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Commensurate with unprecedented increases in energy demand, a well-constructed forecasting model is vital to
managing energy policies effectively by providing energy diversity and energy requirements that adapt to the
dynamic structure of the country. In this study, we employ three alternative popular machine learning tools
for rigorous projection of natural gas consumption in the province of Istanbul, Turkey's largest natural

gas-consuming mega-city. These tools include multiple linear regression (MLR), an artificial neural network

approach (ANN) and support vector regression (SVR). The results indicate that the SVR is much superior to
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45 ANN technique, providing more reliable and accurate results in terms of lower prediction errors for time series
53 forecasting of natural gas consumption. This study could well serve a useful benchmarking study for many
E17 emerging countries due to the data structure, consumption frequency, and consumption behavior of consumers
Q47 in various time-periods.
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1. Introduction

Natural gas has always been one of the key energy sources in the
world and has numerous advantages compared to other fossil fuels in
terms of its cleanliness, affordability, ease of storage, and transportabil-
ity (Liang et al., 2012). Due to limited natural gas reserves, accurate
energy planning studies and optimal energy projections are crucial for
long-term utilization and sustainability of energy (Tolba and Biswas,
2013). The worldwide natural gas consumption has grown considerably
in recent years because of the rapidly growing population,
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industrialization, and urbanization (International Energy Agency,
2017). Global natural gas consumption is envisaged to rise from 120 tril-
lion cubic feet (cf) in 2012 to 203 trillion cf. in 2040 (EIA, 2015). As an
energy source, natural gas has by far the largest share constituting
23.8% of the world's primary energy consumption.

Turkey is acknowledged as one of the big emerging countries in
terms of economic growth featuring the world's 17th leading economy
with a gross domestic product (GDP) of USD 820 billion (IEA, 2017;
World Bank, 2016). In terms of energy demand, it is also one of the
most rapidly growing countries in the world along with China
(Tatoglu et al., 2015). Based on official statistics, Turkey imported
99.2% of natural gas from various countries in 2015. Natural gas com-
prised 37.8% of total electricity production in 2015 (Republic of Turkey
Ministry of Foreign Affairs, 2017).

Previous research has revealed that in mega-cities like Istanbul, high
level of urbanization indicates a close interaction between GDP and en-
ergy consumption (Zhang et al., 2013). With over 15 million residents,
Istanbul has turned into a global mega-city, featuring eighth within
the top ten metro-regions in terms of population size (BP Report,
2017). Commensurate with worldwide developments, this mega-city's


http://crossmark.crossref.org/dialog/?doi=10.1016/j.eneco.2019.03.006&domain=pdf
https://doi.org/10.1016/j.eneco.2019.03.006
selimzaim@sehir.edu.tr
Journal logo
https://doi.org/10.1016/j.eneco.2019.03.006
http://www.sciencedirect.com/science/journal/
www.elsevier.com/locate/eneeco

938 O.F. Beyca et al. / Energy Economics 80 (2019) 937-949

economy provides a new vision to be able to seize the competitive
opportunities of the region. Istanbul is also the engine of economic
growth in Turkey, and becomes the key industrial, logistics and financial
center, accounting for nearly 40% of the country's GDP and harboring
the sizable amount of foreign investments (Energy and Renewables -
Invest in Turkey, 2018). Istanbul is also the largest province comprising
nearly 18% of share in the total natural gas demand in Turkey, making it
the greatest city of natural gas marketing in Turkey.

Under these circumstances, the subject of energy forecasting has
received growing attention from both scholars and practitioners to
maintain energy security and to keep uninterrupted energy flow for
the future. The demand and supply of energy is one of the key subjects
that is always at the forefront of the agenda. For the greater metro-
region of Istanbul, the city's rising GDP growth in conjunction with its
superb location contributes to a massive growth in energy consump-
tion. Thus, policy makers have to seriously consider threats that may
be posed by institutional voids and market imperfections.

The extant literature emphasizes that forecasting research on
primary energy demand nationwide and also at the provincial level in
Istanbul are essential vehicles of providing useful information on
the managerial decision-making and policy development process
(Melikoglu, 2013). However, it is imperative to assist local policy
makers with advanced aiding techniques for making superior decisions
to assess several energy-related alternatives for fulfilling growing en-
ergy demand (Dong et al., 2013; Popoola et al., 2018). The planning
for the consumption of natural gas is one of such tools. The natural gas
consumption has grown in the metro-region of Istanbul as well as
Turkey over the past two decades and has turned out to be the highest
growing primary energy source in Turkey (Hacisalihoglu, 2008). Local
policy makers in Istanbul, as in other mega-cities, should formulate
creative strategies to manage this increasing energy demand and also
effectively deal with the uninterrupted and dynamic demand for inex-
pensive supply of natural gas. Seemingly, rigorous estimation of natural
gas consumption and also of other energy sources are vital for devising
effective policies for a competitive mega-city, as most of the purchasing
agreements rely on managerial decisions (de Almeida et al., 2004; Wiser
et al., 2004). To avoid natural gas crises, well-designed projections and
predetermined investment decisions should be implemented properly
at both country and regional levels.

In the light of these explanations, efficient utilization of energy
resources help energy authorities accurately predict energy need in
the future. The studies on predictions of natural gas consumption
were particularly performed at various levels: (a) global, national, and
provincial; (b) industrial and residential; and (c) commercial and
residential (Soldo, 2012; Potoc¢nik et al., 2014). In this study, we investi-
gate consumption of natural gas at the provincial level that combines
all stakeholders from commercial, industrial, and residential sectors
in Istanbul.

This study offers three main contributions to the extant research
on the forecasting of natural gas consumption. First, it provides a
simple and accurate prediction model for natural gas consumption.
The proposed models can be adapted to different types of natural gas
consumption areas including residential, industrial, and nonresidential
natural gas consumption in addition to forecasting of electricity/energy
consumption. Secondly, the present study reveals that drivers of natural
gas consumption behavior change relying on the use of machine
learning tools. Finally, forecasting natural gas consumption of Istanbul,
which is Turkey's largest natural gas-consuming mega-city, could well
serve a useful benchmarking study for many emerging countries
due to the data structure, consumption frequency, and consumption
behavior of consumers in various time-periods.

The rest of this study is organized as follows. The next section
presents brief information on the natural gas sector in Turkey.
Section 3 provides a review of earlier research on forecasting of natural
gas demand and overview of the methods adopted as well as the
descriptions of the proposed procedure. Application of the model

along with the findings is presented in Section 4. The conclusion and
the managerial implications are set out in the final section.

2. Natural gas sector in Turkey

Natural gas in Turkey was first explored in Hamitabat and Kumrular
by the Turkish Petroleum Corporation (TPAO) in 1970, and was first
utilized at the Pinarhisar Cement Plant in 1976. The demand for natural
gas has increased exponentially since the late 1980s. To fulfill the grow-
ing energy demand for natural gas, Turkey signed its first agreement
with the former Soviet Union in 1984 for the delivery of natural gas,
indicating a consideration of growing environmental concerns and
also fulfilling the policy of diversifying energy resources. Since then,
additional purchase agreements/deals have been conducted rapidly to
respond natural gas requirements.

Based on the report by the Energy Information Administration of the
U.S,, Turkey ranked 9th in the world with the import of 48.2 billion cubic
meters of natural gas in 2015 (International Energy Agency, 2017).
Turkey entirely depends on foreign natural gas resources (99.2%)
because of the scarcity of domestic natural gas reserves. Fig. 1 shows
Turkey's natural gas imports over the period of 2005-2015.

The Turkish Petroleum Pipeline Corporation (BOTAS) is Turkey's
state-held gas trade and transmission company that has exclusive rights
on import, transmission, distribution, and sales activities throughout
the country. Of the total imports of 48.2 bcm in 2015, BOTAS imports
natural gas mostly from the Russian Federation (55.1%), followed by
Iran (16.16%), Azerbaijan (12.74%), Algeria (8.09%), Nigeria (2.6%), and
others based on long-term contracts, as shown in Fig. 2.

Fig. 3 displays the sectoral distribution of natural gas consumption in
2015 (Energy Governance in Turkey, 2015). Natural gas is mainly
utilized in electricity generation (39.61%), industry (29.1%) and residen-
tial consumption (22.92%), government offices and commercial sites
(6.02%), and others (2.36%).

In terms of the distribution of natural gas consumption by cities,
Istanbul accounts for the highest share of natural gas distribution
(18%) in Turkey as of 2015 followed by Izmir (9%), Kocaeli (8%),
Ankara (8%), Sakarya (8%), and Bursa (7%), as seen in Fig. 4. It is readily
apparent from Fig. 4 that highly industrialized and populated cities are
those with the largest levels of natural gas consumption.

Turkey is geographically located between south-north and east-
west energy corridors, and this unique location is envisaged to make
Turkey become a powerful energy hub in view of the energy security
in the region. Some of the ongoing important gas pipeline projects are
as follows: Turkey-Greece Interconnector (ITG), Baku-Tbilisi-Erzurum
Natural Gas Pipeline (BTE), Blue Stream Natural Gas Pipeline, Western
Route (Russia-Turkey Natural Gas Pipeline), and lastly Iran-Turkey
Natural Gas Pipeline. The details of these projects can be found on
the official website of Turkey's Ministry of Foreign Affairs (Republic
of Turkey Ministry of Foreign Affairs, 2017). Additionally, the
Trans-Anatolian Natural Gas Pipeline Project (TANAP) and the Turkey-
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Fig. 1. Turkey's natural gas imports (International Energy Agency, 2017).
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Fig. 2. Imported natural gas by country (2015).

Bulgaria Interconnector (ITB) are other remarkable ongoing projects
aimed to transport natural gas from the Middle East and Caspian Basin
to Europe through new optional paths.

3. Background literature

There are numerous techniques utilized in the previous literature for
energy demand forecasting and also particularly for natural gas con-
sumption (Dilaver and Hunt, 2011; Soldo, 2012; Taspinar et al., 2013;
Rodger, 2014; Yu and Xu, 2014; Khan, 2015; Szoplik, 2015; Baldacci
et al.,, 2016; Ervural et al., 2016; Wang et al., 2016; Zeng and Li, 2016;
Panapakidis and Dagoumas, 2017), ranging from artificial neural
network (ANN), autoregressive integrated moving average (ARIMA),
time series techniques to support vector machines (SVM) and fuzzy
logic (FL) methods. Table 1 provides a summary of existing studies on
forecasting of natural gas consumption.

Several methods have also been applied to specifically forecast
Turkey's natural gas demand at both national and provincial levels.
Relying on a broader perspective, Karadede et al. (2017) proposed a
breeder hybrid algorithm which consists of nonlinear regression-
based breeder genetic algorithm and simulated annealing for natural
gas demand forecasting in Turkey. Ozdemir et al. (2016) developed a
hybrid GA-simulated annealing algorithm based on linear regression
to forecast the natural gas demand for Turkey. Boran (2015) applied a
grey prediction with a rolling mechanism method to estimate natural
gas consumption in Turkey. Taspinar (2015) assessed residential
natural gas consumption to model air pollution in Turkey using multi-
parameter time series modeling methods. Melikoglu (2013) developed
a logistic model based on GDP, purchasing power parity per capita,
demographics, and population change factors to estimate natural gas
demand for Turkey during the period of 2013-2030. Taspinar et al.
(2013) applied a multilayer ANN method with time series approach in
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Fig. 3. Natural gas consumption by sector (2015).
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Fig. 4. Natural gas consumption by cities (2015).

order to predict short-term natural gas consumption in Turkey. In
doing this, some meteorological data such as temperature and mois-
ture are also included to algorithm to increased prediction power.
Olgunetal. (2012) implemented the SVM and ANN model to forecast
natural gas demand for Turkey. Kaynar et al. (2011) applied ANN,
ANFIS, and ARIMA models to estimate natural gas consumption for
Turkey.

At the provincial level, Akpinar and Yumusak (2016) attempted to
estimate natural gas consumption for the province of Sakarya in
Turkey by utilizing time series decomposition. Ervural et al. (2016)
developed a forecasting method integrating genetic algorithm (GA)
and ARMA methods to estimate natural gas consumption in Istanbul.
In a much recent study, Ozmen et al. (2018) predicted natural gas con-
sumption of the capital city of Ankara in Turkey utilizing the algorithms
of multivariate adaptive regression splines and conic multivariate
adaptive regression splines.

In this study, three alternative approaches are employed for rigorous
estimation of natural gas consumption within the province of Istanbul,
namely, MLR, SVR and ANN techniques (Hacisalihoglu, 2008; Erdogdu,
2010; Demirel et al., 2012; Tagpinar et al., 2013). The key thrust for
choosing these prediction methods is that they are promising and
powerful machine learning tools due to their easy adaptation abilities
to dynamic data structures (Sun et al.,, 2017). For instance, the
SVR method is seemingly a new and capable forecasting technique
and has been effectively applied to deal with time series problems
(Kavaklioglu, 2011). As for the SVR method, four kernel functions
including linear kernel, polynomial kernel, multilayer perception
kernel and radial basis function are selected relying on three perfor-
mance measures (Vviz., fitting accuracy, prediction accuracy and overall
accuracy) (Vapnik, 1998).

3.1. An overview of the methods employed

In this section, three forecasting models are applied: traditional MLR,
ANN, and SVR models. SVR was chosen due to its growing popularity
and solution ability in the complex. In addition, a traditional MLR
model was employed to compare and demonstrate predictive perfor-
mances of the ANN and SVR methods. In the ensuing sections, a detailed
description of each of these techniques is given.

3.1.1. Regression model

Regression analysis is one of the most commonly used tradi-
tional forecasting/prediction techniques to identify the causality
between the dependent and independent (explanatory) variables.
The association between dependent variable and predictor vari-
ables is formulated as a linear model in Eq. (1) (Chatterjee and
Hadi, 2000).

Y =00 +B: X1 +BXo+... +BXp +€ (1)
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A summary of existing studies on forecasting of natural gas consumption.

Author(s)

Goal

Method

Findings

Sanchez-Ubeda and Berzosa (2007)

Elragal (2009)

Wadud et al. (2011)

Iskin et al. (2012)

Karimi and Dastranj (2014)

Yu and Xu (2014)

Askari et al. (2015)

Azadeh et al. (2015)

Fagiani et al. (2015)

Khan (2015)

Izadyar et al. (2015)

Szoplik (2015)

Cardoso and Cruz (2016)

Liu et al. (2016)

Naji et al. (2016)

Shaikh and Ji (2016)

Shakouri and Kazemi (2016)

Alcaraz and Villalvazo (2017)

Panapakidis and Dagoumas (2017)

Scarpa and Bianco (2017)

Chen et al. (2018)

Ding (2018)

Fan et al. (2018)

Liu et al. (2018)

Wang et al. (2018)

Hribar et al. (2019)

Forecasting industrial end-use natural
gas consumption

Forecasting of daily consumption of
natural gas

Forecasting of natural gas demand in
Bangladesh.

Exploring renewable energy pricing

Prediction of natural gas consumption
in Iran

Short term gas load forecasting in
Shanghai

Forecasting of natural gas consumption

Prediction of long term gas consumption
in [ran

Forecasting of domestic water and
natural gas demand using database
(AMPds)

Natural gas demand forecasting in
Pakistan

Forecasting of monthly residential
natural gas consumption in Iran.
Forecasting natural gas demand of
Szczecin in Poland.

Prediction of natural gas consumption
in Brazil

Primary energy consumption in Spain

Estimation of energy consumption in
buildings

Medium- to long-term natural gas
consumption forecasting in China

Residential and commercial energy
demand forecasting in Iran

Estimation of the natural gas shortage

Day-ahead natural gas demand
forecasting of Greece

Long-term natural gas consumption
in Italian residential sector

Forecasting day-ahead high-resolution
natural-gas demand in Germany
Forecasting China's natural-gas demand.

Forecasting the demand of natural gas
in China from 2011 to 2017.

Investigation of the consumption of
natural gas in Chinese households.

A high accuracy natural gas consumption
model in China.

Forecasting the residential natural gas
demand in the city of Ljubljana, Slovenia.

Decomposition approach

ANN using PSO

Dynamic econometric model

Analytic network process

ANN with GA

A combined GA-BP neural network
model

A clustering-based forecasting algorithm
for fuzzy time series
Adaptive neuro fuzzy inference system

GP and combination with extended
Kalman filter

Econometric model

Extreme learning machine (ELM), ANNs
and genetic programming (GP)
ANNs

ARIMA, ANNs and a hybrid methodology

Grey models combined with
input-output models

SVR and ANFIS

Logistic model

ARMAX model

Econometric analysis based on panel
data

Wavelet transform, GA, ANFIS and
feed-forward neural network (FFNN)
Regression algorithm and Kalman filter
method.

A functional autoregressive model with
exogenous variables (FARX).

A novel self-adapting intelligent grey
model.

A combined model based on the grey
model and the self-adapting intelligent
grey model with a genetic algorithm.
The generalized least square method

A hybrid model based on the
PSO-wavelet neural network (WNN).

Machine-learning models are considered,
such as linear regression, kernel machine
and artificial neural network.

A novel prediction model is presented that
provides forecasting in a medium-term horizon
with a very high resolution.

The proposed method provides more accurate
result than single ANN.

Total gas demand model is constructed as a
function of per GDP, price, and population
variables.

Integrates social, technical, environmental and
economic factors in order to determine renewable
energy pricing.

The proposed ANN-GA model is a powerful tool
that can be consistently and accurately used to
forecast daily natural gas consumption.

The combined GA-BP model improved by
modified additional momentum factor is superior
to others.

The proposed is faster and more accurate than
the conventional algorithms.

The proposed method is found better in terms of
applicability and superiority than conventional
approaches.

A strong relationship is found between natural
gas and water consumptions.

The study mainly examines the impacts of price,
income and cross price elasticities on natural
gas demand for residential, commercial,
industrial transport, and power sector.

ELM predictions are superior then ANN and GP.

The model considers calendar and weather factors,
which have an impact on gas consumption.

The results obtained with the ANN and hybrid
methods provide better results than the
ARIMA method.

The proposed model has higher forecasting
accuracy than Grey models and other
combination methods.

ANFIS predictions are better than SVR results in
terms of RMSE.

To improve estimation accuracy,
Levenberg-Marquardt algorithm is adopted to
get the parameters of the logistic model.
Regardless of de-subsidization, the energy
demand grows by an average rate of around
3% annually.

The natural gas shortage reduced Mexican GDP
annual growth rate by 0.28 percentage points in
the second quarter of 2013.

ANFIS with a FFNN model provides high accuracy.

The explanatory variables, namely heating
degree days, price of natural gas and gross
domestic product (GDP) per capita, were used
to estimate residential natural gas consumption.
Standard regression technique was validated by
using a Kalman filter.

FARX model provides stronger performance
compared to alternative approaches.

The experimental results indicate that the
performance of the new model is better than
the competing models.

The proposed GM-S-SIGM-GA model is superior
to other single forecasting models in terms

of MAPE.

The price and income affect both the volume of
natural gas and the average household
consumption.

The PSO-WNN model well forecasts gas
consumption as reflected by a MAPE value of
2.32% for prediction, and outperforms others.
The recurrent neural network and linear
regression are the most accurate ones.
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In this formulation By, ..., 3, are the regression coefficients to
be estimated according to observations. To avoid multi-collinearity
problems, correlations between the predictors should be controlled
(the correlation coefficient of the explanatory variables should not
exceed 0.7) (Anderson et al., 2014). The last term in the formulation,
¢, denotes the random error and is referred as the residual for checking
the overall significance of the model and each regression coefficient
(Braun et al., 2014). Error term is independently and normally distrib-
uted, with a mean of zero and a constant variance of 0> (Montgomery
et al., 2012).

3.1.2. Support vector machine

SVM emerged as a robust and accurate data mining technique in pat-
tern recognition, classification and regression problems, and introduced
by Vapnik (1998). In recent years, it has become a popular data mining
method due to its success in solving problems. Its conceptual underpin-
ning stems from statistical learning theory. SVM is a supervised learning
technique that produces input-output mapping functions from a set of
training data. SVM was developed to overcome some deficiencies
of ANN, such as network construction issues, overfitting problems, and
determining a number of data points for model training (Kavousi-Fard
et al.,, 2014).

The SVM technique just described is valid for binary classifica-
tion problems, however, the SVM model also includes general
prediction problems, consisting of a SVM version for regression
that is the SVR method. The purpose of the SVR is to find a func-
tion that deviates at most insensitive loss function (&) from the
actual outputs.

When reducing the error, the over-fitting risk decreases by simulta-
neously increasing the function's flatness. The regression model is
created through a series of high-dimensional functions. The formula-
tions between Egs. (2) and (10) explain SVR methodology from a
mathematical perspective:

fx)=wx@X)+b 2)

where @(x) denotes the kernel transformation function for the
inputs, and w and b are parameters. The coefficients are calcu-
lated by minimizing the regularized risk function that is given
below:

=S L ) + 2 1w .
i=1

where the parameter ¢ is the tolerance value.

10 ly—f(x)|<e

LS ={ g, fe @

In the above equation, L.(y,f(x)) is labeled a ¢ insensitive loss
function. The loss equals zero if the estimated value is within the ¢
tube. Analogous to the soft margin hyperplane, one needs to introduce
two slack variables, §; and &; representing the positive and negative
deviations, respectively, out of the € zone. Eq. (2) is reformulated in
the ensuing constraint form,

mm—HWH +CZ (& +8) )
subject to:

[w * Q(x;) + bl —y; e+ &
—[wx@(x;) +bjse +§; (6)
gn g] —0

The following Lagrangian form solves this constraint optimization
problem:

n

)= Bilwx o) + b—y; + & +§]

i=1

—Zﬁl Yi—W Q(X)—b +&+§]

min = HWH +C Z (& +5&)
n
=) i+ o §
i-1
The dual Lagrangian form is given below:

max ) yi(Bi—Bi)— > (Bi—F) ZZM —B)
i=1 i=1 i=1 j=
x (Bi=B; ) K(xi.%,)
subject to

n

S (BB =

i=1

0<p3;<C

0<p;<C

i=1,2,3,...n (8)

Consistent with the Karush-Kuhn-Tucker theorem, regression
model is expressed by:

f) = (Bi—=Bi) K(xi,x;) + b 9

K(x;x;) is a kernel function whose value equals the inner product of
two vectors, x; and x;, in the feature space ¢(x;) and ¢(x;). The most
popular kernel functions are radial basis kernel, polynomial kernel,
sigmoidal kernel and linear kernel.

There is no standard to apply the proper kernel type for identified
data patterns. In this study, polynomial kernels were used to examine
natural gas consumption. Polynomial kernels demonstrate successful
performance since they can determine the dimension of the feature
space by their degree, and the computational simplicity provides
them an advantage for algorithm speed. Moreover, polynomial kernels
have been widely utilized in diverse applications (Ikeda, 2004). The
polynomial kernel with an order of d and constant of a; and a, can be
expressed in Eq. (10) as:

K(x,%;) = (a1xx; + )" (10

The performance of the SVR hinges on a good setting of the hyper-
parameters (C, €) and the kernel parameters (d). The identification
of all three parameters significantly influences the estimation accuracy
of SVR tools. More specifically, C provides the tradeoff between the
training error and the model robustness. If C takes too large a value,
then the empirical risk of the objective function will be minimized.
The number of support vectors identifies with the & parameter, and
determine the width of the loss function in SVR. Larger values of ¢ are
obtained if a smaller number of support vectors are conducted to
function (Hong, 2011, 2009; Kavousi-Fard et al., 2014).

3.1.3. Artificial neural network models

ANNs are inspired by the neurological functions of the human brain
and are formulated on the human cognitive system. Researchers in
various fields showed a great interest in ANN because of its ability
to find solutions under multi-dimensional, nonlinear and complex
data sets. ANN can easily cope with nonlinear models and under
incomplete data structure, and provide successful results. ANNs include
a large number of computational elements (neurons) interacting
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across weighted connections. ANN shows some characteristics such as
the working principle of the human brain; after learning complex
knowledge patterns, it generalizes this knowledge to apply in various
situations.

ANNs can be classified into various versions such as supervised,
unsupervised learning techniques and feed-forward and feedback recall
architectures. In classification and prediction problems, a back propaga-
tion ANN is one of the most preferred ANN tools (Pankratz, 2009).

The basic feature of ANN is that high flexibility capabilities
in large diversity functional relationships from input to output.
Due to the working principle, ANN shows good performance even
under vague, missing and unclear data sets. Moreover, there is no
need a priori hypothesis and a specific functional structure be-
tween input and output. For this reason, in case of lack of informa-
tion or assumptions, ANN is widely used as a practical alternative
(Haykin, 1999).

The performance of ANN depends on a well-designed network
architecture based on different combinations of parameters such as
number of neuron, layers, iteration and determining the connection
weights, learning algorithm and transfer function. The illustrative
structure of an ANN model comprises one input layer, one output
layer and one hidden layer as given in Fig. 5.

The sample data within ANN methodology is split into two major
subsets that are labeled as test and training sets. Whereas test set is
applied to measure the model's performance in the testing process,
during the training process the ANN learns the link between output
and input layer (Hornik, 1993).

In order to get the optimal network architecture, various combina-
tions are assessed. One of the factors among these combinations is iden-
tifying a proper transfer function. We have employed a hyperbolic
tangent sigmoid transfer function as stated in Eq. (11):

fis)=

Tres an

where s is the weighted input summation of the hidden layer, and f(s) is
the output of the hidden layer.

The most widely utilized learning algorithm is the backpropagation
algorithm (Wang and Ramsay, 1998). The central idea of the
backpropagation algorithm is to minimize the sum of square errors
by backward propagating through the ANN. To enhance the learning
process of the backpropagation algorithm, two parameters of the
algorithm that include the learning rate and the momentum should
be modified based on convergence rates.

output t

Output
Layer

input n
Hidden
Layer

Input Layer

Fig. 5. ANN architecture.

The Levenberg-Marquardt algorithm, widely used to compute the
weights of ANN in backpropagation algorithm, is derived from
Newton's method (Hagan and Menhaj, 1994). The Newton's method
for minimizing a function V(x) with respect to the vector x is given in
Eq. (12) as:

AX) = — IVZV(x)I "o (12)

where V2V(x) denotes the Hessian matrix and VV(x)is the gradient
vector.

For more of a mathematical background of the method, readers
can get more information from (Hagan and Menhaj, 1994). To
summarize, the Levenberg-Marquardt algorithm presents a reconcil-
iation between the speed of Gauss-Newton and the guaranteed
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Fig. 6. Steps of the methodology.
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convergence of steepest descent (Saini and Soni, 2002; Cataldo et al.,
2007).

3.2. The proposed procedure

The proposed forecasting procedure is presented in Fig. 6. There are
three main phases in this method: (a) to determine the most suitable
technique for estimating the consumption of natural gas in Istanbul;
(b) to choose best features which will provide the most information
about the expected forecasting risk; and (c) to offer recommendations
for decision makers.

Step 1: The inputs of the proposed forecasting model are gas
consumption of past months, temperature forecast, and various
time features such as season and month of the year. This first step
includes data collection, its analysis and extraction of its features.
Step 2: The second step involves application of a simple seasonal
exponential smoothing technique to forecast future temperature
data that will be used as input in the regression model. Data is split
into two data sets, namely, training and testing data sets. Training
data set is used to calculate the model parameters, while the latter
is utilized to measure the model's performance.

Step 3: In the third step, various machine learning techniques
including SVR, ANN and MLR are used to construct the forecasting
model for natural gas demand in Istanbul.

Step 4: In the fourth step, performance of the forecasting models is
compared through mean absolute percentage error (MAPE), and the
parameters are tuned to achieve most accurate forecasting results.
Step 5: In the last step, natural gas consumption of Istanbul is pre-
dicted for the next year (for 12 months); then, some policy suggestions
for natural gas are presented for energy policy makers/managers.

4. Application of the model

In our proposed methodology, firstly, we examine the historical
natural gas consumption values of Istanbul, and then we utilize several
machine learning techniques for forecasting purpose. After applying
machine learning models, we measure their performance by comparing
the estimated values with real consumption values.

4.1. Assessing the data

Monthly values of natural gas consumption for Istanbul over the
period of 2004-2015 were obtained from Istanbul Gas Distribution

Company (IGDAS), Turkey's largest natural gas distributor, and this
was plotted in Fig. 7.

Based on a thorough review of pertinent literature (e.g. Hamzacebi,
2007; Soldo, 2012; Melikoglu, 2013; Alcaraz and Villalvazo, 2017;
Scarpa and Bianco, 2017; Liu et al., 2018) and also discussions with ex-
perts and academics with relevant knowledge and expertise, we ini-
tially identified a set of predictor variables which include seasonal
index, temperature, price of natural gas, oil price, population of the
province of Istanbul, exchange rate and GDP of the province of Istanbul.
These variables are widely used in anticipating energy consumption
behavior at the provincial level.

Seasonality of the natural gas consumption data can easily be
detected by analyzing the time series plot. Natural gas demand
decreases in hotter months while demand increases in colder months.
Although there was no significant evidence of this trend, variance of
the time series changes throughout time. Variability in winter months
is greater than variability in summer months. This characteristic of
the time series makes it challenging to model with traditional time
series method.

Besides historical data, some other exogenous variable was needed.
We checked the relationship between monthly average temperature
and monthly consumption of natural gas data that were obtained
from the Meteorology Institute of Turkey (national weather forecasting
institute of Turkey). In Fig. 8, scatter plot of monthly average tempera-
ture and natural gas consumption was presented.

Fig. 8 shows that there exists a significant negative association
between temperature and consumption values. The relationship ap-
pears linear up to 20 °C, and then temperature does not affect natural
gas demand significantly. Pearson correlation coefficient calculated
at 0.91 supports that natural gas consumption is affected by temper-
ature and temperature should be used as exogenous variable in the
forecasting model.

Seasonality effect was analyzed by calculating a variable called season-
ality index. Seasonality index was computed by taking average of natural
gas consumption values on a monthly basis over the period of 2004-2014.
Fig. 9 presents the scatter plot between seasonal index and consumption,
and supports a linear relationship. Pearson correlation coefficient
between seasonality index and consumption values is 0.93.

As we focus on estimating energy consumption at the provincial
level, price of natural gas (Turkish Lira/m?), and population of the prov-
ince of Istanbul are included in the model. We also incorporated two im-
portant macro-economic variables, namely GDP of the province of
Istanbul (USD) and exchange rate (Turkish Lira/USD).

Lastly, we selected historical consumption data as an input variable.
Since we intended to make 12 months forecast, we preferred to use lag
12 as input variable for our forecast model. Relationship between lag 12

Consumption
(9]
T

I
2004 2005 2006 2007 2008 2009

1 1
2010 2011 2012 2013 2014 2015 2016
Time

Fig. 7. Time plot of monthly natural gas consumption of Istanbul.



944 O.F. Beyca et al. / Energy Economics 80 (2019) 937-949

%108
10 5 T =+ T T T T
- * -
9 * ¥
* #*
8 * o X .
* *
* *
7k * K * .
*
5o A O P
= r * T
z I
- * .
5 5 . * ¥
2 * *
o 4} + i
*
o L * %y
¥
3F A * 7
%
* * *
r ;égif *** is** * #* * ]
* * kX T K %
L * %Kk . * % i
1 g T el
) 1 I I I 1
0 5 10 15 20 25 30
Temperature
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and consumption data is presented in Fig. 10. Correlation coefficient perature, seasonality index and lag 12 should be used as input vari-

value is 0.92, which indicates a strong positive linear relationship ables in the forecasting model.

between gas consumption data and lag 12. We applied stepwise regression model to identify which of the
In addition, we checked the autocorrelation values from lag 1 to predictor variables affect highly the level of natural gas consumption.

lag 15 (Table 2 and Fig. 11). Autocorrelation results indicated that Stepwise regression results reveal that GDP of the province of Istanbul

lag 12 had the highest autocorrelation value (0.83). Analysis of and exchange rate have no statistically significant effects on natural

time series of the natural gas consumption data suggests that tem- gas consumption and are excluded from further analyses. Thus, as
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Table 2

Autocorrelation values for consumption.
Lags 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Correlation 0.82 0.46 0.02 —0.39 —0.66 —0.75 —0.66 —0.41 —0.03 0.39 0.71 0.83 0.71 0.39 —0.01

shown in Table 3, we focus on utilizing the following variables with high
level of predictive power on natural gas consumption: seasonal index,
temperature, price of natural gas, population of the province of
Istanbul and natural gas consumption with lag 12.

4.2. Partitioning the data set

The proposed model is used for monthly natural gas consumption
data from January 2005 to October 2015. As noted earlier, the model
employs seasonal index, temperature, price of natural gas, popula-
tion of the province of Istanbul and natural gas consumption with
lag 12 as input variables while monthly consumption of natural gas
is used as an output variable. Future temperature data used in the
regression model as input needed to be forecasted from historical
temperature data.

The data is split into training and test data. The data for the period
1/1/2005-30/10/2014 (129 months) were used in training the
proposed models. The dataset between 1/11/2014 and 30/10/2015
was used to assess the performance of the proposed models. Future
temperature data was predicted using a simple seasonal exponential
smoothing method as shown in Fig. 12.

The R square value was found to be 0.98, and the MAPE was 4.5%,
indicating that future temperature predictions were accurate enough
to be used in the regression model. Price of natural gas on monthly
basis is obtained from IGDAS (Istanbul Gas Distribution Industry and
Trade Inc.) and population values of the province of Istanbul (monthly
basis) are gathered from Turkish Statistical Institute (TUIK).

4.3. Analyzing the data set

Prior to implementation of a forecasting technique, the existence of
stationarity should be checked first. When working with ordinary least
square (OLS) or ARIMA estimation on variables that are non-stationary,
statistically significant relationship between variables is observed
erroneously. This fallacy is termed “spurious regression”. To avoid this
fallacy, we test the natural gas consumption and temperature data for
stationarity (Stock and Watson, 2015).

If a time series data is not stationary, usually, it is said to follow a
“unit root” process. Unit root processes are a generalization of random
walk processes with serially correlated errors. Both monthly natural
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Fig. 11. Autocorrelation graph of consumption values.

gas consumption and temperature data are initially tested for station-
arity using the Augmented Dickey-Fuller (ADF) and Kwiatkowski-Phil-
lips-Schmidt-Shin (KPSS) tests. The test results indicate that both
series do not have unit root attesting the existence of stationarity.

In this study, we selected two powerful machine learning techniques
which are ANN and SVR and one traditional technique as MLR to
identify the best prediction method to project the monthly consump-
tion of natural gas in Istanbul. R software package was used to assess
each method.

The MLR equation model is shown in Eq. (13):

Natural gas consumption
= -0.294 Temperature + 0.511 Seasonal index
+0.184 Natural gas consumption with lag 12 (13)
+0.328 Population of the province of Istanbul
-0.183 Price of natural gas consumption

The regression model, which is given above, has an excellent fit
with the dataset (F = 393.7, p <0.01) and explains 94% of the variation
in the natural gas consumption. It should also be noted that our
regression model does not violate the assumptions of homoscedasticity,
independence, multi-collinearity and normality of errors. The regres-
sion coefficients of all variables are found significant (p < 0.01). As it is
evident from Eq. (13), seasonal index is noted to be the leading criterion
(B = 0.511) that affects monthly natural gas consumption in Istanbul
followed by population of the province of Istanbul (8 = 0.328), temper-
ature (3 = —0.294), natural gas consumption with lag 12 (3 = 0.184)
and price of natural gas consumption (8 = —0.183), respectively.

When developing the SVM models, the main objective is to
minimize the € insensitive errors on training set. Therefore, selection
of corresponding kernel functions and insensitive coefficients is cru-
cially important. Linear, sigmoid, polynomial and radial basis functions
are the most commonly used kernels. In this study, the SVR technique
with polynomial cubic kernel function was used since SVR model with
polynomial cubic kernel function outperformed the other SVR models.
To further improve the prediction performance of SVR with polynomial
cubic kernel function, we produced the best values of regularization
parameter (C = 1) and insensitive coefficient (¢ = 0.001) to minimize
the error in the test dataset.

The architecture the ANN model comprises one input layer, one
hidden layer and one output layer. In the hidden layer, sigmoid function
is utilized as activation function while linear function is employed in the

Table 3
Stepwise regression results.
Variables Standardized regression  Std. error t value
weights
Seasonal index 5.11E—01 1.03E-01  4.980™"
Temperature —2.94E—01 6.44E—02  —4.559"""
Price of natural gas —1.83E—01 5.63E—02  —3.251""
Population of the province 3.28E—01 533E—02  6.160"""
of Istanbul
Natural gas consumption 1.85E—01 7.97E—02 2319"
with lag 12
F-statistics 393.7°"
Adjusted R square 0.94
N 142
* p<005.
** p<0.01.
% p<0.001.
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Fig. 12. The plot of real temperature values and predictions of testing data.

output layer. Levenberg-Marquardt optimization algorithm is used to
calculate the weights of neurons.

By changing the number of nodes (1 through 5) during the testing of
the model, it was decided to use three nodes at the hidden layer where
the minimum mean square error (MSE) value occurred at this point for
the training data set. The MSE values were at minimum for both the
training and testing data sets when three nodes were used in the hidden
layer. If there were more than three nodes at the hidden layer, it would
inevitably lead to an overtraining problem in the ANN model for small
data sets. As our data set is relatively small, we limited the number of
nodes to 3.

4.4. Comparing the results

The results of analysis obtained using MLR, ANN and SVR models
were compared to evaluate the forecasting performance of the each
model for the training and test data. Performances of all three models
for training data set were measured using 7-fold cross validation
technique. To assess the estimation performance of the model, different
performance criteria such as MAPE and MSE were utilized. In this study,
both MAPE and MSE were used as performance criteria and were
calculated in Egs. (14)-(15) as follows:

> «100 } (14)

MsE { Yoz aerp) } (15)

t=1

1 & | A—F
MAPE{E<Z‘ o

where, n is the number of forecasted points in time, A, is the actual value
and F; is the forecast value. The values of MAPE and MSE for both
training and test data are provided in Table 4.

Comparison results of prediction values of each method and actual
values on training data set with respect to time are presented in
Fig. 13. As shown in Fig. 13, ANN, MLR, and SVR methods were able to
track the actual trend in monthly natural gas consumption within the
province of Istanbul. However, SVR model has the lowest MAPE result
as compared with ANN and MLR. Fig. 14 demonstrates the percentage
errors of each month in testing data sets for ANN, MLR, and SVR models.

Fig. 15 depicts the comparison of observed values and corresponding
forecasts of each model in testing data set. Though three methods per-
formed well and have <5% of error for estimating real consumption
values, SVR did better than the ANN and MLR models. As shown in

Table 4
Forecasting performance based on MAPE and MSE results.

Forecasting MLR SVR ANN
method/data set  or ™o MAPE MSE

18.70 61,806,049 8.14 30,728,408
1424 90,897,525 5.53 36,130,270

MAPE MSE

9.89 35,903,335
13.10 68,242,576
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Fig. 13. The plot of real consumption values and predictions of training data.

Fig. 15, between June and October, the SVR model predicted much
better than the ANN and traditional MLR models.

Finally, in order to show our forecasts are not based on luck, we
compared the MAPE results of all three models with that of a seasonal
random walk model. The MAPE result of seasonal random walk model
is 31.1%, which indicates a much higher level of forecasting error than
all three prediction models.

4.5. Future consumption forecast

In this section, forecasted natural gas consumption for the next year
(for 12 months) was calculated for energy policy using support vector
regression. The results presented in Fig. 16 indicate that the demand
for natural gas will increase in the future.

5. Conclusion and implications

Turkey has had the highest rate of energy and natural gas demand
over the past two decades. Almost 98.5% of the natural gas used in
Turkey is imported from foreign countries such as Russia, Iran, and
Azerbaijan. Energy planning in Turkey and Istanbul cannot be carried
out without knowing past, present and future consumption of natural
gas. Overestimating the demand for natural gas is likely to increase
energy costs for unused resources, while underestimating it may lead
to severe crises in the country. Therefore, accurate estimation methods
of natural gas demand become crucial to determine the energy policy
for the province of Istanbul.

This study essentially focused on one very serious issue in the
management of natural gas consumption: making sound decisions for
natural gas predictions in the province of Istanbul utilizing efficient
machine learning tools such as MLR, ANN, and SVR. Due to the successes
in the dynamic data sets, ANN and SVR emerge as powerful artificial
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Fig. 14. The percentage errors for ANN, MLR and SVR models.
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Fig. 15. The plot of August 2011-July 2012 real consumption values and forecasts from
ANN, MLR and SVR.

intelligent tools in the forecasting studies while the MLR provides ease
of calculation besides timely and accurate results even under big data.
These powerful forecasting tools have been compared to each other to
analyze their performance. This study revealed that the SVR model
with polynomial cubic kernel function outperformed ANNs and the
MLR models for monthly estimation of natural gas consumption using
the following input variables: seasonal index, temperature, price of
natural gas, population of the province of Istanbul and natural gas
consumption with lag 12.

The proposed SVR model with polynomial cubic kernel function can
be adopted as an important decision-making tool for both public policy
makers and regulatory authorities to make rigorous forecasting of natu-
ral gas demand for mega-cities like Istanbul. As noted earlier, for the
selected input variables that influence natural gas consumption in the
province of Istanbul, seasonal index was noted to be the leading
criterion followed by population of the province of Istanbul, tempera-
ture, natural gas consumption with lag 12 and price of natural gas
consumption, respectively. Seasonal variation, population growth and

temperature are critical for effective management of natural gas for a
large emerging market like Turkey that is entirely reliant on foreign
sources of supply where the demand for natural gas is still rising.
As put forward by earlier studies on natural gas supply-demand
balances, there is no serious problem about meeting the annual natural
gas demand. However, during the winter months, high demand, or the
fall of temperatures to levels below seasonal norms may lead to the rise
of consumption to maximum levels. On the other hand, inaccurate
predictions over the same period may cause imbalances between sup-
ply and demand. Our model also predicts that population growth
leads to a tremendous increase in natural gas consumption. Istanbul is
a mega-city attracting many immigrants from different regions of
Turkey. According to a recently launched United Nations (UN) re-
port (UN World Organization Prospects, 2018), the current popula-
tion of the province of Istanbul is expected to reach 16.3 million
by 2025 and 17.9 million by 2035. In order to meet increasing de-
mand for natural gas consumption and also to effectively cope
with seasonal variations, the Turkish Government should take
some constructive measures.

Turkish Government has been suffering a lot from Take or Pay (ToP)
penalties, which cost Turkey nearly $6 billion over one year, according
to the Turkish Ministry of Energy and Natural Resources. Turkish
Government has to pay its key suppliers - Russia, Iran and Azerbaijan -
a fixed sum of money regardless of whether it actually imports all the nat-
ural gas it agrees to purchase. The requirement of the ToP policy is very
significant to ensure reliability in all long-term natural gas contracts,
which leads to some speculations for both sides (supplier and buyer).
Under the ToP clauses, the customer either takes the product from the
supplier or pays a penalty, regardless of whether it takes delivery or
not. Uncertainties in demand during certain periods of the year and
insufficient underground storage capacity are forcing countries like
Turkey that are highly dependent on the imports of natural gas from
other countries to cope with this huge financial burden. In addition, due
to the volatility of local currency, there are also some serious currency
risks, as currency is subject to depreciation over time because of the
need for early payment.
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Fig. 16. Forecasted consumption values from 2015 October to 2016 October.
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In order to cope with seasonal imbalances of demand and supply,
it is imperative for the Turkish Government to increase both storage
and withdrawal capacities. In the natural gas sector, gas storages are
predominantly used for peak shavings. To avoid the negative effect of
ToP, particularly the contracted volume which is not taken and not
used because of storage capacity, the Turkish Government has been
under great pressure to take some important measures and make
some investment decisions. To this end, Turkey rapidly continues in-
vestments in natural gas development by closely monitoring novel
technological developments and engaging in new natural gas pipeline
projects. Within this framework, Silivri Natural Gas Storage Facility,
which has a working capacity of 2.84 billion Sm>, has been taken over
by BOTAS in order to provide effective seasonal supply-demand balance
and supply security. Recently, the Salt Lake Natural Gas Storage Project
has been executed immediately in order to effectively eliminate supply
interruptions. The working gas capacity was increased from 1 bcm to
5 bcm, and the withdrawal capacity was increased from 40 mcm/day
to 80 mcm/day. The target of the project is to increase the capacity
gradually by reaching 500 mcm of working gas capacity in 2018,
1.75 bem in 2020, 3 bem in 2021, and 5 bem in 2023.

This study also emphasizes that while consumption of natural gas
can be projected in the short run, for long-term planning and unex-
pected externalities, Turkish Government is in serious need of urgently
establishing gas storage facilities to respond to supply or demand
elasticity when actual level of demand for natural gas in Istanbul is
less than the projected level. It helps to alleviate the adverse impacts
of fluctuations in demand and supply of natural gas. From a broader
view, Turkey's natural gas expenditure may seriously fall against the
negative consequences of contracts that are based on a projected total
volume of gas consumption.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.eneco.2019.03.006.
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