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ABSTRACT

Exact determination of pressure-volume-temperature (PVT) properties of the reservoir oils is necessary for re-
servoir calculations, reservoir performance prediction, and the design of optimal production conditions. The
objective of this study is to develop intelligent and reliable models based on multilayer perceptron (MLP) and
radial basis function (RBF) neural networks for estimating the solution gas—oil ratio as a function of bubble point
pressure, reservoir temperature, oil gravity (API), and gas specific gravity. These models were developed and
tested using a total of 710 experimental data sets representing the samples of crude oil from various geographical
locations around the world. Performance of the developed MLP and RBF models were evaluated and investigated
against a number of well-known empirical correlations using statistical and graphical error analyses. The results
indicated that the proposed models outperform the considered empirical correlations, providing a strong
agreement between predicted and experimental values, However, the developed RBF exhibited higher accuracy

and efficiency compared to the proposed MLP model.

1. Introduction

Accurate calculation of pressure-volume-temperature (PVT) prop-
erties of the reservoir fluids such as bubble point pressure, oil formation
volume factor (OFVF), total formation volume factor, solution gas—oil
ratio, oil viscosity, gas viscosity, oil density, gas specific gravity, oil
specific gravity, isothermal compressibility, surface tension and com-
position of the reservoir fluid plays a significant role in production and
reservoir engineering for the numerical simulation of reservoir, oil re-
covery estimation, well completion, well test analysis, fluid flow in
porous media, material balance calculations, production equipment
design, reservoir future performance analysis, and economic cost ana-
lysis [1-5].

PVT properties of crude oils can be obtained through laboratory
tests on reservoir fluid samples [6]. Samples of the reservoir fluid are
usually collected at an early stage in the reservoir's producing life and
dispatched to a laboratory for the full PVT analysis. There are funda-
mentally two ways of collecting such samples, either by direct subsur-
face sampling or by surface recombination of the oil and gas phases [7].
Although experimental methods are valid and reliable, they are costly,
time consuming, and require much care when taking test samples.
Under such circumstances, equations of state (EOSs) and empirical
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correlations can be used to predict PVT properties of reservoir oils.

EOSs are poor predictive tools unless they are tuned using the fluid
composition and some experimentally measured properties, such as
saturation pressure of a given hydrocarbon system. In addition, EOSs
involve numerous numeric computations and exhibit poor accuracy
when calculating the viscosity of crude oil [5]. On the contrary, em-
pirical correlations require neither any tuning process, nor the complete
set of fluid data. In most cases, empirical correlations use field data
such as reservoir pressure, reservoir temperature, oil gravity and gas
specific gravity for predicting PVT properties.

Among the PVT properties of reservoir fluids, solution gas-oil ratio
is the amount of gas that evolves from the oil as the oil is transported
from the reservoir to surface conditions. This ratio is defined in terms of
the quantities of gas and oil which appear at surface during production.
It is also called dissolved gas-oil ratio and gas solubility [8].

During the recent decades, several empirical correlations have been
proposed to estimate solution gas-oil ratio such as those presented by
Standing [9] for California crude oil, Vasquez-beggs [10] for a data
bank (oil samples from all over the world), Glaso [4] for North Sea
crude oil, Obomanu and Okpobiri [11] for Nigerian crude oil, Al-Mar-
houn [12] for Middle Eastern crude oil, Frashad et al. [13]for Co-
lombian crude oil, Petrosky and Farshad [14] for Gulf of Mexico crude
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oil, Kartoatmodjo and Schmidt [15]for Middle Eastern, Indonesian,
North and Latin American crude oils, and Dindoruk and Christman [16]
for Gulf of Mexico oil samples.

The accuracy of the mentioned empirical correlations and other
existing empirical correlations has been the subject of numerous studies
[17-21]. All of these studies have showed that these empirical corre-
lations may not provide a general correlation for the prediction of so-
lution gas-oil ratio for different types of oils with different properties at
different locations. Moreover these correlations were developed on the
basis of regression or graphical techniques, which may not give reliable
results.

During the past two decades, artificial neural networks (ANNs)
have been widely applied in many engineering disciplines including
the prediction of PVT properties of crude oils, porosity and perme-
ability assessments, prediction of minimum miscibility pressure,
pressure drop determination in production wells and pipelines, hy-
draulic fractures, enhanced oil recovery and calculation of reservoir
properties [22-29].

The implications of artificial intelligent based methods in various
fields have gained significant attentions in recent years such as appli-
cation back propagation (BP) feed forward neural network [30], hybrid
particle swarm optimization (PSO) and ANN (PSO-ANN) [31-36], least
square support vector machine (LSSVM) [37-47], unified particle
swarm optimization (UPSO) [48], couple of genetic algorithm (GA) and
fuzzy logic [49,50], fuzzy decision tree (FDT) [51] and imperialist
competitive algorithm (ICA) [52] which have been used to determine
the network structure and its relevant parameters.

This paper presents two powerful, intelligent calculation models
based on machine learning approaches for the prediction of solution
gas—oil ratio. These models are two different types of ANNs algo-
rithms, namely multilayer perceptron (MLP) and radial basis function
(RBF). A large data bank (710 data points), covering a wide range of
thermodynamic conditions was collected from open literature sources
for the development of the models. Afterwards, the accuracy and
validity of the developed MLP and RBF models were compared to
each other and also against several empirical correlations. Finally,
leverage approach was performed to detect probable doubtful data
points (outliers) and to find the applicability domain of the proposed
models.

2. Artificial neural networks

The first study on ANNs dates back to 1943 when McCulloch and
Pitts [53] created a simple neural network computing model. In 1949,
Hebb [54] introduced learning rules for neural networks. Since that,
ANN s have experienced a rapid growth and have been widely applied in
various fields.

ANNs are computer programs that are used to identify both linear
and non-linear relationships between the input and the output vari-
ables in a given data set. The purpose of an ANN is to map a set of
input patterns against a corresponding set of output patterns [55,56].
ANNs are capable of solving complicated problems which cannot be
expressed as mathematical algorithms. Based on the arrangement of
neurons and connection patterns of layers, different neural networks
can be created, MLP and RBF neural networks are two of the most
well-known neural networks with wide ranges of application in pro-
blem solving.
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Fig. 1. Architecture of a multilayer perceptron neural network.

2.1. Multilayer perceptron neural networks (MLP -NNs)

MLP-NNs include three sets of layers, namely input layer, hidden
layer(s), and also output layer (see Fig. 1).

These networks are essentially a combination of neurons, biases
assigned to neurons, interconnections or links among them and
weights assigned to these interconnections. Learning process is per-
formed according to input and target data sets and through training
algorithms.

Mathematically, a neuron K can be defined via the following two
equations:

Y = F (ue + by) (€8]
N
Uy = Wy X
=z )

where x, X3, X3, ..., X, denote the input signals, w1, Wi2, Wk3, ..., Wikn
are the connection weights of the neuron, u is the linear output of the
linear combination among weighted inputs, by is the bias term, f is the
activation function, and yy is the output signal of the neuron.

MLP-NNs are trained on the basis of back propagation (BP) algo-
rithm which follows a learning procedure based on error-correction
rule. In fact, the network produces network outputs by processing the
received input data. Then, by comparing the target values and the
output of the network, the error value is calculated. Afterwards, the
weights and biases are adjusted to minimize the error; the training
process continues until the network reaches a predefined minimum
allowable error. The error function that is used for this purpose is
usually mean square error (MSE).

2.2. Radial basis function neural networks (RBF-NNs)

RBF-NNs are widely used in various fields such as function ap-
proximation, pattern classification, etc. [57-60]. These networks are
very much considered for easy design, very strong tolerance to input
noise, fast and comprehensive training. This network responds well to
patterns that are not used for learning [61].

As shown in Fig. 2, the architecture of a RBF-NN is composed of
three layers, namely an input layer, a hidden layer, and an output layer.
The input layer serves only as input distributor to the hidden layer. The
hidden layer contains radial basis functions and the output layer gen-
erates the network output by linearly combining the outputs of hidden
neurons.
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Input layer Hidden layer Output layer

Fig. 2. Architecture of a radial basis function neural network.

The formulation of a RBF-NN output is as follows:

k
%00 =] wyg(llx — il
j=1 ©)

Where x is input vector, y; is the network's ith output, K is the number of
neurons in the hidden layer, C; denotes the center of the jth hidden
neuron, wy represents the weight of the link from the jth neuron in the
hidden layer to the ith neuron in the output layer, and ||. || is the
Euclidian norm. ¢ is the radial basis function which is used in the
neurons of hidden layer. This parameter is a multidimensional radial
basis function describing the difference between an input vector and a
pre-defined center vector. Different types of radial basis functions are
applied in the literature, with the most common applications referring
to the Gaussian Function which is defined as follows:

2
I—GjlI ]

2
20§

¢(lx — gll) = e[ 4
Where o0; is the width of the jth hidden neuron, Finding the centers,
widths, and the weights connecting hidden neurons to the output is the
key for constructing and training the RBF-NN. Both the dimensionality
and the distribution of the input patterns affect the number of the
hidden neurons. If the dimensionality is reduced, the number of hidden
neurons will also be decreased [58].

2.3. Comparison of MLP and RBF neural networks

Both MLP and RBF neural networks belong to a general class of
neural networks called feed-forward neural networks, where the in-
formation processing in the network structure follows one direction
from the input neurons to output neurons. There are a number of
fundamental differences between MLP and RBF neural networks [61].
First, RBF-NNs are simpler than MLP-NNs. Second, RBF-NNs are usually
easier to be trained than MLP-NNs because of the simple and fixed
three-layer structure. Third, RBF-NNs act as local approximation net-
works and the network outputs are obtained by specified hidden neu-
rons in definite local accessible fields, while MLP-NNs work globally
and the network outputs are decided by all the neurons. Fourth, MLP
and RBF neural networks have different classification techniques. In
RBF-NNs hyper spheres are used to separate clusters, while in MLP-NNs,
clusters are separated by hyper surfaces.
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3. Results and discussions
3.1. Data acquisition

One of the most important stages of development process any model
is to gather sufficient and valid data. Similar to majority of previous
works [4,9,10,12,14] solution gas-oil ratio (R;) was considered to be a
function of bubble point pressure (P,), reservoir temperature (Tz), oil
gravity (API), and gas specific gravity (y,), as follows:

Ry = f(Pp, Tz, APL 7,) 5)

In order to develop the MLP and RBF models, a total of 710 ex-
perimental data sets covering a wide range of experimental condition
were collected from various literature sources including Glaso [4], Bello
et al. [62], Mahmood and Al-Marhoun [63], Dokla and Osman [64],
Omar and Todd [65], Al-Marhoun [12], Gharbi and Elsharkawy [66],
Ghetto et al. [67], and Moghadam et al. [68]. Each set of data includes
bubble point pressure (Py,), reservoir temperature (T), oil gravity (API),
gas specific gravity (y,), and solution gas—oil ratio (R). Table 1 reports
statistical description of the data used for the development of the
models. As can be seen in Table 1, The oil gravity (API) has a range of
6.3-56.8 shows that the data covers an extensive range of crude oils
from volatile to heavy crude oil samples. The bubble point pressure
varies from 95 to 7141.7 Psia, reservoir temperature from 74 to
341.6 °F, gas specific gravity from 0.521 to 2.98 and solution gas—oil
ratio from 44 to 2637(SCF/STB).

3.2. Development of MLP and RBF models

In the first stage, the data points were normalized to range within {0
and 1} via the following equation:

Xoorm = (X = Xin)/ Kmax — (6)

Where x refers to the current value of a variable, and X,,,;; and X,,qx
representing the minimum and maximum values of the variable x in
the data set, respectively. In the next step, the database was randomly
divided into two categories, namely the training and test sets.
Appropriate selection of the training set can increase efficiency and
accuracy of the neural network in both test and training phases. In
fact, the training set is utilized to create the structure of the model
and test set is applied to investigate the predictive power and validity
of the proposed model. To develop the MLP and RBF models, 80%
(568 data sets) of the original data sets were randomly selected as the
training set and the remaining 20% (142 datasets) were used as the
test set.

A series of optimization processes was performed on different
parameters of the MLP and RBF networks, in order to determine op-
timum models with the highest accuracy and efficiency in terms of
solution gas-oil ratio prediction.

Both MLP and RBF networks were trained using BP algorithm to
minimize the MSE (Equation (7)) which was considered as the objective
function.

min)

n
MSE = 1 Z (target; — output;)?
n

i=1

@)

Where target and output denote experimental and predicted values,
respectively, and n shows the number of data points.
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Table 1

Statistical description of the data set used for developing the predictive models.
Properties Minimum Maximum Mean St. Dev Skewness Kurtosis
Bubble point pressure, Pb (psi) 95 7141.7 2084.654 1373.606 0.738154 0.226605
Reservoir temperature, Tg (°F) 74 341.6 198.178 52.59936 —0.1890119 —0.505347
Gas gravity, v 0.521 2.98 1.106313 0.4145858 1.5787317 2.471479
Oil gravity (API) 6.3 56.8 35.46143 7.3784988 —0.85779923 1.51115
Solution gas- oil ratio, Ry (SCF/STB) 44 2637 672.34161 477.013574 1.251315 1.544457

To obtain the best structure of MLP and RBF models, MLP network Where
models with one and two hidden layers were evaluated, also the
. . ) Xexp—X,
number of neurons in the hidden layers changed systematically. After E% = (M) x 100 (i =1,2,3,...,n)
each successful training process, the models were assessed to ensure Xexp ), ()]

that no over fitting problems occur and test data could be predicted
appropriately, as the optimal model must meet these two conditions.
Eventually, the model with a single hidden layer and 6 neurons in the
hidden layer was found to be the optimum MLP network model for the
prediction of solution gas—oil ratio.

Moreover, the transfer functions of Tansig and Purelin due to have
the best performance for estimating solution gas-oil ratio were con-
sidered as transfer functions for the hidden and output layers, respec-
tively.

As mentioned above, the RBF neural network was trained via BP
algorithm. This network comprises of three layers; the first layer is the
input layer, the second layer includes radial basis transfer functions,
and the last layer has a linear transfer function. Furthermore, an opti-
mization process was performed on the parameters of maximum
number of neurons in the hidden layer, as well as the spread parameter.
After investigating a number of different cases, optimized values for the
maximum number of neurons in the hidden layer and the spread
parameter were found to be 1.05 and 0.61, respectively.

3.3. Accuracy of the proposed models

In this part of paper, a comparative study was carried out to com-
pare the performance and accuracy of the proposed MLP and RBF
models versus several well-known published empirical correlations in
prediction of solution gas-oil ratio. The empirical correlations con-
sidered in the comparison are Standing [9], Glasg [4], Macary and El-
Batanoney [69], Vasquez and Beggs [10], Frashad et al. [13], Al-Mar-
houn [12], Dindoruk and Christman [16], Petrosky and Farshad [14].
In order to have a more comprehensive and better comparison, both
statistical error analysis and graphical analysis approaches such as cross
plots and error distribution plots were used as criterions to evaluate the
models.

The important statistical parameters used in this study include the
average percent relative error (APRE), average absolute percent re-
lative error (AAPRE), Maximum absolute percent relative error (Max.
APRE), root mean square error (RMSE), standard deviation (SD), and
correlation coefficient (R). These parameters can be calculated as
follows:

(1) Average percent relative error (APRE or )

n
E % = 1 D E%
nia (8)
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Where X, and Xp.q refer to the experimental data and calculated va-
lues by the model, respectively, while n denotes the total number of
available data points.

(2) Average absolute percent relative error (AAPRE or E,)

n
Eu% =~ Y IE%|
nia (10)
(3) Maximum absolute percent relative error (Max. APRE or )
Enax% = i:?maxlEi%l an
(4) Root mean square error (RMSE)
i 1 n
RSME = |— Z (xiexp - xipred)2
i aa2)
(5) Standard Deviation (SD)
| 1 " x X 2
| T
SD = “‘ Z iexp ipred
V=13 X 13)
(6) Correlation coefficient(R)
R= 1- —Z%‘ Ceg = xipfedz)z
V 2,’;1 (xipred - X) (14)

where X refers to the average experimental value and can be expressed
as follows:

n
Z xiexp
i=1

Statistical parameters of the developed MLP and RBF models for the
prediction of solution gas-oil ratio for the training, test, and total data
sets are reported in Table 2.

One of the most important criterions for performance evaluations of
a model is AAPRE. To visualize and compare the AAPRE of the pro-
posed MLP and BRF models as well as the available empirical correla-
tions, AAPRE values are plotted in Fig. 3. As is evident on the figure, the
proposed correlations by Petrosky and Farshad [14] and Al-Marhoun
[12] with AAPRE values greater than 40% fail to predict the solution
gas oil ratio correctly. Macary and El-Batanoney [69] correlation with

X =

S|

(15)
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Table 2
Statistical parameters of the developed MLP and RBF models to determine so-
lution gas—oil ratio.

Statistical parameter Value

MLP-ANN RBF-ANN
Training set
APRE, % 3.2760 —1.1938
AAPRE, % 14.4049 11.7213
Max. APRE, % 66.1501 48.0236
RMSE 117.4773 95.6738
SD 0.1860 0.1558
R 0.97394 0.97965
Number of data 568 568
Test set
APRE, % —5.4472 6.5766
AAPRE, % 16.8700 12.8837
Max. APRE, % 54.3899 40.0774
RMSE 132.4991 114.8967
SD 0.2135 0.1593
R 0.9633 0.97758
Number of data 142 142
Total
APRE, % 1.5313 0.3603
AAPRE, % 14.8979 11.9538
Max. APRE, % 66.1501 48.0236
RMSE 120.6314 99.8150
SD 0.1917 0.1565
R 0.96953 0.97818
Number of data 710 710

AAPRE of 32.2934% has a better efficiency compared to two mentioned
correlations. Standing [9], Glasg [4], Vasquez and Beggs [10], Frashad
et al. [13], Dindoruk and Christman [16] correlations provide relatively
more acceptable predictions with their AAPRE values ranging from
19.9397% to 27.2240%. Although the proposed MLP model

Petroleum 6 (2020) 80-91

outperforms all of the considered empirical correlations with an AAPRE
of 14.8979%, but the developed RBF model is finally recognized as the
best model for predicting solution gas-oil ratio with an AAPRE of
11.9538%.

Fig. 4 shows a comparison of the values of correlation coefficient
for the proposed MLP and BRF models as well as the considered
empirical correlations. The figure indicates that, among the pre-
dictive models studied in this research, the proposed MLP and RBF
models exhibited the highest correlation coefficients (0.96953 and
0.97818, respectively). The other models ended up with lower cor-
relation coefficients ranging from 0.74167 for Al-Marhoun correla-
tion [12] to a maximum of 0.9150 for Standing [9] correlation. The
higher accuracy of the proposed models confirms that these models
were successfully trained.

Fig. 5 is another indicator of robustness of the proposed MLP and
BRF models, as can be seen on this figure proposed models in this study
are able to provide small values for RMSE in the estimation of solution
gas oil ratio.

The other statistical parameters obtained by the proposed models
in this study and existing empirical correlations are reported in
Table 3. According to this table, Al-Marhoun [12] correlation has the
poorest prediction performance in terms of solution gas-oil ratio
prediction while Standing [9] correlation has the best results among
the considered empirical correlations. It should be mentioned that
empirical correlations proposed by Frashad et al. [13], Petrosky and
Farshad [14], Al-Marhoun [12], and Dindoruk and Christman [16]
overestimate the solution gas-oil ratio, while the correlations of
Standing [9], Glase [4], Macary and El Batanoney [69], and Vasquez
and Beggs [10] underestimate this property. Moreover, a comparison
between the developed MLP and RBF models shows that, the pro-
posed RBF model not only outperforms the studied empirical corre-
lations, but also exhibits better efficiency than the prepared MLP
model for predicting the solution gas—oil ratio, as indicates by lower
AAPRE, RMSE, and SD values and higher R value.

Fig. 6 represents cross plots of the predicted values by the developed
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Fig. 3. Comparison of the average absolute percent relative error for the empirical correlations and the proposed models.
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Fig. 4. Comparison of correlation coefficient for the empirical correlations and the proposed models.
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Fig. 5. Root mean square error of empirical correlations and the proposed models.

Table 3

Statistical error analysis of the empirical correlations, and the proposed MLP and RBF models in terms of solution gas—oil ratio estimation.
correlation APRE (%) AAPRE (%) Max. APRE (%) RMSE SD R
Standing [9] 3.2938 19.9397 81.1125 200.5497 0.2603 0.9150
Glasg [4] 11.5082 21.0610 72.7645 226.5676 0.2565 0.9120
Macary and El-Batanoney [69] 21.5977 32.2934 131.1207 269.6604 0.3890 0.87486
Vazquez and Beggs [10] 15.0113 22.7103 85.3337 229.3675 0.2799 0.9101
Frashad et al. [13] —-1.3491 25.3886 137.9288 237.5711 0.3303 0.89723
Al-Marhoun [12] —27.1304 41.0253 368.0851 383.4343 0.6328 0.74167
Dindoruk and Christman [16] —3.4786 27.2240 138.0063 283.6925 0.3590 0.84405
Petrosky and Farshad [14] —24.3541 42.3995 264.6868 253.8499 0.6560 0.8615
MLP-ANN Model 1.5313 14.8979 66.1501 120.6314 0.1917 0.96953
RBF-ANN Model 0.3603 11.9538 48.0236 99.8150 0.1565 0.97818
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Fig. 6. Cross plots of solution gas—oil ratio for (a) Standing [9] correlation, (b) Glasg [4] correlation, (c) Petrosky and Farshad [14]correlation, (d) Al-Marhoun [12]

correlation, (e) MLP-ANN model, and (f) RBF-ANN model.

MLP and RBF models, as well as Standing [9], Glasg [4], Al-Marhoun
[12], Petrosky and Farshad [14] correlations against experimental data.
As can be seen on the figure, almost all the data points in developed
RBF model are located on the 45° line which confirms the accuracy and
robustness of the proposed RBF model compared with proposed MLP
model and empirical correlations for the solution gas-oil ratio predic-
tion.

Al-Marhoun [12] correlation with RMSE of 383.4343 and R of

86

0.74167 was proved to be the poorest correlation to estimate the so-
lution gas-oil ratio, so that it was associated with the most largely
scattered data, as can be seen on Fig. 6. Generally, the predicted values
by the empirical correlations deviate more from the 45° line at higher
values of solution gas—oil ratio. This indicates that these correlations are
not suitable for accurate prediction at high values of solution gas—oil
ratio.

Fig. 7 represents the error distribution curves of Standing [9], Glasg



A. Hashemi Fath, et al.

100
® 60
=]
2
2 2F
5 TR L
<
g 0
=
L3
& 60 Standing
-100 . ) . . ,
0 500 1000 1500 2000 2500 3000
Experimental solution gas oil ratio,SCF/STB
a
100
N
= 0
.2
i
=
3 -100
(o)
2 a4
S -200 h .
A~ .‘*‘g + Petrosky and Farshad
=300 . . : . .
0 500 1000 1500 2000 2500 3000
Experimental solution gas oil ratio,SCF/STB
c
100
&
=
o=
k=
>
3
o
=
=
o
=4
+ MLP-ANN
-100 - . . : .
0 500 1000 1500 2000 2500 3000

Experimental solution gas oil ratio,SCF/STB

[$

Petroleum 6 (2020) 80-91

100
SN
=
2
5]
3
<
o
2
=
o A
o L.
. + Glaso
-100 ‘ ) . . -
0 500 1000 1500 2000 2500 3000
Experimental solution gas oil ratio,SCF/STB
b
100
IS 0 K " dag-Aatis
=
g
E-100 |
5
S
2200
=
& 300 |
Al-Marhoun
-400 . L . . .
0 500 1000 1500 2000 2500 3000
Experimental solution gas oil ratio,SCF/STB
d
100
IS
=
2
k=
5
K =
[
i
=
[}
&
« RBF-ANN
-100 - . . - .

0 500 1000 1500 2000 2500 3000

Experimental solution gas oil ratio,SCF/STB
f

Fig. 7. Error distribution plots of (a) Standing [9] correlation, (b) Glasg [4] correlation, (c) Petrosky and Farshad [14] correlation, (d) Al-Marhoun [12] correlation,

(e) MLP-ANN model, and (f) RBF-ANN model for solution gas-oil ratio.

[4], Al-Marhoun [12], Petrosky and Farshad [14] correlations as well as
the developed MLP and RBF models for solution gas—oil ratio. This
figure confirms that the developed RBF model has the least scattering
around the zero error line.

Furthermore, in order to attain a general view, a point-to-point
comparison was made between the solution gas-oil ratio values
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obtained via the proposed MLP and RBF models and Standing [9],
Glasp [4], Al-Marhoun [12], Petrosky and Farshad [14] correlations
against the experimental data (Fig. 8). As it is clear from Fig. 8, the
developed RBF model exhibits the best performance, providing a
good match between the calculated results by this model and ex-
perimental data.
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Fig. 9. Detection of probable suspected data and the applicability domain of the
developed MLP-ANN model.
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3.4. Outlier detection

An outlier is defined as a data which is very different from the rest
of the data based on same measure [70]. In order to develop the
mathematical models outlier detection is very important. In this
study, Leverage Value Statistics [71,72] method was used to de-
termine suspected data or outliers, and to find applicable domains for
the proposed MLP and RBF models. Therefore, sketching the Williams
plot based on the calculated H values, a fast yet accurate graphical
detection method was employed to recognize outliers or suspected
data points. A detailed description of the procedure and equations
used in this method can be found in literature [73-75]. The Williams
plots have been sketched in Figs. 9 and 10 for the results using MLP
and RBF models, respectively. The existence of the majority of data
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Fig. 10. Detection of probable suspected data and the applicability domain of
the developed RBF-ANN model.

points in the ranges —3 <R < 3 and 0 < H < 0.02112 confirms that
the applied MLP and RBF models are statistically correct and valid.

As can be seen from Fig. 9, for the MLP model only 14 data points
have R > 3 or R < —3 and 7 data points have Hat values greater than
0.02112, therefore these data points (2.96% of data points) can be
considered as outliers and they fall outside of the applicability do-
main of the proposed MLP model. Further, Fig. 10 shows that, only 16
data points (2.25% of data points) fall outside the applicability do-
main of the proposed RFB model and can be considered as outliers.
Therefore, both models were found to be statistically valid and ac-
ceptable.

4. Conclusions

In this study, a multilayer perceptron (MLP) neural network model
and a radial basis function (RBF) network model were developed to
predict the solution gas-oil ratio of oil reservoirs.

A total of 710 experimental data sets covering wide ranges of
experimental conditions from different geographic locations were
collected to construct and test the models. The input data into the
MLP and RBF models included bubble point pressure, reservoir tem-
perature, oil gravity, and gas specific gravity. The obtained MLP and
RBF models were found to be reliable for the prediction of solution
gas oil ratio of crude oil systems with bubble point pressure in the
range of 95-7141.7 psi, temperatures between 74 and 341.6 F, oil
gravity values of 6.3-56.8 API and gas gravity values between 0.521
and 2.98.

The comparison between the values of solution gas-oil ratio pre-
dicted by the developed models and several published empirical cor-
relations revealed that the developed MLP and RBF models out-
performed all of the studied empirical correlations as these models
achieved the lower AAPRE, Max. APRE, RMSE, and SD values and the
higher R. In addition, the RBF model exhibited higher efficiency and
accuracy compared to the MLP model. Leverage mathematical strategy
showed that the developed MLP and RBF models are statistically valid
and acceptable, and less than 3% of the data points can be considered as
the probable outliers. The performance of the proposed MLP and RBF
models confirmed that these models can be utilized in the absence of
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experimental approaches for the accurate calculation of solution gas oil
ratio.

Nomenclature

AAPRE average absolute percent relative error, %

ANN artificial neural network

API oil API gravity

APRE average percent relative error, %

BP back propagation

Max APRE maximum absolute percent relative error, %
MLP multilayer perceptron

MLP-ANNmultilayer perceptron artificial neural network
MLP —NN multilayer perceptron neural network

MSE mean square error

OFVF oil formation volume factor
Py bubble point pressure, psi
PVT pressure volume temperature

R correlation coefficient

R, solution gas-oil ratio, SCF/STB

RBF radial basis function

RBF-ANN radial basis function artificial neural network

RBF-NN radial basis function neural network
RMSE root mean square error

SCF standard cubic feet

STB stock tank barrel

SD standard deviation

Tr reservoir temperature,’F

Y gas specific gravity
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