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Abstract: Greenhouse gas (GHG) emissions contribute considerably to global warming and
climate change. Since energy systems notably influence GHG emissions, such emissions
can be modeled at the national level based on the energy sources utilized by a country.
Economic activity also affects GHG emissions. In this work, an Artificial Neural Network
(ANN) approach, Group Method of Data Handling (GMDH), is used for determining
emissions of carbon dioxide, the most significant GHG, on the basis of shares of various
energy sources used as primary energy supply and GDP as an indicator of economic activity.
Five countries are considered as case studies: Iran, Kuwait, Qatar, Saudi Arabia and United
Arab Emirates (UAE). Comparing the results achieved by the developed model and actual
quantities shows that the ANN model has acceptable accuracy for predicting carbon dioxide
emissions. The average absolute relative error and the R-squared values of the GMDH
model are 2.3% and 0.9998, respectively. These values demonstrate the precision of the
model in forecasting emissions of CO2.
Keywords: Artificial Neural Network; Greenhouse gases; GMDH; Middle Eastern
countries; Carbon dioxide emission
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1. Introduction
Increases in industrial activities and improvements in quality of life are raising energy
requirements. Various sources of energy are utilized for electricity generation, heating,
desalination, cooling and other purposes (Alizadeh et al. 2016; Mohammad Hossein Ahmadi
et al. 2017; M.H. Ahmadi, Ghazvini, et al. 2018). Among these, fossil fuels have the highest
share in primary consumption. However, since these types of energy sources are limited and
have unfavorable impacts on the environment, policies have been enacted in many countries
to restrict their utilization. Renewable energy sources are more attractive than fossil fuels in
terms of environmental impact and sustainability. The most commonly applied types of
renewable energies are solar, wind and geothermal (Mohammad Hossein Ahmadi,
Ramezanizadeh, et al. 2018; Ramezanizadeh, Nazari, et al. 2018; Mohammadi et al. 2017).
Most renewable energy types can be used for electricity production (M.H. Ahmadi, Alhuyi
Nazari, et al. 2018; Caliskan, Dincer, and Hepbasli 2013), while solar and geothermal can be
also used for other applications such as HVAC (Haghighi Bardineh et al. 2018; Alhuyi Nazari
et al. 2018). The use of renewable energy facilities for power production has risen in recent
years (Mohammad Hossein Ahmadi, Ghazvini, et al. 2018; Mohammad Hossein Ahmadi,
Ramezanizadeh, et al. 2018).
Since using fossil fuels impacts the environment unfavorably (Mirzaei et al. 2018;
Anifantis, Colantoni, and Pascuzzi 2017; Ramezanizadeh et al. 2019), energy policy makers
have proposes numerous policies to avoid increases and even reduce GHG emissions.
Enhancing the efficiency of current power plants and systems, optimizing their operating
condition and developing renewable-based energy systems are commonly incented
(Mohammad H. Ahmadi, Jokar, et al. 2018; Naseri et al. 2017). Emissions of CO2 for
electricity generation are much greater for power plants using fossil fuels rather than
renewable energy sources (O et al. 2011). For instance, by replacing current thermal power
plants of Iran with 5000 MW PV for electricity production, it is possible to reduce emissions
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of carbon dioxide by up to 9.0 Mt per year, demonstrating the significant potential of
renewable energies for decreasing GHG emissions (Dehghani Madvar et al. 2018).
Climate change is highly dependent on GHG emissions (Masson-Delmotte et al. 2018).
Among the GHGs, carbon dioxide is the normally considered the most important and is
considered in the focus of much work to prevent climate change. Various measures are
presented in Paris agreement to reduce emissions of GHGs (“PARIS AGREEMENT” 2015).
According to the scenarios presented by the IPCC (Masson-Delmotte et al. 2018), economic
factors and the energy sector play key roles in emissions of carbon dioxide. Thus, exploring
the impact of energy systems and economic factors on carbon dioxide emissions is important.
Numerous mathematical approaches have been introduced for modeling systems and
related phenomena; among these the Artificial Neural Network (ANN) approach is one of
the most accurate and powerful. The accuracy of ANN-based methods is much higher than
conventional approaches, makes them advantageous. These types of algorithms can be
employed for finding the relationship between some inputs and an output. ANN-based
approaches are applicable in predicting the features of materials and the performance of
engineering systems. For instance, Mohamadian et al. (Mohamadian, Eftekhar, and Haghighi
Bardineh 2018a) used a GMDH ANN approach to model and predict the dynamic viscosity
of a silver/water nanofluid. The accuracy of their model was very high based on the
determined R-squared value which was 0.9996. In other study (Baghban et al. 2019), ANNs
were used to determine the Nusselt number of nanofluids flow through a coil. The calculated
R-squared value for this case was 0.979, indicating acceptable precision. Since ANNs have
ability to consider the interactions of input variables with output of the model (Mohammad
Hossein Ahmadi, Ahmadi, et al. 2018; Mohamadian, Eftekhar, and Haghighi Bardineh
2018b; Ramezanizadeh, Ahmadi, et al. 2018; Loni et al. 2017; Toghyani et al. 2016), these
tools can be used for modeling environmental problems.
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To gain insights into the influence of each energy type on GHG emissions, mathematical
modeling is an appropriate approach. With such models, sensitivity analyses can be carried
out to better understand the effects of measures and policies to reduce GHG emissions.
Among various machine learning approaches, GMDH is one of the most efficient and
accurate. For example, Ahmadi et al. tested both GMDH and LSSVM methods in
determining the thermal conductivity of a CuO/ethylene glycol nanofluid. The values of Rsquared for these methods were 0.994 and 0.991, respectively. Due to the acceptable and
reliable performance of GMDH in modeling different systems, it is an appropriate candidate
for use in environment-related problems. In addition, the algorithm does not suffer from the
overfitting (PHAM and LIU 1994). According to Rezaei et al. (Rezaei et al. 2018), carbon
dioxide emissions of four Nordic countries were accurately assessed using the Group Method
of Data Handling (GMDH) as an ANN-based approach. The R-squared value of the model
was 0.998 and the maximum value of deviation between the output of the model and actual
data was 4%, while approximately two-thirds of the data could be predicted with an error
below 1%.
The Middle East region plays important role in providing energy to the world. In
addition, since fossil fuel sources are abundant and the cost of energy is lower in these
countries than in many other parts of the world and since many developing countries are
located in this region, it is informative to investigate its energy-related issues. Middle Eastern
countries accounted for approximately 6.3% of the world’ CO2 emissions in 2017 (“BP
Statistical Review of World Energy” 2018). Up to now, there is not any mathematical model
for predicting CO2 of these countries, which play key role in world energy supply. In this
regard, GMDH ANN, as an efficient and mathematical method, is employed to model the
emissions of CO2 in five Middle Eastern countries, Iran, Saudi Arabia, Qatar, UAE and
Kuwait, all of which play important role in the global energy sector. This study aimed at
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proposing a comprehensive predictive model which would be applicable for all of the
mentioned case studies.
Due to the significant dependency of environmental issues on energy systems, it is
important to analyze emissions of carbon dioxide, one of the most important GHGs, based
on utilized energy sources. The objective of the present study is to model the emission of
CO2 by using the shares of various types of energies, including oil, natural gas, coal and
renewable sources, in primary energy consumption of the case studies. In addition, since
economic activities affect CO2 emission, GDP (as an indicator of economic activities) is
considered as another input variable in order to propose a more accurate model. By
employing the proposed model, it is possible to predict future CO2 emissions according to
the values of input data.
2. Method
Generally, one can use Volterra-Kolmogorov-Gabor (VKG) polynomials to model
complex systems that include a set of data with multiple inputs and one output as:
n

n

n

n

n

n

y = a0 + ∑ ai xi + ∑ ∑ aij xi xj + ∑ ∑ ∑ aijk xi xj xk + ⋯
i=1

i=1 j=1

(1)

i=1 j=1 k=1

Here, x= (x1, x2, … xn) are input vectors, y is the output of the model and ai are the polynomial
coefficients. VKG polynomials are approximated using second-order polynomials. These
quadratic polynomials are constructed based on the dual composition of network inputs. The
GMDH algorithm is introduced using this idea as a learning method for modeling complex
systems (Zoqi et al. 2016; Mohammad H Ahmadi et al. 2018).
The GMDH neural network has a multi-layer and forward-oriented structure and consists
of a set of neurons that connect the different input pairs through a quadratic polynomial. Each
layer in this network consists of one or more processor units, each of which has two inputs
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and one output. These units play the role of model components and are considered as a
quadratic polynomial, as follows:
𝐲̂ = 𝐆(𝐱 𝐢, 𝐱 𝐣) = 𝐚𝟎 + 𝐚𝟏 𝐱 𝐢 + 𝐚𝟐 𝐱 𝐣 + 𝐚𝟑 𝐱 𝟐𝐢 + 𝐚𝟒 𝐱 𝟐𝐣 + 𝐚𝟓 𝐱 𝐢 𝐱𝐣

(2)

The unknown parameters of the GMDH algorithm are the polynomial coefficients of
equation (2). To calculate the output value 𝑦̂𝑖 for each input vector x= (x1, x2, …, xn), the
mean square error must be minimized:
𝟐
∑𝐌
𝐢 (𝐲𝐢 − 𝐆𝐢 )
(3)
𝐞=
→ 𝐦𝐢𝐧
𝐌
To achieve the lowest error value, a partial derivative of equation (3) is used. By

substituting from equation (2) in this partial derivative, a matrix equation ( 𝐴𝑎 = 𝑦 ) is
obtained. In this equation, matrix A, 𝑎 = {𝑎1 . 𝑎2 . 𝑎3 . 𝑎4 . 𝑎5 } and 𝑌 = {𝑦1 . … . 𝑦𝑚 . }𝑇 are in
accordance with the following matrix:
𝐱 𝟏𝐪 𝐱 𝟏𝐩 𝐱 𝟏𝐪 𝐱 𝟐𝟏𝐩 𝐱 𝟐𝟏𝐪
𝟏 𝐱 𝟐𝐩 𝐱 𝟐𝐪 𝐱 𝟐𝐩 𝐱 𝟐𝐪 𝐱 𝟐𝟐𝐩 𝐱 𝟐𝟐𝐪
… …… ……… ……… …… ……… ………
[ 𝟏 𝐱 𝐌𝐩 𝐱 𝐌𝐪 𝐱 𝐌𝐩 𝐱𝐌𝐪 𝐱 𝟐𝐌𝐩 𝐱 𝟐𝐌𝐪 ]
𝟏

𝐱 𝟏𝐩

This matrix is applied in order to solve the equation and determine the coefficient of the
polynomials.
One approach for solving this matrix equation involves applying the Singular Value
Decomposition (SVD) method. Then, the unknown 𝑎 can be calculated as follows:
𝐚 = (𝐀𝐓 𝐀)−𝟏 𝐀𝐓

(4)

where 𝐴𝑇 is the transpose of matrix 𝐴. Using this solution method, the unknown 𝑎 can
always be calculated. If the matrix 𝐴𝑇 𝐴 is irreversible, the Thikhonov method is used to
solve the equation.
In the design of the GMDH neural network, the goal is to prevent the divergence of the
network and also to link the shape and structure of the network to one or more numerical
parameters, in such a way that changing the parameter also changes the structure of the
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network. Evolutionary approaches such as genetic algorithms have received wide application
in the design of ANNs, since they have unique capabilities for determining optimum values
and are able to search in spaces with unpredictable features. In order achieve a general
structure for the GMDH ANN, the utilization of the adjacent layer in the construction of the
next layer should be removed. These types of neural networks are called generalized structure
and are used to construct new layers from all previous layers (including the input layer) (Zoqi
et al. 2016). More details on the procedures of GMDH are given elsewhere (Loni et al. 2018;
Atashrouz, Pazuki, and Alimoradi 2014; Shahsavar et al. 2019).
One of the crucial points which must be taken into account in modeling a factor is
consideration of the all factors influence on the output of the model. In this regard, the inputs
of the model are selected according to the literature review and similar studies performed for
the other regions of the world (Rezaei et al. 2018). In the current article, in order to model
CO2 emission of the considered countries, the data affecting this parameters are extracted
from the BP report and WordBank website (“BP Statistical Review of World Energy” 2018;
“IEA - Report” n.d.). In order to have adequate data to achieve a reliable model, data between
1990 and 2015 are extracted from the mentioned references. Afterwards, GMDH method is
employed for estimating the emission of CO2. More details about the input data, validation
of the model and the criteria used for the model’s inputs are represented in the following
section.
3. Results and discussion
Emissions of CO2 have increased noticeably in recent years across the world and in the
Middle East, as shown in Figure 1 and 2 respectively. Annual CO2 emissions have increased
globally from approximately 23,600 Mt in 2000 to about 33,400 Mt in 2017 (“BP Statistical
Review of World Energy” 2018). During the same period, CO2 emissions in Middle Eastern
countries have increased from approximately 1,060 Mt to about 2,110 Mt as shown in Figure
2. In this period, the average annual growth rates in CO2 emissions for the world and Middle
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East have been approximately 2.2% and 4.6%, respectively. These values indicate the
necessity of investigating environmental issues of Middle East. To better understand the trend
in CO2 emissions, values for the countries investigated here are presented for several years
in Figure 3. The average annual growth rates in CO2 emissions between 2000 and 2017 for
Iran, Qatar, Saudi Arabia, UAE, and Kuwait are approximately 4.1%, 10.2%, 4.6%, 4.6%
and 4.0%, respectively. These values are higher than global values.

Figure 1. CO2 emissions in the world (“BP Statistical Review of World Energy” 2018).
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Figure 2. CO2 emissions in the Middle East (“BP Statistical Review of World Energy” 2018).
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Figure 3. CO2 emissions for the investigated countries (“BP Statistical Review of World Energy” 2018).

CO2 emissions are mainly caused by fossil fuel energy use; therefore, investigating the
related values can provide useful insights into the corresponding environmental challenges.
Primary Energy Consumption (PEC) between 2000 and 2017 of the world and Middle
Eastern countries is illustrated in Figure 4 and Figure 5, respectively. During this period, the
PEC of the world increased from approximately 9,360 Mtoe to 13,500 Mtoe; while the PEC
of the Middle East increased from 415 Mtoe to 897 Mtoe (“BP Statistical Review of World
Energy” 2018). The average annual growth rates of PEC between these years were
approximately 4.4% and 2.1% for the Middle East countries and the world, respectively. The
average growth rate of energy consumption in Middle East is more than twice that of the
world, mainly due to such factors as energy abundance, low efficiency, cost of energy and
inappropriate use of energy.
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Figure 4. Primary energy consumption of the world (“BP Statistical Review of World Energy” 2018).
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Figure 5. Primary energy consumption of Middle East countries (“BP Statistical Review of World Energy” 2018).

The countries considered in the current work play key role in the global energy sector
due to their notable shares of both oil and natural gas production. As shown in Figure 6, in
2017 these countries accounted for approximately 16% of the world’s natural gas production.
Iran has the highest share with 6.1% of global natural gas production and Qatar has the next
highest share with 4.8%. Also in 2017, the countries considered here account for about 27%
of world oil production, as illustrated in Figure 7. Saudi Arabia accounts for the highest share
of oil production with 12.8%, while Iran accounts for the next highest share with 5.3%. In
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part because the countries considered here are energy resource-rich regions, their energy
costs are low.
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Figure 6. Shares of natural gas production attributable to the countries considered (“BP Statistical Review of World
Energy” 2018).
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Figure 7. Shares of natural oil production attributable to the countries considered (“BP Statistical Review of World
Energy” 2018).

In order to predict CO2 emission of these countries, five input variables are considered:
oil, natural gas, coal and renewable energy use as well as GDP. The latter is an indicator of
economic activity. All data are obtained from Refs (“BP Statistical Review of World Energy”
2018; “IEA - Report” n.d.) between 1990 and 2015. The shares of gathered data utilized in
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training the NN and its testing and validation are defined according to related references
(Mohammad H Ahmadi et al. 2018; Rezaei et al. 2018; Mohammad Hossein Ahmadi et al.
2019). 80% of the data are employed for training the network, while 20% are used for
evaluating the trained network. Note that the data are divided randomly in order to prevent
any bias, and no criteria are applied for selecting the data for training and testing the network.
By applying the GMDH ANN, the following regression model is obtained as:
CO2 emission (Mt) = 46.2068 + 𝑥11/3 * 𝑥21/3 *6.92072 + 𝑥1 * 𝑥2 *(-0.016363) +
𝑥31/3 * 𝑥41/3 *89.9774 + 𝑥31/3 *(-18.0261) + 𝑥1 * 𝑥31/3 *(-0.528955) + 𝑥1 * 𝑥21/3 *0.546926 +
1/3
1/3
2/3
1/3
1/3
𝑥2 * 𝑥2 *0.422503 + 𝑥1 * 𝑥4 *0.92734 + 𝑥1 *(-20.8425) + 𝑥2 * 𝑥4 *(-17.1947) +
𝑥32/3 *89.3559 + 𝑥3 *(-133.129) + 𝑥51/3 *(-34.8123) + 𝑥11/3 * 𝑥51/3 *25.6853 + 𝑥12
*0.00811567 + 𝑥1 * 𝑥51/3 *(-0.147257) + 𝑥5 *(-0.360737) + 𝑥31/3 * 𝑥41/3 *(-38.0333) +
𝑥3*𝑥11/3*26.6533 + 𝑥11/3*𝑥41/3*(-11.7336)
Here, 𝑥1 , 𝑥2 , 𝑥3 and 𝑥4 denote consumptions of oil, natural gas, coal, and renewable
(mtoe), respectively, and 𝑥5 denotes the GDP of the countries (in billion USD). Several
criteria are employed for assessment of the accuracy of the regression model (Kadiyala and
Kumar 2012; M.-A. Ahmadi and Bahadori 2015). In the first step, actual data and calculated
data with the model are compared (see Figure 8). As shown, the R-squared value of the
proposed regression by GMDH is 0.9998. This determined value is higher than that obtained
in a previous study performed for carbon dioxide emission prediction of some Nordic
countries (Rezaei et al. 2018), which was 0.998. The majority of the estimated data by the
model agree very well with actual data. The accuracy of the model indicates that appropriate
variables are selected as input data in that they affect the model output, and the effectiveness
of the model. Since the combustion of fuels produces a defined range of carbon dioxide, their
consumptions must be considered to obtain an accurate model. Nonetheless, economic
activities also influences GHGs emissions, so it is important that it be considered here.
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Figure 8. Carbon dioxide emissions determined by the model vs actual data.

Relative error is another criterion applicable for the assessment of model accuracy. In
Figure 9, the relative error of the model on the basis of the data index is presented. The
maximum error of the model in predicting carbon dioxide emissions is 23%, while the error
of more than 88% of predicted data are in the bound of ±5%. The average absolute error of
the model for all data is approximately 2.3% which also supports an acceptable level of
accuracy for the model. This low value of average error is an indicator of the high accuracy
of the model and its reliability in forecasting CO2 emissions of the investigated countries.
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Figure 9. Relative error of the model in predicting emissions of carbon dioxide.
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Finally, the actual values and the outputs of the model, based on the data index, are
compared. As depicted in Figure 10, the outputs of the model are very similar to the actual
data obtained from reliable references. Thus, the proposed model by employing GMDH ANN
is an accurate and reliable approach for predicting carbon dioxide emissions of the considered
Middle Eastern countries. Since there are no similar mathematical models for the investigated
countries, the accuracy of the model cannot be compared with other studies; however,
according to the utilized statistical criteria, the model has acceptable accuracy and can be
reliably applied for predicting CO2 emissions in future years.
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Data index
Figure 10. Comparison of GMDH output and actual data for emissions of carbon dioxide.

In order to gain insight into the impact of the various utilized input variables, the
emissions of CO2 versus each input variable are illustrated for Iran, one of the considered
countries, in Figure 11 to Figure 12. There, emissions of CO2 are observed to increase
significantly with the consumption of various fossil fuels. In addition, it is confirmed that
utilizing renewable energies instead of fossil fuels results in lower CO2 emissions.
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Figure 11. CO2 emission vs oil consumption in Iran between 2000 and 2017 (“BP Statistical Review of World Energy”
2018).
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Figure 12. CO2 emission vs natural gas consumption in Iran between 2000 and 2017 (“BP Statistical Review of World
Energy” 2018).
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Figure 13. CO2 emission vs coal consumption in Iran between 2000 and 2017 (“BP Statistical Review of World Energy”
2018).
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Figure 14. CO2 emission vs renewable energy consumption in Iran between 2000 and 2017 (“BP Statistical Review of
World Energy” 2018).
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Figure 15. CO2 emission vs GDP in Iran between 2000 and 2017 (“BP Statistical Review of World Energy” 2018).

4. Conclusion
In the present work, a GMDH ANN is used to determine emissions of carbon dioxide,
the most important GHG, for five Middle Eastern countries, including Iran, Qatar, Saudi
Arabia, United Arab Emirates and Kuwait. Consumption of fossil fuels, including coal, oil
and natural gas, in addition to renewable energy sources are utilized as input variables for
training the network. Also, GDP is considered as an input, as an indicator of economic
activity, to improve the accuracy of the model. The ANN model is successfully trained for
the prediction of carbon dioxide emissions according to the statistical assessment of the
model. The values of R-squared and average absolute error of the models are 0.9998 and
2.3%, respectively. The accuracy of the proposed regression is attributed to the appropriate
selection of input variables and the effectiveness of the applied method.
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