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Abstract
In accordance with the regulations of the Energy Agen-
cy of the Republic of Slovenia, each natural gas supplier 
regulates and determines the charges for the differenc-
es between the ordered (predicted) and the actually 
supplied quantities of natural gas. Yearly charges for 
these differences represent up to 2% of supplied nat-
ural gas costs. All the natural gas users, especially in-
dustry, have huge problems finding the proper method 
for efficient natural gas consumption prediction and, 
consequently, the decreasing of mentioned costs. In 
this study, prediction of the natural gas consumption in 
Štore Steel Ltd. (steel plant) is presented. On the basis 
of production data, several models for natural gas con-
sumption have been developed using linear regression, 
genetic programming and artificial neural network 
methods. The genetic programming approach outper-
formed linear regression and artificial neural networks.

Key words: natural gas, consumption, modeling, linear 
regression, genetic programming, artificial neural net-
works, industry

Izvleček
V skladu s pravili Agencije republike Slovenije za ener-
gijo vsak dobavitelj regulira in določa stroške na račun 
razlik med naročeno in dejansko količino odjetega ze-
meljskega plina. Letni stroški zaradi teh razlika zna-
šajo do 2% stroškov odjetega zemeljskega plina. Vsi 
odjemalci zemeljskega plina imajo tako težave s samim 
napovedovanjem odjema in posledično zmanjšanjem 
omenjenih stroškov. V članku je predstavljeno napove-
dovanje odjema zemeljskega plina v Štore Steel d.o.o. 
(železarna). Na podlagi podatkov o proizvodnji je bilo 
razvitih več modelov s pomočjo linearne regresije, ge-
netskega programiranja in nevronskih mrež. Genetsko 
programiranje prekaša linearno regresijo in nevronske 
mreže.

Ključne besede: zemeljski plin, poraba, modeliranje, 
linearna regresija, genetsko programiranje, nevronske 
mreže, industrija

Natural gas consumption prediction in Slovenian 
industry – a case study
Napovedovanje odjema zemeljskega plina v slovenski  
industriji – študija primera
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Introduction

Natural gas represents the most environmen-
tally preferred source of fossil fuel. Slovenia de-
pends almost entirely on natural gas supplied 
from abroad (Russia and North Africa). Natural 
gas is transmitted over the gas pipelines in its 
gaseous state. The participants of the natural 
gas market in Slovenia are the traders and the 
suppliers delivering natural gas to the custom-
ers. Natural gas is transmitted to the custom-
ers over the transmission and distribution net-
works by the system operators. The customers 
have the option to choose their supplier. Each 
supplier regulates and determines the addi-
tional charging for gas-related imbalances 
between the ordered and the supplied quanti-
ties  [1, 2].
This article presents an attempt for reducing 
additional charging for gas-related imbalances 
between the ordered and the supplied natural 
gas quantities for Štore Steel Ltd. with more 
than 500 employees. Differences between the 
ordered and the supplied natural gas quan-
tities, as well as the corresponding charges, 
depend on the precision of natural gas con-
sumption prediction. In this study, natural gas 
consumption prediction using linear regres-
sion, genetic programming and artificial neural 
network (ANN) methods is presented.

Natural gas ordering procedure

According to the contract between the suppli-
er and natural gas user, by 10 AM each Thurs-
day, the ordered natural gas quantities for the 
next week are to be reported to the natural gas 
supplier. Already ordered quantities can be 
changed by 10 AM one day before the actual 
supply; there is no charge if the change is made 
in time. The ordered quantities are provided 
by the specialist responsible for natural gas 
consumption based on his/her experience and 
with the help of the in-house applications or 
databases. The usual procedure is to collect the 
actually supplied natural gas quantities for the 
past days and check for deviations in produc-
tion. Accordingly, the official prediction for the 
entire next week is formed. In the case of very 

large production variations also, the already 
ordered natural gas quantities is changed by 
10  AM day before the actual supply.
According to the contract between the suppli-
er and the Štore Steel Company, the maximum 
daily gas consumption qmax is agreed to be 
50,000 Nm3 (normal metre-cubed). A penalty 
p for imbalance between the ordered and the 
supplied quantities is defined according to the 
following analytical expressions:

0013.003.0  p         (1)

008.003.0  p         (2)

   32.008.008.0 max  sp qqqp   (3)

   59.008.008.0 max  qqqp ps  (4)

where   max/s pq q q     stands for the relative gas consump-
tion deviation   max/s pq q q    , whereas   max/s pq q q     
and   max/s pq q q     stand for the supplied gas quantity and 
the predicted gas quantity, respectively, in 
1 day. The additional charge the company has 
to pay per day is

gc p p            (5)

where c stands for the daily charge, and pg is 
the gas price (Nm3). The average relative gas 
consumption deviation in a period of n days is 
defined as follows:
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and the charge the company has to pay in a pe-
riod of n days is defined as follows:
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Experimental data

Štore Steel Ltd. is one of the biggest spring steel 
producers in Europe. Its natural gas consump-
tion represents approximately 1.10% of Slove-
nia’s natural gas consumption.
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The following data were collected during the 
period from 6.1.2005 until 20.12.2012 based 
on the actual ordering pattern:

 ― drawing plant shifts (shifts),
 ― steel plant production (batches),
 ― rolling plant production (tons),
 ― annealing furnace #1 production  
(anneal1),

 ― annealing furnace #2 production  
(anneal2) and

 ― date (month).
For the fitness function, the sum of daily pen-
alties (Equation 7) in the period from 6.1.2005 
until 20.12.2012 was used.

Linear regression-based prediction 
of natural gas consumption

On the basis of the collected data, the following 
correlations can be defined as in Table 1.
For the given data and defined correlations, 
the sum of penalties and average relative gas 

consumption deviation are 1,297,616.4 pg and 
0.0710, respectively, where pg is the price of 
natural gas.

Genetic programming-based 
prediction of natural gas 
consumption

Genetic programming is probably the most gen-
eral evolutionary optimization method [3]–[5]. 
The organisms that undergo adaptation are in 
fact mathematical expressions (models) for the 
gas consumption. The prediction consists of the 
available function genes (i.e. basic arithmetical 
functions) and terminal genes (i.e. independent 
input parameters, and random floating-point 
constants). Usually the models consist of the 
following function genes: addition (+), subtrac-
tion (–), multiplication (*) and division (/), in 
addition to the terminal genes (e.g. x, y, and z).
Random computer programmes of various 
forms and lengths are generated by means 

Figure 1: Štore Steel Ltd. layout and consumption spots.

Contribution Consumption spot Natural gas consumption (Nm3)

Electric arc furnace q1 batches·151.63+7,099.2

Heating furnace #1 q2 27.785·tons+3,297.5

Heating furnace #2 q3
Heating furnace is turned off: 0

Heating furnace is turned on: 296.17

Annealing furnace #1 q4
Annealing furnace is turned off: 0

Annealing furnace is turned on: 2,828.32

Annealing furnace #2 q5
Annealing furnace is turned off: 0

Annealing furnace is turned on: 1,468.04

Cold finishing plant q6

No production: 0
One shift: 634.32

Two shifts: 1,466.68
Boiling house q7 321,08

Quantity error qe
January, February, December: 2,496.86

Other months: 1,398.92

Table 1.
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of the selected genes at the beginning of the 
simulated evolution. The varying of the com-
puter programmes is performed by means of 
genetic operations (e.g. crossover, mutation) 
over several iterations, known as generations. 
After completion of the variation of the com-
puter programmes, a new generation is ob-
tained. Each generation is compared with the 
experimental data. The process of changing 
and evaluating organisms is repeated until the 
termination criterion of the process is fulfilled. 
The maximum number of generations is chosen 
as a termination criterion in the current algo-
rithm.
The following evolutionary parameters were 
selected for the process of simulated evolu-
tions: 1,000 for the size of the population of 
organisms, 100 for the maximum number of 
generations, 0.4 for the reproduction probabil-
ity, 0.6 for the crossover probability, six for the 
maximum permissible depth in the creation of 
the population, ten for the maximum permis-

sible depth after the operation of crossover of 
two organisms, and two for the smallest per-
missible depth of organisms in generating new 
organisms. Genetic operations of reproduction 
and crossover were used. For selection of or-
ganisms, the tournament method with tourna-
ment size seven was used.
The AutoLISP based in-house genetic program-
ming system was run 100 times in order to 
develop 100 independent civilizations. Each 
run lasted approximately 4 h and 40 min on a 
3.0 GHz processor with 4 GB of RAM.
The best model for natural gas consumption 
prediction in Štore Steel Ltd. is as follows:
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(8)

with sum of penalties 1,209,809.6 pg, and av-
erage relative gas consumption deviation 
= 0.0729.

ANN-based prediction of natural 
gas consumption

ANNs consist of a large number of processing 
elements called neurons that operate in par-
allel [6, 7]. Computing with neural networks 
is non-algorithmic. They are trained through 
examples rather than being programmed by 
software. The multilayer back-propagation 
network is a supervised, continuous valued, 
multi-input and multi-output feed-forward 
multilayer network that follows a gradient de-
scent method. The gradient descent method al-
ters the weight by an amount proportional to 
the partial derivative of the error with respect 
to the weight in question. The back-propa-
gation phase of the neural network alters the 

Figure 2: Random programme tree.

Figure 3: Crossover –genetic operation.
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weights wji so that the error of the network is 
minimized. This is achieved by taking a pair 
of input/output vectors and feeding the input 
vector into the net, which generates an output 
vector, which is compared to the output vector 
supplied, thus gaining an error value. The er-
ror is then passed back through the network 
(back-propagation process), modifying the 
weights due to this error using the equations. 
Hence, if the same set of input/output vectors 
is presented to the network, the error would be 
smaller than previously found.
For modelling the natural gas consumption, 
a three-layer feed-forward neural network was 
used. It contained six neurons in the input layer 
and one in the output layer. The number of neu-
rons in the hidden layer was varied in different 
experiments.
Signals passed through the neurons in the hid-
den and output layers are transformed on the 
basis of tangent (non-linear) function, which 
allows the identification of the non-linear sys-
tem. The data are automatically normalized in 
order to make the training process faster. This 
was done by mapping each term to a value be-
tween zero and one using the max –min meth-
od. These normalized data were utilized as the 
inputs and outputs to train the ANN.
Training of the ANN is finished when the test-
ing error is less than the tolerance limit. This 
tolerance limit is defined as 10% at the begin-

ning of the training. On average, the networks 
needed 182 iterations to achieve this goal. Ap-
proximately 12 min of training are needed to 
set up the full prediction performance of ANN. 
After the neural network had been trained, it 
was applied to 30 examples that did not take 
part in the training process. In this case, the 
solutions of the examples were not supplied, 
so that the network had to estimate them. The 
testing prediction error was 9.8%.
The sum of penalties and the average relative 
gas consumption deviation are 1,469,811.1 pg 
and 0.0733, respectively.

Conclusions

The Energy Agency of the Republic of Slovenia 
regulates and determines the charges for the 
differences between the ordered (predicted) 
and the actually supplied quantities of natural 
gas. Accordingly, the most precise natural gas 
consumption prediction is appreciated. In this 
study, the prediction of the natural gas con-
sumption of Štore Steel Ltd. using linear regres-
sion, genetic programming and ANN methods 
is presented.
For efficient prediction, the following influen-
tial parameters were used for modelling:

• drawing plant shifts,
• steel plant production,

Figure 4: Artificial neural network architecture.
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• rolling plant production,
• annealing furnace #1 production,
• annealing furnace #2 production and
• month of the year.

For the fitness function, the sum of daily pen-
alties (Equation 7) in the period from 6.1.2005 
until 20.12.2012 was used.
On the basis of the relative gas consumption de-
viation, the penalties are calculated according 
to the contract between the natural gas suppli-
er and Štore Steel Ltd., which also depends on 
the price of natural gas pg.
The following results have been obtained:

 ― The sum of penalties (where pg stands for 
price of Nm3 natural gas ):
• linear regression: 1,297,616.4 pg,
• genetic programming: 1,209,809.6 pg and
• ANNs: 1,469,811.1 pg,

 ― Average relative gas consumption deviation:
• linear regression: 0.0710,
• genetic programming: 0.0729 and
• ANNs: 0.0733.

The genetic programming approach outper-
formed linear regression and ANN methods.
With slight modifications, the herein-present-
ed approaches are extremely practical for any 
kind of natural gas consumption prediction.
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