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a b s t r a c t

Density is an important property of natural gas required for the design of gas processing and
reservoir simulation. Due to expensive measurement of density, industry tends to predict gas
density through an EOS. However, all EOS are associated with uncertainties, especially at high-
pressure conditions. Also, using sophisticated EOS in commercial software renders simulation
highly time-consuming. This work aims to evaluate performance of adaptive neuro-fuzzy inference
system (ANFIS) as a widely-accepted intelligent model for prediction of P-r-T behavior of natural
gas. Using experimental data reported in the literature, our inference system was trained with 95
data of natural gas densities in the temperature range of (250e450)K and pressures up to 150 MPa.
Additionally, prediction by ANFIS was compared with those of AGA8 and GERG04 which both are
leading industrial EOS for calculation of natural gas density. It was observed that ANFIS predicts
natural gas density with AARD% of 1.704; and is able to estimate gas density as accurate as so-
phisticated EOS. The proposed model is applicable for predicting gas density in the range of (250
e450) K, (10e150) MPa and also for sweet gases, i.e., containing a low concentration of N2 and CO2.

Copyright © 2017, Southwest Petroleum University. Production and hosting by Elsevier B.V. on
behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

1.1. Significance of natural gas density

Among properties of natural gas, density is of both technical
and economic importance [1,2]. Density governs gas flow
through pipe lines and accordingly controls its dynamic behavior
[3]. In addition, cost and benefit calculations in petroleum mar-
ket require an accurate knowledge of gas density, because any
uncertainty would lead to markedly economic loss [4].
Measuring Gas density is more difficult than that of a liquid
phase, needing expensive instruments and highly skilled staffs
[5]. Therefore, it is worth having an accurate model to estimate

gas density in a wide range of operational conditions [6]. To this
purpose, numerous equations of state (EOS) have been proposed
in the literature, each claims to be the best one; either in terms of
accuracy such as GERG-2004 or with respect to simplicity in
calculation such as well-known cubic EOSs [7]. However, avail-
able EOSs show inconsistencies in even similar regions of pre-
dictions. So, it would be confusing to choose the best EOS for a
complex gas mixture at a given operational condition [8].

Considering the natural gas-related operations, e.g., process-
ing, storage and transmission, one could define an operational
range called “Classical” natural gas region, encompassing tem-
peratures from 250 K to 350 K and pressures up to 30 MPa [9].
Various works have been conducted to provide accurate and
reliable estimate for natural gas density in this region.

Besides being reliable, a modelling approach is expected to be
as simple as possible [10e12]. During design of a gas trans-
mission process, density is calculated iteratively in numerous
grid blocks and this tedious calculation would impose highly
expensive computation, necessitating fast CPUs and large
memories in modern projects. Therefore, a more elaborated
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model is associated with longer time consuming during
simulation.

This study is an effort to make use of ANFIS as an intelligent
modelling to predict natural gas density in a wide range of
pressure and temperature. In what follows, first, we go through
designing ANFIS for our specific purpose. At the next stage, to
gain an insight into the effectiveness of our modelling approach,
its performance has been assessed via comparing with the pre-
diction of two modern EOS, namely, AGA8 and GERG04.

1.2. Adaptive neuro-fuzzy inference system (ANFIS)

Growing intelligent modelling approaches has facilitated data
processing in almost all fields of science and technology [13].
Unlike physical-based models needing a wide knowledge of all
involved phenomena in a particular process, the intelligent
approach makes attempt to recognize hidden patterns in a given
data set in a fashion like human brain [14]. In other words,
intelligent modelling offers a generic predictive tool for
analyzing any process regardless of its governing physicochem-
ical relations [15].

The first time, Zadeh introduced a generalized form of the
classical set theory known as Fuzzy sets or Fuzzy logic. In
contrast to the classical logic, which deals with crisp premises,
i.e., true or false values, fuzzy logic considers linguistic terms just
like daily decisions [16]. As stated by Zadeh, fuzzy logic
conceptually means computation with words eliminating crisp
relations in classical if-then rules [17]. In this regard, fuzzy logic
is an intelligent logical tool, works based on general knowledge
of an expert over a real process [18]. It would be of practical
interest since most fields of industrial operations are based on
the general qualitative understanding of a given process. For
instance, an engineer expects direct relation between gas density
and system pressure. In fact, particularly in petroleum industry,
all modelling approaches attempt to quantify a general linguistic
relation based on detailed description of involved processes.

Fuzzy logic is based on if-then rule expressions, which draws
conclusions based on linguistic premises (facts). In the ante-
cedent part of a rule, membership grades of crisp input values are
evaluated by a membership function to fuzzify the reasoning
process. The conclusion part depends on the kind of fuzzymodel.
In this respect, Mamdani and Sugeno developed two funda-
mental fuzzy models [19]. Both models are of identical struc-
tures, except for the conclusion [20]. Mamdani's model presents
a fuzzy set for the output of an if-then rule; whereas, Sugeno's
model calculates crisp values at the conclusion of a rule using a
zero or first order function [21]. It is well understood that
Sugeno's model is of appreciably better performance for engi-
neering purposes and Mamdani's network may be time-
consuming [20].

In general, a rule with two input variables, namely, T and P,
results in the following conclusion by the first-order Sugeno
model [22]:

If T is Ai and P is Bi Then ri ¼ piT þ qiP þ ri (1)

where subscript i denotes rule index. pi, qi and ri are adjustable
parameters acquired through the training process, explained
later. A and B represent linguistic labels represented by mem-
bership functions. Fig. 1(a) depicts reasoning mechanism of
Sugeno's model.

A shown in Fig. 1(b), the Sugeno's fuzzy model could be
likened to a neuro-fuzzy network comprised of several layers. At
the first layer, the membership grade of each crisp input value is
calculated by the membership function. Then, at the second

stage, obtained membership grades are multiplied by AND
operator to give overall fulfillment of antecedents in a rule,
which is called firing strength. Afterwards, the firing strengths
are treated as weighting values and are normalized in layer 3. In
the layer 4, the conclusion of each rule is calculated by a first-
order function presented in Eq. (1). Then, conclusions are
aggregated by a weight-average method which results in the
desired output (herein density).

2. Designing the ANFIS structure

Designing a fuzzy inference system involves two steps:
creating a surface structure and making a deep structure [20].
The former deals with the assemblage of main elements in a
system including membership functions and rules; and latter
aims to adjust network parameters to reproduce the best trend
for a given input-output data.

Fig. 2 depicts the architecture of our network. As seen, to
design the surface structure, the first-order Sugeno model was
applied to construct ANFIS. It contains 5 layers, 41 nodes and 7 if-
then rules. Pressure and temperature were defined as input
variables and density is the desired output. In our network, an-
tecedents are connected with AND operator (multiplication) in a
rule.

As density is a smooth function of pressure and temperature,
Guassian membership function was used as the membership
function at premise of each rule, defined by the following
expression [23]:

MFðxÞ ¼ e
�1

2

�
x�c
s

�2

(2)

where c and s are adjustable parameters obtained through the
training process.

To achieve a robust network, it is necessary to gather a
complete data bank of natural gas density. To this end, 143 data
points (density at varying pressure and temperature) reported in
Refs. [24,25] were gathered tomake up a comprehensive dataset.
Of these data, 95 values were picked randomly to launch training
process and the rest (48 data) was kept to verify ANFIS perfor-
mance. Training is, in essence, an optimization process which

Fig. 1. Schematic of Sugeno's fuzzy model: (a) reasoning mechanism, and (b) ar-
chitecture of neuro-fuzzy network [20].
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aims to adjust unknown parameters of membership functions so
as obtaining outputs close to the given target values [26].

It should be emphasized that collected densities cover a broad
range of temperatures (250e450) K and pressures (1.5 To 150)
MPa. Therefore, our inference system will be able to predict gas
density in a wide range of thermodynamic conditions. Also,
Table 1 presents composition of three synthetic gas samples
studied for density prediction. As composition variation is
restricted to three gas samples; therefore it is not possible to take
it as an input variable for the intelligent model. Before pro-
ceeding further, input data was normalized into the interval [0 1]
to avoid sensitivity of the trained network on too small or too
large values. To this end, the following linear expression was
used for normalization:

xnorm ¼ x� xmin
xmax � xmin

(3)

where subscript norm, min and max stand for normalized,
minimum and maximum values, respectively.

Over-fitting is an inherent feature of most intelligent systems.
By increasing epochs in training process, network tends to focus
narrowly on trained data, merely memorizing trend embedded
in data [27]. In such case, intelligent model fails to give predic-
tion for inputs beyond the trained dataset. To overcome this
drawback, one should trace trend of error reduction during
training process and halt the training as soon as the prediction of
test data begins to deviate from target outputs. This practical
point was employed in the present study.

3. Results and discussion

Before taking any analysis, it is necessary to define some
criteria to evaluate ANFIS performance. As such, average absolute
relative deviation (AARD) was defined by:

AARD% ¼ 100
N

�
XN
i¼1

���rExp:i � rANFISi

���
r
Exp:
i

(4)

where superscripts Exp. and ANFIS stand for the experimental
value and that predicted by the inference system. Summation
goes over all input data.

Using 95 randomly selected data, the inference network was
trained in order to achieve lowest AARD% (which was set to zero
in this work). In fact, training is an optimization process to obtain
unknown parameters of membership functions and those in
Sugeno's first-order output, Eq. (1). In this purpose, the hybrid
method was employed as the optimization algorithm. Hybrid
method includes back-propagation technique in conjunction
with minimum least squares. For further details refer to [28].

After 517 epochs, ANFIS reached AARD% of 0.63 and training
was terminated. In fact, ANFIS is a nonlinear mapping which

makes a multi-dimensional surface as a function of input vari-
ables through training process; and then searches value of
dependent variable, i.e., density, on the generated surface based
on input coordinates (T and P). Fig. 3 illustrates the 3-dimen-
sional surface of density after training the ANFIS. This plot is
involved with high complexity and multi-modality. Table 2
summarizes parameters of membership and first-order conclu-
sion functions obtained through training process.

Now, we should proceed to verify the performance of our
intelligent model. Note the test data has no overlap with those
applied in training process. As shown in Fig. 4, densities pre-
dicted by ANFIS are in close agreement with experimental
values. The overall AARD% of 1.704 (note Table 3) demonstrates
accuracy of our inference system to predict natural gas density in
a wide range of thermodynamic conditions.

To this point, one could infer reliability of inference system for
predicting gas density. However, its accuracy deserves more
analysis. In what follows, a statistical analysis is provided to
compare performance of ANFIS with that of GERG04 and AGA8.
Although cubic EOSs such as PR or SRK are widely used in
commercial software, however, they are of limited accuracy to
represent P- r -T behavior of the natural gas, particularly at high
pressure conditions [1]. Currently, industry is going to imple-
ment more reliable EOS for such calculations. In this way, AGA8
and GERG04 are state of the art equations developed by Amer-
ican Gas Association and Kunze et al. respectively [9,25]. Perhaps,
applying such sophisticated EOS in petroleum software packages
would be plan of software developing companies in the near
future. Based on this argument, AGA8 and GERG04 were selected
to be compared with ANFIS for prediction of natural gas density.
Analogously, Atilhan et al. compared densities predicted by those
EOS with respect to their measured data [24,25].

Fig. 2. Structure of fuzzy inference system applied in this study.

Table 1
Composition of gas samples considered for density prediction [24].

Component SNG-1 SNG-2 SNG-3

Methane 0.89990 0.89975 0.90001
Ethane 0.03150 0.02855 0.04565
Propane 0.01583 0.01427 0.02243
2-methylpropane 0.00781 0.00709 0.01140
Butane 0.00790 0.00722 0.01151
2-methylbutane 0.00150 0.00450 0.00450
Pentane 0.00150 0.00450 0.00450
Nitrogen 0.01699 0.01713 e

Carbon dioxide 0.01707 0.01699 e

Fig. 3. 3D-plot of normalized densities predicted by ANFIS versus normalized
pressure and temperature.
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Fig. 5 displays the scatter-plot of densities predicted by
different models. As seen, all models give prediction lying on 45�

straight line, which implies their accuracy for calculation of the
gas density. For Further analysis, Fig. 6 shows AARD% distribution
of predicted densities at varying pressures. The ANFIS predicts
gas density with AARD% slightly higher than AGA8 and GERG04,
as reported in Table 3. Apparently, one might infer better per-
formance for those EOS only based on Fig. 6. However, it should
bementioned that such EOSs are so elaborated, requiring tedious
calculations to predict natural gas density. On the other hand, the
difference between AARD% of our network and those of AGA8
and GERG04 is in the range of experimental uncertainties. From
the engineering point of view, ANFIS is able to predict natural gas
density as efficient as sophisticated industrial EOS. In addition,
our inference network carries out simple and short calculations
in comparison with AGA08 and GERG04.

Fig. 6 illustrates how prediction by different models deviates
from experimental values of gas density at varying operating
pressure and temperature. GERG04 demonstrates to be of best
accuracy for pressures lower than 40MPa. As a result, in our case,
GERG04 is the most accurate model for low pressures. By
contrast, as seen in Fig. 6(b), AGA8 is of less accurate predictions,
particularly at pressures lower than 40 MPa and of inverse
relation with temperature. In other words, AGA8 is of lower ac-
curacy at lower temperatures. Atilhan et al. pointed out similar
trend and argued AGA8 was developed for temperatures upper
than 290 K, so it is expected to give prediction for the gas density

with higher deviation at lower temperatures (herein 250 K) [25].
Generally speaking, in our case, AGA8 and GERG04 show oppo-
site behaviors regarding accuracy of predicted density with
respect to temperature and pressure.

ANFIS prediction, as seen in Fig. 6(c), is comparable with
prediction of both EOS particularly at pressures below 40MPa. In
this pressure range, ANFIS and AGA8 are both associated with
nearly equal error, regardless of the temperature. However, AGA8
demonstrates best prediction for upper pressures. It should be
emphasized that most data used for training process belong to
pressures lower than 40 MPa. As a result, ANFIS tends to learn
patterns in P- r -T behavior mainly in this pressure region.
Consequently, one should expect ANFIS to be of most proper
performance for pressures lower than 40 MPa. Despite this fact,
in practical point of view, ANFIS gives satisfactory prediction for
densities beyond the 20 MPa in comparison with GERG04 and
AGA8 which is both highly sophisticated EOS.

Table 3 summarizes overall AARD% of models discussed
above. AGA8 and GERG04 have AARD% of 0.25 and 0.19,
respectively; which are marginally close to that of ANFIS. Apart
from tedious calculations of those EOS, they were developed for
restricted range of thermodynamic conditions, i.e., pressure and
temperature. For instance, Atilhan et al. pointed out shortcoming
of AGA8 in predicting gas density containing heavy components
[24,25]. In other words, all EOS, even modern ones, are derived
for a limited operating conditions. But, intelligent modelling
could be generalized to cover whole range of conditions if suf-
ficient experimental data be available. Overall, upon error anal-
ysis, one could infer practical advantages of ANFIS in terms of
accuracy and simplicity.

At this stage, it is necessary to test the trained network using
additional data. In this way, the density of three new gas sam-
ples, as reported in Table 4, were predicted by the ANFIS. As seen
in Fig. 7, all data points lie closely on 45� straight line which
implies ANFIS ability to satisfactory reproduce gas density.

Table 2
Parameters of Gaussian membership functions and first-order conclusions ob-
tained through training process.

Rule number Antecedent (Membership
function)

Conclusion

Temperature Pressure Density

s c s c p q r

1 0.200 0.129 0.047 0.198 0.316 2.289 0.221
2 0.181 1.002 0.163 0.105 �11.028 1.706 10.945
3 0.152 0.578 0.221 0.084 �2.447 2.248 1.071
4 0.183 0.537 0.255 0.659 0.465 1.546 �0.392
5 0.207 1.034 0.159 0.398 �2.437 0.778 2.571
6 0.212 0.030 0.204 0.862 �13.619 0.0192 2.479
7 0.122 1.018 0.193 0.955 1.090 0.539 �0.879

Fig. 4. Natural gas density versus pressure at varying temperatures. (�) represents
calculated values by ANFIS and filled circles represent experimental data.

Table 3
AARD% of density predicted by different
models.

Model AARD%

ANFIS 1.704
GERG04 0.19
AGA8 0.25

Fig. 5. Gas density predicted by different approaches versus experimental values.
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Although achieving an accurate prediction is vital, but,
reasonably, it should not be regarded as a sole criterion.
Currently, simulations and computational works are dealt with
complex, time-consuming calculations. So, in a field-scale proj-
ect, attaining the accurate estimation for parameters in shortest

time is indispensable for fast design and decision making.
Perhaps, partly due to this fact, intelligent modelling has drawn
attentions particularly as a surrogate for classical physical-based
modelling approaches. In this way, our work is a step toward
extending the application of soft computing in the petroleum
industry.

Although predicting gas density has been the subject of some
publications, nevertheless, one might find out two subtle points:
(a) In this context, most publications are quite new, as presented
in Table 5; (b) Overlooking ongoing field of research, each paper
has narrowly focused on a particular approach as intelligent
modelling. Even, as reported in Table 5, some works overlaps
each other! It should be noted that our work applied ANFIS as a
predictive tool. Although ANN has been themost popular tool for
soft computation, comparatively, ANFIS has receivedmuch lower
attention.

Last but not least, we should emphasize that AGA and
GERG04 are much more sophisticated than what included as an
appendix at the end of the paper. Due to their complicated
formulation and size limits of a scientific paper, inevitably, we
merely presented foundations of those models.

4. Conclusions

In this work, an inference system was developed based on
fuzzy logic to predict density of natural gas containing low
concentration of sour species, i.e., N2 and CO2, at range of
(250e450) K, (10e150) MPa. To this end, Sugeno's model was

Fig. 6. Deviation of predicted densities versus pressure by: (a) GERG04; (b) AGA08;
and (c) ANFIS. Note Error% ¼ 100� rexp:�rcal

rexp:
.

Table 4
Composition of gas samples considered for testing ANFIS performance [34].

Component QNG-S1 QNG-S2 QNG-S3

Methane 0.84990 0.90260 0.80340
Ethane 0.05529 0.05828 0.05189
Propane 0.02008 0.02106 0.01878
2-methylpropane 0.00401 0.00412 0.00384
Butane 0.00585 0.00641 0.00573
2-methylbutane 0.00169 0.00214 0.00188
Pentane 0.00147 0.00162 0.00140
Octane 0.00152 0.00161 0.00145
Toluene 0.00090 0.00110 0.00092
Methylcyclopentane 0.00102 0.00111 0.00092
Nitrogen 0.03406 e 0.06596
Carbon dioxide 0.02331 e 0.04380

Fig. 7. Testing ANFIS performance: predicted gas density versus experimental
values.
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applied to form surface structure of ANFIS. The raw network was
trained by 95 density data points and then was verified by 48
data points.

In sum, following conclusions were made:

(1) ANFIS could predict natural gas density with AARD% of
1.704. Therefore, ANFIS prediction is accurate enough to be
used as a reliable predictive tool for natural gas density.

(2) The ANFIS prediction was compared with those of AGA8
and GERG04 and it was concluded that ANFIS is able to
estimate gas density as accurate as those sophisticated
EOS in the temperature range of (250e450)K and pres-
sures up to 150 MPa.

(3) Advantageously, the inference system developed in this
study is involved with simple calculations and could be
implemented in any commercial software or as an alter-
native tool in absence of experimental measurements.

Appendix. Basic formulation for GERG04 and AGA8
Equations of State

Presenting a detailed description for GERG04 and AGA8 EOS
necessitates a separate paper by its own. Nevertheless, this
section provides a concise description in an attempt to make
reader familiar with complexity of those EOSs. For detailed
formulation refer to [9].

In contrast to traditional EOS, GERG04 represents fluid phase
behavior via its dimensionless Helmholtz free energy i.e., a ¼ a

RT
in terms of temperature, composition, and density of mixture,
that is:

aðd; t; xÞ ¼ aoðr; T ; xÞ þ arðd; t; xÞ (A.1)

where superscripts o and r represent ideal and residual part of
dimensionless Helmholtz free energy, respectively. d and t

denote reduced mixture density and the reciprocal of mixture
reduced temperature, obtained by:

d ¼ r

rrðxÞ
(A.2-a)

t ¼ T
TrðxÞ (A.2-b)

where rrðxÞ and TrðxÞ are reducing functions in terms of mixture
composition, x.

Upon the classical thermodynamic and multi-fluid approxi-
mation, following relations were proposed for the ideal and re-
sidual parts of Eq. (A.1):

aoðr; T ; xÞ ¼
X

xi
�
aooiðr; TÞ þ lnxi

�
(A.3-a)

arðd; t; xÞ ¼
X

xia
r
oiðd; tÞ þ Darðd; t; xÞ (A.3-b)

aooi and aroi stand for ideal and residual part of Helmholtz free
energy of component i. Dar is called the departure function.

Eq. (A.3) exhibits general structure of GERG04 EOS. In its
complete form, it provides sophisticated expressions to calculate
reducing functions (rrðxÞ and TrðxÞ) and departure function, Dar .
Having an analytical expression for Helmholtz free energy, all
fluid properties will be obtained simply via classical thermody-
namic relations.

Unlike GERG-2004, AGA8 was derived by extending the well-
known expression for compressibility factor of a real gas, that is:

z ¼ Pv
RT

(A.4)

In this respect, AGA8 provides lengthy algebraic expressions
to calculate compressibility factor of a given mixture. For thor-
ough description of AGA8, refer to [7].
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