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a b s t r a c t

Natural brines occur underground or in salt lakes are commercially main sources of common salt and other

salts, such as sulfates and chlorides of potassium and magnesium. This paper reports the implementation

of a novel least square support vector machine (LS-SVM) algorithm for the development of improved mod-

els capable of predicting the properties of reservoir brine properties i.e., liquid saturation vapor pressure,

density and enthalpy. The validity of the presented models was evaluated by using several statistical pa-

rameters. The predictions of the developed models for determining the liquid saturation vapor pressure,

density and enthalpy were in excellent agreement with the reported data with an average absolute rela-

tive deviation (AARD) of %0.069, %0.033, %0.072, respectively and coefficient of determination values (R2)

0.999. According to the results of comparative studies, the developed models are more robust, reliable

and efficient for calculating properties of oil field formation water during crude oil production than other

techniques.

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

Almost all hydrocarbon reservoirs are bounded by and in commu-

ication with water-bearing rock called aquifers [1]. Aquifer drive or

atural water drive is one of the most effective oil production driving

echanisms, either as an edge water-drive or bottom water-drive

1]. Brine production increases with decreasing reservoir pressure

uring the production life [2]. The associated cost of handling this

ater production is forecasted to exceed several billion dollars per

ear [2]. In the USA, the water produced in oil production comprised

8% of all waste produced by the exploration and production (E&P)

ndustry.

In other words, an average of ten barrels of salt water is produced

or every barrel of oil [3]. Even with the best field management meth-

ds, brine production may eventually increase to a point that will

epresent more than 90% of the liquid volume brought to the surface

4]. The production of wet crude in many oil fields has been a growing

eld concern and the production of wet crude adversely affects the

uality of the oil produced. A number of wells have had to be shut in

ue to a lack of adequate treatment facilities [5]. Understanding and
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ealing with these costs needs precise knowledge of the PVT proper-

ies of formation water. The nature, and physico-chemical properties

f the produced formation water have a direct influence on the well

roductivity, degree of depletion and oil recovery efficiency and high-

ight the need to understand the characteristics of water associated

ith oil [6]. In addition, PVT properties of oilfield brines are used,

ither directly or indirectly, in many petroleum engineering calcula-

ions. Thus, the errors in estimation of PVT properties will propagate

hroughout estimates of other computations. Hence, it is absolutely

ecessary that the predictions for PVT properties be as accurate as

ossible. Over the last four decades, many experimental studies of

he behavior of systems comprising salts in water have been pub-

ished in the physical chemistry literature. Generally, a number of

echnical papers have been reported to address the various technical

nd practical points on formation water issues [7–9]. PVT properties

f the formation water can be obtained either by conducting a lab-

ratory study on reservoir fluid samples or by the use of predictive

odels. However, experimental determination of these properties

s relatively expensive and time consuming [10]. Therefore, in the

bsence of experimental facilities, the characteristics are estimated

rom the correlations and soft computing techniques [11–16]. Based

n the success of applying support vector machine (SVM) algorithm

o solve a range of engineering problems, we are pursuing contin-

ed development and application of SVM for PVT modeling. On the

ther hand, to the best of our knowledge, there are no reports of
ts reserved.
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Table 1

Operating ranges of gathered database for PVT properties of oilfield brine.

Variable Minimum Maximum Mean

Temperature (K) 311.515 589.15 449.9

Salt concentration (mass fraction) 0.05 0.25 0.15

Vapor pressure (kPa) 111.0 12461.0 3530.3

Enthalpy (kJ/kg) 151.85 1375.06 674.1

Density (kg/m3) 750.0 1199.0 1000.5

Table 2

Optimized parameters of the developed LS-SVM based models for

determination of reservoir brine PVT properties.

γ σ 2

Saturated liquid enthalpy 7.617E+6 1.776

Saturated liquid density 7.432E+9 3.968

Saturated vapour pressure 2.5076E+6 0.3259

Table 3

The statistical parameters of the developed model for prediction of reser-

voir brine saturated liquid enthalpy.

Parameter

Training set

R2 0.9999

Average relative deviation (%)a −7.4E−4

Average absolute relative deviation (%)b 0.052

Root mean square errorc 0.418

Number of data samples 33

Validation set

R2 0.9999

Average relative deviation (%) 5.9E−4

Average absolute relative deviation (%) 0.103

Root mean square error 0.742

Number of data samples 11

Test set

R2 0.9999

Average relative deviation (%) 0.012

Average absolute relative deviation (%) 0.111

Root mean square error 0.709

Number of data samples 11

Total

R2 0.9999

Average relative deviation (%) 2.55E−3

Average absolute relative deviation (%) 0.074

Root mean square error 0.561

Number of data samples 55

a Average relative deviation: ARD% = 100
N

∑N
i=1 (

Y
exp
i

−Y
pred
i

Y
exp
i

).

b Average absolute relative error: AARD% = 100
N

∑N
i=1 (| Y

exp
i

−Y
pred
i

Y
exp
i

|).
c Root mean square error (RMSE): RMSE = (
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i=1 (Yexp

i
−Y

pred
i

)
2

N
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Nomenclature

AT transpose of matrix A

AARD average absolute relative deviation

ANN artificial neural network

ARD average relative deviation

b bias term

H enthalpy (kJ/kg)

IN N × N identity matrix

K(xi, xj) kernel function

L Lagrangian

LS-SVM least square support vector machine

P vapor pressure (kPa)

RMSE root mean squared error

T temperature (K)

w weight vector

αi Lagrange multipliers

� map from input space into feature space

γ regularization constant

� kernel matrix

ρ density (kg/m3)

σ width of the RBF kernel

ψ salt concentration (mass fraction)

modeling the formation water PVT properties using the SVM ap-

proach. Therefore, the aim of this study was to propose computer

based models for accurate calculations of the reservoir brine prop-

erties i.e., enthalpy, density, and liquid vapor pressure. Highlighting

the contribution of the paper, our developed LS-SVM model covers

a wide range of input PVT data. Moreover, comparative studies are

conducted between the developed models in this study and the exist-

ing correlations/models. The importance level of the input variables

was also determined by using parametric sensitivity analysis tech-

nique. It is important to note that much higher accuracy in predicting

brine PVT properties is attained while employing the developed in-

telligent model compared to the predictive models which would be

an asset for engineering and research activities in this area. The re-

minder of this paper is organized as follows; Section 2 reports the

background and computational procedure of the LS-SVM. Section 3,

evaluates the adequacy and superiority of the proposed model by

statistical and graphical error analysis. Section 4 summarizes the im-

pacts of the factors on the reservoir brine PVT properties by apply-

ing a sensitivity analysis. Section 5 reports the conclusions of the

work.

2. Methodology

2.1. Backgrounds of LS-SVM modeling

The support vector machine is a supervised learning technique

from the field of machine learning applicable to both classification

and regression analysis [17–23]. On the other hand, one of the major

drawbacks of the SVM is the necessity to solve a large-scale quadratic

programming problem [24]. This disadvantage has been overcome

by a modification to the traditional SVM called least-squares SVM

(LS-SVM), which solves linear equations (linear programming), in-

stead of quadratic programming problems to reduce the complexity

of optimization process [25–27]. Considering the problem of approxi-

mating a given dataset {(x1, y1), (x2, y2), . . . , (xN, yN)}with a nonlinear

function:

f (x) = 〈w,�(x)〉 + b (1)

where 〈., .〉 represents dot product; �(x) represents the nonlin-

ear function that performs regression; b and w are bias terms and
eight vector, respectively. In LS-SVM for function estimation, the

ptimization problem is formulated as [24,28]:

in
w,b,e

J(w, e) = 1

2
‖w‖2 + 1

2
γ

N∑
k=1

e2
k (2)

.t. yk = ek + 〈w,�(xk)〉 + b k = 1, . . . , N (3)

here, ek ∈ R are error variables; and γ ≥ 0 is a regularization

onstant. To solve this optimization problem, Lagrange function is

onstructed as [24,28]:

LS−SVM = 1

2
‖w‖2 + 1

2
γ

N∑
k=1

e2
k −

N∑
k=1

αk {ek + 〈w,�(xk)〉 + b − yk}
(4)

here, αk ∈ R are Lagrange multipliers. The solution of Eq. (4) can

e determined by partially differentiating with respect to w, b, e
k
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(a)

(c)

(b)

Fig. 1. Comparison of the results of the developed models and the applied reservoir brine PVT data: (a) saturated liquid enthalpy; (b) saturated liquid density; (c) saturated vapor

pressure.
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nd αk [24,28]:

∂LLS−SVM

∂w
= 0 → w =

N∑
k=1

αk�(xk)

∂LLS−SVM

∂b
= 0 →

N∑
k=1

αk = 0

∂LLS−SVM

∂ek
= 0 → αk = γ ek

∂LLS−SVM

∂αk
= 0 → 〈w,�(xk)〉 + b + ek − yk = 0

(5)

By defining 1v = [1; ...1], Y = [y1; ...; yN], α = [α1; ...; αN] and

liminating wand e, the following linear equations are obtained [24]:

0 1T
N

1N � + γ −1IN

][
b

α

]
=

[
0

Y

]
(6)
here, IN refers to N × N identity matrix and � is the kernel matrix

hat is defined as [24]:

lk = �(xl)�(xk) = K(xl, xk), l, k = 1, . . . , N (7)

There are several kernel functions including linear, polynomial,

pline, and radial basis function [29,30]. On the other hand, radial

asis function, a Gaussian function, and polynomial function are most

idely used functions.

(xk, xl) = exp(−‖xk − xl‖2
/σ 2) (8)

(xk, xl) = (1 + xT
kxl/c)d (9)

here, σ denotes the width of the RBF which controls the regression

bility and d is the polynomial degree.
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(a)

(c)

(b)

Fig. 2. Target and predicted values versus the number of data points: (a) saturated liquid enthalpy; (b) saturated liquid density; (c) saturated vapor pressure.
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2.2. Data collection

To develop new reservoir brine PVT models, a data bank of reliable

data from the literature [31,32] was collected. Table 1 lists the ranges

of the applied data.

2.3. Designing LS-SVM models representing the formation water PVT

properties

To develop LS-SVM models for accurate prediction of the forma-

tion water PVT properties, the temperature (T) and salt concentration

in the aqueous phase (ψ) were assumed to be the correlating param-

eters as follows:

P = f1(T,ψ) (10)

H = f2(T,ψ) (11)

ρ = f3(T,ψ) (12)
here, P is the saturated liquid formation water vapor pressure, kPa,

is the saturated liquid formation water enthalpy, kJ/kg, and ρ is the

aturated liquid formation water density, kg/m3.

In order to make uniform the domain of the variables, all the data

ere normalized between −1 and +1. In the next step the data sets

f each category were divided into three sub datasets including the

training set”, “validation set” and “testing set”. For this purpose ap-

roximately 70% of each data category was assigned to the training

et, 15% was assigned to the validation set, and the remaining 15%

as applied to the testing set. This data assignment process was per-

ormed several times for better distribution of the data on the domain.

he average mean square error (MSE) between the desired and pre-

icted output values, as defined by Eq. (13), was considered as an

bjective function [10].

SE = 1

n

∑
i

(di − pi)
2

(13)

here, d and p are the target value and predicted output,

espectively. During the computation, the radial basis function (RBF)
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Fig. 3. Effect of brine concentration on the group error for prediction of (a) saturated liquid enthalpy; (b) saturated liquid density; (c) vapor pressure.
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ernel function, that is useful in nonlinear regression problems was

mplemented [33].

. Results and discussion

.1. Parameters of the LS-SVM models

The coupled simulating annealing [34] technique was used to

etermine the optimal values of the model parameters, including γ
nd σ 2. Table 2 lists the optimized values of these parameters.

.2. Evaluation of the developed models

Fig. 1 presents cross plots of the proposed LS-SVM models esti-

ations versus the corresponding target values. A tight cloud of data

oints about the 45° line for all the three phases indicate the ro-

ustness of the proposed models. In addition, to represent a better

isual comparison, the target and predicted values were plotted as a
unction of the number of data points simultaneously in Fig. 2 for all

VT data. As illustrated, the predictions are in satisfactory agreement

ith the reported PVT data.

Tables 3–5 list the statistical parameters of the developed models

or predicting the studied PVT properties including R-squared (R2), av-

rage absolute relative deviation (AARD), average relative deviation

ARD), and root mean square error (RMSE). The statistical quality mea-

ure, R2 represents how well the developed predictive model truly

epresents the target data. A higher R2 indicates a more reliable pre-

iction from the developed model. As shown in the presented cross

lots the R2 values were found to be greater than 0.999 for all the

VT properties, clearly demonstrating the capability of the utilized

S-SVM algorithm in modeling the PVT properties of reservoir

ormation water.

The accuracy of the developed models was compared with that of

he developed by Bahadori et al. [6] as well as artificial neural network

ANN) models. By using the ANN toolbox of MATLAB software, for each

VT property, a network with a single hidden layer neural network
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Fig. 4. Effect of temperature on the group error for prediction of (a) saturated liquid enthalpy; (b) saturated liquid density; (c) vapor pressure.
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e

s

based on the feed forward back propagation learning algorithm was

designed. For all the three models, the first layer consists of two neu-

rons representing the input values that include temperature and salt

concentration. The number of neurons in the second (hidden) layer is

generally defined by trial and error because there is not a strict rule

to do this [35]. The third layer contains one neuron demonstrating

the output value (liquid density, liquid enthalpy, or vapor pressure).

The statistical quality measures of the studied correlations/models

are reported in Table 6. The LS-SVM based models have the smallest

average absolute relative deviation, higher coefficient of determina-

tion. Furthermore, the accuracy of the presented models as well as

Bahadori et al. [6] correlations and ANN models across the spectrum

of the independent variables, i.e., salt concentration and tempera-

ture, was examined. The results of data partitioning are illustrated

in Figs. 3 and 4. The developed models in this study show less

flocculation and have almost the lowest prediction error for all ranges
 v
f the independent variables. To make a judgment based on presented

ables and plots, it can be concluded at this point that the developed

odels are superior to the existing correlations for accurate predic-

ion of PVT properties of formation water. It is worth noting that

he developed models perform well in their development domains.

owever, their application to the data outside of development range

hould be taken, of course, with care.

.3. Sensitivity analysis

The aim of this section was to determine the sensitivity of the

odel predictions to changes in the independent variables. As a re-

ult of the analysis, a relative variable impact value was allocated to

very input variable. The analysis results provide users with useful in-

ights into the effects of all variables involved in the system. Herein,

ariable impact analysis was conducted using the Pearson technique
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Table 4

The statistical parameters of the developed model for prediction

of reservoir brine saturated liquid density.

Parameter

Training set

R2 1.0

Average relative deviation (%) −1.6E−5

Average absolute relative deviation (%) 0.026

Root mean square error 0.341

Number of data samples 33

Validation set

R2 0.9999

Average relative deviation (%) −0.024

Average absolute relative deviation (%) 0.055

Root mean square error 0.671

Number of data samples 11

Test set

R2 0.9999

Average relative deviation (%) −0.021

Average absolute relative deviation (%) 0.034

Root mean square error 0.481

Number of data samples 11

Total

R2 0.9999

Average relative deviation (%) −9.21E−3

Average absolute relative deviation (%) 0.033

Root mean square error 0.454

Number of data samples 55

Table 5

The statistical parameters of the developed model for prediction

of reservoir brine saturated vapor pressure.

Parameter

Training set

R2 1.0

Average relative deviation (%) −3.0E−3

Average absolute relative deviation (%) 0.049

Root mean square error 1.371

Number of data samples 66

Validation set

R2 1.0

Average relative deviation (%) 1.8E−2

Average absolute relative deviation (%) 0.086

Root mean square error 2.437

Number of data samples 22

Test set

R2 1.0

Average relative deviation (%) 2.0E−2

Average absolute relative deviation (%) 0.119

Root mean square error 1.642

Number of data samples 22

Total

R2 1.0

Average relative deviation (%) 7.6E−3

Average absolute relative deviation (%) 0.069

Root mean square error 1.796

Number of data samples 110

Fig. 5. Relative importance of independent variables on the PVT properties of reservoir

formation brine.
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Table 6

Comparison of statistical quality measures of the various formation water PV

PVT property Bahadori et al. correlations [6] A

AARD RMSE R2 A

Saturated liquid enthalpy 0.286 2.199 0.9999 0

Saturated liquid density 0.078 0.949 0.9999 0

Saturated vapor pressure 2.712 139.972 0.9985 0
36]. Fig. 5 presents the degree of correlation between the input vari-

bles on the studied PVT properties of formation water. These cor-

elation coefficients have values ranging from −1 to +1. A value of

1 shows that the variables show a perfect increasing and decreasing

elationship, a value of −1 shows that the variables are perfectly

inear related by a decreasing relationship, respectively [26,37].

ig. 5 reveals a low negative impact of salinity on liquid enthalpy and

apor pressure and a high positive impact of temperature on these

hysical properties. On the other hand, this figure shows an opposite

rend for the formation brine density; with increasing temperature,

he density decreases and the salinity increased. These findings are

n accordance with the known effects of temperature and salinity on

ormation water PVT properties studied.

. Conclusions

A LS-SVM framework, as a supervised artificial intelligent

echnique, was designed to develop accurate models for the predic-

ion of various reservoir formation water PVT properties, i.e., liquid

aturation pressure, enthalpy and density. This method employed

oupled simulated annealing optimization technique for modeling

urposes. An extensive data bank covering a wide range of conditions

as collected from the literature to develop and test the models. A

ange of statistical quality measures were also implemented to deter-

ine the efficiency of the developed predictive models. Comparison

f the predictions of the developed models and empirical correlations

nd ANN models showed that the LS-SVM models are more accurate

han literature methods for estimating PVT properties of formation

ater. These results show that the LS-SVM modeling algorithm is a

eliable and accurate model for PVT calculations, and is a practicable

ethod for improving formation water treatment facilities and its

nalysis.
T predictive models.

NN models LS-SVM models

ARD RMSE R2 AARD RMSE R2

.284 1.613 1.0 0.074 0.561 1.0

.118 1.477 0.9998 0.033 0.454 1.0

.261 3.726 1.0 0.069 1.796 1.0
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