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The gas hydrate formation in pipelines of industries and chemical plants can cause various operational
damages and can increase economic risks. Hence, the knowledge of hydrate formation conditions has
become a critical research study to overcome the problems arising from the formation of hydrates. In
this study, we applied an algorithm to develop an LSSVM model to predict the formation temperature
of natural gas hydrate for a comprehensive range of data points. Total 188 experimental data points
were applied from the literature for the development of the LSSVM model. The input parameter was
finalized based on the structure of hydrates by each gas species. The results obtained by the LSSVM
model have good accuracy as compared with empirical correlations available in the literature. This
model gave the squared correlation coefficient (R%), and root mean square error of 0.9901 and 0.59974,
respectively. The composition of gases may affect the phase equilibrium condition of gas hydrates. The
applied algorithm revealed that the developed LSSVM model could become a good alternative for
calculating the formation temperature of hydrate for the range of all data sets. The results showed that
the proposed LSSVM model could be applicable for the prediction of hydrate formation temperature for

all data points.
© 2021 Southwest Petroleum University. Publishing services 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

equipment and gas pipelines. Several empirical correlations and
thermodynamic models are widely applied for the prediction of

Gas hydrates are crystalline compounds generated when the
molecules of gas entrapped inside the cages formed by the
hydrogen bonded molecules of water [1]. These gas hydrates are
formed at low temperatures and high pressure considering the
suitable size of the guest molecules, which can match the cavity's
size [2]. The formation of gas hydrates can lead to the blockage of
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formation condition of gas hydrates [3]. The empirical correlations
can be applied for the prediction of formation pressure or tem-
perature only while the thermodynamic models can predict the
formation pressure of hydrate with a give temperature and also
vice versa [4]. Gas hydrate can form three types of structure such
as sl, sll and sH. Specific pressure-temperature conditions are
required for the gas hydrate formation in pure water and sedi-
ments [5]. The prognostication of formation temperature of nat-
ural gas hydrates of any composition through experimental
methods is challenging and time taking. Many correlations and
models are available in literature for the predictions of hydrate
formation temperature, such as Hammerschmidt [6], Katz gravity
[7] and K-Value methods [8], Makogon [9], Berge [10], Kobayashi
[11], Motiee [12], Safamirzaei [13], Towler & Mokhtab [14],
Ghayyem [15] and Salufu [16]. One of the main disadvantages of
the above correlations is that they have not considered the
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different structures of hydrate. The presence of a very negligible
quantity of sII structure hydrate forming species gives the pre-
domination to the slI structure in the gas hydrate phase. Hence
structure differences have a very remarkable reaction on hydrate
formation temperature. It could possibly be the main reason for
the non-performance of the above correlations for the evaluation
of formation temperature for the hydrates of the natural gas
mixture [17,18].

The base of the thermodynamic model is Vander Waals and
Platteeuw model [17,19]. Parrish and Prausnitz [20] developed a
thermodynamic model which fits with good error accuracy. Ng
and Robinson [21], John and Holder [22], Chen and Guo [23]
and John et al. [24] presented different corrections in Vander
Waala and Platteew model for the evaluation of formation
temperature of gas hydrates. These models assumed the ac-
tivity coefficient of water equal to unity. The prediction of
hydrate formation temperature has emerged as the best alter-
natives because of the increasing advancement in artificial in-
telligence [17]. Artificial Neural Network (ANN) has been used
nowadays for the prediction of hydrate formation temperature.
But ANN is not a good alternative for the prediction due to
random initialization and difference in the terminating norms
throughout the optimization of the variables of the model [17].
In this study, we applied an algorithm by using the Least
Squares Support Vector Machine (LSSVM) model for the eval-
uation of formation temperature of the gas hydrate of natural
gas mixtures. This model used the chemical properties of gases
and types of structure of hydrates.

Mesbah and Soroush [17] proposed a LSSVM model based on the
hydrate structure and gave a vigorous algorithm with a squared
correlation coefficient of 0.9918. Baghban et al. [18] applied the
LSSVM model based on Katz Chart data points and predicted the
hydrate formation temperature with a squared correlation coeffi-
cient of 0.9973 and minimum square error of 0.778634. Yarveicy
and Ghiasi [25] proposed a model based on extremely randomized
trees to predict the formation conditions hydrate of different gases
formed in the pure water, salts, and alcohols. The suggested model
gave the squared correlation coefficient of greater than 96 and
percentage absolute relative deviation (%ARD) between 0.04 to
0.32. Mohammadi et al. [26] applied the LSSVM model for the
prediction of hydrate phase equilibria for the CO;, CHy, or C;Hg
hydrate in the presence of porous media with a good value of
squared correlation coefficient. This model has the ability to give a
good prediction of phase equilibria condition of gas hydrates. In this
study, the applied model is also compared with some existing
correlations given in various works of literature.

2. LSSVM model

The Support Vector Machine (SVM) is called as a non-
probabilistic binary linear classifier and it is based on machine
learning [27—29]. This tool can be employed for the evaluation of
variety of complex mathematical problems. The SVM algorithm
requires convex optimization for evaluating the regression prob-
lems equipped with the inequality constraint to discover a support
vector [17,30]. SVM method needs a excessive computational load
to resolve the inequality constraints and regression problems. Least
Square Support Vector Machine (LSSVM) is a modified form of the
support vector machine given by Suykens and Vandewalle [28].
This model contains all the advantages of the SVM model, but in the
LSSVM model, the inequality constraints is changes to equality
constraints. This algorithm can operate huge sets of data with
acceptable error accuracy [28,31,32]. The variation between the
experimental value and the predicted value is called as the
regression error, and it is added as a supplementary constraint in
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the LSSVM model. the error is optimized during the calculation
steps in the conventional SVM model, but the error is mathemati-
cally defined in the LSSVM model [17,28,32,33] A illustrative dia-
gram of the applied LSSVM model is indicated in Fig. 1.

2.1. Equations

Assume a data set (D), which can be represented by the
following equation (1) with variables x and y

D= {(x1,y1) (1)

Equation (1) is approximated by the non-linear function of
equation (2)

a(xN7yN)7 X_k = Rn7 yk € R}

(2)

Where we R™ is weight vector in the initial weight space,
g(O):R® -R™ is the non-linear mapping function that forecast
the inputs to a higher dimensional feature space in which linear
regression is executed, b is the bias term and ny, is the dimension
of the space. The optimization problem in the algorithm of LSSVM
model is evaluated by

f(x)=wg(x) +b

. 1 1 &
mln](w,e):iwtw-i-i,uZeﬁ (3)
=1

The above cost function is subjected to the constraints given in
equation (4)

Yi=(W'gx) +b+ex (12, .n (4)

In equation (4), t is the weight matrix transpose, ey is the error
variables and u>0 is regularization constant. Put the (equation (4))
in the (equation (3)) and obtain the equation (5)

LW w+1,uzn:e2
“Wew A~ 2
2 2 k=1

Lissym =

> Bi{(W'g(x) +b+er—yi}
k=
(5)

Here Lagrangian multipliers are §; € R. The conditions needed
for the optimization because of the lagrangian multipliers is given
in equation (6) to equation (9).

Model inputs

| Division of Data into Traning and Testing |

|

| Introduce Training Dataset |

| Introduce Testing Dataset |

| Model Feature (1,6°) Selection }—* Emply feature subset(1,6%) }-J

| Model Construction |

|

Accuarcy evaluation of model l
| Obtained Optimum model features | l

L| Retrain the LSSVM model by optimum features |

Fig. 1. Schematic diagram of the LSSVM model [17,18].
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Table 1
Composition range of natural gas.
N €O, CH,4 C,Hg CsHg i-C4H1o n-C4Ho i-CsHy2 H,S CeHia
Minimum 0.2 0.2 7.86 0.9 0.86 0.18 0.33 0.15 0.25 0.05
Maximum 25 89.62 93.2 13.5 12.47 3.7 3.7 1.01 0 0.1
N 2
OLissvm - Rz 1 2izlEi =Pl 17
FUSSWM _ g, -0 6 = N (17)
b P (6) S Py
Where N is the number of data points and E; and P; are the
OL;ssym 1 experimental and predicted values of the LSSVM model respec-
“ow 0 -w= ; Brg(xk) (7) tively [2,25].
ol 2.2. Experimental data
WM _0 - (wig(x) +b+ep—y=0 ... L (k=1,......n) . . o
9B The experimental data points for phase equilibrium of hydrate
(8) used for the LSSVM model were implemented from the Katz chart
[34]. The data points used in this study was in the range of 273.7 K
oL to 303.1 K for temperatures and 0.6 MPa to 62.85 MPa for pressures,
% =0 - 0= ue,, (k=1,...... n) 9) and gas gravities range between 0.57 to 0.86. The data points were
k

Assume a linear regression relationship between the indepen-
dent and dependent variables of the LSSVM, then equation (10) will
form, which is used only for linear regression problems.

n
y=> Bixix+b
=

(10)

The Kernel functions should be included in equation (10) to
increase the applicability of this function for non-linear regression
problems.

n
y= Z BkK (X, x) +b
K=1

(11)

The Kernel function of K(x;, x) is given as the multiplication of
vectors g(X;) and g(x) (equation (12)) as the inner product

K(x, %) = g(*)g(Xk)" (12)

The RBF function (equation (13)) and polynomial function
(equation (14) are applied in the LSSVM model.

K(x, x;) = exp (xk —x? /02> (13)

d
K(x, x;) = (1 +xTxk/c) (14)
In above equations (13) and (14), o2 is the squared bandwidth
which optimizes in between the optimization step, and d is the
degree of the polynomial.
The following equations are used for the analysis of error

‘1 N
MSE:NZ|E,~—P,-|2 (15)
i=1
N . p.2
RMsE = || 2=15 =PIl (16)
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divided into two subsets as testing and training datasets.

3. Results and discussions

The radial basis function (RBF) was utilized as the kernel
function in the applied LSSVM model. The specification used in
RBF were greatly disturbed by the quantity of support vectors.
The training elapsed time and the quantity of support vectors are
directly dependent on each other. The optimization algorithm
was performed by genetic algorithm (GA) to evaluate the vari-
ables of the LSSVM model. The composition range of natural gas
used in this study is shown in Table 1. Total number of data
points used in the development of the LSSVM model was 298,
from which 72 data points are used as the training data sets and
remaining 226 data points are used as testing data sets. The error
analysis of the applied model was investigated by MSE, RMSE and
R? between the experimental and predicted values. The optimum
value of number trees in the developed extra trees model was 4
which was found by applying trial and error method. The
maximum depth of the trees was varied from 2 to 26 for the best
results. The input parameters for the model were pressure and
composition of gas mixture. By employing the optimization al-
gorithm, the tuned values of y and ¢? was 112192 and
2318.67451 respectively. y represents the relative weight of the
summation of the regression errors and o2 is the squared
bandwidth. The optimization of these parameters was performed
during the learning process. The error analysis for the applied
LSSVM model is given in Table 2.

For evaluating the performance of applied LSSVM model, the
same data points were also used to see the accuracy performance of
the most popular available correlations. These available correla-
tions such as Motiee [12], Safamirzaei [13], Towler & Mokhtab [14],
Ghayyem [15] and Salufu [16] have been applied for the prediction
of the hydrate formation temperature. The error analysis for the

Table 2
The error analysis for the applied LSSVM model.

RMSE MSE R? No. of data points
All Data 0.59974 0.43958 0.9901 298
Training dataset 0.22378 0.00177 0.99 72
Testing dataset 0.75691 0.45152 0.9854 226
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Error analysis for LSSVM and available correlations.
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Motiee Safamirzaei Towler & Mokhtab Ghayyem Salufu LSSVM (This Work)
RMSE 0.95578 1.01824 4.58815 3.9421 3.93525 0.59974
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Fig. 2. Temperature vs Pressure plot for the (a) Motiee (b) Safamirzaei (c) Towler and Mokhatab (d) Ghayyem (e) Salufu correlations and (f) the LSSVM model.

performance of available correlations and the LSSVM model was
checked by root mean square error (RMSE)(Table 3).

The comparison between the experimental and estimated
values by the LSSVM model and available correlations is indicated
in Fig. 2. As shown in Fig. 2, the deviations between the experi-
mental hydrate phase equilibrium data and predicted data are
negligible for the LSSVM model as compared to the other correla-
tions. The best fitted correlation for the natural gas hydrate mixture
was Motiee correlations. The order of the error accuracy among the
LSSVM model and correlations is LSSVM Model < Motiee < Safa-
mirzaei < Ghayyem < Salufu < Towler & Mokhtab.

Fig. 3 demonstrates the comparison of the experimental tem-
perature vs predicted temperature by the correlations and the

505

applied LSSVM model by correlation coefficient(R?). As shown in
Fig. 3, the obtained correlation coefficient for the LSSVM model was
0.9901 which is less than the correlation coefficient obtained by the
correlations. The value of correlations coefficient in increasing or-
der is LSSVM Model > Motiee > Ghayyem > Safamirzaei > Towler &
Mokhtab > Salufu. There is a change for the order as compared to
error accuracy. Correlation coefficient measures the strength of the
connection between two variables.

The deviation in relative error between experimental data and
predicted data is given in Fig. 4. This analysis shows the relative
deviation between the experimental temperature and predicted
temperature. The relative deviation of predicted temperature from
the experimental temperature is lower for data obtained by the
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Fig. 3. The comparison of the experimental temperature vs predicted temperature by (a) Motiee (b) Safamirzaei (c) Towler and Mokhatab (d) Ghayyem (e) Salufu correlations and

(f) the LSSVM model.

LSSVM model as compared to the predicted temperature by cor-
relations. For the LSSVM model, some predicted data points best
fitted with the experimental data but some predicted data points
have not given good accuracy with the experimental data. It shows
that the LSSVM model best fitted with the experimental data as
compared to the correlations.

The applied LSSVM model gives predictions with good accuracy
as compared to the experimental data. Also, the root mean square
error (RMSE) and correlation coefficient (R?) were found to be
0.59974 and 0.9901 respectively. The different compositions of
gases may affect the stability conditions of gas hydrates. In presence
of HyS, the gas hydrates can form at high temperatures and low
pressures. Hence, there is need to develop LSSVM model by
considering the composition of gases. The correlations applied in
this study (Motiee, Safamirzaei, Towler and Mokhtab, Ghayyem and
Salufu) gave serious deviations from experimental data because
these applied correlations are depended on the gravity of gases not
on the composition of gases.
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4. Conclusions

In the present study, a mathematical tool was applied for the
prediction of formation temperature of natural gas hydrates with
the help of the least square support vector machine (LSSVM). The
input parameter was selected by considering the type of the
structure of hydrates. The statistical parameter showed that the
LSSVM algorithm can give better predictions for natural gas hy-
drates. The applied LSSVM model gave lower MSE (0.43958) as
compared with the results of previous studies. The lower MSE in-
dicates the better accuracy of the applied LSSVM model. Addi-
tionally, the applied model was also compared with the prediction
results of empirical correlations available in the literatures. This
LSSVM model gave good predictions of hydrate formation tem-
peratures of hydrates of gas mixtures. The genetic algorithm was
also applied to optimize the parameters (o2 and v) of LSSVM model.
This model gives low mean square error (MSE) as compared to the
MSE obtained by the correlations. This study can help in the esti-
mation of hydrate formation temperature for the engineers with
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Fig. 4. Deviations in Relative error for (a) Motiee (b) Safamirzaei (c) Towler and Mokhatab (d) Ghayyem (e) Salufu correlations and (f) the LSSVM model.

low dependent parameters which will be a helpful tool for oil and
gas industry as well as chemical plants wherever there is possibility
of hydrate formation in pipelines.
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Abbreviations

LSSVM Least Square Support Vector Machine
RBF Radial Basis Function

MSE Mean Square Error

RMSE Root Mean Square Error

ANN Artificial Neural Network

R? Correlation Coefficient

SVM Support Vector Machine

ek Regression Error

o? Squared Bandwidth

w Regression Weight

t Transpose Matrix

b Linear Regression Intercept of the Model
Xk Input Vector

Yk Output Vector

K (x,xx) Kernel function

Ei Experimental Values

P; Predicted values
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