Journal of Chemical and Petroleum Engineering 2019, 53(2): 177-189
DOI: 10.22059/jchpe.2019.266793.1251

RESEARCH PAPER

Bubble Pressure Prediction of Reservoir Fluids using
Artificial Neural Network and Support Vector Machine

Afshin Dehghani Kiadehi, Bahman Mehdizadeh, Kamyar Movagharnejad*

Faculty of Chemical Engineering, Babol Noshirvani University of Technology, Babol, Iran

Received: 7 October 2018, Revised: 19 August 2019, Accepted: 2 September 2019
© University of Tehran 2019

Abstract

Bubble point pressure is an important parameter in equilibrium calculations of | Keywords:

reservoir fluids and having other applications in reservoir engineering. In this work, | Artificial Neural Network,
an artificial neural network (ANN) and a least square support vector machine (LS- | Bubble Pressure,

SVM) have been used to predict the bubble point pressure of reservoir fluids. Also, | Empirical Correlations,
the accuracy of the models have been compared to two-equation state-based | Genetic Algorithm,
models, i.e. SRK-EOS and PR-EOS and four empirical equations, i.e. Whitson, | Reservoir Fluids,
Standing, Wilson and Ghafoori et al. Compared to the experimental data, the | Support Vector Machine,
average relative deviations (ARD) of bubble pressure prediction for these equations
were obtained to be 14%, 29%, 66%, 30%, 38%, and 11%, respectively. The best
semi-empirical equation has an ARD of about 11% while, the ANN and LS-SVM
models have an ARD of 8% and 4.68%, respectively. Thus, it can be concluded that
generally, these soft computing models appear to be more accurate than the
empirical and EOS based methods for prediction of bubble point pressure of
reservoir fluids.

Introduction

One of the most important parameters in equilibrium calculations of reservoir fluids is bubble
point pressure. Bubble point pressure values are widely used in reservoir engineering
calculations such as reservoir simulation, separator condition design, obtaining the optimum
production rate, future performance prediction and material balance calculations of reservoir
fluids. The accuracy of these calculations strongly depends on the accuracy of bubble point
pressure measurements. Bubble point pressure is defined as the pressure at which the first gas
bubble comes out of liquid phase at a constant temperature. The most important method used
to calculate bubble point pressure is using the K-values predicted based on an empirical relation
or equation of states. K-value is defined by the following equation [1]:

_Yi

K;
Xi

(1)

where, yi and x; are the mole fractions of componenti in the vapor and liquid phases,
respectively. Although pressure-volume-temperature (PVT) experiments for K values
calculations provide reliable results, they are very time-consuming and expensive. Thus, many
researchers try to find fast and accurate ways for forecasting the bubble point pressure such as
the development of different empirical relations for K-values prediction [2-4]. Although
empirical equations are rapid paths for K-values calculations, the coefficients of these
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equations usually obtained from the least square method using experimental data and are
specific for each component. In the present work, an artificial neural network (ANN) and least
square support vector machines (LS-SVMs) has been used for bubble pressure prediction of
reservoir fluids. The result showed the average relative deviations (ARD) of these methods are
less than classic methods.

Theory
Empirical Correlations

Wilson [5] developed a correlation to estimate the K-value as a function of critical pressure,
temperature, and acentric factor as follows:

P..
Ki =—exp [5.37(1 + w)(1 - Tg,)] )
where Pg; is the critical pressure of component i, Tr; is the reduced temperature of component i

and P is the system pressure.
Standing [6] proposed the following relation for the calculation of K-value:

e = v 5) (-3 :
nhbE=ar i1\, T ®)
where a and c are functions of pressure and bj is defined as follows:

=100 (sg1353) Mlis) (7 7) :
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where, P, Tei, and Ty are critical pressure, critical temperature and normal boiling point of
component i, respectively.
Whitson and Torp [7] presented a new equation using the convergence pressure (Px):

PP,
K; = (P—a> %exp[5.37a(1 + w)(1 = Te)] (5)
k

where Py is the particular pressure that K-values of all components in a reservoir fluid converges
to unity at this pressure. Also, a expressed as follows:

a1 (%) ©)

In low pressures, o approaches to unity and Whitson equation (Eg. 5) is reduced to the
Wilson equation (Eq. 2). Ghafoori et al. [8] introduced a new equation, which was a function
of more common properties such as critical pressure, temperature, and acentric factor as
follows:

1
K, = (P_) exp[5.378(1 + w;))(1 — T5Y)] @)

ri

where Py is the reduced pressure of component i, and /8 is obtained from the following equation:
P TRrmix
) ®)

5=1—(P—k
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where Trmix IS the reduced temperature of the mixture:
T
Trmix = ©)

Tcmix

where Tcmix IS the critical temperature of the mixture and obtained from the following mixing
rule:

Temie = ) Zi T (10)

where Tci and Z; are the critical temperature and mole fraction of component i.

Least Square Support Vector Machine

Support Vector Machines (SVMs) are a strong kernel based on the statistical learning theory
(SLT) and the structural risk minimization (SRM) principle introduced by Vapnik [9]. SVMs
recognize patterns, estimate function and also, solve the nonlinear problems via solving the
quadratic programming (QP) [10]. LS-SVMs are an alternative formulation of the standard
SVMs, which find the solution by solving a set of linear equations instead of a QP problem
[11].

The standard LS-SVM algorithm has been described as follows; Given a set of training data
like this:

{Cen, 31)- - (i i)} € RY x R (11)

The following regression model is constructed by using a nonlinear mapping function ¢ (x),
which maps the input data to a higher dimensional feature space:

y=wT.p(x)+b withw eR" b eR,p: RN > R¥Y M > o (12)
where w is the weight vector and b is the bias. When the least squares support vector is used as
an approximation function, a new optimization problem is created in the case of SRM. The

quadratic loss function is selected in LS-SVM. The optimization problem of LS-SVM is created
as:

Min J (w, e) :%WT.W + %yzgﬂ el (13)

The constraint of these equations is:

y=w’.@(x), + b+e, k=1...N (14)

y is the regularization parameter that balances the model’s complexity and the training error,
and ey, is the desired error. In order to solve the constrained optimization problem, a Lagrangian
Is constructed as:

L(w,bex)=Jwe)-YF < {wWl.ox),+b+e,—y} (15)

In this equation o is Lagrange multipliers and called support value. The solution of the
above equation can be obtained by partially differentiating with respect to each variable.

7]
=0 > W=XR o (%) (16)
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k

When the variable w and e is removed, the Karush-Kuhn-Tucker (KKT) system is obtained
as:

01xn 1N ] b _[O]

Ingg Z+Y7LI <= y (20)
With
y: [le ""yN] (21)
1=11,..,1] (22)
0=10,...,0] (23)
=[xy, ..., Xy] (24)
Z:{ijlk,] = 1, ,N} ) ij = (p(xk) TQD(.X]) = K(xk,xj)] = 1, ,N (25)

In the above equation K (xy, x;) is the kernel function and must follow Mercer’s theory [12].
The common examples of kernel function are linear, polynomial, radial basis function (RBF)
kernel and multi-layer perceptron (MLP). In the present work, the RBF kernel was selected as
the kernel function (Eq. 26).

Il x — x; 112

K(x,x,) = exp (— 52 ) (26)
The LS-SVM regression model can be obtained as:
y(X) =Xk=1 %k - K (e, ) + b (27)

where (b, a) is the solution to Eq.16. The general topology of the LS-SVM model is presented
in Fig. 1.
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Fig. 1. The general topology of the LS-SVM model
Genetic algorithm
Genetic Algorithms (GA), to obtain a fast search and optimization technique, use the “survival
of the fittest” principle of natural evolution with the genetic propagation of characteristics [13].
The most important aspect of a GA is that it determines many possible solutions simultaneously
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and explores different regions in the desired space chosen by the user [14]. GA, uses a direct
analogy to Darwinian natural selection and genetics in biological systems, is a promising
alternative to conventional traditional methods. Based on the Darwinian principle of ‘survival
of the fittest’, GA can obtain the optimal solution after a series of iterative computations. The
search process is composed of artificial mutation, crossover, and selection [15]. The adjusting
processes of GA include three steps:

1. Chromosome design: in this step y and &2 coded to form the chromosome. The
chromosome X was presented as X={p;, p,} Where p,and p, are y and &* respectively

in this work.

2. Population generation: in this step randomly initialized a population of possible
solutions is generated.

3. Fitness study: in this step a fitness function is evaluated. In the present work, ARD of
testing data was used as a fitness function. Steps of the GA learning algorithm are
detailed in the literature [12].

These three steps generate a new population of possible solutions, which as compared to the
previous population; usually lead to better at satisfying the optimization objective. The best-
obtained string after repeating the above-described loop forms the solution to the optimization
problem [16,17]. Fig. 2 depicts the steps of a GA for tuning the parameters of our proposed LS-
SVM methods, which is defined above.

Encoding L. 5-5VM parameter
- -

Creating initial population
- =

4{ Training L 5-5VM model

-

GA fimessevaluation

Optimized
parameters of
LS-SVM model
obtained

Are terminal
conditions
satisfied?

» Selection

» Crossover
» Mutation

4[ New parameterspopulation ]

Fig. 2. The overall procedure of tuning the parameters of LS-SVM with GA

Artificial neural network

Neurons are the main building blocks of neural networks. In an ANN a neuron sums the
weighted inputs from several connections and then the output of neurons is produced by
applying transfer function to the sum. There are many transfer functions but, the common
transfer function is sigmoid and we used this transfer function. The sigmoid function can
be expressed by the following equation:
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1

g, = —— 28
7o 1+eVi (28)

In Eq. 28 vy is the sum of weighted inputs to each neuron and @ is the output of each neuron
and 1 can be calculated from Eq. 29.

1/)]- = <Z Wij-9i> + bj (29)

In Eq. 29, w;; denotes a connection between node j of interlayer | to node i of interlayer I-1,
b; is a bias term and n is the number of neurons in each layer. In any interlayer | and neuron j,
input values integrate and generate ;.

In order to minimize the difference between experimental data and the calculation of the
neural network, the mentioned process repeats for the total number of training data. After
training, validation of the neural network can be done by testing data.

Numerous types of artificial neural networks exist such as MLP, RBF networks and recurrent
neural networks (RNN). The type of network used in this work is the MLP network. MLP
networks are one of the most popular and successful neural network architectures, which are
suited to a wide range of applications such as prediction and process modeling [12,15,18].

Preparation Of Training Dataset

Based on the results of published literature, the bubble pressure of reservoir fluids strongly
depends on mole fractions of reservoir fluids components, the molecular weight of C7+, specific
gravity of C7+ and temperature [9]. In this work, all data was divided into two parts (70% for
training and 30% for testing).

To prevent a larger number from overriding a smaller number, all data were normalized.
Normalization can be done by several equations. In this work, data was scaled between [0.1-
0.9] by means of Eq. 30.

(Actual)ygrye — MIN(Actual value)

maxactual value) — MN(Actual value)

(Scaled)yaiye = * 0.8+ 0.1 (30)

Table 1 introduces systems that are used in this work in order of bubble pressure prediction
of reservoir fluids.

Optimization Of LS-SVM Based On GA

Accurate parameter (y,52) setting plays a significant role in obtaining a proper LS-SVM
regression model with high prediction accuracy. In present work, total available data are divided
into two parts: training data (70% of data) and testing data (30 % of data) randomly and ARD
of testing data is calculated by means of Eq. 31.

yexp_ycal

yexp

100 N

ARD =22 x S, (31)

RBF as a kernel function was used for LS-SVM. The objective is the minimization of ARD
on the testing dataset.
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Table 1. The experimental composition and bubble pressure of reservoir fluid using in this article

No. N2 CO2 H2S Ci C Cs C4 Cs Cs Cr+ ycr+ Mwc7+ T P Ref.
1 0.24 0.27 0 66.83 8.28 5.15 3.31 204 185 12.03 0.8 182 375 33163988 [22]
2 0.3 0.9 0 5347  11.46 8.79 4.56 209 151 12.69 0.864 143 353 30750808 [23]
3 0.3 0.9 0 53.47 11.46 8.79 4.56 2.09 151 16.92 0.836 173 353 30750808 [23]
4 0.3 0.9 0 53.47 11.46 8.79 4.56 2.09 151 16.92 0.8364 173 353 30750808 [23]
5 1.02 0.4 0 54.62 11.47 7.33 4.01 1.96 142 17.77 0.808 218 347 26889720 [22]
6 0 0 0 47.47 6.51 4.89 6.61 6.87 7.59 20.06 0.8259 181 394 21994412 [24]
7 0 0 0 60.88 7.38 5.03 2.78 196 184 2013 0.836 191 361 34474000 [23]
8 0.38 7.03 0 48.73 8.93 5.48 4.05 3 214 20.26 0.805 181 427 28654789 [25]
9 0.35 3.14 0 54.26 8.57 5.72 3.21 195 153 2127 0.823 271 388 32453824 [26]
10 0.25 3.6 232 4764 6.5 4.5 4.035 3.3 274 2512 0.818 279 394 27627464 [26]
11 0.9 1.49 0 51.54 6.57 4.83 3.07 238 217 27.05 0.833 265 364 31481657 [27]
12 0.44 0.38 0 49.1 7.6 6.13 3.84 2.52 2 28 0.836 231 366 25779657 [28]
13 0.06 1.1 0 43.13 10.46 7.24 4,57 2.82 234 2829 0.884 214 389 22187466 [22]
14 0.06 0.94 0 4444  10.76 6.18 4.04 263 257 28.38 0.846 195 389 25028124 [19]
15 0.05 0.85 0 4105  11.07 7.07 4.82 289 319 29.01 0.848 198 389 22994158 [22]
16 0.03 1.04 0.03 41.88 10.6 7.01 4.29 316 289 29.07 0.848 200 386 22297783 [22]
17 0.03 0.97 0 4164  10.82 7.52 4.5 3 2.43  29.08 0.85 208 389 21160141 [22]
18 0.45 1.64 0 45.85 7.15 6.74 3.95 268 128 30.26 0.826 286 387 25903764 [26]
19 0.55 1.03 0 36.47 9.33 8.85 6 3.78 356 3043 0.837 200 386 18933121 [23]
20 0.55 1.03 0 36.47 9.93 8.85 6 3.78 356 3043 0.837 200 386 18933121 [23]
21 0.04 0.78 0 40.91 10.72 6.64 4.44 2.62 251 3134 0.845 202 389 21511776 [22]
22 0.06 0.85 0 40.7 10.54 6.55 4.41 2.72 281 3136 0.847 195 391 21925464 [22]
23 0.41 0.44 0 40.48 7.74 8.2 5.45 3.64 2.83 3142 0.845 210 371 19898393 [28]
24 0.34 0.84 0 49.23 6.32 4.46 3.04 2.26 2.06 3145 0.865 230 367 27448199 [28]
25 0.01 0.89 0.3 39.68 10.37 7.18 4.47 3.09 275 3153 0.932 197 391 21104983 [22]
26 0] 9.11 0 45.58 5.11 3.03 2.18 1.92 154 3153 0.894 270 361 26476032 [22]
27 0 0.01 0 31 1041 11.87 7.32 441 255 3243 0.743 199 328 11169576 [22]
28 0.9 0.16 0 47.12 5.97 4.62 3.49 255 219 33 0.85 217 348 23400951 [28]
29 0.02 0.12 0 151 10.64 23.23 15.95 8.76 6.57 33.2 0.8367 251 342 1723700 [29]
30 0.16 0.91 0 36.47 9.67 6.95 5.37 285 433 3329 0.852 218 378 18064376 [27]
31 0.02 0.99 0.04  38.79 10.07 6.86 4.18 2.92 277 33.38 0.849 210 389 20815401 [22]
32 0.33 3.03 0 41.33 8.89 5.95 4,12 2.66 0 33.69 0.848 200 367 22063360 [22]
33 0.31 0.69 0 47.69 6.64 4.59 2.59 1.16 169 34.64 0.869 234 384 26200240 [28]
34 0.11 2.35 0 35.21 6.72 6.24 5.07 5.23 4.1 34.97 0.841 213 394 17561056 [22]
35 0.11 2.35 0 35.21 6.72 6.24 5.07 3.8 4.1 34.97 0.841 213 394 17561056 [22]
36 0.67 211 0 34.93 7 7.82 5.48 5.018 3.04 35.15 0.855 230 388 18781435 [28]
37 0.08 1.82 0 32.17 7.627 7.221 6.507 3.82 4.08 3547 0.812 279 393 15506405 [26]
38 1.64 0.08 0 28.4 7.16 10.48 8.4 3.82 405 3597 0.843 252 328 11679791 [23]
39 1.64 0.08 0 28.4 7.16 10.48 8.4 3.82 405 3597 0.843 252 328 11776318 [6]
40 1.64 0.08 0 28.4 7.16 10.48 8.4 1.6 405 35.97 0.843 252 328 11679791 [23]
41 0.56 3.55 0 45.34 5.48 3.7 2.35 1.6 133 36.12 0.836 253 366 26786298 [27]
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GA-LSSVM Modeling

GA-LS-SVM was carried out by LSSVMLab 1.6 free toolbox and the Genetic Algorithm
Toolbox of MATLAB R2008 b was used for parameter setting. All programs were run on a
Pentium IV(CPU 2.7 GHz and 2GB RAM) personal computer with Windows XP operating
system.

Neural modeling

Accuracy of neural network prediction strongly related to the number of neurons in the hidden
layer. Fig. 3 illustrates the ARD versus the number of neurons in the hidden layer. This graph
clearly shows that 13-15-1 topology is the best topology with a minimum amount of error.
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Fig. 3. Average relative deviation versus the number of neurons in the hidden layer
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Fig. 4. ARD of different methods
Results and Discussion

The parameter setting step of LS-SVM is the most important step. In this work, we used genetic
algorithm optimization method for parameter setting. Data is divided into two parts (70% for
training and 30% for testing). After training of data with the training subset, the average relative
deviation of testing data was calculated for accurate determination of model. As mentioned
before average relative deviation of testing data was used as an objective function in the
parameter setting step. The average relative deviation was calculated by means of Eq. 27.
Results showed the LS-SVM model with y =39.82 and §2=102.55 presents a minimum ARD.
Also, our study showed a neural network with a sigmoid transfer function and 13-15-1 topology
is the most accurate neural model.
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Results showed GA-LS-SVM is more accurate than neural network and semi-empirical
equations. The best semi-empirical equation has an ARD about 11% while our proposed model
(withy =39.82 and §2=102.55) has an ARD of about 4.68% and the accuracy of the neural
model is 8%. In Fig. 4 ARD of different methods is compared.

Conclusions

In this study, ANN and LS-SVM methods were compared with semi-empirical equations for
the prediction of bubble point pressures of 122 crude oil samples. Pressure and temperature of
these reservoir fluids were in a wide range of 1482382 and 34474000 Pa, and 317 and 427 K,
respectively. Results showed that ARDs of testing data were 4.68% and 8% for LS-SVM and
ANN models, respectively while the best semi-empirical equation’s ARD was 11%. Also, it
was found that a unique LS-SVM with two appropriate adjusting parameters can predict the
bubble pressure of reservoir fluids accurately. It can be concluded that LS-SVM and neural
modeling can be considered as a suitable substitute for traditional empirical correlations
obtained by regression.

Nomenclature

List of symbols

bj Bias term

ek Desired error

K Kernel function

Ki K-value of component i

Mw c7+ Molecular weight of C7+

P Pressure (Pa)

Pei Critical pressure of component i (Pa)

Pk Convergence pressure (Pa)

Pri Reduced pressure of component i

T Temperature (K)

Thi Normal boiling point of component i (K)

Tci Critical temperature of component i (K)

Tcmix Critical temperature of the mixture (K)

Tri Reduced temperature of component i

Trmix Reduced temperature of the mixture

w Weight vector

Xi Mole fractions of component i in the liquid phase
Yi Mole fractions of component i in the vapor phase
Zi Mole fraction of component i

(X, Yk) Original values of a sampling point

Greek letters
Ok

Lagrange multipliers

Y, 0 Parameters of LS-SVM model

Y7+ Specific gravity of C7+

0 Output of each neuron

o (X) Nonlinear mapping function

1} Sum of weighted inputs to each neuron
i Acentric factor of component i
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List of abbreviations

ANN Artificial neural network
ARD Average relative deviations
GA Genetic algorithms

KKT Karush-Kuhn-Trucker
LS-SVMs Least square support vector machines
MLP Multi-layer perceptron

QP Quadratic programming
RBF Radial basis function

RNN Recurrent neural networks
SLT Statistical learning theory
SRM Structural risk minimization
SVMs Support vector machines
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