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a b s t r a c t

Bubble point pressure is one of the most important pressureevolumeetemperature properties of crude
oil, and it plays an important role in reservoir and production engineering calculations. It can be precisely
determined experimentally. Although, experimental methods present valid and reliable results, they are
expensive, time-consuming, and require much care when taking test samples. Some equations of state
and empirical correlations can be used as alternative methods to estimate reservoir fluid properties (e.g.,
bubble point pressure); however, these methods have a number of limitations. In the present study, a
novel numerical model based on artificial neural network (ANN) is proposed for the prediction of bubble
point pressure as a function of solution gaseoil ratio, reservoir temperature, oil gravity (API), and gas
specific gravity in petroleum systems. The model was developed and evaluated using 760 experimental
data sets gathered from oil fields around the world. An optimization process was performed on networks
with different structures. Based on the obtained results, a network with one hidden layer and six neurons
was observed to be associated with the highest efficiency for predicting bubble point pressure. The
obtained ANN model was found to be reliable for the prediction of bubble point pressure of crude oils
with solution gaseoil ratios in the range of 8.61e3298.66 SCF/STB, temperatures between 74 and
341.6 �F, oil gravity values of 6e56.8 API and gas gravity values between 0.521 and 3.444. The perfor-
mance of the developed model was compared against those of several well-known predictive empirical
correlations using statistical and graphical error analyses. The results showed that the proposed ANN
model outperforms all of the studied empirical correlations significantly and provides predictions in
acceptable agreement with experimental data.

© 2018 Southwest Petroleum University. Production and hosting by Elsevier B.V. on behalf of KeAi
Communications Co., Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

For a hydrocarbon system, bubble point pressure refers to the
highest pressure at which the first gas bubble starts leaving oil to
form a separate gas phase [1,2]. Bubble point pressure is one of the
most important pressureevolumeetemperature (PVT) properties

of petroleum systems which, together with other properties, plays
a significant role in a number of reservoir and production engi-
neering calculations such as mass balance calculations, well and
reservoir simulation, flow performance calculations, production
facilities design, enhanced oil recovery projects, reservoir future
performance forecast, and economic evaluation [3e7].

Bubble point pressure can be obtained in laboratory by con-
ducting constant-composition expansion (CCE) test on reservoir
fluid samples [1]. In CCE test that is also called flash evaporation,
flash separation, flash expansion or volume-pressure relation, first
some reservoir fluid is put in a visual PVT cell at reservoir
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temperature and a pressure higher than initial reservoir pressure.
Next, step by step by reducing the pressure at constant tempera-
ture, the total hydrocarbon volume is measured and plotted against
the pressure; on this plot, the pressure at which plot slop changes is
recognized as the bubble point pressure [1]. Although the experi-
mental method provides well-precise and valid results, it is time-
intensive and requires much care when taking fluid samples from
the oil reservoir [2]. In cases where experimental data is not
available, one can use equations of state or empirical correlations to
estimate PVT properties. Equations of state are often associated
with well-complicated calculations and require a complete set of
data on reservoir fluid composition.

During the last seven decades, researchers have presented
many empirical correlations for the estimation of PVT properties
of crude oils. These correlations enjoy simple calculations and
mostly they have been introduced for one or more than one
specific geographical locations with given chemical composition
and range of other data for reservoir oil. The correlations are
developed based on linear, non-linear, and multiple regression as
well as graphical techniques. Most of these correlations are
developed assuming bubble point pressure as a function of solu-
tion gas-oil ratio, reservoir temperature, oil gravity (API) and gas
specific gravity.

In 1947, Standing [8] used 105 experimental data sets collected
from oil samples taken from different locations across California to
propose graphical correlations for the calculation of bubble point
pressure, oil formation volume factor (OFVF), and total OFVF.
Standing ended up with average errors of 4.8%, 1.17%, and 5% for
bubble point pressure, OFVF, and total OFVF, respectively.

In 1958, Lasater [9] used 158 experimental data sets of oil
samples taken from Canada, America, and South America to pro-
pose a correlation for the prediction of bubble point pressure. The
correlation was based on oil samples free from non-hydrocarbon
components. Lasater [9] expressed that; the presence of such
components might contribute into underestimated bubble point
pressure, reporting an average error of 3.8% for his correlation.

In 1980, Vasquez and Beggs [10] investigated 600 experimental
data sets collected from oil fields around the world and presented
correlations for the calculation of PVT properties such as solution
gas oil ratio, saturated and undersaturated OFVF, and undersatu-
rated oil viscosity. Their study showed that separation conditions
have a significant effect on gas gravity that is an important corre-
lating parameter in their correlation. Therefore, they suggested
adjusting the gas gravity at a separator pressure of 100 psig.
Furthermore, they subdivided oil samples into two groups (API> 30
and API� 30).

In 1980, Glasø [11] presented correlations to predict bubble
point pressure, OFVF, total OFVF, and dead oil viscosity. The corre-
lations were developed on the basis of 45 crude oil samples most of
which were collected from North Sea. Glasø [11] further presented
a correction method for bubble point pressure in the presence of
H2S, CO2, and N2 components and reported average relative errors
of 1.28%, �0.43%, and �4.56% for the calculated bubble point
pressure, OFVF, and total OFVF values, respectively.

In 1987, Obomanu and Okpobiri [12] developed correlations for
the estimation of OFVF and solution gas-oil ratio; the correlation
was based on 503 PVT data points collected from 100 Nigerian oil
reservoirs across Niger Delta Basin.

In 1988, Al-Marhoun [13] utilized 160 oil samples taken from 69
hydrocarbon systems across Middle Eastern to present correlations
for the estimation of bubble point pressure and OFVF. He reported
an average absolute relative error of 3.66% for bubble point pres-
sure and 0.88% for OFVF.

Many studies have focused on the comparison between the
results of abovementioned empirical correlations and other similar

empirical correlations proposed by different authors for different
oil fields around the world (e.g. Labedi [14] for Africa oil samples,
Macary and El-Batanoney [15] for Gulf of Suez oil samples, Dokla
and Osman [16] for United Arab Emirates oil samples, Frashad et al.
[17] for Colombian oil samples, Omar and Todd [18] for Malaysian
oil samples, Petrosky and Farshad [19] for Gulf of Mexico oil sam-
ples, Kartoatmodjo and Schmidt [20] for Middle Eastern, Indone-
sian, North and Latin American oil samples, Khairy et al. [21] for
Egypation oil samples, Dindoruk and Christman [22] for Gulf of
Mexico oil samples and Naseri et al. [23] for Iranian oil samples)
and experimental data for different types of crude oil [24e29]. All
of these studies have indicated that these correlations are not ac-
curate enough to be generalized to estimate PVT properties of
crudes with various properties in different geographical locations.
On the other hand, these correlations were developed on the basis
of multiple linear and nonlinear regression methods, which may
not give reliable results.

During the recent past, researchers have used artificial neural
networks (ANNs) as a powerful and reliable tool serving data-
mining and numerical applications in terms of PVT properties
prediction for petroleum systems. The most common neural
network and training algorithm are feed forward neural network
and back propagation (BP) algorithm, respectively.

For example, in 1997, Gharbi and Elsharkawy [30] proposed
neural networks models for the prediction of bubble point pressure
and OFVF; being based on solution gas-oil ratio, oil specific gravity,
reservoir temperature, and gas relative density, the models were
developed for Middle Eastern crude oil samples. They used neural
networks with two hidden layers with 4-8-4-2 and 4-6-6-2 struc-
tures to determine bubble point pressure and OFVF, respectively.
Bothmodels were trained by 498 experimental data sets and tested
by 22 test data sets. They reported lower relative errors and stan-
dard deviations for their proposed models, as compared to
considered correlations for the calculation of bubble point pressure
and OFVF.

In 1998, Elsharkawy [5] developed a radial basis function neural
network model as a new approach to estimate OFVF, oil viscosity,
gas-oil-ratio, undersaturated oil compressibility, saturated oil
density, and evolved gas. Input data used were reservoir pressure,
temperature, stock tank oil gravity, and separator gas gravity. Input
data set which was collected from different oil and gas systems
from different oil fields were divided into a training set (with 90
different PVT test data points) and a test set (with 10 test data
points). A comparison between the provided accuracy by themodel
and those of published correlations (when the prediction of crude
oil properties is concerned) indicated the model to be of superior
accuracy over the published correlations.

In 2001, Osman et al. [6] used a feed forward multilayer back
propagation neural network with 4-5-1 structure which was
designed on the basis of 803 published data sets from oil fields in
Colombia, Gulf of Mexico, Middle Eastern and Malaysia to predict
OFVF at bubble point pressure. Their model provided a correlation
coefficient of 98.8% and an absolute percent relative error of 1.789%
which was the lowest error compared to the proposed correlations
by Al-Marhoun [31], Al-Marhoun [13], Standing [8], Vasquez and
Beggs [10] and Glasø [11].

In 2006, Malallah et al. [32] followed a new approach, called
alternating conditional expectation algorithm to estimate of the
bubble point pressure and OFVF. Their model was developed using
5200 data points corresponding to crude oil samples taken from
different regions around the world (including oil fields in Africa,
Southeast Asia, Middle Eastern, North Sea, and North and South
America). Of the total available data points, 5000 data points were
randomly taken as training set, with the remaining 200 data points
used to test the developedmodel. With an average absolute relative
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error of 17.31%, this network provided superior accuracy over
existing empirical correlations.

In 2009, Moghadassi et al. [33] prepared an ANNmodel with one
hidden layer to predict PVT properties of compounds. A data set
including reduced pressure, reduced temperature, and compress-
ibility factor was collected from Chemical Engineers' Handbook
[34]. Two-third of the data set was utilized to train the network,
with the remaining data used to have the network evaluated and
tested. Different training algorithms such as Levenberg-Marquardt
(LM), Resilient back propagation (RP), and Scaled Conjugate
Gradient (SCG) were compared for the BP learning algorithm; the
best performance was exhibited by LM algorithm with 60 neurons
in hidden layer andminimummean square error (MSE). The results
indicated that, calculated PVT values by the ANN model were well-
close to experimental data.

The present study is aimed at developing a universal, reliable
model for estimating bubble point pressure for petroleum systems,
based on multilayer feed forward neural networks. For this pur-
pose, a large data set covering a wide range of crude oil samples
with different compositions and thermodynamic conditions from
various geographical locations around theworldwas gathered from
literature, based onwhich data set; the model was constructed and
evaluated. Next, comparative studies were conducted between the
proposed model and several existing empirical correlations already
proposed for the estimation of bubble point pressure. Finally, the
relevancy factor was employed to find the relative impact of input
parameters on the bubble point pressure.

2. Artificial neural networks

McCulloch and Pitts [35] performed the first works on ANNs by
introducing a mathematical model for the simulation of behaviors
exhibited by neurons in 1943. After a few years, Hebb [36] proposed
the training mechanism in ANNs. In 1958, Rosenblatt [37] intro-
duced perceptron network which was able to distinguish different
patterns from one another and this was the first practical applica-
tion of neural networks. Following that time, ANNs have witnessed
rapid growth during the recent decades, and have found numerous
applications in different disciplines including petroleum
engineering.

ANNs are a class of mathematical and computational models
with their architectural structures based on human neural system
structure [38]. These networks are used to model complicated
nonlinear equations and find proper behavioral patterns among
data points [39].

ANNs are essentially a combination of neurons, biases, activa-
tion functions, interconnections or links that weights are applied
on them and connect neurons to each other. Learning process of
ANNs is usually performed via learning algorithms. Once trained,
the neural network is used to predict corresponding outputs to new
inputs. Based on the way neurons are linked to one another,
different neural networks can be developed; however, the most
important variant of neural networks with a wide range of appli-
cations in problem solving is feed forward multilayer neural net-
works which also called multilayer perceptron (MLP) or BP neural
networks [40]. A sampleMLP-ANN is depicted in Fig.1. The network
is composed of three layers namely, input layer, one or more than
one hidden layer(s), and an output layer. The number of layers and
number of neurons in the hidden layer(s) are determined via a trial
and error approach considering the network objective(s). Further-
more, the number of neurons in the input and output layers are
corresponded to the number of input and output variables,
respectively, and there is no communication between neurons in
the same layer. Mathematical expression of the output from neuron
t is as follows:

yt ¼ f

 XN
i¼1

wtixi þ bt

!
(1)

Where x1; x2;…; xn denote input data, wt1;wt2;…;wtn are
attached weights to the inputs 1;2;…;N to the neuron, bt is the
bias, f refers to the activation function, and yt is the neuron
output. This network is trained using BP algorithm which follows
a learning procedure based on error-correction principle. In this
process, adjusting weights and biases, an attempt is made to
minimize error function between network outputs and actual
values or target. Common error function in this case is MSE. BP
algorithm is engaged with some problems such as low conver-
gence and inefficiency issues. In order to address such problems,
one can use optimization methods or algorithms such as
Levenberg-Marquardt (LM), Scaled Conjugate Gradient (SCG),
Quasi-Newton (BFG), and etc. It is extremely difficult to deter-
mine which algorithm will produce better results for a specific
issue, as this depends on various parameters including the
problem complexity, number of available training data points,
number of weights and biases across the network, goal error
value, and whether the network is used for pattern recognition
or function approximation. However, among them LM algorithm
which is hybrid of the GausseNewton nonlinear regression
method and gradient steepest descent method is more
recommended.

3. Data acquisition and analysis

When developing any predictive model, it is necessary to find
and collect valid data that is no limited to any specific range. A
review on recent researches [4,11,13,16,22,32] shows that bubble
point pressure (Pb) is a function of solution gas-oil ratio (Rs),
reservoir temperature (TR), oil gravity (API), and gas specific gravity
(gg), as follows:

Pb ¼ f
�
Rs; TR;API;gg

�
(2)

In the present study, a large data bank covering a wide range of
geographical locations and different types of crudes was used to
construct an ANN model to predict bubble point pressure; the data
bank was compiled from the related published literatures. After
removing duplicate and redundant data, a total of 760 experimental
data sets were selected including 31 data sets from Glasø [11], 23
data sets from Bello et al. [41], 166 data sets fromMahmood and Al-
Marhoun [42], 51 data sets fromDokla and Osman [16], 93 data sets

Fig. 1. A schematic of a multilayer perceptron neural network.
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from Omar and Todd [18], 159 data sets from Al-Marhoun [13], 22
data sets from Gharbi and Elsharkawy [30], 187 data sets from
Ghetto et al. [43], 28 data sets from Moghadam et al. [44]. Each set
of data consists of solution gas-oil ratio (Rs), reservoir temperature
(TR), oil gravity (API), gas specific gravity (gg), and bubble point
pressure (Pb). Statistical characteristics of the employed experi-
mental PVT data are reported in Table 1.

Solution gas-oil ratio, reservoir temperature, oil gravity (API),
and gas specific gravity were selected as independent input pa-
rameters, while bubble point pressure was considered as the
desirable output. As shown in Table 1, the input and output data
covered awide range, so that Rs values ranged from 8.61 to 3298.66,
TR values ranged from 74 to 341.6, API values varied from 6 to 56.8,
and, gg values varied from 0.521 to 3.444 with Pb ranging from 79
to 7141.7.

4. Development of the model

In order to prevent problems such as reduced accuracy and
network instabilities in the course of training process, providing a
uniform domain for the problem variables can be of benefit.
Therefore, data was normalized, via the following equation, to
range within {0, 1}:

Xnorm ¼ ðx� XminÞ=ðXmax � XminÞ (3)

Where x denotes current value of a variable, and Xmin and Xmax are
minimum and maximum values of the variable x in the data set,
respectively. In this phase, the data set was randomly divided into
three subsets, namely training, validation and test sets. In fact, the
training set was used to generate the model structure while the
validation set was used to optimally select model parameters and
prevent overfitting problems. Further, test set was employed to
evaluate and check predictive power of the developed model.
Therefore, 532 datasets (70% of original data sets) were used as the
training subset to build the ANN model, 114 data sets (15% of
original data sets) were used as the validation set, with the
remaining 114 data sets (15% of original data sets) used as the test
set to investigate the model performance. In order to achieve an
optimum model with the highest possible efficiency, a series of
optimization processes was performed on the different parameters
of artificial neural network. In the present study, the model was
considered to have only one hidden layer. As shown by Cybenko
[45] and Hornik et al. [46] an ANN with one hidden layer is
capable of reliably approximating any measurable function.
Training process of ANN model was performed using BP algorithm
to minimize MSE (Equation (4)) which was taken as the objective
function.

MSE ¼ 1
n

Xn
i¼1

ðtargeti � outputiÞ2 (4)

Where target and output indicate experimental data and predicted
results, respectively, with n denoting total number of data points.

There are various variants of BP algorithm; as such, in order to
determine the best learning algorithm, four subsets of BP algo-
rithms (including Polak Ribi�ere Conjugate Gradient (CGP),
Levenberg-Marquardt (LM), Resilient Back-propogation (RP), and
Scaled Conjugate Gradient (SCG)) were considered with different
number of neurons and various transfer functions in the hidden
layer.

The criterion for choice of the best network structure was
selected by monitoring the networks performance through calcu-
lating average absolute percent relative error, root mean square
error, and correlation coefficient (Section 5) between network
outputs and experimental values for each inspected structure. The
presented results in Table 2 indicate that, the LM algorithm with
Tansig transfer function and six neurons in the hidden layer pro-
vided the best performance in terms of estimating bubble point
pressure by achieving the lowest values of average absolute percent
relative error and root mean square error along with the highest
correlation coefficient. Further, it should be noted that, a linear
transfer function (Purelin) was considered for the output layer. In
total, the case 19 (i.e. the network with 4-6-1 structure) was found
to be the optimum model for the estimation of bubble point
pressure.

5. Model evaluation methods

In order to evaluate the performance and accuracy of the pre-
pared model and compare it with existing empirical correlations,
statistical and graphical error analyses were considered as the
evaluation criteria.

5.1. Statistical error analysis

In the present study, the following six important statistical pa-
rameters were considered to compare the accuracy of the predicted
values by the models against experimental data.

(1) Average percent relative error (APRE or Er)

Representing relative deviation of the predicted values from
experimental data, this parameter is defined as follows:

Er% ¼ 1
n

Xn
i¼1

Ei% (5)

Where, defined as follows, Ei% denotes relative deviation of a pre-
dicted value from the corresponding experimental data:

Ei% ¼
�
xexp � xpred

xexp

�
i
� 100 i ¼ 1;2;…;n (6)

Where xexp and xpred refer to experimental data and predicted
values using the model, respectively., while n denotes the total
number of available data points.

Table 1
Ranges and average values of input and output data used to develop the ANN model.

Properties Minimum Maximum Mean St. Dev

Bubble point pressure, Pb (psi) 79 7141.7 2010.242 1426.162
Reservoir temperature, TR (ºF) 74 341.6 198.2483 52.68647
Solution gas- oil ratio, Rs (SCF/STB) 8.61 3298.66 646.6789 508.2277
Gas Gravity, gg 0.521 3.444 1.127214 0.428903
Oil gravity (API) 6 56.8 34.8158 8.296139
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(2) Average absolute percent relative error (AAPRE or Ea)

This parameter is defined as follows:

Ea% ¼ 1
n

Xn
i¼1

jEi%j (7)

It indicates relative absolute deviation from experimental data,
i.e. the lower the Ea%, the higher the accuracy of the considered
model.

(3) Minimum and maximum absolute percent relative error
(Min. and Max. AAPRE or Emin and Emax)

In order to calculate range of error for each correlation, the
minimum and maximum values of error are determined by inves-
tigating absolute percent relative error values which are defined as
follows:

Emin% ¼ n
i¼1minjEi%j (8)

Table 2
Results of developed neural networks for bubble point pressure prediction.

Case Network structure Algorithm Transfer function AAPRE (%) RMSE R

Hidden layer

1 4-4-1 CGP Tansig 33.5281 471.6117 0.94371
2 4-4-1 CGP Logsig 34.9666 500.4581 0.93637
3 4-4-1 LM Tansig 19.8967 379.1041 0.96402
4 4-4-1 LM Logsig 17.4425 377.6091 0.96429
5 4-4-1 RP Tansig 22.2899 456.4024 0.94735
6 4-4-1 RP Logsig 24.3478 433.3793 0.95271
7 4-4-1 SCG Tansig 16.8329 376.0252 0.96462
8 4-4-1 SCG Logsig 33.7388 526.3742 0.92964
9 4-5-1 CGP Tansig 29.6733 486.4137 0.94120
10 4-5-1 CGP Logsig 36.9745 480.4103 0.94154
11 4-5-1 LM Tansig 14.5018 335.1339 0.97198
12 4-5-1 LM Logsig 18.4156 385.4369 0.96275
13 4-5-1 RP Tansig 26.1929 453.9667 0.94798
14 4-5-1 RP Logsig 17.2668 404.8443 0.95884
15 4-5-1 SCG Tansig 31.2622 463.1030 0.94583
16 4-5-1 SCG Logsig 24.9118 479.1915 0.94179
17 4-6-1 CGP Tansig 33.3550 530.5914 0.92826
18 4-6-1 CGP Logsig 35.5036 564.3834 0.91857
19 4-6-1 LM Tansig 14.2659 305.9031 0.97671
20 4-6-1 LM Logsig 16.4398 376.3891 0.96453
21 4-6-1 RP Tansig 24.4104 397.0279 0.96042
22 4-6-1 RP Logsig 20.3163 377.1082 0.96438
23 4-6-1 SCG Tansig 30.8793 475.8960 0.94264
24 4-6-1 SCG Logsig 34.3194 510.4858 0.93382
25 4-7-1 CGP Tansig 29.2806 495.6609 0.93772
26 4-7-1 CGP Logsig 42.8717 602.7620 0.91374
27 4-7-1 LM Tansig 17.6417 362.2304 0.96725
28 4-7-1 LM Logsig 18.9662 387.8706 0.96226
29 4-7-1 RP Tansig 22.1801 375.2346 0.96476
30 4-7-1 RP Logsig 38.7517 483.2449 0.94077
31 4-7-1 SCG Tansig 24.1247 441.7213 0.95078
32 4-7-1 SCG Logsig 28.8301 479.6057 0.94182
33 4-8-1 CGP Tansig 26.9594 454.7430 0.94778
34 4-8-1 CGP Logsig 30.2198 525.3177 0.92986
35 4-8-1 LM Tansig 16.9916 393.0239 0.96134
36 4-8-1 LM Logsig 16.7983 377.3713 0.96444
37 4-8-1 RP Tansig 32.9148 532.0251 0.92775
38 4-8-1 RP Logsig 24.5641 461.9315 0.94603
39 4-8-1 SCG Tansig 27.7358 440.4231 0.95107
40 4-8-1 SCG Logsig 23.3380 432.4004 0.95288
41 4-9-1 CGP Tansig 31.1663 492.1854 0.93874
42 4-9-1 CGP Logsig 25.4647 424.2234 0.95476
43 4-9-1 LM Tansig 17.3935 381.8798 0.96349
44 4-9-1 LM Logsig 24.0880 438.2192 0.95165
45 4-9-1 RP Tansig 24.6234 461.6860 0.94611
46 4-9-1 RP Logsig 21.7684 430.7204 0.95329
47 4-9-1 SCG Tansig 34.3134 510.7941 0.93384
48 4-9-1 SCG Logsig 33.0730 515.9980 0.93248
49 4-10-1 CGP Tansig 22.6133 426.3196 0.95442
50 4-10-1 CGP Logsig 20.1450 416.0905 0.95649
51 4-10-1 LM Tansig 18.9894 383.9496 0.96315
52 4-10-1 LM Logsig 17.8766 365.1686 0.96669
53 4-10-1 RP Tansig 22.2759 397.5175 0.96039
54 4-10-1 RP Logsig 24.3515 448.2357 0.94953
55 4-10-1 SCG Tansig 24.3136 408.7588 0.95808
56 4-10-1 SCG Logsig 31.7391 500.9088 0.93628
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Emax% ¼ n
i¼1maxjEi%j (9)

(4) Root mean square error (RMSE)

This parameter calculates the distribution of data points around
zero deviation. The better the model fit to experimental data, the
lower would be the value of this parameter. RMSE is expressed as
follows.

RSME ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

�
xiexp � xipred

�2vuut (10)

(5) Standard deviation (SD)

This parameter indicates the level of dispersion or variation
within a set of data. The lower the SD, the higher the accuracy of the
considered model, SD is defined as follows:

SD ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn
i¼1

 
xiexp � xipred

xiexp

!2
vuut (11)

(6) Correlation coefficient (R)

Correlation coefficient is in fact the coefficient of strength of
association between two variables. Its value range from �1 to 1,
with 1 and -1 values indicating perfect positive and negative as-
sociations, respectively, between the two variables; the parameter
will be zero in case where the two parameters are not associated
with one another at all. This statistical parameter can be calculated
from the following equation.

R ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�

Pn
i¼1

�
xiexp � xipred

�2
Pn

i¼1
�
xiexp � x

�2
vuuut (12)

Where x denotes average value of experimental data expressed as
follows:

x ¼ 1
n

Xn
i¼1

xiexp (13)

5.2. Graphical error analysis

Graphics can contribute into the visualization of the accuracy of
a model. Two graphical analysis methods are commonly used.

5.2.1. Cross plot
In this technique, predicted results are plotted against the

experimental data to establish a “cross plot”. Then, a straight line is
drawn from the origin at an angle of 45�, onwhich predicted results
are equal to experimental data; this line is commonly referred to as
perfect model line. Accordingly, the closer the plotted data to this
line the higher accuracy and better performance provided by the
corresponding model.

5.2.2. Error distribution
Generally, in this technique, computing error distribution

around the zero-error-line, one can find if the model is engaged
with an error trend or not.

6. Results and discussion

In this phase, eleven well-known empirical correlations
(including Petrosky and Farshad [19], Macary and El-Batanoney
[15], Kartoatmodjo and Schmidt [20], Vasquez and Beggs [10],
Glasø [11], Dokla and Osman [16], Standing [8], Al-Marhoun [13],
Frashad et al. [17], Lasater [9] and Al-Shammasi [47]) for the
prediction of bubble point pressure for crude oil samples were
studied, Then, the performance and accuracy of the developed
ANN model were compared and evaluated against the considered
empirical correlations. Table 3 shows statistical results of the
comparisons. As can be seen on the table, most of the considered
empirical correlations failed to provide a good accuracy for the
prediction of bubble point pressure and there were errors asso-
ciated with them.

AAPRE is one of the important parameters measuring accuracy
of a model; the lower the value of this parameter, the higher would
be the accuracy and power of the corresponding predictive model.
Fig. 2 indicates a comparison between the corresponding AAPRE
values to the developed ANNmodel and those of existing empirical
correlations. As can be seen from the Fig. 2, with AAPRE values of
higher than 90%, the proposed correlations by Petrosky and Farshad
[19], and Macary and El-Batanoney [15] exhibited weak perfor-
mance in terms of bubble point pressure prediction. In contrast, the
proposed correlations by Kartoatmodjo and Schmidt [20], Vasquez
and Beggs [10], Glasø [11], Dokla and Osman [16], Standing [8], Al-
Marhoun [13], Frashad et al. [17] and Lasater [9] represented more
acceptable predictors with their AAPRE values ranging from
19.0714% to 29.6742%. It was while; the proposed correlation by Al-
Shammasi [47] with AAPRE of 17.1586% has the best performance
among the considered existing empirical correlations. However,
based on the results demonstrated in the figure, the proposed ANN
model in the current study generated an AAPRE value of 11.95%, i.e.
it provided the best efficiency for the prediction of bubble point
pressure. Moreover, Fig. 3 confirms that the proposed ANN model
with the lowest RMSE has high capabilities in terms of bubble point
pressure prediction.

The proposed correlations by Petrosky and Farshad [19], Macary
and El-Batanoney [15], Kartoatmodjo and Schmidt [20], Vasquez
and Beggs [10], Glasø [11], Standing [8], Frashad et al. [17], Lasater
[9] and Al-Shammasi [47] tended to overestimate actual bubble
point pressure, while Dokla and Osman [16], Al-Marhoun [13]
correlations tended to have it underestimated.

The proposed ANN model was associated with minimum values
of AAPRE, maximum error (Max. AAPRE), RMSE, and SD (Table 3).
Also, the correlation coefficient of the model was found to be
0.97671 which represents the closest value to 1, confirming that the
predicted bubble point pressures by the model is closer to the
experimental data. It was while, the correlation coefficients of the
existing empirical correlations ranged from 0.88822 for Dokla and
Osman [16] to 0.9516 for Lasater [9]. Therefore, compared to
existing empirical correlations, the developed ANN model was of
superior accuracy and capability in terms of the prediction of
bubble point pressure.

Fig. 4 indicates corresponding cross plots of the predicted values
by the three empirical correlations with the highest correlation
coefficients (including the proposed correlations by Frashad et al.
[17], Al-Shammasi [47], and Lasater [9]) along with the developed
ANNmodel. As can be seen from the figure, the developed model is
associated with higher number of data points falling along the 45�
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Fig. 2. Comparison between average absolute percent error of empirical correlations and the proposed model.

Fig. 3. Root mean square error of empirical correlations and the proposed model.

Table 3
Statistical analyses of the results of predictive empirical correlations and ANN model for bubble point pressure.

correlation APRE (%) AAPRE (%) Min. AARE (%) Max. AARE (%) RMSE SD R

Petrosky and Farshad [19] �60.5585 114.7340 0.7066 1118 2943.5 1.443 0.92672
Macary and El-Batanoney [15] �93.2042 94.2822 0.0207 853.7236 913.4125 1.5174 0.94075
Kartoatmodjo and Schmidt [20] �20.8648 29.6742 0.0310 458.7161 773.6131 0.5132 0.9262
Vasquez and Beggs [10] �22.8549 29.2176 0.0039 403.9039 712.8586 0.4822 0.93836
Glasø [11] �16.7569 26.7505 0.0065 246.9959 684.4287 0.3885 0.932
Dokla and Osman [16] 0.0368 25.7390 0.0428 206.2263 677.9751 0.3664 0.88822
Standing [8] �9.8571 22.7158 0.0320 372.0097 567.0366 0.4006 0.93872
Al-Marhoun [13] 8.0120 21.3779 0.0084 111.7579 701.0492 0.2803 0.91682
Frashad et al. [17] �1.1812 19.7654 0.0425 143.7933 491.3678 0.2667 0.94086
Lasater [9] �1.3936 19.0714 0.0188 264.2527 437.8372 0.2985 0.9516
Al-Shammasi [47] �3.0698 17.1586 0.0032 89.3604 479.1965 0.2243 0.94415
This study �3.8435 14.2659 0.0166 81.5509 305.9031 0.2003 0.97671
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Fig. 5. Relative error distribution for the predicted bubble point pressure by (a) Frashad et al. [17] correlation, (b) Al-Shammasi [47] correlation, (c) Lasater [9] correlation, and (d)
ANN model.

Fig. 4. Cross plots of bubble point pressure for (a) Frashad et al. [17] correlation, (b) Al-Shammasi [47] correlation, (c) Lasater [9] correlation, and (d) ANN model.
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line, indicating a good match and agreement between the calcu-
lated results by the developed ANN model and the corresponding
experimental data.

Fig. 5 demonstrates error distribution of the developed ANN
model along with those of Frashad et al. [17], Al-Shammasi [47],
and Lasater [9] correlations for the prediction of bubble point
pressure. The figure confirms that, the developed ANN model
enjoyed smaller range of error, i.e. more limited error dispersion
around zero-error line.

In order to gain a better statistical knowledge about associ-
ated errors with the models, cumulative frequency of the

developed ANN model and several correlations (e.g. those pro-
posed by Al-Shammasi [47], and Lasater [9], Frashad et al. [17],
Standing [8], Glasø [11], Dokla and Osman [16], and Vasquez and
Beggs [10]) were plotted against absolute percent relative error
(APRE) for bubble point pressure prediction (Fig. 6). As can be
seen on this figure, the proposed model in the present study
succeeded to predict about 55% of bubble point pressure data
points at an APRE of below 20%; furthermore, 90% of predicted
data points were of APRE values below 40%. As a comparison, the
proposed correlation by Al-Shammasi [47], as the second most
accurate prediction model, was found to predict only 45% of data
points at APRE values below 20%. This indicates superiority of the
proposed model over the considered methods in the present
study. Moreover, a point-by-point comparison was made be-
tween the calculated bubble point pressure values by the
developed ANN model and those of empirical correlations
(including Frashad et al. [17], Al-Shammasi [47], and Lasater [9])
against the experimental data (Fig. 7). As can be seen from Fig. 7,
the developed ANN model exhibited the best performance,
providing a good match between the calculated bubble point
pressure values by this model and experimental data.

In order to deeply investigate bubble point pressure using the
proposed ANN model, a sensitivity analysis was conducted to
evaluate the effects of input parameters including those of so-
lution gas-oil ratio, reservoir temperature, oil gravity (API) and
gas specific gravity on the obtained bubble point pressure. For
this purpose, relevance factor (r) [48] was used to evaluate in-
fluence degree of each parameter on bubble point pressure (as
predicted by ANN model). It should be noted that, higher

Fig. 6. Cumulative frequency of different models in predicting bubble point pressure
as a function of absolute relative error.

Fig. 7. Point-by-point comparison of the experimental data with the obtained values using (a) Frashad et al. [17] correlation, (b) Al-Shammasi [47] correlation, (c) Lasater [9]
correlation, and (d) ANN model.
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absolute value of r between any input and output variable in-
dicates the greater effect of that input on the output. Neverthe-
less, in many instances, absolute values of r may not be adequate
when the recognition of positive or negative effect of an input
parameter on bubble point pressure is concerned. Accordingly,
the present study uses r values with directionality which may
provide a more obvious and intuitive understanding of general
effects. In this study, r values can be calculated from the
following equation:

rðInpk; PbÞ ¼
Pn

i¼1

�
Inpk;i � Inpk

��
Pbi � Pb

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1

�
Inpk;i � Inpk

�2Pn
i¼1

�
Pbi � Pb

�2r (14)

Where Inpk;i and Inpk denote the ith and the average value of the ith
input variable, respectively (K¼ Rs;TR;API;and gg).

Pbi and Pb refer to the ith predicted bubble point pressure and
average predicted bubble point pressure, respectively. In the
present study, relevance factor was calculated for ANN model.
Fig. 8 presents r values for each parameter. As can be seen on the
figure, solution gas-oil ratio and temperature have positive effects
on bubble point pressure, meaning that with increasing the values
of these input variables, bubble point pressure will increase. This
is while oil gravity (API) and gas specific gravity have negative
relevancy factor values showing that bubble point pressure de-
creases with increasing the values of oil gravity (API) and gas
specific gravity. Moreover, the figure indicates that, the largest
and smallest contributions into bubble point pressure are those of
solution gas-oil ratio (r¼ 0.8476) and temperature (r¼ 0.1898),
respectively.

7. Conclusions

In the present research, artificial neural network was used to
develop a novel model for the prediction of bubble point pressure;
the model was developed on the basis of 760 experimental data
sets covering a wide range of crude oil samples from around the
world. Input data to the ANNmodel included solution gaseoil ratio,
reservoir temperature, oil gravity (API), and gas specific gravity.
After performing a series of optimization processes while moni-
toring the performance of networks of various structures, a
network with one hidden layer and six neurons was selected for
predicting bubble point pressure. The developed model could
satisfactorily predict bubble point pressure for crude oils with so-
lution gaseoil ratios ranging from 8.61 to 3298.66 SCF/STB,

temperatures between 74 and 341.6 �F, oil gravity values of 6e56.8
API, and gas gravity values in the range of 0.521e3.444. Based on
statistical and graphical error analyses, a comparison was made
between accuracy of the proposed ANN model for bubble point
pressure prediction and several well-known empirical correlations.
The results indicated that, the developed model in the present
research outperformed all existing empirical correlations as it
achieved AAPRE, RMSE, SD and R values of 14.2659, 305.9031,
0.2003and 0.97671, respectively. In addition, the obtained values of
relevance factor showed that, among input parameters, solution
gaseoil ratio has the highest impact on the bubble point pressure.
Performance of the proposed ANN model confirmed that, in
absence of experimental facilities, this model can be applied as a
fast, easy, and accurate method for calculating bubble point
pressure.

Nomenclature

AAPRE average absolute percent relative error, %
ANN artificial neural network
API oil API gravity
APRE average percent relative error, %
BP back propagation
CCE constant-composition expansion
CGP Polak Ribi�ere Conjugate Gradient
LM Levenberg-Marquardt
Max.APRE maximum absolute percent relative error, %
Min.APRE minimum absolute percent relative error, %
MLP multilayer perceptron
MLP -ANN multilayer perceptron artificial neural network
MSE mean square error
n number of data points
OFVF oil formation volume factor
PVT pressure volume temperature
Pb bubble point pressure
R correlation coefficient
Rs solution gaseoil ratio, SCF/STB
RMSE root mean square error
RP Resilient Back propogation
SCF standard cubic feet
SCG Scaled Conjugate Gradient
STB stock tank barrel
SD standard deviation
TR reservoir temperature, �F
gg gas specific gravity

Appendix A. Instructions for using the model

The following example provides structures for using the
developed model. First, in MATLAB software, change the working
directory to the requested directory (i.e., the folder containing the
ANNmodel). The developed model and its parameters are available
upon request to the authors.

Example: Calculate bubble point pressure of a reservoir oil
sample with the following properties:

� Solution gas-oil ratio¼ 867 SCF/STB
� Temperature¼ 140 �F
� Oil API gravity¼ 35.4
� Gas gravity¼ 0.799

Solution: The following commands should be entered in the
MATLAB command window:

Fig. 8. Relevancy factor of each parameter with bubble point pressure.
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The output result of the program is 3045.5 (psia), where its
experimental value is equal to is 3066 (psia).
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