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Abstract
This paper proposes an artificial neural network model, MLP 17-37-5, to predict the share of five natural
gas components (methane, ethane, propane, nitrogen, and carbon dioxide) in the natural gas mixture
in a pipeline network, depending on selected calendar and weather factors. Natural gas composition
variability in the pipeline network results from supplying it with gas of varying composition and from
different suppliers. Using statistical analysis of 35,064 actual measurement data sets, factors (model
input data) significantly affecting gas composition variability were selected. Models differing in structure
(the MLP 17-37-5 model or five MLP 17-37-1 models) and the number of neurons in the hidden layer (from
20 to 230 neurons) were trained using sets ranging from 8,760 to 35,064 actual data points obtained using
the chromatographic method. The quality of the models was assessed based on the correlation coefficient,
while the quality of the forecasts was assessed based on the nRMSE error of the forecasts obtained for a new
data set of 8,760 data points. The MLP 17-37-5 model was shown to predict natural gas composition with
an average error of nRMSE = 0.321. The article proposes a ready-made tool, which has no equivalent
in the literature, allowing for a significant reduction in the number of chromatographic tests performed
to determine the composition of natural gas. This is a completely new approach to studying changes
in the composition of natural gas over time, which in the proposed forecasting model depend on selected
factors (not analyzed in chromatographic studies).
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1. INTRODUCTION AND STATE OF THE
ART

Natural gas, a mixture of hydrocarbons, is transported from
its point of extraction to end users (individual consumers or
industry) via a suitably designed pipeline network. In reality,
the pipeline network transports natural gas energy, the amount
of which depends on the composition of natural gas and can
be expressed as the heat of combustion value. The composi-
tion of natural gas depends, among other things, on the gas
extraction location and the degree of purification of the gas
fuel. Additionally, changes in the composition of natural gas
in network pipelines can be influenced by supplying pipelines
with gas from different suppliers, regasified LNG, or the intro-
duction of alternative fuels (hydrogen or biomethane), mixing
gases with different chemical compositions, and variability
in the load on individual network pipelines resulting from un-
even demand for gas from customers over time (Szoplik, 2015;
Szoplik, 2016; Szoplik, 2017; Szoplik and Muchel, 2023a; Szo-
plik and Muchel, 2023b). In such a situation, the only way
to obtain information on the composition of natural gas at
a given point in the gas network is to monitor it in real
time using gas chromatography method or to track changes
in gas composition based on transient simulations of gas flow
in the network or to forecast the composition of natural gas
using artificial neural networks.

Direct measurements using gas chromatography method are
conducted on an ongoing basis by gas network operators at
gas stations located at multiple points in the gas network and
provide information on the current composition of natural
gas at a given measurement point. These measurements can
be used to analyze the flow of gas of a given composition in
individual gas network pipelines. Kumor and Porada (2021)
analyzed the impact of the operation of the LNG terminal
in the Polish gas transportation system on the quality of
gaseous fuel at 16 selected points in the high-pressure gas
network over a 5-year period (covering the days before and
after the LNG terminal was launched). Selected results of
chromatographic measurements of changes in natural gas
composition recorded at selected points in the gas network
of the Polish natural gas transportation system, supplied by
several suppliers and the LNG terminal, were also analyzed in
(Muchel, 2024; Szoplik and Muchel, 2023a).

Another method of obtaining data on natural gas compo-
sition is to track changes in natural gas composition in
network pipelines based on gas flow simulation results. This
method is based on solving selected model equations describ-
ing the processes occurring within pipelines and the topology
of the pipeline network for known flows supplying the net-
work and the gas flow rates received by end users. Vari-
ations in demand for gaseous fuel by customers do not
affect changes in the gas composition in a pipeline if it
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is supplied by a single supplier with gas of constant com-
position over time. However, if streams of other gaseous
fuels (hydrogen or biomethane), for example, from alter-
native sources, are occasionally introduced into the gas
network, the uneven load on network pipelines is an addi-
tional factor influencing changes in gas composition over
time. Simulation models of gas flow in the network enable
tracking changes in the composition of gas mixtures with
different chemical compositions both under variable gas
demand conditions and under conditions of hydrogen or
biomethane injection into the pipeline (Alves and Fontes,
2022; Bermúdez and Shabani, 2022; Chaczykowski and Zar-
odkiewicz, 2017; Chaczykowski et al., 2018; Fan et al., 2021;
Osiadacz and Chaczykowski, 2020; Saedi et al., 2021; Zhang
et al., 2022). Variations in gas quality over time, expressed
for example by the gas’s heat combustion value, caused by
changes in its composition, adversely affect the maximum
load of the gas transport system and the determination of its
capacity. Tracking changes in gas composition or the gas’s
heat combustion value is essential for planning the intro-
duction of alternative gaseous fuels into the gas network
as occasional supplies and for monitoring the presence of
contaminants in the gas that are corrosive or susceptible to
hydrate formation during transport.

The results of simulations of the flow and mixing of gas
streams extracted from onshore or offshore deposits and liq-
uefied LNG or compressed CNG were analyzed in (Alves and
Fontes, 2022). Based on the shares of the most important
components of the resulting gas mixture, the heat of com-
bustion, which is one of the parameters necessary for system
balancing, was determined. The research results obtained from
gas flow simulations in the Brazilian gas network allowed for
a reduction in gas transportation costs by up to 22.6%.

In a paper (Bermúdez and Shabani, 2022), a multi-species
model consisting of first-order partial differential equations
for each pipeline and gas component was proposed to track
changes in gas composition at any location and time. A char-
acteristic feature of this model is the separate solution of
momentum and mass exchange equations using two inde-
pendent computational grids. Numerical calculation results,
verified with real-world data, demonstrated good agreement
between simulation results and actual data. According to
the authors, in times of energy transformation, there is con-
siderable interest in the introduction and transport of hydro-
gen or biomethane into natural gas networks, which can be
analyzed, for example, using the proposed methodology.

Chaczykowski and Zarodkiewicz (2017), Chaczykowski et al.
(2018) and Osiadacz and Chaczykowski (2020), taking into
account the direction of changes in the natural gas transporta-
tion system and the introduction of alternative gaseous fuels,
point to new challenges facing the gas industry in a multi-
energy system environment. These changes are expected
to cause significant fluctuations and uncertainty in the dis-
tributed supply of liquefied natural gas (LNG) or gases from

renewable sources (hydrogen). Assuming non-isothermal flow
conditions, the authors proposed models for tracking gas
quality, assuming energy boundary conditions (energy flow
rate instead of volumetric flow), for an onshore gas pipeline
in the Polish transmission system and for a model of an off-
shore gas pipeline in the Norwegian transmission system.
Differences between measured and modeled compositions and
transport times were examined and it was found that both
methods accurately reproduced the measured compositions
and transport times. According to the authors, only a well-
chosen model will provide good simulation results and facili-
tate the integration of the power system with the gas system.

In another paper (Fan et al., 2021), a control volume method
for hydraulic simulation and a one-dimensional, non-steady-
state heat transfer model for thermal simulation were proposed
for tracking gas composition in real time and, based on this,
calculating gas flow parameters in the network. The pipeline
system in the network was represented using a special grid
connecting all adjacent pipelines. The proposed model is
intended to be a tool for tracking gas composition in the event
of injection of new types of gas (LNG, biogas, or hydrogen),
which can cause short-term and rapid fluctuations in natural
gas composition. Based on a comparison of the calculation
results with measurement data, the authors indicate good
agreement between the gas composition simulation results
and the actual data.

Saedi et al. (2021) proposed a model for tracking gas com-
position in an integrated power and gas system with green
hydrogen injection. The model also allows for the identifi-
cation of gas flow directions entering and leaving a given
network node, which is important in the case of a distributed
hydrogen injection system and constraints related to the size
of the hydrogen flow entering the network or the share of
hydrogen in the gas flow at the customer. The model was
validated using two gas networks of different sizes and demon-
strated that it can accurately capture gas flows entering and
leaving a network node and indirectly allows for the estima-
tion of the amount of hydrogen that can be injected into
the network depending on the season, time of day, or location
in the power and gas grid.

The model proposed by Zhang et al. (2022) enables tracking
of gas composition, and in particular the hydrogen content
of the gas stream, in a real gas network with a branched
structure and multiple non-pipe elements, supplied with
natural gas at multiple points, and with multiple intermittent
hydrogen injection sources. The model takes into account
temporal and spatial variability of gas physical properties
(gas compressibility coefficient). The model was verified
using a selected Belgian gas network as an example, and
the effectiveness of this method in solving natural gas
composition tracking problems was demonstrated. Simulation
results also confirmed the impact and significance of
introducing a variable gas compressibility coefficient, tracking
hydrogen fraction, and varying gas demand.
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Simulation methods for tracking changes in the composi-
tion of mixtures of natural gas, regasified LNG, hydrogen, or
biomethane require the use of equations describing the ex-
change of mass, momentum, and energy within gas net-
work pipelines. Studies of gas composition tracking have
most often used a straight pipeline section, less frequently
a branched network. However, in reality, the pipeline net-
work has a more complex topology (it is branched and con-
tains loop elements), and depending on the network pipeline
load, a change in the gas flow direction is observed in some
pipelines. A change in the gas flow direction in the pipeline
may be caused, for example, by greater or lesser gas demand
from consumers during periods of lower ambient tempera-
tures (apartment heating) or higher ambient temperatures
(apartment cooling). The variability of gas demand from con-
sumers depending on selected weather, calendar, economic,
or demographic factors was analyzed in (Bianco et al., 2014;
Durmayaz et al., 2000; Geem and Roper, 2009; Kenisarin
and Kenisarina, 2007; Parikh et al., 2007; Sarak and Satman,
2003; Satman and Yalcinkaya, 1999; Szoplik, 2015; Szoplik
and Muchel, 2023a).

Another approach to forecasting the natural gas composition
at a given point in the pipeline network is to use an artificial
neural network model. In this approach, one must first identify
factors that directly or indirectly influence changes in natural
gas composition (using statistical analysis), and then train
the artificial neural network model using a set of real data
describing the natural gas composition (chromatographic
methods). In studies of natural gas transportation systems,
artificial neural network models have been used, among
others, to forecast gas demand on a global scale (Hafezi
et al., 2019), for a given country (Merkel et al., 2018),
or city (Szoplik, 2015), to predict the pipeline’s resistance
to cracking (Wang et al., 2022) or the corrosion rate of steel
pipelines (Wen et al., 2019).

However, for designers and operators of natural gas transporta-
tion systems, it is essential to know the properties of natural
gas, whose changes depending on the natural gas composition,
pressure, and temperature can also be predicted using artificial
neural network models. Chu et al. (2021) predicted the com-
pressibility coefficient, sound velocity, and viscosity of natural
gas, while Farzaneh-Gord et al. (2018) predicted the compress-
ibility coefficient and sound velocity. The prediction of density
(Al-Quraishi and Shokir, 2011; Wood and Choubineh, 2020)
and viscosity of natural gas (Al-Quraishi and Shokir, 2011; Lay
et al., 2012) using an artificial neural network model was based
on the dependence of these parameters on pressure, tempera-
ture, and natural gas composition. The authors considered
different numbers of gas components in the forecasting model.
To predict the compressibility coefficient, sound velocity, and
gas viscosity, the model included 10 gas components (Chu et
al., 2021), while in (Lay et al., 2012), the model for predicting
gas viscosity included 12 natural gas components and 21 gas
components for predicting the compressibility coefficient and
gas viscosity (Farzaneh-Gord et al., 2018).

Artificial neural network models have been successfully used
to predict the heat of combustion or composition of natu-
ral gas mixtures produced in gas network pipelines supplied
by various suppliers (Szoplik and Muchel, 2023a; Szoplik
and Muchel, 2023b), the composition of liquid-gas mixtures
produced in a distillation column (Singh et al., 2007), the com-
position of mixtures produced in the gasification process of
various types of biomass (George et al., 2018), plant biomass
components (Postawa et al., 2022), and reforming gas compo-
nents in diesel engine exhaust (Park et al., 2020). In the ana-
lyzed cases, an MLP model with one or two hidden layers and
the number of neurons in the output layer equal to the number
of predicted components was used. The quality of the trained
models was assessed based on the correlation or regression
coefficient, while the quality of the forecasts was assessed
based on the MAPE or RMSE errors. Analysis of the literature
data has revealed numerous cases of artificial neural network
models being used to predict the properties and composi-
tion of process mixtures. However, only Szoplik and Muchel
(2023a) attempted to predict the share of five natural gas
components at a selected point in a pipeline network supplied
with gas of varying quality at multiple points. Szoplik and
Muchel (2023a) proposed the use of the MLP 18-65-5 model
trained on a set of 8,760 actual natural gas composition
measurements obtained using gas chromatography method.
The quality of the forecasts was assessed based on the average
component-weighted MAPE error.

The aim of the research presented in this paper is to develop
an MLP model for forecasting the shares of five natural gas
mixture components at a selected point in the Polish gas trans-
portation system, taking into account the minimum number
of weather or calendar factors influencing the variability of
the natural gas mixture composition. The selection of factors
influencing the gas composition will be based on a statisti-
cal analysis of the relationships between these factors and
the forecasted components. The determined number of factors
influencing the natural gas composition will be the basis for
determining the number of neurons in the MLP model’s input
layer, while the number of neurons in the model’s output
layer is five, equal to the number of forecasted components.
The number of neurons in the hidden layer will be selected
experimentally based on the results of the correlation co-
efficient of the model, the quality of the representation of
the relationships between the forecasted component shares,
and the mean nRMSEaver forecast errors. Training of MLP
models with different structures to select the best model
quality was conducted on the basis of varying sizes of real
data sets presenting the change in natural gas composition
in individual hours between 2017 and 2020.

2. STATISTICAL ANALYSIS
OF THE INPUT AND OUTPUT DATA
OF THE MLP MODEL

Developing a high-quality artificial neural network forecasting
model requires statistical analysis of the correlation between
factors that influence the predicted value, as well as analysis
of the correlation between factors influencing the predicted

https://journals.pan.pl/cpe 3 of 13



J. Szoplik, P. Muchel Chem. Process Eng., 2026, 47(2), e136

value and the predicted values. It was assumed that there
should be no correlation between factors selected as model
input parameters and that there should be a correlation be-
tween the model input parameters and the values predicted
by the model. Statistical analysis was performed based on
a dataset of N4 = 35; 064 datasets representing the shares
of five selected natural gas components (forecasted values,
model output data) in consecutive hours over four calendar
years (2017–2020) at one of the natural gas composition
measurement points in the Polish gas transportation system.
The following factors influencing the natural gas mixture com-
position (model input data) were selected: month (M), day of
the month (d=M), day of the week (d=W ), hour of the day
(h), ambient temperature (T ), and gas flow rate (Q). Corre-
lation analysis between input data, and then between input
and output data, was performed by determining the Pearson
correlation coefficient at a significance level of ¸ = 5%. It was
assumed that the correlation between variables is statistically
significant when the p-test statistic is less than the assumed
significance level (p ≤ ¸). However, if the p-test statistic is
greater than the ¸-significance level, it indicates a lack of
significant relationship between the two features.

The selection of natural gas mixture components, whose share
in natural gas depends indirectly on gas consumption by con-
sumers and may change over time, was analyzed in Szoplik
and Muchel (2023a). Based on the significance of differences
between the mean shares and standard deviation, it was
demonstrated that the relationships between the five natural
gas components selected for forecasting (CH4, C2H6, C3H8,
N2, and CO2) were statistically significant. The strongest posi-
tive correlation was observed between the shares of methane
and carbon dioxide, while the strongest negative correlation
was found between ethane and carbon dioxide. This is also
confirmed by the results of Pearson correlation coefficient cal-
culations determined for all pairs of the five selected natural
gas components, which are summarized in Table 1. Analy-
sis of the co-occurrence of selected gas component shares
in the natural gas mixture transported through the pipeline
network will be one of the criteria for assessing the quality
of forecasts of these natural gas components obtained using
the trained MLP model.

The selection of factors significantly affecting the composition
of the natural gas mixture at a given measurement point on
the high-pressure pipeline was based on an analysis of corre-
lations between six factors that could affect the composition
of natural gas, followed by a correlation between these six
factors and the proportion of each of the five natural gas
components. The analysis resulted in the selection of factors
that lack significant correlation (model input data) but that
significantly influence the predicted quantities. This ensures
that the MLP neural network model will only contain input
variables that significantly influence the predicted proportions
of natural gas composition.

The results of correlation analysis among the model input
data (month, day of the month, day of the week, hour of
the day, ambient temperature, and gas flow rate) are sum-

Table 1. Pearson correlation coefficients (top row) and p-test
statistics (bottom row) for the model output variables
(¸ = 0:05).

Component CH4 C2H6 C3H8 N2 CO2

1.000 –0.5464 –0.2722 –0.2245 0.7570
CH4

p = — p = 0 p = 0 p = 0 p = 0

–0.5464 1.000 –0.5735 –0.6639 –0.6075
C2H6

p = 0 p = — p = 0 p = 0 p = 0

–0.2722 –0.5735 1.000 –0.7791 –0.0048
C3H8

p = 0 p = 0 p = — p = 0 p = 0:365

–0.2245 –0.6639 0.7791 1.000 –0.0009
N2

p = 0 p = 0 p = 0 p = — p = 0:0281

0.7570 –0.6075 –0.0048 0.0281 1.000
CO2

p = 0 p = 0 p = 0:365 p = 0 p = —

marized in Table 2. These variables can be divided into two
groups: quantitative variables expressed numerically (day of
the month, hour of the day, temperature, and volumetric
flow rate) and qualitative variables expressed descriptively
(month and day of the week). Temperature and flow rate
were shown to be moderately correlated (−0:4495), which
allows for the elimination of one of these variables. Weak cor-
relations were also observed between temperature and month
(0:1992) and temperature and hour of the day (0:1728), which
may be due to temperature changes depending on the season
(month) and time of day (hour of the day). Taking the above
into account, the model can be simplified by eliminating tem-
perature (T ) or flow rate (Q) and month (M) or hour of
the day (h) from the input data.

The results of the correlation coefficient analysis between
the model’s input and output variables are summarized in Ta-
ble 3, which clearly indicate a lack of a statistically significant
relationship between the time of day and the shares of natu-
ral gas components. Assuming that a correlation should be
present between the input and output variables of the forecast-
ing model, the model was simplified by eliminating the hour
of day (h) parameter from the input data. Based on the cor-
relation coefficient analysis, it was assumed that it would
be reasonable to exclude the gas flow rate (Q) and hour of
day (h) from the input data of the MLP forecasting model,
as these parameters have too strong a correlation with am-
bient temperature, and additionally, there is no correlation
between the hour of day and natural gas components. Based
on the results of statistical analysis of the structure of the set
of 35,064 results of the share of methane, ethane, propane,
nitrogen and carbon dioxide in natural gas depending on cal-
endar and weather factors and gas flow, the following input
parameters were selected for the forecasting model: month
M, day of the month d=M, day of the week d=W and am-
bient temperature T , which, among the analyzed factors,
have a statistically significant impact on the shares of natural
gas components at a given composition measurement point
in the high-pressure pipeline.
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Table 2. Pearson correlation coefficients (top row) and p-test statistics (bottom row) for model input variables (¸ = 0:05).

Variable d=W d=M M h T Q

1.000 0.0293 –0.0257 –0.0001 0.0317 0.0756
d=W

p = — p = 0 p = 0 p = 0:986 p = 0 p = 0

0.0293 1.000 0.0105 0.000 0.0204 0.0006
d=M

p = 0 p = — p = 0:049 p = 1:000 p = 0 p = 0:918

–0.0257 0.0105 1.000 0.000 0.1992 0.0004
M

p = 0 p = 0:049 p = — p = 1:000 p = 0 p = 0:940

–0.0001 0.000 0.000 1.000 0.1728 0.0691
h

p = 0:986 p = 1:000 p = 1:000 p = — p = 0 p = 0

0.0317 0.0204 0.1992 0.1728 1.000 –0.4495
T

p = 0 p = 0 p = 0 p = 0 p = — p = 0

0.0756 0.0006 0.0004 0.0691 –0.4495 1.000
Q

p = 0 p = 0:918 p = 0:940 p = 0 p = 0 p = —

Table 3. Pearson correlation coefficients (top row) and p-test statistics (bottom row) for model input and output variables (¸ = 0:05).

Variable CH4 C2H6 C3H8 N2 CO2

0.0566 –0.0144 –0.0258 –0.0370 0.0556
d=W

p = 0 p = 0:007 p = 0 p = 0 p = 0

0.0574 –0.0154 –0.0684 –0.0107 0.0466
d=M

p = 0 p = 0:004 p = 0 p = 0:046 p = 0

0.0364 0.0141 –0.0654 –0.0374 –0.0238
M

p = 0 p = 0:008 p = 0 p = 0 p = 0

0.0008 –0.0001 –0.0004 –0.0003 –0.0009
h

p = 0:882 p = 0:989 p = 0:944 p = 0:954 p = 0:866

–0.0424 0.1925 –0.1514 –0.1905 –0.1352
T

p = 0 p = 0 p = 0 p = 0 p = 0

0.0182 –0.1494 0.1367 0.1554 0.0183
Q

p = 0:001 p = 0 p = 0 p = 0 p = 0:001

3. RESEARCH METHODOLOGY

To predict the composition of the natural gas mixture,
an MLP artificial neural network model with a single hid-
den layer was selected, in which signals flow in one direc-
tion from the input layer X to the output layer Z (Fig. 1).
Development of the MLP artificial neural network model
involves determining the number of neurons in each of
the model layers (input, hidden and output). The num-
ber of neurons in the input layer was selected based on
a statistical analysis of factors influencing the change
in the natural gas mixture composition. The developed
model uses a total of 17 neurons in the input layer of
the MLP model, containing 15 qualitative variables repre-
senting 3 types of day of the week (working D1, holiday
D2 and weekend D3 days) and 12 months of the year
(M1; : : : ; M12) and 2 quantitative variables corresponding
to the day of the month (d=M) and the ambient tempera-
ture (T ). In the output layer of the MLP model, 5 neurons
were used, corresponding to the shares of methane yCH4 ,
ethane yC2H6 , propane yC3H8 , nitrogen yN2 and carbon diox-
ide yCO2 in natural gas.

The number of neurons in the hidden layer of the MLP model
was selected experimentally based on the analysis of the cor-
relation coefficient results and the mean errors of nRMSEaver

forecasts performed using models trained on data sets of dif-
ferent sizes (8,760 – 35,064) and the analysis of the predicted
co-occurrence of selected components in natural gas.

Figure 1. Schematic diagram of the MLP 17-yn-5 model with any
number of neurons in one hidden layer.
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The quality of natural gas composition forecasts using MLP
models was assessed based on the average nRMSEaver fore-
cast error determined from Equations (1)–(3), based on
the predicted and actual shares of selected natural gas compo-
nents (i : yCH4 , yC2H6 , yC3H8 , yN2 , yCO2). The mean normalized
nRMSEaver forecast error was used instead of the popular
MAPEaver error due to the different values of the predicted
shares of natural gas components (from 0 to 0.97).

nRMSEaver =

i=5X
i=1

nRMSEi

5
(1)

nRMSEi =
RMSEi

yi ;exp;max − yi ;exp;min
(2)

RMSEi =

r
1

N

X
(yi ;exp − yi ;MLP)

2 (3)

The model was trained in Statistica using datasets of various
sizes (N1 ÷ N4), including the shares of the five natural gas
components (model output) and previously selected weather
and calendar factors (model input). The data set sizes used
in the model training process are summarized in Table 4.

Neural network training included: a network model training
process involving modification of the weights of the hidden
and output layer neurons; a validation process for ongoing
monitoring of the training process; and a testing process used
to assess the network’s quality after training. During the neural
network training process, each dataset was randomly divided
into three subsets: a training subset (L) containing 70% of
the data, a validation subset (V ) containing 10% of the data
and a test subset (T ) containing 20% of the data from the en-
tire N dataset. The training process involved selecting network
neuron parameters in subsequent iterations (epochs) using
the Broyden-Fletcher-Goldfarb-Shanno (BFGS) variable met-
ric method, testing various activation functions for the hidden
and output layers (linear, logistic, or hyperbolic tangent).
For each dataset, differing in the number of cases, 200 MLP
17-yn-5 models were trained for different numbers of neurons
in the hidden layer in the range yn ∈ (30÷ 230). Models with
the highest values of correlation coefficients R were selected
for further analyses and comparisons (RL, RV , RT ).

4. RESEARCH RESULTS

The development of the MLP 17-yn-5 model for forecasting
the shares of five selected natural gas components was based
on experimental selection of the number of neurons in the hid-
den layer of the model, trained on various size datasets. Addi-
tionally, the forecast results for the shares of the five natural
gas components, obtained using the best-quality MLP 17-
yn-5 model, would be compared with the forecast results
for the natural gas components obtained individually using
five MLP 17-yn-1 models. The best-quality model would be se-
lected based on forecast results assessed based on the nRMSE
forecast error. Model training and verification, as well as
the forecasting of the gas component shares, were based on
real data representing the natural gas composition at suc-
cessive hours of the day over a five-year period, provided
by the GAZ-SYSTEM S.A. – Gas Transmission Operator of
the Polish natural gas network under a mutual cooperation
and information exchange agreement.

4.1. Selecting the size of the training dataset and
the number of neurons in the hidden layer of
the MLP model

To select the number of neurons in the model’s hidden layer
and the size of the training dataset, a total of 16,000 MLP
models were trained, differing in the number of neurons
in the hidden layer (yn = 30 ÷ 230 neurons) and the size
of the training dataset (from N1 = 8; 760 to N4 = 35; 064
data). The results, in the form of correlation coefficients RT

and the prediction error nRMSE as a function of the number
of neurons in the model’s hidden layer, are presented in Fig. 2
and Fig. 3. Based on the analysis of the data, it was found
that the size of the dataset used to train the MLP models has
a greater impact on the model quality (expressed by the R co-
efficient) and the forecast quality (determined by the nRMSE
error) than the number of neurons in the model’s hidden layer.

The highest values of correlation coefficients for the training,
test, and validation sets (RL, RT and RV ) are characteristic
of the smallest data set N1 = 8; 760, while the lowest nRMSE
forecast errors correspond to models trained on the largest
data set N4 = 35; 064. The reduction in the correlation
coefficients for models trained with the largest data set
can be explained by the presence of data characterizing
the COVID-19 pandemic period, which, due to unusual

Table 4. The sizes of data sets used in the MLP model training process.

Period
of time

N1

(2018)
N2

(2017÷2018)
N3

(2017÷2019)
N4

(2017÷2020)
N5

(2021)

Dataset
sizes

8,760 17,520 26,280 35,064 8,760

Purpose training training training training verification
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changes in gas pipeline load and changes in flow direction
in network pipelines (these values have an indirect impact
on the composition of natural gas), was not representative
of the pre-pandemic period.

Assuming that the best quality model should be characterized
by a high correlation coefficient and low forecast error, such
a model cannot be clearly identified based on the results
presented in Fig. 2 and Fig. 3. Furthermore, there was no
clear effect of the number of neurons in the hidden layer on
the quality of the model or forecast, therefore, models with
the lowest number of neurons in the hidden layer, trained
on the N1 or N4 set, were selected to analyze the quality
of the shares of gas component forecasts. Detailed results
in the form of forecast errors for the shares of individual gas
components, the average nRMSEaver error, and the correla-
tion coefficient for the test set are summarized in Table 5.

Therefore, the selection of the data set size used to train
the MLP model was based on an analysis of the interde-
pendencies between the forecasted natural gas components.
Figures 4 and 5 present the results of forecasts of the methane
and ethane shares in natural gas, which were made for new

data N5 = 8; 760 using the MLP 17-40-5 model (trained
on N1 data) and the MLP 17-37-5 model (trained on N4

data). Analysis of the results in Figures 4 and 5 indicates
that the relationships between the two forecasted natural gas
components were best modeled using the MLP 17-40-5 model
(N1). The nature of the variability of the individual natural gas
components in this case is similar to that observed in the real

Table 5. The summary of forecast error nRMSEi and
nRMSEaver results.

MLP model
dataset

MLP 17-40-5
(N1 = 8; 760)

MLP 17-37-5
(N4 = 35; 064)

component nRMSEi nRMSEi

CH4 0.3135 0.2556

C2H6 0.4086 0.2784

C3H8 0.3315 0.3155

N2 0.2986 0.2684

CO2 0.2575 0.1805

nRMSEaver 0.3219 0.2597

RT 0.9700 0.5700

Figure 2. Values of RT coefficient of MLP 17-yn-5 models trained in different numbers of data (N1 = 8; 760, N2 = 17; 520,
N3 = 26; 280, N4 = 35; 064).

Figure 3. Values of nRMSEaver prediction errors of MLP 17-yn-5 models trained on sets with different numbers of data (N1, N2, N3,
N4).
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Figure 4. Variability of the predicted methane and ethane shares using the MLP 17-40-5 (N1) model; forecast results for data set N5.

Figure 5. Variability of the predicted methane and ethane shares using the MLP 17-37-5 (N4) model; forecast results for data set N5.

data (an increase of methane content in natural gas causes
a decrease in ethane content, and a decrease in methane
content to a level of approximately 93%vol. is associated with
a reduction in the carbon dioxide share to 0%).

However, increasing the data set size (N4) for training
the MLP model resulted in the relationships between the fore-
casted components becoming less clear and less accurate, and
the forecasted values exhibiting greater variability over shorter
time periods. This may be because models trained on a larger
dataset recognize additional relationships or trends that were
not apparent during statistical data analysis and that can
complicate forecasting of natural gas components without
introducing an additional input variable that significantly af-
fects the composition of the natural gas mixture. Based on
the results of the MLP model training quality, forecast er-
rors, and the quality of the representation of relationships
between the forecasted natural gas components, it was de-
cided to train the MLP model for natural gas composition
forecasting on a data of N1 = 8; 760.

The number of neurons in the hidden layer of the 17-yn-5
MLP model was experimentally selected from a new set of
2,200 MLP models trained only on the N1 = 8; 760 dataset.
The BFGS learning algorithm was applied and 200 MLP
models were trained for 11 different numbers of neurons
in the hidden layer of the network, narrowing the number

of neurons in the hidden layer to yn ∈ ⟨35 ÷ 45⟩. The best
quality models for a given number of neurons yn (ranging
from 35 to 45) were then used to predict the natural gas
composition for the new N5 dataset.

Based on the model quality results and the natural gas com-
position forecast results obtained for the N5 new data set, it
was found that the MLP 17-37-5 model (logistic activation
functions of neurons in the hidden and output layers) is char-
acterized by the highest correlation coefficient RT = 0:9711
and a low mean forecast error nRMSEaver = 0:321.

4.2. Results of forecasting the shares of natural gas
components using the MLP 17-37-5 or MLP
17-37-1 models

Detailed forecast results for the five natural gas components
(methane, ethane, propane, nitrogen, and carbon dioxide)
obtained for a new data set (N5 = 8; 760), which were not
used in the training process of the MLP 17-37-5 model (model
schematically presented in Fig. 1), compared with actual data,
are presented in Fig. 6. Analysis of these results showed that
the differences between the predicted and real shares of a given
natural gas component can reach up to 4%, and most often,
overestimating the share of one component leads to under-
estimating the share of another component, and vice versa.
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However, the relationships between the shares of the main
natural gas components are well represented (e.g., a higher share
of methane reduces the share of ethane). Based on the forecast
results and data on the actual shares of the five selected natural
gas components, the nRMSE forecast error values for each
component and the average forecast error made by the MLP
17-37-5 model were determined (results in Fig. 9). Taking into
account the size of the average error nRMSE, it was found
that a model with such a structure can be successfully used
to simultaneously forecast five natural gas components.

To verify whether it is possible to obtain gas component
forecasts with an average nRMSEaver error of less than 0.3210
(for the MLP 17-37-5 model), five MLP 17-37-1 models were

trained to forecast each natural gas component individually.
Similarly to the training of the MLP 17-37-5 model, logistic
activation functions of the hidden and output layer neurons
and the BFGS learning algorithm were used. The diagrams of
the five MLP 17-37-1 models are presented in Fig. 7. The MLP
17-37-1 models were trained using a data set N1 = 8; 760
(the same set used to train the MLP 17-37-5 model).

The results of individual forecasts of the shares of five
natural gas components made using the MLP 17-37-1
models for the new N5 = 8; 760 data set and the actual
share data of these components in natural gas are presented
in Fig. 8. Also in this case, regardless of the forecasted
gas component, the forecast results are observed to be

(a)

(b)

(c)

Figure 6. Variability of the actual and predicted shares of the five natural gas components using the MLP 17-37-5 model trained
on a data set of N1 = 8; 760; a) methane and ethane, b) methane and carbon dioxide, c) methane, propane, and nitrogen;
forecast results for data set N5 = 8; 760.
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Figure 7. Schematic diagram of the MLP 17-37-1 for predicting the content of individual natural gas components: CH4, C2H6, C3H8, N2,
CO2.

higher or lower than the actual data by approximately 4%.
Comparing the results presented in Fig. 6 and Fig. 8, it was
observed that for a given natural gas component, better
quality forecasts can be obtained using the MLP 17-37-5
model compared to the MLP 17-37-1 model.

Table 6 summarizes the correlation coefficients of the MLP 17-
37-1 models and the MLP 17-37-5 model trained on the N1 =
8; 760 data set. The training results of the MLP 17-37-1
models indicate that the RT correlation coefficient values of
the models forecasting each natural gas component individ-
ually differ slightly, and the average RT value for all MLP
17-37-1 models is only 0.37% higher compared to the RT value
obtained for the 17-37-5 model. However, based on the results
of the real and forecasted (for the N5 = 8; 760 data set) shares
of the five natural gas components, the nRMSE forecast errors
were determined for each component and the averaged value
for each MLP model.

Detailed results of the calculations of the average nRMSE fore-
cast errors for each component forecasted by the MLP 17-37-5
model or the five MLP 17-37-1 models are presented in Fig. 9.
Considering the results presented in Fig. 9, it can be concluded

Table 6. Parameters RT and nRMSE of MLP 17-37-1 or MLP
17-37-5 models.

Model Component RT Algorithm nRMSEaver

CH4 0.9663 BFGS 671 0.3383

C2H6 0.9777 BFGS 750

C3H8 0.9838 BFGS 588

N2 0.9805 BFGS 764

MLP 17-37-1

CO2 0.9651 BFGS 430

MLP 17-37-5

CH4,
C2H6,

C3H8, N2,
CO2

0.9711 BFGS 820 0.3210

that the better quality MLP model for forecasting of the five
natural gas components shares was trained using five neurons
in the output layer (lower forecast error nRMSEaver). The MLP
17-37-5 model, although characterized by a slightly lower correla-
tion coefficient compared to the mean RT obtained for the MLP
17-37-1 models, allows for the preparation of better quality
forecasts of the shares of the natural gas components.
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(a)

(b)

(c)

Figure 8. Variability of the actual and predicted shares of the five natural gas components using the MLP 17-37-1 models trained on a
data set of N1 = 8; 760; a) methane and ethane, b) methane and carbon dioxide, c) methane, propane, and nitrogen; forecast
results for data set N5 = 8; 760.
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Figure 9. Forecast errors nRMSEj and nRMSEaver obtained
with the MLP 17-37-1 and MLP 17-37-5 models; results
for dataset N5 = 8; 760.

5. CONCLUSIONS

Based on the data set N1 = 8; 760 or N4 = 35; 064, the MLP
17-37-5 model was trained to forecast five natural gas com-
ponents (methane, ethane, propane, nitrogen, and carbon
dioxide) with an average prediction error nRMSE = 0:321.
The input data for the MLP model were selected based on
the results of statistical analysis of the correlations between
input variables and between input variables and forecasted
components. This allowed to reduce the number of input
variables of the forecasting model to 17 neurons.

Compared to the results of the research presented in Szoplik
and Muchel (2023a), the number of neurons in the model’s
input layer was reduced from 18 to 17, which also resulted
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in a reduction of the number of neurons in the hidden layer
from 65 to 37. However, such model simplification allowed
to maintain good quality forecasts of the five natural gas
component shares.

Based on the results of MLP forecasting models with datasets
of different sizes (N1 = 8; 760 or N4 = 35; 064), it was also
demonstrated that other unusual factors can indirectly influ-
ence changes in gas composition. One such unusual factor
was the presence of the COVID-19 pandemic, which indirectly
influenced the change in gas flow direction in some gas net-
work pipelines due to changes in the load on the gas pipelines.
In this case, an additional factor describing this unusual situa-
tion should be included among the MLP model input data.

The proposed MLP 17-37-5 model allows to forecast natural
gas composition over a one-year period with a weighted
average error of MAPE ≈ 3%, while the mean relative error
of the heat of combustion calculated based on the predicted
gas composition and the heat of combustion calculated based
on the actual natural gas composition is 1.57%. Furthermore,
no better quality forecasts of natural gas component shares
were found by using five MLP 17-37-1 models to individually
forecast the share of each component.
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