residuals. Serial correlation, non-normality, and 
heteroscedasticity for residuals of the estimated equation 
are tested. Diagnostic tests were generated by the STSM 
approach, which includes p.e.v. (the prediction error vari-
ance), AIC (Akaike information criterion), and the coeffi-
cients of determination (R2 and R2

d
 ) measuring goodness-

of-fit. Normality (corrected Bowman–Shenton), Kurtosis, 
and Skewness are error normality statistics. Normality is 
approximately distributed as �2(2), and Kurtosis and Skew-
ness roughly are distributed as �2(1) and �2(1), respectively. 

(9)ΔCint =
∑ CT − C0

lnCT − lnC0
ln

(

CT
pop

C0
pop

)

(10)cot = 0.0997yt + 1.288eoct + 0.145popt + UEDTt

Table 1   Estimated coefficients of preferred models

Variables ARDL t-test

Estimated coefficients
  �

0
0.097 1.816

  �
1

- -
  �

2
- -

  �
0

0.797 7.176
  �

1
- -

  �
2

0.490 5.242
  �

0
0.504 7.394

  �
1

 − 0.775  − 6.716
  �

2
0.417 7.267

Estimated long-run coefficients
  GDP 0.097
  EOC 1.288
  POP 0.145

Hyper-parameters
  Level 0.000
  Slope 0.000
  Irregular 0.00026

Interventions
  Irregular 1994 0.088 4.823
  Level 1990 0.138 6.314
  Level 1986  − 0.102  − 5.431

Components of UEDT2017

  Level ( �)  − 1.0199
  Slope (β)  − 0.0339

Table 2   Diagnostic tests

The number between brackets is p values

Variables

Goodness of fit
  P.E.V 0.000185
  AIC  − 7.966
  R2 0.9994
  R2

d
0.9428

  LR test 101.244
Residuals diagnostic

  Std error 0.0136
  Normality 0.702
  H(h) H(8) = 0.45
  r(1)  − 0.299
  Q(6,6 − 2) 6.75
  r(6)  − 0.087

Auxiliary residuals
  Normality – irregular 2.021] 0.364[
  Normality – level 1.830]0.401[
  Normality – slope 1.008]0.6041[
  Prediction failure Chi2 (8) 3.5496]0.8953[
  Cusum t(8)  − 0.4941 [1.3655]
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H(8) is the test for heteroscedasticity, approximately dis-
tributed as F(8,8). r(1) and r(6) are the serial correlation 
coefficients at the equivalent residual lags, approximately 
normally distributed. Q(6,6–2) is the Box–Ljung statistic 
based as �2 . Predictive failure statistic is distributed as �2

(8), and Cusum is a mean stability statistic distributed as the 
Student’s t distribution, meaning there is a predictive failure 
test for the last 8 years of the estimation period. Finally, the 
LR test represents a likelihood ratio test used to determine 
the deterministic time trend. Table 2 reveals that the model 
passes all the diagnostic tests, including the additional nor-
mality tests for the auxiliary residuals.

Table  1 reports estimated long-run elasticities. The 
long-run elasticity estimate of CO2 emissions with respect 
to electricity generation is positive and statistically sig-
nificant, which means electricity generation has a signifi-
cant impact on carbon emissions. In other words, for a one 
percent increase in electricity generation in Saudi Arabia, 
carbon emissions are increasing by 1.288 in the long run. 
However, this model also reveals that CO2 emissions are 
influenced by electricity generation level; this affirms the 
impact a change in electricity generation can have on carbon 
emissions. One reasonable explanation behind these results 
is inefficiency; for example, the electricity appliances are of 
low efficiency. Another reason behind Saudi Arabia’s high 
use of electricity is the lower price of electricity compared 
to other countries. Prices in Saudi Arabia reached around 
0.069 US dollar/kWh for businesses and 0.048 US dollar/
kWh for households in 2019, compared to the average price 
of electricity in the world which is 0.14 US dollar/kWh for 
the same period (Global Petrol Prices 2020). Our result is 
consistent with studies that found a significant relationship 
between CO2 emissions and energy consumption, such as 
Begum et al. (2015), Alkhathlan and Javid (2015), Mert and 
Bölük (2016), Samargandi (2017), Balaguer and Cantavella 
(2018), and Javid and Khan (2020). However, our estima-
tion for the elasticity of electricity generation from oil in the 

long run (1.28) is similar to Alkhathlan and Javid’s (2015) 
long-run elasticity (1.11).

Also, this study found that the long-run elasticity esti-
mate of CO2 emissions with respect to GDP is positive and 
statistically significant, which means GDP has a significant 
impact on carbon emissions. For a one percent increase in 
GDP in Saudi Arabia, carbon emissions are increasing by 
0.097 in the long run. This result is consistent with previous 
studies that found GDP positively impacting carbon emis-
sions, such as Baek and Kim (2013), Bouznit and Pablo-
Romero (2016), Ahmad et al. (2016), Alkhathlan and Javid 
(2015), and Javid and Khan (2020).

Additionally, the long-run elasticity of CO2 emissions 
with respect to population is positive and significant. In other 
words, there is a relationship between carbon emissions and 
population growth in the long run. This indicates that for a one 
percent increase in population growth of Saudi Arabia, carbon 
emissions are increasing by 0.145 in the long run. This reflects 
insufficient awareness of environmental issues and reflects the 
importance of the initiative of the Saudi Energy Efficiency 
Center in launching the national campaign for energy to raise 
awareness of the rationalization of electricity consumption 
(Efficiency 2020). Table 2 presents the LR test, which does 
not reject the stochastic specification of the underlying trend 
in CO2 emissions in the data. The UEDT will capture exog-
enous factors including energy efficiency; thus, UEDT should 
reflect changes in energy efficiency. The estimated UEDT for 
the preferred model consists of stochastic level and slope. Fig-
ure 3 illustrates that the estimated UEDT is increasing over 
the study period, which suggests a lack of procedures to pro-
tect environmental quality, such as technical improvement to 
raise energy efficiency and energy-efficient appliances. For 
keeping the normality of residuals and auxiliary residuals 
level, interventions in 1986 and 1990 and irregular interven-
tion in 1994 were required.

From these findings, policymakers could reform 
energy efficiency regulations through demanding strict 

Fig. 3   The estimated UEDT for 
the preferred model
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environmental regulation and increasing economic efficiency 
in order to maintain environmental quality. Also, the popu-
lation is increasing the consumption of electricity by using 
household appliances such as cooling, lighting, and heating. 
Thus, improving the efficiency of appliances via reducing 
energy consumption will reduce emissions (Cooper 2017).

LMDI approach results

By employing the additive LMDI approach, we decompose 
the change in carbon emissions into three factors: an activity 
effect, a structure effect, and a population effect. For more 
details on additive LMDI methodology, see Ang (2005). 
Based on LMDI, we can analyze what factors have the great-
est impact on the change in Saudi Arabia’s carbon emissions 
over the period 1980–2017. Table 3 presents 1980 as year 0, 
2017 as year T, and the results of decomposition for Eq. (6). 
From this table, it can be seen that Saudi Arabia’s CO2 emis-
sions increased by 1377.56 million tonnes (MT) from 1980 
to 2017. The LMDI additive decomposition results show that 
the structure effect is the main factor that led to an increase 
in carbon emissions growth of 737.08 (MT), also the popu-
lation growth effect that led to an increase in carbon emis-
sions by 337.11 (MT). This is followed by the activity effect 
increasing carbon emissions by 303.37 (MT). The bottom 
line is the effect that played a significant role in raising emis-
sions of CO2 is the structure effect (electricity generation). 
Overall, the contributions of the three factors illustrate the 
importance of changing the current energy efficiency and 
decreasing the growth in CO2 emissions. Our LMDI result 

is consistent with some previous studies, such as Xu et al. 
(2014), Daldoul and Dakhlaoui (2018), Liu et al. (2007), and 
Chontanawat et al. (2020) that energy consumption is behind 
CO2 emissions growth. By contrast, some studies found that 
the activity effect is the main factor that led to the growth 
of carbon emissions, such as Quan et al. (2020), Raza and 
Lin (2020), and Yasmeen et al. (2020).

Figure 4 illustrates the additive decomposition results 
with the year-to-year change in carbon emissions by mil-
lion tonnes (MT). It shows that the structure effect (electric-
ity generation) was the largest factor in carbon emissions 
growth in Saudi Arabia. In other words, the increase in elec-
tricity generation was driving the growth in carbon emis-
sions. Other important factors are activity and population 
effects which led to the increased carbon emissions. The 
total change of the growth of CO2 emissions in Saudi Arabia 
reflects the absence of energy efficiency implementation, 
and that could create more pressure on environmental qual-
ity. Figure 5 shows a bar chart for the additive composition 
results presented in Table 3, which is the same decomposi-
tion in Fig. 4 but presents the results of each factor sepa-
rately over the period 1980–2017. The positive values of the 
structure effect (electricity generation) reflect the depend-
ence of Saudi Arabia on the production and consumption 
of fossil fuel production. Another important factor that led 
to increased carbon emissions is the activity effect which 
implies that Saudi GDP was driven by fossil fuel demand 
growth. The next important factor is the population effect 
which played a role because an increasing population growth 
causes upward pressure on electricity generation demand, 
which leads to increased carbon emissions growth. Overall, 
the decomposition results confirm that during the period of 
study, Saudi Arabia, by relying on fossil fuel consumption 
without raising energy efficiency, increased carbon emis-
sions. It is worth noting that the LMDI approach results are 
consistent with the STSM method results, which are that 

Table 3   Additive LMDI decomposition results of CO2 emissions: 
Saudi Arabia from 1980 to 2017 by million tonnes (MT)

ΔCtot ΔCact ΔCstr ΔCpop

1377.56 303.37 737.08 337.11

Fig. 4   Presentation of the addi-
tive decomposition results from 
year-to-year MTCO2
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electricity generation in Saudi Arabia caused a change in 
carbon emissions growth along with other variables.

It is useful to present the Saudi initiatives to increase 
energy efficiency, such as the Saudi Energy Efficiency 
Center (SEEC) to achieve goals such as (1) rationaliza-
tion of electricity consumption; (2) in 2030, Saudi Arabia 
is expected to yield an equivalent of 1.5 million barrels of 
oil per day by employing energy efficiency; (3) the country 
started in March 2020 the national campaign for energy to 
raise awareness, through lectures and workshops; and (4) the 
Saudi Energy Efficiency Program (Efficiency 2020).

Conclusion and policy implications

This study focuses on the impact of electricity generation in 
Saudi Arabia on environmental quality from 1980 to 2017. 
A structural time series model (STSM) was employed in 
this study to find the estimates and significance levels of 
the effect of electricity generation on the growth of carbon 
emissions. This technique also helps the underlying energy 
demand trend (UEDT) to be modeled stochastically to cap-
ture the energy-efficient technological innovation and other 
exogenous factors. That means a new assessment of the con-
tribution of technological innovation on environmental qual-
ity. Moreover, this study also employed additive logarithmic 
mean Divisia index (LMDI) analysis to assess the factors 
behind the growth in carbon emissions in Saudi Arabia over 
four decades.

The estimated econometric model found the long-run 
elasticities of GDP, electricity generation, and population 
growth to be 0.097, 1.288, and 0.145, respectively. The long-
run elasticity of GDP suggests that Saudi Arabian carbon 
emissions will continue to increase when economic activity 
expands in the future. The long-run electricity generation 
elasticity proposes that Saudi carbon emissions will continue 

to grow over the coming decades as electricity generation 
increases. Thus, Saudi Arabia could increase its electricity 
productivity by moving toward improving energy efficiency 
and decreasing the use of oil intensively. The electricity gen-
eration elasticity shows that a one percent shift away from 
using oil in the electricity sector may decrease carbon emis-
sions by 1.288 in the long run. Also, we found that the trend 
shape is nonlinear and stochastic and has a rising slope for 
the entire period.

The results of the additive logarithmic mean Divisia 
index decomposition method showed that the structure effect 
(electricity generation) was the main factor which increased 
carbon emissions by 737.08 (MT), followed by the activity 
effect and population effect, both increasing carbon emis-
sions by 303.37 (MT) and 337.11 (MT), respectively. Our 
logarithmic mean Divisia index result is in line with some 
previous studies, that energy consumption is behind carbon 
dioxide (CO2) emissions growth and differs from some stud-
ies that found the activity effect as the main factor of carbon 
emissions, such as Quan et al. (2020), Raza and Lin (2020), 
and Yasmeen et al. (2020).

These results suggest that energy efficiency is the key; 
thus, Saudi Arabia needs to invest in technology innovation 
and raise energy efficiency. To improve energy intensity, 
new energy-saving equipment or processing technology 
should be introduced. Also, the government should be 
expanding research and development on energy efficiency 
and financing technical support related to this research (Kim 
2017). These findings suggest that having better knowledge 
about factors of growth in carbon dioxide emissions and 
how they might evolve in the future should enable Saudi 
policymakers to make more informed decisions with 
regards to electricity generation, so they can choose 
suitable strategies to raise energy efficiency and take into 
account environment quality at the same time. Moreover, if 
policymakers wish to reduce carbon emissions, but do not 
want to curtail economic growth, then they need to increase 
environmental awareness through the education system 
(Zafar et al. 2020).

As Saudi Arabia has begun energy efficiency programs, 
future research could look at future energy consumption 
and carbon dioxide emissions under different scenarios and 
examine the impact of energy efficiency projects on limiting 
the growth of carbon emissions.
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