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a b s t r a c t

Natural gas is a very important energy source. The production, processing and transportation of natural
gas can be affected significantly by gas hydrates. Pipeline blockages due to hydrate formation causes
operational problems and a decrease in production performance. This paper presents an improved
artificial neural network (ANN) method to predict the hydrate formation temperature (HFT) for a wide
range of gas mixtures. A new approach was used to define the variables for formation of a hydrate
structure according to each species presented in natural gas mixtures. This approach resulted in a strong
network with a precise prediction, especially in the case of sour gases.
This study also presents a detailed comparison of the results predicted by this ANN model with those of

other correlations and thermodynamics-based models for an estimation of the HFT. The results showed
that the proposed ANN model predictions are in much better agreement with the experimental data than
the existing models and correlations. Finally, outlier detection was performed on the entire data set to
identify any defective measurements of the experimental data.

� 2015 Elsevier Ltd. All rights reserved.
Introduction

Natural gas hydrates are a form of clathrates or inclusion
compounds that consist of some guest molecules trapped in a cage
structure built by host molecules. In the case of natural gas
hydrates, small gas molecules (light hydrocarbons, acid gases and
water-soluble polar compounds) occupy the hollow spaces within
a network of water molecules, connected together through
hydrogen bonds (Campbell, 1976; McCain, 1990; Sloan and Koh,
2007; Carroll, 2009). Many important hydrate formers were
recognized during the nineteenth century, and this field has
remained a scientific curiosity (Sloan and Koh, 2007; Carroll, 2009).

Considerable interest was generated for research on hydrates
at 1934 when Hammerschmidt recognized gas hydrates as
the reason for gas transmission lines blockages instead of ice
(Hammerschmidt, 1934). This was the beginning of intense
industrial and academic examinations of gas hydrates (Englezos,
1993). To solve the pipeline plugging problem, many researchers
examined the effects of inhibitors, such as chloride salts as well
as methanol and monoethylene glycol on hydrate formation
(Sloan and Koh, 2007). The introduction of hydrate formation
correlations by Katz in 1940s (Wilcox et al., 1941; Katz, 1945)
was a great step because it provided the industry with acceptable
predictions. Hydrates have at least three different crystal struc-
tures depending on the hydrate formers (Sloan and Koh, 2007;
Carroll, 2009). In the early 1950s, X-ray diffraction experiments
revealed the hydrate structures (Englezos, 1993). The two common
structures, sI and sII, were recognized in the 1950s and the sH
structure was discovered in 1987 (Khokhar et al., 1998).

The plugging of transmission lines by hydrates causes
production stoppages. The petroleum industry tries to operate its
processes outside the hydrate formation range (Sloan, 2003).
Despite the large amount of hydrate dissociation equilibrium data
and many hydrate formation thermodynamic models in the litera-
ture, there is a lack of systematic prediction methods that can be
applied to all compositions of natural gas. This problem becomes
more obvious with sour and acid natural gases, which are quite
common around the world (Sun et al., 2003; Sun and Chen,
2005). Natural gas containing hydrogen sulfide is referred to as
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Nomenclature

AbbreviationsANN
artificial neural network

NGL natural gas liquids
CNG compressed natural gas
LNG liquefied natural gas
MLP multilayer perceptron
LM Levenberg–Marquardt
RP Resilient back Propagation
SCG Scaled Conjugate Gradient
HFT hydrate formation temperature
MSE mean square error
AARD average absolute relative deviations
STD standard deviation error

Variables
f ðxÞ transfer function
Sk;i weighted sum of ith neuron in the kth layer
W weight parameter between each neuron–neuron inter-

connection

I input vector
b bias
N number of feed inputs
Ok;i output
x parameter of activation function
i index
j index
k layer
H Hessian matrix
I identity matrix
J Jacobian matrix of the first derivative of the global error

to weight
l step values of Levenberg–Marquardt algorithm
N number of experimental data/number of feed inputs in

the Levenberg–Marquardt algorithm
n number of neurons in the hidden layer
errk residue vector
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sour gas, and an acid gas if it also contains large fractions of carbon
dioxide. Because of global energy demand, exploring new natural
gas fields with high acid content will be a necessity (ZareNezhad
and Ziaee, 2013). H2S, as the main content of sour gas, can form
hydrates at relatively low pressures and relatively high tempera-
tures (Sun et al., 2003; Sun and Chen, 2005). Therefore, hydrates
are likely to form in sour gas pipelines. Therefore, determining
the hydrate formation conditions is crucial. Owing to the toxic
and corrosive nature of H2S, there is little experimental data of
its hydrate equilibrium in the literature (Sun et al., 2003; Sun
and Chen, 2005).

Many correlations can be found in the literature. These correla-
tions go back to 1934, when Hammerschmidt first presented his
correlation (Hammerschmidt, 1934). In the 1940s, Katz developed
two different methods for predicting hydrates (Wilcox et al.,
1941; Katz, 1945): The gravity method with its great simplicity
but approximated results (Katz, 1945; Sloan and Koh, 2007;
Carroll, 2009), and the K-value method (Wilcox et al., 1941), which
gave surprisingly accurate results for pure components but was less
accurate for mixtures. The Katz K-value method became very
popular and was the state of the art until the 1970s, the beginning
of computer age (Carroll, 2004, 2009; Sloan and Koh, 2007). In 1989,
Mann tried tomodify the K-valuemethodwith two sets of K-factors
for hydrate formers and non-hydrate formers (Mann, 1988) but the
proposed method did not gain acceptance in industry (Carroll,
2004, 2009). In 1987, Baillie and Wichert (1987) proposed a
complex chart based on the Katz gravity method; it had the great
advantage of being designed for sour gases.

In addition to the complexity of using the chart and its iterative
procedure, the method was not good for sweet gas mixtures
containing CO2 and also supported only a restricted range of gas
gravity, pressure and temperature (Carroll, 2004, 2009).

Several other correlations have been proposed for the predic-
tion of hydrate formation, including Makogon et al. (1981), Berge
(1986), Kobayashi et al. (1987), Motiee (1991), (Carroll, 2009),
and Towler and Mokhatab (2005). In 2009, Bahadori and Vuthaluru
presented a new correlation that appeared to be more accurate
than the other correlations mentioned above (Bahadori and
Vuthaluru, 2009). The main problem with all these methods is that
they cannot distinguish between the different types of hydrates.
The structural differences between types I and II can have impor-
tant effects on the hydrate formation pressure. In a mixture, the
presence of even a very small amount of type II former makes
the resulting hydrate, type II. This is why for natural gas mixtures,
type II hydrates predominate and these methods have poor
accuracy with it (Carroll, 2009).

In 1959, Van der Waals and Platteeuw introduced a statistical
thermodynamic model for the prediction of hydrate formation
(Parrish and Prausnitz, 1972; Ng and Robinson, 1976; John et al.,
1985; Sloan and Koh, 2007; Carroll, 2009). Although their model
did not possess acceptable accuracy for engineering purposes, it
was a good base for hydrate prediction calculations and later
models (Carroll, 2009). In 1972, Parrish and Prausnitz presented
a statistical thermodynamic model with sufficient accuracy for
engineering calculations (Parrish and Prausnitz, 1972). Their pro-
posed model was extended to multicomponent mixtures of
hydrate formers and they used fugacity instead of partial pressure
(Parrish and Prausnitz, 1972). The other important model pre-
sented by Ng and Robinson in 1977 had the advantage of hydrate
prediction in the presence of liquid hydrocarbons (Ng and
Robinson, 1976). In addition, some other modified forms of Van
der Waals and Platteeuw were suggested by Holder and John
(John et al., 1985; Sun and Chen, 2005). A model based on a two-
step mechanism for hydrate formation with the assumption of
the water activity coefficient of one proposed by Chen and Guo
(1996, 1998) was reported (Chen and Guo, 1996, 1998; Sloan and
Koh, 2007). The problem with all these thermodynamic models is
that the solubilities of H2S and CO2 are rather high, and they will
react with water. As a result, the activity coefficient cannot be
unity (Sloan and Koh, 2007). In 2005, Chang and Chen coupled
their method with Chen and Guo, eliminating the assumption that
the activity coefficient was unity (Sun and Chen, 2005).

In recent years, artificial intelligence methods for predicting
hydrate formation have attracted considerable attention. In partic-
ular, artificial neural networks with their great robustness and
flexibility have been the subject of study in many hydrate predic-
tion articles (Elgibaly and Elkamel, 1998, 1999; Chapoy et al., 2007;
Zahedi et al., 2009; Mohammadi et al., 2010a,b; Ghavipour et al.,
2012; Ghiasi et al., 2013; Moradi et al., 2013). Neural networks that
show accurate results despite the experimental uncertainties are
easy to use and can reduce the cost, time and monotonous
parameter adjustment (Chapoy et al., 2007).

Despite the demonstration of ANNs in hydrate prediction, a
search of the literature showed that the previous ANN models



Table 1
Ranges and their corresponding statistical parameters of the input/output data used for constructing an ANN model.

Parameter Minimum Maximum Average Standard deviation

C1 þ C2ðmole percentÞ 66.3800 99.0000 85.8614 8.9130
C3 þ C4 þ N2ðmole percentÞ 0.0000 28.1000 4.5415 6.8363
C5þðmole percentÞ 0.0000 3.4700 0.1504 0.5499
CO2ðmole percentÞ 0.0000 25.0000 4.8458 6.1931
H2Sðmole percentÞ 0.0000 26.6200 4.6015 6.9253

CO2þH2Sðmole percentÞ
100�½CO2þH2Sðmole percentÞ�

0.0000 0.5065 0.1219 0.1487

cðspecific gravityÞ 0.5600 0.8347 0.6823 0.0629
Pressure (MPa) 0.5820 62.8500 5.7477 7.1283
Temperature (K) 273.7000 303.1000 285.9582 6.9577

Table 2
Tested networks and their statistical parameters.

Network topology MSE Correlation coefficient

Total Train Validation Test Total Train Validation Test

1 n-2 0.8986 0.6817 0.8742 1.9576 0.9908 0.9928 0.9900 0.9841
2 n-4 0.5427 0.4564 0.4999 0.9923 0.9944 0.9952 0.9944 0.9910
3 n-8 0.5130 0.2117 0.6189 1.8640 0.9948 0.9978 0.9930 0.9868
4 n-10 0.4164 0.1687 0.9885 1.1116 0.9957 0.9982 0.9893 0.9890
5 n-2-2 0.7824 0.5519 0.8084 1.8632 0.9919 0.9941 0.9910 0.9830
6 n-2-3 0.7323 0.4768 0.9142 1.7991 0.9925 0.9949 0.9896 0.9879
7 n-3-2 0.5058 0.3908 0.5909 0.9831 0.9949 0.9959 0.9936 0.9927
8 n-3-3 0.4582 0.3392 0.7201 0.8037 0.9953 0.9964 0.9923 0.9933
9 n-4-3 0.5970 0.3975 0.4805 1.6517 0.9938 0.9958 0.9944 0.9861
10 n-4-4 0.6902 0.5014 0.6573 1.6220 0.9929 0.9947 0.9926 0.9879
11 n-5-3 0.3490 0.2504 0.5995 0.6065 0.9964 0.9973 0.9934 0.9941
12 n-5-5 0.4697 0.1747 0.4554 1.8935 0.9952 0.9981 0.9951 0.9822
13 n-8-5 0.5486 0.2645 0.6731 1.8016 0.9944 0.9972 0.9926 0.9839
14 n-5-3-4 0.4448 0.1481 0.6638 1.6767 0.9954 0.9984 0.9926 0.9829
15 n-5-4-4 0.4797 0.2796 0.5036 1.4166 0.9951 0.9970 0.9943 0.9878
16 n-5-10-5 0.4453 0.2419 0.4833 1.3862 0.9954 0.9974 0.9944 0.9859
17 n-8-5-3 0.4475 0.2407 0.5551 1.3450 0.9954 0.9975 0.9936 0.9864
18 n-10-5-5 0.5013 0.3296 0.6035 1.2352 0.9948 0.9965 0.9931 0.9878
19 n-10-8-5 0.5509 0.2963 0.6204 1.7101 0.9943 0.9969 0.9930 0.9843
20 n-10-10-5 0.3935 0.1242 0.6228 1.4859 0.9959 0.9987 0.9929 0.9850

Fig. 1. Proposed network topology for predicting the hydrate formation temperature.
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failed to consider the effects of hydrogen sulfide despite its great
importance. In the present study, a single ANN model with precise
results was constructed to predict the hydrate formation of sweet
and sour gas mixtures. Note that to fulfil this aim and construct a
more robust network, instead of using common method of
considering the gas components composition as the input
parameters, the hydrate formation structure was used to define
the input parameters by grouping multiple gas components that
form the same hydrate structure into a single input parameter.
After constructing the ANN model, the network performance was
compared with the existing correlation and thermodynamic
models. The model proposed in this work is a feed forward
(back-propagation) ANN with a modified Levenberg–Marquardt
algorithm. This method is popular for representing the nonlinear
relationships between variables in complex systems (Mohammadi
and Richon, 2007, Mohammadi and Richon, 2008a,b).
Details of intelligent model

Neural networks are computational structures inspired by
biological networks of massively parallel connections between
computational units, which are nonlinear, parameterized, bounded
functions called neurons (Dreyfus, 2005; Blackwell and Chen,
2009). The neural networks first became the subject of interest
upon the introduction of ‘‘computing machines” as simplified
neurons by McCulloch and Pitts in 1943. On the other hand, the
publishing of ‘‘Perceptrons” by Minsky and Papert in 1969 and
the deficiencies of the perceptron models stopped this research.
By the early 1980s, the attention came back to the field because
of the increased processing capacities due to hardware improve-
ments and the introduction of some important theoretical results
(like error back-propagation) (Kröse et al., 1996; Arbib, 2003).
The power of neural networks as a computational algorithm with



Fig. 2. Comparison between the results of the developed model for the training
data set and the data base values. (a) Scatter plot, (b) relative deviation plot and (c)
results of the developed model for the training data set and the data base values
versus the number of data points.

Fig. 3. Comparison of the results of the developed model for validation data set and
the data base values. (a) Scatter plot, (b) relative deviation plot, and (c) results of the
developed model for the training data set and the data base values versus the
number of data points.
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the ability of adaption or learning, generalization, clustering or
organizing data, is based on parallel processing (Kröse et al.,
1996; Blackwell and Chen, 2009).

The most common neural networks are feed word ANNs with
a single input layer, one output layer, and some hidden layers in
the middle (Elgibaly and Elkamel, 1998; Rój and Wilk, 1998;
Chouai et al., 2002; Arbib, 2003; Mohammadi and Richon,
2007; Mohammadi and Richon, 2008a,b; Blackwell and Chen,
2009; Hu and Hwang, 2010; Mohammadi et al., 2010b; Majidi
et al., 2013). In addition, they are simple, flexible and easy to
use, and can perform continuous and differentiable mathematical
functions, which simplifies the error analysis and training
(Blackwell and Chen, 2009). The process of learning is ‘‘super-
vised”, which means that the training is through a set of avail-
able input–output patterns (Elgibaly and Elkamel, 1998). The
idea of feed forward neural networks or ‘‘multilayer perceptrons”
(MLPs) was started by answering the problem, ‘‘How to adjust
the weights from input to hidden units?” which Minsky and
Papert proposed in 1969. Rumelhart, Hinton and Williams in
1986 suggested that the errors of hidden layer units could be
determined by back-propagating the output unit layer errors
through weighted interconnections (Kröse et al., 1996). This is
why the method is sometimes referred to as the ‘‘back-
propagation learning rule”.



Fig. 4. Comparison of the results of the developed model for the test data set and
the data base values. (a) Scatter plot, (b) relative deviation plot, and (c) results of the
developed model for training data set and the data base values versus the number
of data.
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Diverse algorithms can be used to minimize the errors during
training and determining the optimal weights and biases, including
Levenberg–Marquardt (LM), Resilient back Propagation (RP) and
Scaled Conjugate Gradient (SCG) (Majidi et al., 2013). The main
problem in using feed forward networks is determining the number
of neurons required in each layer. Using fewer neurons results in
poor accuracy and a larger number of neurons leads to over fitting
and unacceptable interpolation and extrapolation results
(Mohammadi and Richon, 2008a,b; Blackwell and Chen, 2009;
Mohammadi et al., 2010a). Using techniques, such as Levenberg–
Marquardt, can solve this problem (Marquardt, 1963;
Wilamowski et al., 2001; Mohammadi and Richon, 2008a,b;
Blackwell and Chen, 2009; Mohammadi et al., 2010a; Majidi et al.,
2013). This technique is used for the weight optimization purposes,
especially in small networks (Marquardt, 1963; Mohammadi and
Richon, 2007; Mohammadi and Richon, 2008a,b; Hu and Hwang,
2010; Mohammadi et al., 2010b) and the learning process is per-
formed through it (Mohammadi and Richon, 2007).

In MLPs, the information flows only one way from the inputs to
outputs (Dreyfus, 2005). The number of neurons in the first layer
are equal to the number of inputs and the number of neurons in
the output layer should be equal to the number of outputs
(Mehrotra et al., 1997; Wilamowski et al., 2001; Chouai et al.,
2002; Mohammadi and Richon, 2008a,b; Mohammadi et al.,
2010a,b). Any i neuron in the hidden layer, k, is attached to every
neuron in the adjoining layer. This sums the arriving weighted
inputs from the k� 1 layer to propagate through a transfer func-
tion to the adjoining neurons of the next hidden layer or to the out-
put neuron (Chapoy et al., 2007; Mohammadi and Richon, 2008a,b;
Mohammadi et al., 2010a,b). Three types of transfer function are
generally used: tangent sigmoid, the exponential sigmoid and lin-
ear functions (Chapoy et al., 2007). The activation function of this
work is tangent sigmoid:

f ðxÞ ¼ 2
1þ expð�2xÞ � 1 x 2 ½�1;þ1� and f ðxÞ 2 ½�1;þ1�

Here x is the activation function parameter. An extra degree of
freedom can be achieved with introduction of a bias term, b, asso-
ciated with each interconnection. The weighted summation of ith
neuron in the k layer (k P 2) is

Sk;i ¼
XNk�1

j¼1

ðwk�1;j;iIk�1;jÞ þ bk;i

� �

whereW is the weight of each interconnection and Ii ¼ ½Ii;1; :::; Ii;Nk�1
�

is the input vector. Using this activation function, the output of any i
neuron within the k layer will be:

Ok;i ¼ 2

1þ exp �2
PNk�1

j¼1 ½ðwk�1;j;iIk�1;jÞ þ bk;i�
� �� 1

Or

Ok;i ¼ 2
1þ expð�2Sk;iÞ � 1

As stated before, the network weights were modified using the
Levenberg–Marquardt algorithm with the following equation
(Dreyfus, 2005):

wj ¼ wj�1 � ½H þ ljI�
�1rJðwj�1Þ

With

H ¼
Xn
k¼1

@errk

@wj

� �T

þ
Xn
k¼1

@2errk

@wj@wT
j

errk
 !T
where I, J, l, H, and errk are the identity matrix, Jacobian matrix of
the first derivative of global error to weight, the step values of the
Levenberg–Marquardt algorithm, the number of feed inputs,
Hessian matrix, and residue vector, respectively. errk is defined as
follows:

errk ¼ ðexperimental valueÞ � ðcalculated valueÞ
To develop an ANN, the data sets are normally divided into

three parts: training, testing and validation. Initially, the biases
and all synaptic weights are initialized randomly, and then
adjusted through the training set using the average root mean
square error minimization. Training continues until the network
mimics the input/output mapping. The generalization ability is
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measured through the validation set and evaluates the quality of
the network during training. At the end, the testing set is used
for performance analysis of the final network.

ANN model development

The aim of this study was to construct an ANN model with opti-
mal performance for predicting the gas mixtures HFT (hydrate for-
mation temperature). To construct the network, 279 experimental
data points of sweet and sour gas were collected from literature
(Wilcox et al., 1941; Deaton and Frost, 1946; Kobayashi et al.,
1951; Noaker and Katz, 1954; Noaker et al., 1954; McLeod and
Fig. 5. Comparison of the results of the developed model and other correlations. (a) ANN
(d) Berge (1986) correlation (e) Hydrate Plus Software (Baillie–Wichert Method (Baillie
Campbell, 1961; Robinson and Hutton, 1971; Adisasmito et al.,
1991; Sun et al., 2003; Kamari and Oyarhossein, 2012). The data
sets were divided randomly into three subsets, 201 data points
for the training set, 36 data points for validation set and 42 data
points for the testing set. To build a strong network that covers a
wide range of natural gas mixtures with different compositions, a
new idea was used to define the network variables. Instead of
using the composition of each gas component as an input variable,
the components were divided into different groups due to the
hydrate structure that they form. The first input variable is the
methane mole percentage plus ethane mole percentage, which
forms sI hydrate structure (Sloan and Koh, 2007). The second input
model, (b) Motiee (1991) correlation, (c) Towler and Mokhatab (2005) correlation
and Wichert, 1987)) (f) Hydrate Plus Software (Maan Method (Mann, 1988)).
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variable is the total mole percentages of propane, butane and nitro-
gen, which all form the sII hydrate structure (Sloan and Koh, 2007).
The third input variable is the C5þ mole percentage as non-hydrate
formers (Carroll, 2009). Although both hydrogen sulfide and car-
bon dioxide form the sI structure (Sloan and Koh, 2007), their com-
positions were each taken as a separate variable because of the
difference in their chemical natures as hydrate guest molecules
compared to the other natural gas components. As Jeffrey and
McMullan in (Jeffrey and McMullan, 1967) stipulated, most natural
gas compounds are hydrophobic, but carbon dioxide and hydrogen
sulfide are water-soluble acid gases. Therefore, the acid gas com-
pounds should be separated to build a strong network for both
sweet and sour gas. The reason for why they were chosen to be a
separate variable was due to the hydrogen sulfide behavior, form-
ing hydrates under rather low pressures and high temperatures
(Sun et al., 2003; Sun and Chen, 2005). Therefore, the presence of
Fig. 6. Comparison of relative error deviations for (a) ANN model, (b) Motiee (1991) corr
Hydrate Plus Software (Baillie–Wichert Method (Baillie and Wichert, 1987)) (f) Hydrate
even very little H2S in a gas mixture is quite effective on the
hydrate formation behavior of the system. The sixth parameter is
similar to the acid gas loading used in amine calculations for gas
sweetening. This was introduced to the network to obtain more
accurate results in the case of sour gases. The last two input param-
eters are the gas specific gravity and pressure. Hydrate tempera-
ture formation is introduced as a network output. Table 1 the
range and statistical parameters of these variables.

To select the best network structure, the performance of each
was examined considering the structure monitored by calculating
the total mean square error (MSE) and the correlation coefficient
between the network outputs and experimental values for three
sub datasets. The best network morphology was chosen by the
smallest total mean square error. Table 2 lists the statistical analy-
sis results of the different network structures. Notation n-5-10-5
represents an ANN model with three hidden layers; the first,
elation, (c) Towler and Mokhatab (2005) correlation (d) Berge (1986) correlation (e)
Plus Software (Maan Method (Mann, 1988)).



Table 3
Statistical parameters of the available correlations to hydrate formation temperature.

Model R2 %
AARD

STD MSE N

Correlations Motiee (1991) 0.8140 0.8857 6.9339 10.3444 279
Towler and
Mokhatab (2005)

0.8041 0.8093 7.1582 10.2904 279
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second and third layers having 5, 10 and 5 neurons, respectively. As
shown in Table 2, network 11 (n-5-3) yielded the best performance
among all the networks tested. Therefore, this ANN model is rec-
ommended for predicting the hydrate formation temperature.
The transfer functions of the hidden layer were tangent sigmoid
and for the output layer was linear. Fig. 1 shows the structure of
the proposed network.
Berge (1986) 0.7364 1.6022 11.0801 39.4654 279

Hydrate
plus

Baillie and
Wichert (1987)

0.9598 0.4067 7.0526 2.2487 279

Mann (1988) 0.9509 0.4204 6.8800 2.5122 279

ANN model Train data 0.9947 0.1331 6.8681 0.2504 201
Validation data 0.9868 0.1771 6.4470 0.5995 36
Test data 0.9882 0.2137 6.8654 0.6065 42
Total data 0.9928 0.1509 6.8866 0.3490 279
Results and discussions

To evaluate the network performance, its accuracy was checked
through a comparison with some well-known empirical correla-
tions that are used to predict the hydrate formation temperature.
To show this, both graphical and statistical error analyses were
used simultaneously. The expressions of the statistical parameters
can be found in Appendix A. Figs. 2–4 present the comparison
between the signified/predicted hydrate formation temperature
values and the experimental data for train, validation and test data
set, respectively. Figs. 2(a), 3(a) and 4(a) show a scatter plot of the
Fig. 7. Comparison of the experimental data and results of (a) ANN model, (b) Motiee
correlation (e) Hydrate Plus Software (Baillie–Wichert Method (Baillie and Wichert, 198
experimental hydrate formation temperature data against the ANN
model prediction for the train data set, validation data set and test
data set, respectively. Almost all points lie on the 45� line, which
(1991) correlation, (c) Towler and Mokhatab (2005) correlation (d) Berge (1986)
7)) (f) Hydrate Plus Software (Maan Method (Mann, 1988)).



Table 4
Data set of fifty points chosen to examine the accuracy of the existing correlations and models in comparison with the proposed ANN model for sour gases (Sun et al., 2003).

CH4(mol%) CO2(mol%) H2S (mol%) T(K) P(MPa) CH4 (mol%) CO2 (mol%) H2S (mol%) T(K) P(MPa)

82.45 10.77 6.78 276.2 1.114 77.71 7.31 14.98 289.2 3.164
82.45 10.77 6.78 278.2 1.385 77.71 7.31 14.98 291.2 4.070
82.45 10.77 6.78 280.2 1.815 77.71 7.31 14.98 293.2 5.270
82.45 10.77 6.78 282.2 2.265 77.71 7.31 14.98 294.7 6.698
82.45 10.77 6.78 284.2 3.110 77.71 7.31 14.98 295.7 7.910
82.45 10.77 6.78 286.2 4.065 75.48 6.81 17.71 282.2 0.950
82.45 10.77 6.78 287.2 4.570 75.48 6.81 17.71 284.2 1.244
82.45 10.77 6.78 288.2 4.890 75.48 6.81 17.71 286.2 1.670
82.45 10.77 6.78 289.2 6.110 75.48 6.81 17.71 288.2 2.368
82.45 10.77 6.78 290.2 6.862 75.48 6.81 17.71 290.2 3.080
82.45 10.77 6.78 290.9 7.650 75.48 6.81 17.71 292.2 4.008
82.45 10.77 6.78 291.2 8.024 75.48 6.81 17.71 294.2 5.314
82.91 7.16 9.93 278.2 1.192 75.48 6.81 17.71 295.2 6.310
82.91 7.16 9.93 282.2 1.932 75.48 6.81 17.71 295.8 6.880
82.91 7.16 9.93 284.2 2.460 75.48 6.81 17.71 296.6 7.825
82.91 7.16 9.93 286.2 3.303 75.48 6.81 17.71 297.2 8.680
82.91 7.16 9.93 288.2 4.212 66.38 7 26.62 281.2 0.582
82.91 7.16 9.93 289.7 4.930 66.38 7 26.62 284.2 0.786
82.91 7.16 9.93 291.2 5.868 66.38 7 26.62 287.2 1.160
82.91 7.16 9.93 292.2 6.630 66.38 7 26.62 290.2 1.788
82.91 7.16 9.93 293.2 7.916 66.38 7 26.62 293.2 2.688
77.71 7.31 14.98 277.2 0.646 66.38 7 26.62 295.2 3.910
77.71 7.31 14.98 280.2 1.020 66.38 7 26.62 296.7 5.030
77.71 7.31 14.98 283.2 1.428 66.38 7 26.62 298.2 6.562
77.71 7.31 14.98 286.2 2.080 66.38 7 26.62 299.7 8.080

Table 5
Accuracy comparison between the ANN and thermodynamic base models for sour gas mixtures.

Mixture ANN model Sun and Chen (2005) Chen and Guo (1998) Hydrate Plus Software
(Baillie and Wichert, 1987)

%AARD MSE %AARD MSE %AARD MSE %AARD MSE

M2 0.1632 0.0490 0.2722 0.2333 0.3750 0.3462 0.8931 2.1726
M3 0.1232 0.1794 0.1529 0.0809 0.3307 0.2859 0.8234 1.6813
M4 0.1727 0.3933 0.3961 0.5753 0.4069 0.5185 0.7001 1.2100
M5 0.0813 0.0850 0.4392 1.0632 0.5676 1.0779 0.8739 2.1615
M6 0.1134 0.1412 0.9062 2.8659 0.9610 2.8125 1.3133 4.7684

Mixture Hydrate Plus Software
(Mann, 1988)

Motiee (1991) Towler and Mokhatab
(2005)

Berge (1986)

%AARD MSE %AARD MSE %AARD MSE %AARD MSE

M2 0.4532 0.5913 0.4398 0.4296 0.5752 0.7601 2.4070 13.7275
M3 0.3602 0.3411 1.1509 2.8484 0.8490 1.5271 1.5070 7.5898
M4 0.6243 1.5839 2.5189 13.2120 2.5511 13.5288 3.5044 62.9760
M5 0.8409 2.2067 3.0578 19.9771 3.1974 22.0459 2.8813 34.5310
M6 1.1004 4.0066 4.3505 40.3865 4.9079 51.8271 6.7524 145.3105

M2 : 82:45%CH4 þ 10:77%CO2 þ 6:78%H2S.
M3 : 82:91%CH4 þ 7:61%CO2 þ 9:93%H2S.
M4 : 77:71%CH4 þ 7:31%CO2 þ 14:98%H2S.
M5 : 75:48%CH4 þ 6:81%CO2 þ 17:71%H2S.
M6 : 66:38%CH4 þ 7:00%CO2 þ 26:62%H2S.
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illustrates the strength of the suggested model. Good agreement
was observed between the prediction of the ANN model and the
experimental data with either train data set, validation data set
or test data set. Figs. 2(b), 3(b) and 4(b) presents the relative devi-
ation. As it is obvious, the error of all predicted data points are
acceptable for the three data sets. Moreover, to signify a better
visual comparison, Figs. 2(c), 3(c) and 4(c) plot the predicted and
experimental values versus the number of data points simultane-
ously for train data set, validation data set and test data set,
respectively.

To examine the quality of themodel, the data sets were also used
to evaluate the accuracy of themost popular empirical correlations.
These correlations were Motiee (1991), Towler and Mokhatab
(2005), Berge (1986), Baillie and Wichert (1987), and Mann
(1988). The correlations of Mann et al. and Baillie–Wichert used
in the present study are the versions employed in the Hydrate Plus
software package from FlowPhase Inc.
The cross plots in Fig. 5 show the degree of agreement between
the experimental data, predicted values by the correlations and the
proposed model. As illustrated in these figures, the best fitted line
to the experimental data and correlation predictions has a low
coefficient of determination (R2) and is obviously deviated from
the unit slop line. Figs. 6 and 7 show the relative deviation and
comparison between the experimental data and the results of the
network and correlations, respectively. These results suggest that
the hydrate formation temperature prediction by the proposed
ANN model have the best agreement with the experimental data
among the correlations examined. Table 3 lists the statistical
parameters of the available correlations and models to find the
hydrate formation temperature.

To show exclusively the applicability of the model to sour gases,
a data set of 50 (Sun et al., 2003) was chosen, as listed in Table 4.
This set of data covered a broad range of H2S concentrations. As
said before, H2S exhibits special behavior, forming hydrates under



Fig. 8. Detection of the probable outliers and applicability domain of the presented model.
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relatively low pressures and relatively high temperatures. There-
fore, the effects of H2S on hydrate formation are very important
and for a comprehensive study of network for sour gases, an inves-
tigation of a wide range of H2S concentration, from low to very
high, is required. Chen and Guo (1998) and Sun and Chen (2005)
examined the network performance by a comparison with the
mentioned correlations and two thermodynamic base models for
sour gas hydrate predictions.

Table 5 lists the results of the comparison between the models
for the sour gas data set. At first sight, the Motiee, Towler and
Mokhatab and Berge correlations do not show acceptable results.
This is may be because these correlations are based on gravity
and not composition.

Outlier detection

A significant step in developing a mathematical model is outlier
detection or outlier diagnosis due to the identification of solitary
data (or groups of data) that may differ from the mainstream of
the data population (Gramatica, 2007; Mohammadi et al., 2012a,
b; Majidi et al., 2013; Shokrollahi et al., 2013; Tatar et al., 2013).
The experimental errors during the measurements are the main
reasons for the outliers (Tatar et al., 2013). This suspect data may
damage the model by introducing some unexpected doubts and
affect the prediction sufficiency (Mesbah et al., 2014, 2015;
Soroush et al., 2014). To achieve a successful mathematical model
and detect doubtful data, the leverage value statistics was applied
in this work. Detecting outliers graphically is possible by sketching
the Williams plot based on the calculated H values (Gramatica,
2007; Majidi et al., 2013; Shokrollahi et al., 2013; Tatar et al.,
2013). A thorough explanation of the equations and method can
be found elsewhere (Gramatica, 2007). The William plot is
sketched in Fig. 8 for the ANN model.

The accumulation of data points within the range of
0 < H < 0.097 and �3 < R < 3 highlights the statistical validity of
the model. Only one data point was recognized as an outlier.
Conclusions

The application of artificial neural networks to predict the
hydrate formation temperature of natural gas (sweet and sour)
was investigated. To develop a strong network that is efficient
for a wide range of gas mixtures, the new approach was used to
define variables due to the formation of a hydrate structure by each
species presented in natural gas mixtures. The best structure was
found by a series of optimization process, trial and error proce-
dures, and controlling the network performance. This structure
was a feed forward neural network with two hidden layers, five
neurons in first layer and three neurons in second layer. The trans-
fer function was found to be tangent sigmoid for the hidden layers
and linear for the output layer. As shown by both graphical cross
plots and statistical error analysis, the proposed ANN model
showed much better performance compared to the existing corre-
lations or thermodynamic based models. The difference specially
shows itself in predicting the hydrate temperature formation of
sour gas at high H2S concentrations, where the existing correla-
tions and thermodynamic models fail to have acceptable perfor-
mance while ANN network was quite precise. Error analysis
showed that for the ANN model, the total mean square error
(MSE) was 0.349 and the correlation coefficient (R2) was 0.9964.
Appendix A

Correlation factor (R2):

R2 ¼ 1�
PN

i¼1ðCalc:ðiÞ=Est:ðiÞ � exp :ðiÞÞ2PN
i¼1ðCalc:ðiÞ=Est:ðiÞ � average ðexp :ðiÞÞÞ

Average Absolute Relative Deviation (%AARD):

%AARD ¼ 100
N

XN

i¼1

jCalc:ðiÞ=Est:ðiÞ � exp :ðiÞj
exp :ðiÞ

Mean Square Error (MSE):

MSE ¼
PN

i¼1ðCalc:ðiÞ=Est:ðiÞ � exp :ðiÞÞ2
N

Standard Deviation (STD):

STD ¼ 1
N � 1

XN

i¼1
Calc:ðiÞ=Est:ðiÞ � averageðCalc:ðiÞ=Est:ðiÞÞð Þ2

� �1
2

Relative Deviation:

Relative Deviation ¼ Calc:ðiÞ=Est:ðiÞ � exp :ðiÞ
exp :ðiÞ
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