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a b s t r a c t

This study presents the potential of least squares support vector machines (LSSVM) modeling approaches to

predict the moisture content of natural gas dried by calcium chloride dehydrator units. Genetic algorithm

(GA) as population based stochastic search algorithms were applied to obtain the optimal LSSVM models

parameters. The results revealed that the GA-LSSVM are capable of capturing the complex nonlinear relation-

ship between the input and output variables. For the purpose of predicting water content of natural gas for

freshly recharged conditions, the GA-LSSVM model yielded the mean absolute error (MAE) and coefficient of

determination (R2) values of 2.7898 and 0.9986; for the whole data set, while for the purpose of predicting

water content of natural gas prior to recharging conditions, the GA-LSSVM models yielded the MAE and R2

values of 1.1044 and 0.9995; for the whole data set. Proposed model provides fairly promising approach for

predicting the approximate moisture content of natural gas dried by calcium chloride dehydrator units for

both freshly recharged and just prior to recharging conditions.

© 2015 Taiwan Institute of Chemical Engineers. Published by Elsevier B.V. All rights reserved.

1

r

h

p

s

s

w

p

t

s

l

s

s

m

A

D

r

c

f

i

e

t

r

h

1

. Introduction

Calcium chloride (CaCl2) dehydrator is the most widely used non-

egenerative adsorption system in natural gas industry [1,2].

Fig. 1 shows how gas and liquids flow in the dehydrator. The de-

ydrator unit is designed to take advantage of the excellent desiccant

roperties of calcium chloride as a solid and in solution.

The lower or separator section is a gas–liquid separator which

eparates free liquids, hydrocarbons and water, from the inlet gas

tream. The middle or tray section is the liquid absorption section

here the brine removes most of the water in a series of trays. The up-

er or bed section contains the solid calcium chloride, which absorbs

he final amount of water and furnishes the brine feed for the tray

ection [3-5].

Solid calcium chloride combines with water to form a brine so-

ution. As water absorption continues, CaCl2 is converted to succes-

ively higher states of hydration, eventually forming a CaCl2 brine

olution [5-7].

The relative simplicity of the concept and design of these units

akes them ideal in offshore and periodically snowbound locations.
∗ Corresponding author. Tel.: +61 0422789572; fax: +61 266269857.
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epending on operating conditions, a large number of calcium chlo-

ide units can be left unattended for up to six months [7].

As the need for natural gas increases, calcium chloride dehydration

an contribute to make some gas wells more profitable to operate gas

rom remote or offshore wellheads, gas of a low flow rate, or gas which

s high in sulfur content may benefit from this dehydration [7].

As long as pressure is sufficient, calcium chloride units function

specially well at low flow rates. Further, the lower the flow rate,

he longer a calcium chloride unit can function unattended between

echargings.

The main advantages of calcium chloride dehydrators are [6,7]:

• Energy efficient: no energy consuming equipment is part of the

basic design of a calcium chloride dehydrator.
• Low labor costs: they can function up to six months unattended

[7].
• Reduced fire risk: calcium chloride is not flammable [7].
• Competitive equipment costs: calcium chloride dehydrators usu-

ally cost much lower than glycol and other dehydrator units.

In view of the above mentioned issues, it is an essential need to

evelop accurate and simple methods to estimate water content of

atural gas dried by calcium chloride dehydrator units [7].

Recently, Ahmadi and co-workers made huge amounts of at-

empts to apply different intelligent based method for figuring out

he petroleum and chemical engineering challenging issues [8-19].

or example, Ahmadi et al. applied hybrid method to determine
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Fig. 1. A calcium chloride gas dehydration system (Reproduced with permission from

reference [6]).
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reservoir permeability with available conventional petrophysical

logs [18]. Owing to this fact, throughout this communication enor-

mous efforts have been put forth to facilitate prediction of water con-

tent of natural gas dried by calcium chloride dehydrator. To meet this

crucial goal of this study, a robust and fast intelligent based approach

has been utilized.

To the best of authors’ knowledge, no work has been published on

the subject of predicting the water content of dehydrated natural gas

by calcium chloride using least squares support vector machines and

genetic algorithm.

This paper discusses the formulation of such a method in a sys-

tematic manner to show the accuracy and usefulness of such models.

2. Theory

2.1. Least squares support vector machines and genetic algorithm

Vapnik and co-workers developed a very nice framework or

methodology called support vector machine (SVM) at AT&T Bell Lab-

oratories in 1995 [8,9,13,20], with combining the advantages of ANNs

(handling large amount of highly nonlinear data) and nonlinear re-

gression (high generalization) lead to high generalization ability and

the sparseness of the solution [8,9,13,21].

It is a powerful computational intelligence approach which is

based on recent advances in statistical machine learning theory. SVM

is basically applicable to both classification and regression problems

[8,9,13,20]. SVM model can be computationally difficult because it

requires the solution of quadratic programming (QP) [8,9,13,22].

Suykens and co-workers [8,9,13,23] proposed a modified version

of SVM called least square support vector machine (LSSVM), leading

to solving a set of linear equations that is easier to use/solve than

QP problems, while most of the important advantages of SVM are

retained [8,9,13,21]. The formulation of LSSVM is briefly introduced
as follows. [
Consider a given training set of N data points {xk, yk}N
k=1 where

k ∈ Rn is the input vector at the training point k, and yk ∈ R is

orresponding output value. According to the standard LSSVM the-

ry of Suykens [8,9,13,23], the unknown nonlinear function can be

pproximated by

(x) =
N∑

k=1

akK(x, xk)+ b (1)

here K
(
x, xk

)
is the kernel function meeting the Mercer condition

8,9,13,23], parameters αk ∈ R (k = 1, 2, . . . , N) and b can be acquired

y dint of following equation [8,9,13]:

0 1T
υ

1υ Ω + γ −1I

] [
b
α

]
=

[
0
y

]
(2)

here y = [y1 . . . yN]
T , 1v = [1 . . . 1]

T , α = [α1 . . . αN]
T , I is an iden-

ity matrix and Ω is a N × N kernel matrix; Ωkl = ϕ(xk)
T .ϕ(xl) =

(xk, xl)∀ k, l = 1, . . . , N. Three typical choices for the kernel function

re:

(x, xk) = xT
kx (Linear kernel) (3)

(x, xk) =
(
τ + xT

k x
)d

(Polynomial kernel of degree d) (4)

(x, xk) = exp

(
−x − xk

2

σ 2

)
(Radial basis f unction RBF kernel) (5)

In the case of applying RBF kernel function, the generalization

erformance and efficiency of the LSSVM is directly affected by two

djustable parameters embedded in the algorithm including regu-

arization parameter (γ ) and RBF kernel parameter (σ 2). As stated

y Ahmadi et al. [8,9,13,24], application of non-population based

ptimization methods are not appropriate choice in such circum-

tances, owing to the high nonlinearity of the SVM method. In this re-

pect, genetic algorithm (GA) as a popular and respected population-

ased optimization algorithm was applied to determine these two

arameters.

GA is a population-based stochastic general search method which

s based on the mechanism of natural selection and natural genetics

8,9,13,25,26]. It proceeds in an iterative manner by generating new

opulations of chromosomes (representing candidate solutions to a

roblem) from the former ones. It should be noted that each chro-

osome consists of genes; indeed each chromosome contains the

olution in the form of genes.

At each step, the GA selects chromosomes haphazardly from the

urrent population to be parents and uses them to generate the chil-

ren for the next generation. Over successive generations, the popu-

ation "evolves" toward an optimal solution. The GA uses three main

ypes of operators at each step to create the next generation from

he current population including selection, crossover and mutation

8,9,13,27].

The details of GA algorithm have been well-presented in the liter-

tures [8,9,13,19,28,29]. Also the theory of LSSVM has been described

learly elsewhere [8,9,13,30].

. Methodology

GA-LSSVM was performed by Genetic Algorithm Toolbox of MAT-

AB R2009a and LSSVM Lab 1.8 free toolbox was used for optimizing

yper parameters of LSSVM. The robust LSSVM model was intended

or prediction of approximate water content of natural gas dried by

alcium chloride dehydrator units for both freshly recharged and just

rior to recharging condition as a function of pressure and tempera-

ure. To achieve a high level of performance with LSSVM model, some

arameters have to be decided, including the regularization param-

ter γ and the kernel parameter corresponding to the kernel type

31,32].
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Fig. 2. Flow chart of LSSVM parameters selection based on GA.
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Choosing an appropriate regularization parameter γ , the kernel

unction and subsequent kernel parameter is an important task and

ostly depends on the realized application type [33]. In nonlinear

unction estimation and nonlinear modeling problems one often uses

he RBF kernel [30]. The RBF kernel is an appropriate choice for kernel

unction thanks to the fewer parameters and excellent overall per-

ormance of RBF kernel draw in parallel with other kernel functions

34,35].

In order to make a suitable choice for the regularization and RBF

ernel parameters (γ and σ 2), GA as an efficient search strategy was

mployed. The flow chart of γ and σ 2 selection GA-based is shown

n Fig. 2.

The following list provides a detailed description of the LSSVM

odeling procedure.

1. Dividing all data samples into the training data set (80%) and test-

ing data set (20%). The training data set which are utilized to evolve

the LSSVM model, and the testing data set employed in order to

verify the LSSVM model performance.

2. Training the LSSVM model with the training data and the initial

parameter combination (γ and σ 2). Searching the optimal pa-

rameter combination (γ and σ 2) using the GA method. The steps

of a GA for tuning these parameters of our proposed LSSVM are

described below:

i. GA begins with a set of randomly candidate solutions (repre-

sented by chromosomes) called population. It should be noted

that, each chromosome contains an array of these two param-

eters (γ and σ 2). Also, note that a chromosome contains the

solution in the form of genes. So, each variable that needs to

be optimized is referred to as a gene.

ii. Evaluate the fitness of each chromosome in the population

using a fitness function.

iii. Based on their assigned fitness values, some chromosomes in

the current population are selected to be part of the population

evaluated in the next generation. Chromosomes with higher

fitness values have a greater chance of being selected than

those having lower fitness values. The selected chromosomes

are used to generate new offspring through genetic operators

(crossover and mutation) to construct the population for the

next generation.

iv. Crossover is the process of taking two parent solutions and

producing from them an offspring. After the selection process,

the population is enriched with better chromosomes.
v. Mutation is the process of randomly changing the values of

genes in a chromosome. The main objective of mutation is to

introduce new genetic material into the population, thereby

increasing genetic diversity. Mutation prevents the algorithm

to be trapped in a local minimum. It is an insurance policy

against the irreversible loss of genetic material.

vi. Use new generated population (new parameter combination)

for a further run of the algorithm.

vii. This process is repeated until some stopping criteria (e.g. when

an acceptable solution has been found or the number of gen-

erations that the GA is allowed to execute) are fulfilled.

3. Adopting the optimal parameter combination, i.e. γ and σ 2 to

build the LSSVM model. Substituting the testing data set into

LSSVM model obtaining the estimation values. Through the testing

performance can verify the LSSVM model estimated ability.

The optimum LSSVM parameters consist of γ = 39076132.7824

nd σ 2 = 16665.1059374 prediction of water content of natural gas

ried by calcium chloride dehydrator units for freshly recharged con-

itions were obtained while the optimized values of σ 2 and γ for the

eveloped model for prediction of water content of natural gas dried

y calcium chloride dehydrator units prior to recharging conditions

ave been obtained 8113.7631 and 3.9990761, correspondingly.

. Results and discussions

As mentioned earlier, robust computational intelligence-based

odeling approach viz. GA-LSSVM was used to build the predictive

odel for estimation of water content of natural gas dried by calcium

hloride dehydrator for freshly recharged conditions.

Before firing the results obtained from the proposed model, actual

ehavior of water content of natural gas dried by calcium chloride de-

ydrator for freshly recharged conditions versus corresponding pres-

ure are demonstrated in Fig. 3. Moreover, actual behavior of water

ontent of natural gas dried by calcium chloride dehydrator prior to

echarging conditions against relevant pressure are depicted in Fig. 4.

In Fig. 5, a comparison between the predicted water content of nat-

ral gas dried by calcium chloride dehydrator for freshly recharged

onditions and the corresponding experimental data for both training

nd testing set was conducted to appraise the prediction precision of

A-LSSVM model. As shown in this figure, there are not significant dis-

inctions between the predicted and the actual experimental values
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Fig. 3. Water content of natural gas dried by calcium chloride dehydrator for freshly

recharged conditions versus pressure [4].
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Fig. 4. Water content of natural gas dried by calcium chloride dehydrator prior to

recharging conditions versus pressure [4].

0

0.05

0.1

0.15

0.2

0.25

0 10 20 30 40 50 60 70 80 90 100

tnetno
C

reta
W

muirbiliuq
E

Data Index

Actual Data LSSVM Output

Fig. 5. Actual versus predicted water content of natural gas dried by calcium chloride

dehydrator for freshly recharged conditions based on the GA-LSSVM technique.
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Fig. 6. Actual versus predicted water content of natural gas dried by calcium chloride

dehydrator prior to recharging conditions based on the GA-LSSVM technique.
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Fig. 7. Plot of GA-LSSVM predicted against experimental values of water content of

natural gas dried by calcium chloride dehydrator for freshly recharged conditions.
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of water content of natural gas dried by calcium chloride dehydrator

for freshly recharged conditions.

The same plots were prepared for water content of natural gas

dried by calcium chloride dehydrator for prior to recharging condi-

tions (see Fig. 6). It clearly appears that the results from GA-LSSVM

model is in good agreement with the corresponding experimental

results both for the training as well as the testing sets (see Fig. 6).
Regression plots are useful means in validating the used model.

n this respect, the regression lines for training and test data set ac-

ompanied with their corresponding equations and the coefficient

f determination (R2) values for water content of natural gas dried

y calcium chloride dehydrator for freshly recharged conditions (see

ig. 7) and water content of natural gas dried by calcium chloride de-

ydrator for prior to recharging conditions (see Fig. 8) are presented.

In these figures, the dashed lines represent the perfect result – the

iagonal (Y = X). The solid line represents the best fit linear regression

ine between model outputs and actual values. The R2 value is an

ndication of the relationship between the model outputs and actual

alues. If R2 = 1, this indicates that there is an exact linear relationship

etween the model outputs and actual values. If R2 is close to zero,

hen there is no linear relationship between the model outputs and

ctual values. The R2 is obtained by following equation:

2 = 1 −
∑N

i=1

(
y

exp
i

− y
pre
i

)2

∑N
i=1

(
y

exp
i

− yexp
)2

(6)

In which N represents the total number of data points includes

input and output pairs), y
exp
i

is the actual (experimental) data at the

ampling point i, y
pre
i

is the ith output of the correlation and yexp and
pre are the average of the actual and predicted data.

For water content of natural gas dried by calcium chloride de-

ydrator for freshly recharged conditions, as shown in Fig. 7, the
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Fig. 8. Plot of GA-LSSVM predicted against experimental values of water content of

natural gas dried by calcium chloride dehydrator prior to recharging conditions.
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Fig. 9. Relative deviations between the experimental and predicted water content of

natural gas dried by calcium chloride dehydrator units for freshly recharged conditions

during the training and testing process based on GA-LSSVM technique.
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Fig. 10. Relative deviations between the experimental and predicted water content of

natural gas dried by calcium chloride dehydrator prior to recharging conditions during

the training and testing process based on GA-LSSVM technique.
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Fig. 11. Comparison between estimated and measured water content of natural gas

dried by calcium chloride dehydrator units for freshly recharged conditions versus

pressure [4].
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A-LSSVM outputs track the actual values very well for both training

nd testing, and the R2 values are over 0.99 in all cases. For the freshly

echarged conditions, Eqs. (7) are yielded as the linear regressions for

he total data set for GA-LSSVM models respectively, as follows:

= 0.9954x − 7E-05; R2 = 0.9986 (7)

It can be seen that, the regression lines overlaps with the diagonal,

s a consequence of a slope value close to 1 and insignificant value

f the intercept and this means that, GA-LSSVM model predicts the

ctual values of water content of natural gas dried by calcium chloride

ehydrator for freshly recharged conditions at high accuracy rate.

Similarly, for water content of natural gas dried by calcium chlo-

ide dehydrator for prior to recharging conditions, as shown in Fig. 8,

he regression plot relating to GA-LSSVM model was created. As can

e seen, the fit lines are reasonably good for both training and testing

et, and R2 values are greater than 0.99. The linear regressions for the

otal data set yield Eqs. (8) which are associated with the GA-LSSVM

odel.

= 0.9982x + 4E-05; R2 = 0.9996 (8)

Figs. 9 and 10 show the plots of experimental data and rela-

ive deviation % between the experimental and predicted values

relative deviation % = actual−predicted
actual

× 100) during the training and

esting process for water content of natural gas dried by calcium

hloride dehydrator units for both freshly recharged and prior to
echarging conditions. For freshly recharged conditions, the rela-

ive deviation % between actual and GA-LSSVM predicted values was

ound to be in the range of ±10% for most of the data set (see Fig. 9).

All predicted points lie inside the region enclosed by the ±8%. The

elative deviation % between actual and GA-LSSVM predicted water

ontent of natural gas dried by calcium chloride dehydrator units for

reshly recharged conditions values was found to be in the range of

8% for all of the data set (see Fig. 9). The relative deviation % of

A-LSSVM outputs form actual water content values lie in the range

7.67% to 7.35% and the absolute average relative deviation is 2.78%.

For water content of natural gas dried by calcium chloride dehy-

rator units for prior to recharging, it can be observed the relative

eviation % between actual and GA-LSSVM output values was found

o be in the range of ±4% deviation for the whole data points (see

ig. 10). The relative deviation % of GA-LSSVM outputs form actual

ater content values lie in the range −3.25% to 2.60% and the average

bsolute percent deviation is 1.1044%.

In order to determine behavior of the results gained from vector

odel versus pressure, Fig. 11 depicts the comparison between out-

omes obtained from GA-LSSVM model and water content of natural

as dried by calcium chloride dehydrator units for freshly recharged

onditions versus relevant pressure for different temperature. As
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gas dried by calcium chloride dehydrator prior to recharging conditions versus

pressure [4].

Table 2

Performance of the GA-LSSVM model in terms of statisti-

cal criteria for prediction of water content of natural gas

dried by calcium chloride dehydrator prior to recharging

conditions.

GA-LSSVM

Training Testing Overall

MSE 7.63E-07 6.58E-07 7.42E-07

R2 0.9996 0.9995 0.9995

MAE 1.2459 0.5382 1.1044

(a)

(b)
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Fig. 13. Detection of the probable doubtful measured water content of natural gas

dried by calcium chloride dehydrator for a) freshly recharged conditions [4] b) prior to

recharging conditions and the applicability domain of the suggested approach for the

water dehydrator analysis.

s

r

illustrated in Fig. 11, the outcomes obtained from vector model follow

the real data points with high degree of precision.

Same as freshly recharged conditions, for condition prior to

recharging, Fig. 12 demonstrates the comparison between outcomes

obtained from GA-LSSVM model and actual water content of natural

gas dried by calcium chloride dehydrator units for prior to recharging

for different temperature. As illustrated in Fig. 12, the outcomes ob-

tained from vector model follow the real data points with high degree

of precision.

The training and testing results obtained from these models for

both freshly recharged and prior to recharging conditions predictions

were used to calculate various statistical verification criteria, such as

the correlation coefficient (R), mean squared error (MSE), and mean

absolute error (MSE). The selected evaluation criteria are written as

below:

R =
∑N

i=1

(
y

exp
i

− yexp
) (

y
pre
i

− ypre
)

√∑N
i=1

(
y

exp
i

− yexp
)2 ∑N

i=1

(
y

pre
i

− ypre
)2

(9)

MSE = 1

N

N∑
i=1

(
y

exp
i

− y
pre
i

)2
(10)

MAE = 1

N

N∑
i=1

∣∣yexp
i

− y
pre
i

∣∣ (11)

The statistical parameters for the performance of the model are

summarized in Tables 1 and 2 for prediction of water content of

natural gas dried by calcium chloride dehydrator for both freshly

recharged conditions and prior to recharging conditions, correspond-

ingly. It is evident that GA-LSSVM model for the prediction of water

content of natural gas dried by calcium chloride dehydrator yielded
Table 1

Performance of the GA-LSSVM model in terms of statisti-

cal criteria for prediction of water content of natural gas

dried by calcium chloride dehydrator for freshly recharged

conditions.

GA-LSSVM

Training Testing Overall

MSE 2.05E-06 2.04E-06 2.05E-06

R2 0.9989 0.9991 0.9986

MAE 2.9997 1.9618 2.7898

m

f

s

o

a

e

g

d

a

u

T

c

atisfactory results in terms of the statistical evaluation criteria pa-

ameters.

The results are quite satisfactory and confirm the adequacy of the

odeling approach for such purposes. Values of R2 close to unity and

airly low MSE and MAE by the model for both the training and testing

ets indicate very well generalization abilities and predictive power

f the modeling approach.

Determining of the outlier of the mathematical approaches plays

vital role in applicability of the addressed approach in the consid-

red issue. Detection of outlier is to identify of individual datum (or

roups of data) that may differ from the bulk of the data present in a

ata bank [36,37]. As a result, there is indeed a need to evaluate the

vailable experimental data for water dehydrator analysis data. Since

ncertainties affect the estimation capability of the evolved approach.

o gain this goal, the approach of Leverage Value Statistics has been

arried out [37-39].
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Table 3

Comparison between results of our proposed model and Ghiasi et al. [7] correlation for

freshly recharged calcium chloride.

Pressure (kPa (abs)) Temperature (°C) Gas water content

Reported Giasi et al. [7] GA-LSSVM

1480 10 0.0380 0.0365 0.039052

4237 10 0.0135 0.0129 0.013421

10,441 10 0.0050 0.0049 0.00494

2170 15.55 0.0340 0.0356 0.03401

4237 15.55 0.0175 0.0172 0.017451

8373 15.55 0.0080 0.0084 0.007961

2170 21.11 0.0500 0.0509 0.05013

5615 21.11 0.0185 0.0178 0.01843

12,508 21.11 0.0080 0.0079 0.007925

1480 26.67 0.1080 0.1045 0.10912

4237 26.67 0.0380 0.0356 0.037431

8373 26.67 0.0180 0.0180 0.0178

2170 32.22 0.1040 0.1082 0.103925

5615 32.22 0.0395 0.0381 0.03951

12,508 32.22 0.0160 0.0158 0.01601

3548 37.78 0.0900 0.0918 0.0902

7339 37.78 0.0410 0.0417 0.04105

10,441 37.78 0.0290 0.0296 0.02861

2859 43.33 0.1665 0.1564 0.1669

5615 43.33 0.0785 0.0765 0.0772

12,508 43.33 0.0340 0.0335 0.0341

Table 4

Comparison between results of our proposed model and Ghiasi et al. [7] correlation for just

before recharging calcium chloride.

Pressure (kPa (abs)) Temperature (°C) Gas water content

Reported Ghiasi et al. [7] GA-LSSVM

3548 −1.11 0.0260 0.0257 0.0261

4926 −1.11 0.0180 0.0175 0.0181

7339 −1.11 0.0115 0.0108 0.01149

2859 4.44 0.0520 0.0499 0.0514

4237 4.44 0.0345 0.0335 0.03443

7339 4.44 0.0195 0.0190 0.01949

2170 10 0.0960 0.0972 0.09601

5615.5 10 0.0375 0.0372 0.03761

8373 10 0.0260 0.0254 0.02609

2170 15.55 0.1440 0.1413 0.1441

4237 15.55 0.0720 0.0708 0.71921

6305 15.55 0.0470 0.0467 0.04703

2859 21.11 0.1575 0.1506 0.15742

5615.5 21.11 0.0745 0.0732 0.07491

8373 21.11 0.0500 0.0497 0.04997

3548 26.07 0.1670 0.1608 0.1671

4926 26.07 0.1190 0.1149 0.11901

7339 26.07 0.0815 0.0768 0.08109
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The graphical detection of the suspended (doubtful) data or out-

iers is undertaken through theme of the Williams plot owing to the

etermined H values from the gained outcomes. A detailed explana-

ion of mathematical backgrounds and computational procedure of

his approach can be found in previous literatures [36-38].

The Williams plot is demonstrated in Fig. 13 for the results imple-

enting the vector machine approach. Existence of the majority of

ata points in the ranges 0 ≤ H ≤ 0.125 (for freshly recharged condi-

ions), (prior to recharging conditions) 0 ≤ H ≤ 0.225 and −3 ≤ R ≤ 3

eveals that the applied approach is statistically correct and valid. In

ddition, it illustrates that the whole data in the data set are located

ithin the acceptable domains of the applied approach [39-41].

Tables 3 and 4 report the comparison between the suggested

A-LSSVM model with most recent correlation proposed by Ghiasi

t al. [7], for actual water content of natural gas dried by calcium chlo-

ide dehydrator units both freshly recharged and prior to recharging

onditions at different conditions. As can be seen from the afore-

entioned tables, the outcomes of our suggested GA-LSSVM model

re much closer to experimental ones. In other words, the suggested
A-LSSVM model could predict water content of natural gas dried by

alcium chloride dehydrator units both freshly recharged and prior

o recharging conditions at different conditions with high level of

ccuracy and integrity.

. Conclusion

This study was aimed at exploring predictive as well as gener-

lization competence of the ANN and LSSVM models for the water

ontent of gas dried by calcium chloride in dehydrator units at a var-

ous ranges of pressure and temperature using an extensive data set

onsisted of different samples collected from the reliable literature

4]. The pressure and temperature were used as the predictor vari-

bles whereas water content of natural gas dried by calcium chloride

ehydrator units for both prior to recharging and freshly charged

onditions were considered as dependent variables.

Robust global search and optimization tool namely GA which be-

ongs to population based algorithms were exploited to optimize

wo critical parameters in LSSVM approach (σ 2, γ ). One of the most
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important appeals GA over classical optimization algorithms methods

is their derivative-free feature.

This inquiry disclosed that GA-LSSVM model was able to success-

fully track the complex and non-linear relationships between pre-

dictors and dependent variables and revealed first-rate predictive

and generalization competences. All of the outputs produced through

the aforementioned model indicated excellent agreement with those

reported in the literature. These results were evidenced by some sta-

tistical criteria used for assessing the performance of models. The

GA-LSSVM model performed pioneer for prediction water content for

both prior to recharging and freshly recharged conditions.

On the whole, it can be concluded that computational intelligence

scheme used herein is very encouraging for predicting of the water

content of natural dried gas at various conditions which can be im-

mensely helpful especially for engineers in the design of facilities for

the dehydrator units due to their amazing features including simplic-

ity, efficiency and generalization.
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