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Abstract. Natural gas is considered to be one of the
most important energy sources. Due to its many
advantages, demand for this energy source has
increased considerably. Many authors tried to develop
models for predicting natural gas consumption. The
aim of this paper is to present an overview and
systematic analysis of the latest research papers that
deal with predictions of natural gas consumption from
the year 2002 to 2017. In this paper, prediction
methods, input variables used for modelling,
prediction area, as well as prediction horizon will be
analysed. This research could be helpful for other
researchers in order to create better and more
accurate prediction models.
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1 Introduction

Natural gas (NG) is one of the most important energy
resources that is becoming more and more popular
because of its environmental benefits (lower impact on
environmental pollution). Therefore, demand for this
source of energy has increased considerably in recent
years. According to U.S. Energy Information
Administration (U.s. Energy Information
Administraton, 2016), natural gas has the largest
increase in world primary energy consumption, so it is
projected to increase from 120 trillion cubic feet (Tcf)
in 2012 to 203 Tcf in 2040. Globally, natural gas
accounted for 23.8% of primary energy consumption
(BP Global, 2015). Natural gas remains the main fuel
in the production of electricity and in industry sector.
Many authors have tried to develop models for
predicting natural gas consumption on the hourly,
daily, weekly, monthly or yearly basis. The accuracy
of the model is important for decision making on gas
nominations. Every natural gas distributor is obliged to
make a nomination of natural gas by its supplier, which
is the amount of gas needed for the following day (or
other future period). There is a certain regulated
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tolerance that is allowed. In case the actual
consumption exceeds the nominated amount, the
distributor must pay a certain penalty. On the other
hand, if nominated amount exceed actual consumption,
different type of penalty will be charged as well. Since
the incorrect nominations lead to high costs, an
accurate predictions of natural gas consumption for the
following day are very important due to financial
reasons.

The purpose of this paper is to provide an overview
of predictive models of natural gas consumption in
several countries in the world. In the paper, the
methods used for predicting NG consumption, the
input variables used for modelling, as well as the
prediction area and forecast horizon will be analysed.
This paper is structured as follows: in Section 2
methodology is described, Section 3 gives an overview
of prediction models, Section 4 describes input and
output variables, Section 5 gives an overview of
prediction area and Section 6 describes prediction
horizons. The key findings of this research are given in
Section 7.

2 Methodology

For the research purposes, literature overview analysis
was conducted using the most relevant scientific
database Web of Science Core Collection (WoSCC).
The keywords “natural gas consumption (prediction
OR demand)” were used for searching articles. The
articles were searched within three indexes: Science
Citation Index Expanded (SCI-Expanded), Social
Science Citation Index (SCI), and Arts and Humanities
Citation Index (A&HCI) for the period from 2002 to
2017.

This search resulted with 187 papers, including
article (180), proceedings paper (8) and review (7).
After reviewing the title, abstracts and keywords of all
found articles, articles that are not related to models for
prediction of natural gas consumption for residential or
commercial use were eliminated. Thereafter, 27
articles remain that met posted criteria. Those papers



were analysed according to several criteria: methods
used for predictions of natural gas consumption, input
variables used for modelling, prediction area and
prediction horizon.

Similar literature review was conducted by Soldo
(2012), who analysed natural gas consumption from
the year 1949 to 2010.

As it can be seen in Table 1, in the last three years
13 papers considering natural gas prediction were
published, which is more than 44% of all analysed
papers.

Table 1. Number of published papers per year

Yegr O.f Number % Authors
publication | of papers
2004 1 3.70% | Gil & Deferrari
2005 2 7.41% | Aras; Gutierrez et al.
2007 1 3.70% | Potocnik et al.
2008 1 3.70% | Brabec et al.
2009 1 3.70% | Tonkovic et al.
2010 3 11.12% | Azadeh et al.; Forouzanfar et al.; Ma & Li
2011 2 7.41% | Kaynar et al.; Sabo et al.
2012 2 7.41% | Demirel et al.; Olgun et al.
2013 1 3.70% | Taspinar et al.
2014 1 3.70% | Soldo et al.
2015 6 22.22% | Azadeh et al.; Boran; Izadyar et al.; Szoplik; Wu et al.; Zhu et al.
2016 4 14.82% | Akpinar & Yumusak; Bai & Li; Baldacci et al.; Zeng & Li
2017 2 7.41% | Akpinar & Yumusak; Panapakidis & Dagoumas
Total 27 100.00%

3 Overview of prediction areas

Prediction of NG consumption can be conducted on
different areas, for example on the country, region, city
or individual customer area (Soldo, 2012).

NG consumption on country level was investigated
by Gutierrez et al. (2005), Poto¢nik et al. (2007),
Brabec et al. (2008), Azadeh et al. (2010), Forouzanfar
et al. (2010), Ma & Li (2010), Kaynar et al. (2011),
Olgunetal. (2012), Azadeh et al. (2015), Boran (2015),
Wu et al. (2015), Zhu et al. (2015), Zeng & Li (2016)
and Panapakidis & Dagoumas (2017). It can be seen
that most of the papers dealt with the predictions on
country area. Gutierrez and co-authors (2005) were
predicting natural gas consumption in Spain, Poto¢nik
and co-authors (2007) in Slovenia, while Brabec and
co-authors (2008) made predictions using data about
large commercial entities in Slovakia. Three papers
dealt with predictions of NG consumption in Iran.
Those are Azadeh et al. (2010), Forouzanfar et al.
(2010) and Azadeh et al. (2015). Ma & Li (2010), Wu
et al. (2015) and Zeng & Li (2016) conducted research
about natural gas consumption predictions in China
while the same number of papers investigated this
problem in Turkey (Kaynar et al., 2011; Olgun et al.,
2012; Boran, 2015). Zhu and co-authors (2015) were
predicting demand of natural gas in United Kingdom.

Natural gas consumption has been predicted by
Panapakidis & Dagoumas (2017) in Greece.

There are only five papers that predicted natural gas
consumption on regional level. Gil & Deferrari (2004)
presented the results for the case of Greater Buenos
Aires region in Argentina. The paper written by
Tonkovi¢ et al. (2009) investigated the prediction of
NG consumption in the north-east region of Croatia.
Several Turkish authors (Taspinar et al., 2013; Akpinar
& Yumusak, 2016; Akpinar & Yumusak, 2017) tried
to predict NG consumption in Marmara region
(Sakarya province).

The following papers deal with predictions of
natural gas consumption on city level. The predicting
method based on genetic algorithms, developed by
Aras (2005), has been applied by using data for Turkish
city Eskisehir. Demirel et al. (2012) also made
predictions of natural gas consumption in Turkish city,
but in this case city of Istanbul. Sabo and co-authors
(2011) proposed mathematical models of natural gas
consumption for area of the city of Osijek. The
residential heating demand of the Baharestan city in
Iran was forecasted by Izadyar et al. (2015). Szoplik
(2015) were predicting natural gas demand using NG
consumption data for the Szczecin city in Poland. Bai
& Li (2016) used the data of the NG consumption of
Anging city in China for modelling and forecasting.
Baldacci et al. (2016) tried to predict gas consumption
for a given gas network. First gas network services



Voltana, a small village, and the second gas network
services Lugo, a small city. The aim of the study,
conducted by Soldo et al. (2014), was to forecast
residential natural gas consumption not only for the
city level, but also for the house level. They used two
datasets about past NG consumption. The first dataset
was for two small cities with total of 4314 customers,
and the second dataset was for the model house which
has a heated space that covers 100 m2.

Overview of countries in which predictions of
natural gas consumption were made, is shown in Table
2.

Table 2. Overview of the number of published papers
by countries where predictions were made

Number of published
papers
Argentina 1
China
Croatia
Greece
Iran
Italy
Poland
Slovakia
Slovenia
Spain
Turkey
United Kingdom

Country

I R L R G ES

4 Overview of prediction horizons

There are several prediction horizons that can be used
for prediction of natural gas consumption. Large
number of authors were predicting natural gas
consumption on annual level. Gil & Deferrari (2004)
presented a model intended to predict the annual
natural gas consumption for the region in Argentina,
Gutierrez et al. (2005) used the stochastic Gompertz
innovation diffusion model for forecasting annual
natural gas consumption in Spain, Forouzanfar et al.
(2010) used a logistic based approach to predict the
annual natural gas consumption in Iran, Ma & Li
(2010) predicted China’s gas consumption in 2009-
2020, Olgun et al. (2012) presented a model in order to
estimate the annual NG demand for Turkey until year
2030, Boran (2015), Wu et al. (2015) and Zeng & Li
(2016) used grey prediction models to predict annual
NG consumption in Turkey and China.

Forouzanfar et al. (2010) modelled seasonal NG
consumption as well as Baldacci et al. (2016).

Predicting natural gas consumption on monthly
level was reported by Aras (2005), who forecasted
residential consumption using genetic algorithms,
Azadeh et al. (2015), who proposed a hybrid method
based on computer simulation and ANFIS, lzadyar et
al. (2015), who predicted the residential heating

demand in Iran, and Akpinar & Yumusak (2016), who
forecasted NG consumption using time series methods.

There are two papers in which weekly prediction of
natural gas consumption was reported. Those are
papers written by Poto¢nik et al. (2007), who proposed
a forecasting model in order to forecast risk estimation,
and Kaynar et al. (2011), who used neural network and
neuro fuzzy system for prediction of NG consumption
on weekly basis.

Large number of authors predicted natural gas
consumption on daily level. Gil & Deferrari (2004)
proposed a daily prediction model in Argentina, and
Potoc¢nik and co-authors (2007) presented a risk model
that is applicable to estimating the daily forecasting
risk. In order to do that, they had to create a model for
daily prediction of natural gas consumption. Brabec et
al. (2008) forecasted a commercial NG consumption in
Slovakia, Azadeh et al. (2010) predicted short-term NG
demand, Demirel et al. (2012), Taspinar et al. (2013)
and Akpinar & Yumusak (2017) predicted daily NG
consumption in Turkey, Soldo et al. (2014) used solar
radiation as an input variable in order to predict daily
NG consumption, Zhu et al. (2015) tried to predict
natural gas demand in United Kingdom, Bai & Li
(2016) proposed a structure-calibrated support vector
regression approach to forecast the daily NG
consumption, Panapakidis & Dagoumas (2017)
predicted daily natural gas demand.

Predicting natural gas consumption on hourly scale
was reported by Tonkovi¢ et al. (2009), who created a
prediction model of natural gas consumption on a
regional level by using neural networks, Sabo et al.
(2011), who proposed mathematical models of natural
gas consumption, and Szoplik (2015), who forecasted
natural gas consumption in Poland using neural
networks.

5 Overview of prediction methods

Natural gas consumption is predicted by using various
predicting techniques and methods or even a
combination of several methods. Soldo (2012)
discovered that among the first tools for prediction of
natural gas consumption was the Hubbert curve model
used in 1950s. Since 1960s, when statistical models
were developed, various statistical models have been
used for predictions of NG consumption. From the late
1970s and 1980s, the artificial neural networks became
very popular forecasting tool. Lately, there are new
methods used in predictions of natural gas
consumption such as Grey models or genetic
algorithms.

In this research, the most often method used for
prediction of natural gas consumption was neural
network or techniques based on similar principles (like
adaptive network-based fuzzy inference system).
Neural networks are programs that, most often by the
iterative process from the past data, try to find the
connection between input and output variables of the



model in order to obtain the output value for the new
input variables (Zeki¢-Susac et al., 2009). Adaptive
network-based fuzzy inference system (ANFIS) was
presented by Jang (1993), which is “a fuzzy inference
system implemented in the framework of adaptive
networks”. According to Azadeh et al. (2010), “ANFIS
possess both the learning capability of neural networks
and the structured knowledge representation employed
in fuzzy inference system which is appropriate for
nonlinear modelling and time series prediction”.

Authors who used neural networks were Tonkovic¢
et al. (2009), Kaynar et al. (2011), Demirel et al.
(2012), Olgun et al. (2012), Taspinar et al. (2013),
Soldo et al. (2014) Izadyar et al (2015) and Szoplik
(2015). Tonkovi¢ et al. (2009), Taspinar et al. (2013)
and Kaynar et al. (2011) trained and tested two neural
network algorithms — the multilayer perceptron and the
radial basis function network with different activation
functions. The first mentioned algorithm produced the
smallest mean absolute percentage error in all analysed
paper. Taspinar et al. (2013) also compared neural
networks algorithms and time series model. In their
research, Demirel and co-authors (2012) used
multilayer perceptron algorithm for neural network and
compared this model with 2 time series models. Olgun
et al. (2012) compared neural networks with support
vector machines. Taspinar et al. (2013) and Szoplik
(2015) also used a multilayer perceptron algorithm in
order to predict natural gas consumption. Soldo et al.
(2014) investigated the influence of solar radiation on
residential NG consumption. Among several different
methods, they used neural networks on two different
data sets. The first data set is from a model house and
the second one from the local distribution company.
Extreme learning machine (ELM), as a learning
algorithm for feedforward neural network, was used by
Izadyar et al. (2015).

Panapakidis & Dagoumas (2017) proposed an
interesting model that combines the wavelet transform,
genetic algorithm, adaptive neuro-fuzzy inference
system and feed-forward neural network. They tried to
test the robustness of a novel hybrid computational
intelligence model in day-ahead predictions of natural
gas demand. There was one more paper that combined
two different models. Azadeh et al. (2015) created a
hybrid model of adaptive neuro fuzzy inference system
and computer simulation for prediction of natural gas
consumption. The same authors (Azadeh et al., 2010)
presented an adaptive network-based fuzzy inference
system in their earlier research. The ANFIS was used
by Kaynar et al. (2011) as well, in order to predict
weekly natural gas consumption in Turkey.

Ma & Li (2010) predicted natural gas consumption
based on the Grey system model. The same approach
was using Boran (2015) — grey prediction with rolling
mechanism (GPRM), Wu et al. (2015), and Zeng & Li
(2016). According to Kayacan et al. (2010), “Grey
models predict the future values of a time series based
only on a set of the most recent data depending on the
window size of the predictor”.

Another commonly used techniques for natural gas
consumption prediction are support vector machine
(SVM) and support vector regression (SVR). Olgun et
al. (2012) compared neural networks with support
vector machines and they concluded that support
vector machines had less statistical error for demand
estimation of natural gas consumption. Soldo et al.
(2014) used several linear and nonlinear models for
predictions. The testing errors obtained by nonlinear
neural networks and SVR models are slightly higher
compared to linear models. Zhu et al. (2015) presented
the method that integrated the SVR algorithm with the
reconstruction properties of a time series and optimises
the original local predictor by removing false
neighbours. A structure-calibrated SVR approach was
used by Bai & Li (2016).

Aras (2008) tried to forecast short-term demand of
natural gas in residences by using genetic algorithms.
Genetic programming technique was used by
Forouzanfar et al. (2010) and lzadyar et al. (2015) as
well.

Some authors used mathematical models in order to
predict natural gas consumption. Gil & Deferrari
(2004) developed a model which is able to predict the
NG consumption 1 to 5 days in advance with 10% of
uncertainty. Gutierrez et al. (2005) presented a
stochastic Gompertz innovation diffusion model while
Poto¢nik et al. (2007) forecasted NG consumption by
using their model that is already used in several gas
distribution systems. Brabec et al. (2008) developed
nonlinear mixed effects model (NLME), a parametric
statistical model which is later compared with two
classical time series approaches. Several advanced
linear and nonlinear mathematical models, such as
exponential, Gompertz and logistic model, were used
by Sabo et al. (2011). Forouzanfar et al. (2010) used a
method based on the concept of the nonlinear
programming with earlier mentioned genetic
programming technique. Soldo et al. (2014) compared
several linear models such as auto-regressive model
with exogenous inputs and stepwise regression.
Akpinar & Yumusak (2017) used multiple linear
regression (MLR) for prediction of NG consumption.

There are several time series methods used for
predicting natural gas consumption. Kaynar (2011) and
Demirel (2012) used autoregressive integrated moving
average (ARIMA). Taspinar (2013) also used type of
ARIMA model, called SARIMAX, which is seasonal
autoregressive integrated moving average model with
exogenous inputs. Akpinar & Yumusak (2016)
presented time series decomposition, Holt-Winters
exponential smoothing and ARIMA.

Among other methods used for NG consumption
predictions can be highlighted Baldacci et al. (2016),
who defined two predicting techniques, one based on a
nearest neighbour approach and one employing local
regression analysis.

Table 3 shows a systematic overview of prediction
methods used in predicting natural gas consumption by
prediction area and prediction horizon.



Table 3. Number of papers per prediction method by prediction area and prediction horizon

Prediction Prediction area Prediction horizon*
method Country | Region | City | House Y S M W D H
Neural network 2 2 4 1 1 3 2
ANFIS 2 1 1
Grey model 4 4
SVM/SVR 2 2 1 3
Genetic 1 2 1 1 2
algorithms
Mat_he_matlcal and 4 2 2 3 1 1 5 1
statistical models
Time series 1 2 1 1 1 2
Hybrid models 2 1 1
Other 1

*Y —yearly, S — seasonal, M — monthly, W — weekly, D — daily, H — hourly

6 Overview of variables used for
modelling

Various data sets were used to produce prediction
models of NG consumption. Accordingly, authors used
different input variables in order to create a model but
it can be noticed that the most commonly used
variables were past natural gas consumption and
meteorological data (especially temperature). Those
two input variables were used by Gil & Deferrari
(2004), Sabo et al. (2011), lzadyar et al. (2015) and
Baldacci et al. (2016). Following papers also used past
NG consumption, but some other meteorological data
as well. Potoc¢nik et al. (2007) developed a short-term
energy consumption model. The predicting model is
based on observations of past gas consumption, past
weather data, weather forecast, seasonal information,
days of week, holidays, industrial nominations etc.
Tonkovi¢ et al. (2009) used similar input variables,
such as month, season detection, day type (working
day, holiday, day after holiday), day of the week,
temperature, wind direction, wind velocity at different
time and past gas consumption. Zhu et al. (2015) used
past gas consumption, together with temperature, wind
speed, effective temperature and pseudo seasonal
normal effective temperature. Input variables used by
Akpinar & Yumusak (2017) were past gas
consumption, minimum, maximum and 1-day lagged
average temperature, minimum and maximum
humidity, holidays, number of subscribers, building
size. Panapakidis & Dagoumas (2017) used past gas
consumption, temperature, months and days of week.
There are several papers where only past gas
consumption was used as input variable: Gutierrez et
al. (2005), Forouzanfar et al. (2010), Kaynar et al.
(2011), Boran (2015), Wu et al. (2015), Akpinar &

Yumusak (2016), Zeng & Li (2016) and Bai & Li
(2016). Those authors mostly used grey modelling and
mathematical models. Aras (2005) used for predictions
consumer price index and average daily temperatures.
Brabec et al. (2008) used temperature and day of the
week. Similar variables can be found in Szoplik’s
paper (Szoplik, 2015). He used temperature, hour of
the day, day of the week, month and day of month. For
the prediction of natural gas demand, Azadeh et al.
(2010) used day of week, demand of the same day in
previous year, demand of a day before, demand of 2
days before as input variables. Demirel et al. (2012)
used daily average temperature, squared temperature,
natural gas price, number of gas subscribers, 12 lags of
consumption, while Taspinar et al. (2013) used
humidity, atmospheric pressure, wind speed, ambient
air temperature and average cloud cover. Some authors
included Gross domestic product (GDP) in their
models. Ma & Li (2010) used GDP and past
consumption, Olgun et al. (2012) used GDP and
population, while Azadeh et al. (2015) used GDP,
population, NG price, inflation rate, unemployment
rate, IT/IS index, human development index and CO2
emission. Soldo et al. (2014) conducted an interesting
research in which the influence of solar radiation on
predicting residential natural gas consumption was
investigated. The input variables they used were
weather data (on hourly basis) and solar radiation.

From this analysis, it can be seen that past gas
consumption is the most important input variable for
prediction of natural gas consumption. It was used in
largest number of papers, especially in papers where
mathematical and grey models were presented. The
important variables were also various meteorological
data.

Table 4 shows the overview of number of papers by
input variables used most frequently according to
prediction method, area and horizon.



Table 4. Number of papers by input variables used according to prediction method, area and horizon

Input variable Prediction method* Prediction ar_ea** Prediction horizon***
A B|C/ D E|F|GH Co | R|Ci|H|]Y|S| M|W|D|H
Past gas consumption | 3|2|3|1]2|6|2]|1 10 | 4 | 3 6 |2 |2 |2 |62
Temperature 61 212]6|12]1 5 4 | 711 )11]1]2]1]1]3
Days of week 2 2 1 3 |11 1[13]2
Month 2 1 1 111 1|2
Seasonal information | 1 1 1 2 1 1121
Wind data 2 1 1 1 2 2 11
GDP 1 1)1 1 3 2 1
Holidays 2 1 1 1] 2
Humidity 1 1)1 2 2
No of gas subscribers | 1 111 1|1 2
Gas price 111 1 1 1 2

*A — neural network, B — ANFIS, C — Grey model, D — SVM/SVR, E — Genetic algorithms, F — mathematical
and statistical models, G — time series, H — hybrid models, | — other

**Co — country, R —region, Ci — city, H — house

***Y —yearly, S — seasonal, M — monthly, W — weekly, D — daily, H — hourly

7 Discussion and conclusion

The aim of this paper is to present an overview of the
latest papers that deal with predictions of natural gas
consumption. In order to achieve this goal, the search
of relevant scientific articles was conducted using
scientific database Web of Science Core Collection.
There was total of 27 papers that met required
conditions. Those papers were analysed and then
compared according to several criteria, such as
methods used for predictions, input variables used for
modelling, prediction areas and prediction horizons.
Natural gas prediction models are complex models
with high interdependency between its structural
components, e.g. choice of appropriate method will be
dependent on chosen prediction horizon or the use of
the appropriate input variables will depend on the
method used. The results of this paper show that the
most common method used for predictions of natural
gas consumption is neural network. Other popular
methods are neuro-fuzzy inference system, time series
methods, genetic algorithms, support vector machines/
regression, Grey system models, mathematical and
statistical models or hybrid models based on several
methods. Some researches use two or more methods in
the same paper. But analysis has shown that for
modelling, authors often use past natural gas
consumption data and weather data (mostly
temperature) as input variables. Other variables include
month, days of the week, wind speed, number of
natural gas subscribers, GDP, inflation rate etc.
Speaking of prediction areas, it can be seen that most
of the papers deal with the predictions on country level.
Predictions can be made as well as on regional, city, or
even house level. The analysis also revealed that
authors mostly predict natural gas consumption on

daily and annual level. There are only few papers that
predict natural gas consumption on seasonal, monthly,
weekly or hourly level.

Limitation of this study is reflected in relatively
small number of analysed papers. For further research,
authors plan to search more relevant scientific
databases, such as Scopus or Proquest in order to
obtain larger number of relevant sources. This paper
could be helpful for other researchers who deal with
predictions of natural gas consumption in order to
create better and more accurate models.
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