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Abstract 

Reservoir fluid properties, such as oil formation volume factor and bubble point pressure, are vital 

parameters in many computations associated with petroleum engineering. These computations include 

hydrocarbon reserve estimation, and consequently, economic efficiency evaluation, flu id flow in porous 
media, and improved and enhanced oil recovery. Prior to the computations, the pressure -volume-tem-

perature (PVT) properties of reservoir oil must be determined. PVT properties, in turn, are ascertained 

either by empirical methods, laboratory measurements, or via equations of state. The latter two 
methods, however, are expensive and time-consuming and require complex calculations. Therefore, it 

is necessary to develop an accurate and reliable model for the determination of petroleum fluid’s 

physical properties. In this paper, a soft-computing approach is employed to develop efficient models 
for the calculation of bubble point pressure and oil formation volume factor properties. In pursuit of 

this goal, a robust mathematical algorithm, namely, gene expression programming (GEP), is applied. 

Moreover, an extensive databank, covering varied ranges of experimental PVT conditions from different 
and widespread geological and geographic regions was constructed. The databank includes data on 

reservoir temperature, gas oil ratio, bubble point pressure, gas gravity, and oil forma-tion volume. In 

addition, the GEP model results are compared to published data on oil formation volume and bubble 
point pressure. The results demonstrate close agreement between estimations based on the GEP model 

and experimental data reported in the literature for both oil formation volume and bubble point 

pressure properties. Moreover, the results prove that the GEP model, proposed in this study is more 
accurate and capable than the existing methods, for the determination of both oil formation volume 

factor and bubble point pressure properties. 

Keywords: Oil formation volume factor; Bubble point pressure; Gene expression programming (GEP); 

Empirical correlation; PVT properties; Accuracy. 

 

1. Introduction  

The computation of data on oil reservoirs requires detailed and accurate knowledge of the 
reservoir fluid properties [1]. These properties, which are associated with pressure-volume-
temperature (PVT) parameters, are fundamental for undertaking many types of petroleum engi-

neering calculations. In other words, reliable solutions for many petroleum engineering prob-
lems are impossible without accurate predictions of the PVT properties of the reservoir fluids [2]. 

The PVT properties of primary importance for the computation of data are solution gas oil 
ratio (GOR), bubble point pressure (Pb), gas formation volume factor (GFVF), and oil formation 
volume factor (OFVF) [3]. These PVT properties are traditionally acquired experimentally by 

conducting laboratory tests [4]. However, measurement of PVT properties by means of labor-
atory experiments is expensive and complex because cores or rock samples containing petro-
leum reservoir fluid are generally from isolated and difficult-to-access well locations [2,5]  

Empirical correlations, or models, are employed to avoid time-consuming and costly exper-
imental measurements. A popular method to determine the PVT properties of crude oils is the 

use of equations of state which are based on a detailed knowledge of the composition of 
reservoir fluid [6]. 
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Several PVT models have been developed for the determination of the physical properties of 
reservoir fluids in oil reservoirs over time. Standing [7] and Katz [8] were the first to propose models 
for the estimation of PVT properties, such as OFVF and bubble point pressure. Standing’s [7] 
model is based on experimental tests conducted on 105 cores from 22 crude oils in California 
State. Katz’s [8] method employs data on bubble point pressure, oil API gravity, gas specific 

gravity, reservoir temperature and solution gas oil ratio, in order to calculate oil formation 
volume factor.  

Vazquez and Beggs [9] presented a PVT empirical correlation to estimate solution gas–oil 
ratio, viscosity associated with under-saturated oil reservoirs and oil formation volume factor, 
based on laboratory measurements of 600 cores collected from various regions of the world. 

Subsequently, results indicate that their empirical correlation for the estimation of OFVF has 
an average error of 4.7%.  

Glaso [10] performed regression and graphical analyses for oil PVT properties by using data 
related to 45 core samples, mostly collected from North Sea region. Their results, related to 
oil formation volume factor and bubble point pressure, display average errors of 1.28 and 
20.43 %, respectively.  

Al-Marhoun [11] provided an empirical correlation for oil formation volume factor based on 
experimental PVT data mostly extracted from North America and the Middle East.  Dokla and 
Osman [12] used experimental PVT data from the UAE for the development of bubble point 
pressure and oil formation volume factor correlations, and Petrosky and Farshad [13] developed 
under-saturated isothermal oil compressibility, oil formation volume factor, and solution gas–

oil ratio correlations using PVT data from the Gulf of Mexico. 
Arabloo et al. [14] implemented two constrained multivariable search techniques, including 

a generalized reduced gradient algorithm and successive linear programming, to develop two 
correlations in order to determine oil formation volume factor and bubble point pressure. To 
pursue their objective, they utilized experimental data associated with various geographical 

domains worldwide. Their results indicate that the OFVF and bubble point pressure correlations 
have average relative errors of 2.24 and 18.9 %, respectively. Recently, smart techniques 
have been increasingly employed to predict PVT properties [15-18]. However, these methods 
have some drawbacks: a symbolic equation is not provided; the necessity to use a large da-
taset as a basis for prediction and; a potential over-fitting problem, in particular for models 

developed by artificial neural network techniques. 
The aim of this work was to propose efficient, accurate and reliable PVT models for deter-

mination of oil formation volume factor as well as bubble point pressure, as a function of 
reservoir temperature, crude oil API gravity and gas specific gravity, and solution gas oil ratio. 
To this end, a gene expression programming (GEP) [19] strategy was utilized to develop the 

aforementioned models. In the first step, a large dataset was collected for different oil PVT 
information related to various geographical regions of the world. Then, the results attained for 
the newly developed models were compared against actual data, and also, previously reported 
correlations available in literature. Additionally, the Leverage approach was employed to de-
tect suspended and/, or outlier data points in the dataset. Finally, to evaluate the accuracy 
and capability performance of the developed models, and to provide a comparative study, a 

statistical error analysis was performed, in which error parameters and analysis, including a 
crossplot and error distribution plots, were sketched.  

2. Oil PVT properties  

A review, dating back to the early 1940s, of published methods for the prediction of oil 
formation volume factor (OFVF) and bubble point pressure (Pb), indicates the importance of 

these PVT properties from an industry point of view [14]. By definition, OFVF is the reservoir 
oil required to produce one barrel (1 bbl) of oil at surface conditions [20]. Additionally, in its 
original condition, reservoir oil contains some natural gas in solution; consequently, the pres-
sure at which this natural gas begins to come out of solution and forms bubbles is identified 
as the Pb. As a result, Pb and OFVF are the most vital properties for accurate calculation of 

hydrocarbon reservoir recoverable reserves, the oil-water flow ratio, reservoir capacity for 
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production of oil, problems related to enhanced and improved oil recovery, and all other issues 
associated with petroleum engineering computations [9,22-24]. Therefore, developing accurate 
and efficient models for the determination of Pb and OFVF is a necessary. 

As a result, to predict the PVT properties of petroleum reservoir fluids utilizing correlations, 
field measured data, like reservoir temperature (T R), reservoir pressure (PR), crude oil API 

gravity (API), gas specific gravity or gas relative density (γg), and solution gas oil ratio (GOR), 
are normally required [18]. Hence, reservoir temperature, crude oil API gravity, gas relative 

density, and solution gas oil ratio are considered as required variables for accurate estimation 
of Pb and OFVF, in line with the majority of previously published works [7,9,13,25-27] as follows: 

𝑃𝑏 = 𝑓1(𝑇𝑅 ,𝛾𝑔 , 𝐺𝑂𝑅,𝐴𝑃𝐼)  (1) 
𝑂𝐹𝑉𝐹 = 𝑓2(𝑇𝑅 ,𝛾𝑔 , 𝐺𝑂𝑅,𝐴𝑃𝐼)  (2) 

Knowledge of the geographical and geological conditions of reservoir oils is important for 
proposing PVT correlations because the chemical composition is specific for any crude oil. In 

other words, obtaining accurate results, by means of PVT correlations, for different crude oils, 
having different chemical and physical characteristics, is difficult to achieve [28]. Hence, to 
account for regional characteristics, PVT correlations need to be developed by using compre-
hensive datasets, which cover a wide range of PVT properties from almost all regions of the 
world. Hence, the quality and reliability of models, for estimating PVT and thermo-physical 

properties, are related to the applied database [29-31]. Therefore, about 755 laboratory PVT 
datasets, covering wide ranges of PVT experimental conditions from a wide spread of geo-
graphical and geological regions, were utilized in this study to develop and test the models for 
the determination of Pb and OFVF. 

The dataset used for developing the Pb and OFVF models comprises reservoir temperature 

(in units of °F), oil formation volume factor at bubble point pressure (in units of bbl/STB), crude 
oil API gravity, gas gravity, and solution gas oil ratio at bubble point pressure (in units of 
SCF/STB), which was collected from Moghaddam et al. [32], Obomanu and Okpobiri [33], Bello 
and Villa [34], Omar and Todd [35], Dokla and Osman [12], Al-Marhoun [36], Ghetto and Villa [1], 
Mahmood and Al-Marhoun [28], and Ostermann et al. [23]. Table 1 summarizes the values of 

minimum, maximum, and average for reservoir temperature, gas oil ratio, oil gravity, bubble 
point pressure, gas gravity, and oil formation volume factor. The table confirms that the data-
bank collected in this study covers a wide range of PVT properties from volatile oils to heavy 
crude oils. 

Table 1. The minimum, maximum and average values associated with the PVT properties in the databank 
utilized for proposing the GEP models 

 Unit Min. Max. Avg. Type 

Oil formation volume factor, Bob bbl/STB 1.02 2.92 1.40 Output 
Bubble point pressure, Pb psi 58.02 6 613.82 1 846.05 Output 
Gas gravity, γg - 0.52 3.44 1.12 Input 

Initial solution gas oil ratio, RSi SCF/STB 7.08 3 298.66 592.39 Input 
Reservoir temperature, TR °F 74.00 360.93 207.17 Input 
Oil gravity, API - 6.00 56.80 34.36 Input 

3. Developing the GEP models 

As already mentioned, a GEP mathematical algorithm was applied, in this study, to develop 

two models for the determination of PVT properties of reservoir oils, (i.e. oil formation volume 
factor and bubble point pressure). The GEP [19] approach is a modified version of the genetic 
algorithm (GA), and genetic programming (GP), which is implemented for solving regression 
and also classification problems. It employs populations of individuals, which are chosen in 
keeping with fitness, and presents genetic variation utilizing one and/or more genetic opera-

tors [37]. As a comparison, the nature of the individuals is the fundamental difference between 
GA, GP, and GEP algorithms [19]. Consequently, the individuals in GA, GP and GEP algorithms 
are: the chromosomes or linear strings of fixed length; the parse trees or nonlinear entities of 
different shapes and sizes; and the chromosomes or genome and/or linear strings of fixed 
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length, which are subsequently presented as nonlinear entities of different shapes and sizes, 
respectively [19]. 

In the GEP [19] algorithm, the structures of the genes allow encoding of any program for 
effective evolution and development of the solutions [38]. As a result, the GEP [19] mathematical 
algorithm employs two elements, including the expression tree (ET) and the chromosome. 

The chromosome has the role of an encoder for the candidate solution, which is translated 
into an expression tree. Each genetic chromosome involves terminals, including constants and 
variables; and functions structured in one and/or more genes of equal length [39]. The constants 
are produced by the GEP algorithm in a range selected by the employer, while the functions 
and variables are recognized as input data. Additionally, the gene consists of a tail made only 

of terminals, and a head made of functions, in addition to terminals including variables and 
constants [39].  

The head length (h) is recognized as an input parameter for the GEP mathematical algo-
rithm, while the tail length (t) is expressed as follows: 

1)1(  nht  (3) 

where t stands for the tail length of the gene; h shows the head length, and n is the largest 
arity of the functions utilized in the gene’s head.  

 

For a better understanding of the GEP proce-
dure, Fig.1 provides an example of a two-gene 
chromosome composed of four functions, including 

-, ∗, / and Q, and also three terminals including x, 
y, and z, together with its decoded ET, and the 
corresponding mathematical expression, which is 
formulated as (√(x/z) ) - (x*y). 

 
 

Fig. 1. A typical two-gene chromosome with its corre-

sponding mathematical expression; Q is the square root 
function 

The procedure presented by Ferreira [38] was followed for developing the models, using the GEP 

algorithm, in order to estimate the OFVF and Pb properties as follows [38]:  
I. The initialization of the population of individuals, which is based on counting the random 

made chromosomes of a certain number of individuals by setting various correlations, as 
stated;  

II. The population of individuals that fits, considering fitness functions (cases);  
III. The population of individuals selected, in keeping with their fitness, in order to replicate 

with modifications;  
IV. The implementation of the same procedure, concerning confrontation of the selection 

environment, the genomes expression, selecting, and duplicating with modification, for 
the new population of individuals;  

V. The repeat of the above stages for a certain number of generations, or until an optimum 
solution is established (convergence of the algorithm in keeping with the criteria defined).  

In order to present capable, and reliable models for the calculation of OFVF and Pb, four 
input variables are considered. These consist of solution gas oil ratio, gas gravity, oil API 
gravity, and reservoir temperature. In pursuit of our goal, both datasets related to OFVF and 

Pb properties are randomly separated into two sub-datasets consisting of the ‘Training/Learn-
ing’ set and the ‘Test’ set.  

In the development of the GEP models, 80% of the main data points related to OFVF and 
Pb properties, as well as their input parameters, is randomly selected for the ‘Training’ phase 
(development of the models), and 20% is assigned for the ‘Test’ phase (accuracy and capa-

bility evaluation), respectively. As a consequence, higher valued input variables may suppress 
the impact of the smaller ones during the training phase of mathematical algorithms, like in 
the GEP method. To overcome such an obstacle, and in order to make the GEP algorithm 
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perform for the estimation of both OFVF and Pb properties, all data points should be adequately 
processed, and well-scaled, prior to input into the GEP.  

Although normalization of the data points is not necessary in the estimation process by 
means of GEP-based methods, better results are normally acquired after normalizing the pa-
rameters [40]. Thus, all data points related to the inputs for both OFVF and Pb properties are 

normalized as follows: 

𝑟𝑛 = (
𝑟

1.5.𝑥𝑟𝑚𝑎𝑥
)𝑥0.8.+0.1                   (4) 

where: rn stands for the data points normalized, r indicates the actual data, and rmax is the 
maximum value of the data [41].  

In the next step, the normalized data points are returned to their original values at the end 
of the modeling process. 

4. Results and discussion 

4.1. Performance evaluation  

Previous research has shown that developing a correlation for bubble point pressure is more 
complicated than for oil formation volume factor. All of the available correlations for bubble 

point pressure are less rigorous and precise than those for the estimation of oil formation 
volume factor [14]. Hence, to obtain robust, reliable, and accurate models for both bubble point 
pressure and oil formation volume factor, the computational procedure related to the GEP 
algorithm can be used. In fact, the computational phases, associated with the GEP [38] ap-
proach, define the required parameters, which give the most accurate models for both bubble 

point pressure and oil formation volume factor, on the basis of the introduced variables, con-
sisting of solution gas oil ratio, gas gravity, oil API gravity and reservoir temperature.  

In order to increase the accuracy of the GEP model, compared to existing correlations, 
neutral genes can be added to the model (a newly developed equation), after reaching a 
reasonable and appropriate number of generations. This is proposed for both of the models 

related to OFVF and Pb properties.  
Moreover, the function, in accordance with the average absolute percent relative error 

(AAPRE) and correlation coefficient (R2), was chosen to compute the overall fitness of the 
evolved programs. The program or iterative calculation was undertaken until there was no 
longer improvement in the precision and capability of the several proposed models, with the 

various functions utilized. Subsequently, the final equations for both bubble point pressure 
and oil formation volume factor properties were obtained as follows: 

𝐵𝑜𝑏  = 1 − 0.000081623 𝛾𝑔 [√𝐴𝑃𝐼 𝑇𝑅  +
𝑅𝑆𝑖−4.846

√𝛾𝑔
](0.37658 𝛾𝑔 − (𝐴𝑃𝐼 − 𝑇𝑅)0.3652)     (5) 

𝑃𝑏  =
87.3067𝑅𝑆𝑖 𝑇𝑅  |𝛾𝑔− 2.95787|+7639.17

947.493 𝛾𝑔+exp(0.000641267 𝐴𝑃𝐼 𝑇𝑅 )+𝐴𝑃𝐼 𝑇𝑅+3.59953 𝛾𝑔 𝑅𝑆𝑖
           (6) 

where: Pb denotes bubble point pressure (psi); Bob stands for OFVF at bubble point pressure 
(bbl/STB); TR expresses the reservoir temperature (°F); API is the crude oil API gravity; γg 

indicates the gas gravity and RSi shows the solution gas oil ratio at bubble point pressure  
(SCF/STB).  

Having developed the GEP models for the estimation of Bob and Pb properties, an error 

analysis, including statistical error analysis, in which R2, AAPRE, average percent relative error 
(APRE), and root mean square (RMSE), and also a graphical error analysis, containing a parity 
diagram and relative error distribution plot, were performed to evaluate the prediction capa-
bility of the models.  

Table 2 summarizes the statistical error parameters calculated for the Bob model developed 

in this study. The results indicate a R2 = 0.93 and an AAPRE = 3.62. The error values show 
that the newly developed GEP model predicts the oil formation volume factor values reliably 
within acceptable accuracy.  
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Table 2. Summarized statistical error parameters including AAPRE, APRE, RMSE and R 2 for the newly 
developed model for oil formation volume factor as well as the studied correlations resulted from the 

actual data 

Method AAPRE, %a APRE, %b RMSEc R² d 

Present study (Eq. (5)) 2.17 0.18 0.07 0.93 

Arabloo et al. model [14] 2.24 -0.04 0.07 0.94 

Al-Shammasi model [25] 2.59 -0.92 0.07 0.93 

Kartoatmodjo and Schmidt model [26] 2.92 -0.30 0.07 0.93 

Frashad et al. model [41] 2.94 0.39 0.07 0.93 

Al-Marhoun model [36] 3.09 -0.38 0.08 0.93 

Standing model [7] 3.36 -1.98 0.08 0.93 

Petrosky and Farshad model [13] 3.46 -2.35 0.08 0.93 

Omar and Todd model [35] 5.03 2.08 0.12 0.85 

Dindoruk and Christman model [42] 5.52 -2.94 0.14 0.83 

Vazquez and Beggs model [9] 5.59 3.01 0.13 0.82 

Macary and El-Batanony model [27]  9.11 -8.44 0.19 0.85 

Abdul-Majeed model [43] 27.77 -27.73 0.40 0.83 

Labedi model [44] 37.68 -37.64 0.68 0.93 
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Figure 2 provides a parity diagram and a comparison between the calculated and actual 
values related to oil formation volume factor data. It is clear, from the figure, that most of the 

data points are almost placed on the line of Y=X, illustrating that there is an agreement be-
tween the newly developed model results and the actual oil formation volume factor data 
gathered from the literature. In order to illustrate, graphically, capability, and performance of 
the GEP model in estimating oil formation volume factor, the relative error percentage distri-
bution plot is provided in Fig. 3. As can be seen in Fig. 3, a small margin of error is noticed in 

relation to Eq. (5).  

  
Fig. 2. Parity diagram for the estimated values 

by the new model and the literature-reported 
values of the oil formation volume factor 

Fig. 3. Relative deviations plot of the oil formation 

volume factor values obtained by the newly pro-
posed model from the available dataset values 
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The capability of the model developed for estimation of the oil formation volume factor was 

then compared with the results of 13 most widely-utilized empirical correlations available in 
the literature, viz. Arabloo et al. [14] model, Al-Shammasi [25] model, Kartoatmodjo and 
Schmidt [26] model, Frashad et al. [41] model, Al-Marhoun [36] model, Standing [7] model, 
Petrosky and Farshad [13] model, Omar and Todd [35] model, Dindoruk and Christman [42] 

model, Vazquez  and Beggs [9] model, Macary and El-Batanony [27] model, Abdul-Majeed [43] 
model, and Labedi [44] model.  

 

Fig. 4. Graphical comparison between the AAPRE values ob-

tained by the newly model developed in this study for the es-
timation of oil formation volume factor as well as the corre-

sponding correlations studied 

A summary of the compara-
tive study mentioned earlier, in 
which statistical error parame-

ters were used, is listed in Table 
2. It confirms that Eq. (5) shows 
a better performance for the cal-
culation of oil formation volume 
factor, compared to the reviewed 
correlations. An acceptable 

AAPRE of the estimated values 
from the actual data was ob-
tained. Moreover, a comparative 
study in terms of AAPRE is shown 
in Fig. 4. The bar plots drawn in 

Fig. 4 illustrate the accuracy of 
the model developed in this 
study for estimation of oil for-
mation volume factor which is 

acceptable when compared with values calculated by other correlations listed. 
Table 3 lists the statistical error parameters calculated for the Pb model proposed in the 

present work. The table reports that the values obtained for AAPRE, APRE, RMSE, and R2 are 
15.3%, 2.23%, 468.11, and 0.88, respectively. These values confirm the accuracy of the 

model for the estimation of bubble point pressure. Figure 5 is a diagram showing the parity 
between the calculated and reported values of bubble point pressure data, which illustrates 
close agreement between the newly developed model results, and the actual bubble point 
pressure data. Figure 6 presents the relative percentage error distribution plot for the Pb 
model. The figure indicates a small, existing error range, and a low scatter around the zero 
error line, for the bubble point pressure data and APRE obtained for the Eq. (6).  

 
 

Fig. 5. Parity diagram for the estimated values by 

the new model and the literature-reported values 

of the bubble point pressure 

Fig. 6. Relative deviations plot of the bubble point 

pressure values obtained by the newly proposed 

model from the available dataset values 
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Table 3. Summarized statistical error parameters including AAPRE, APRE, RMSE and R 2 for the newly 
developed model for bubble point pressure as well as the studied correlations resulted from the actual 

data 

Method AAPRE, % APRE, % RMSE R² 

Present study (Eq. (6)) 15.3 2.23 468.11 0.88 

Arabloo et al. model [14] 18.9 3.2 501.7 0.86 

Al-Shammasi model [25] 20.8 −7.6 478.7 0.87 

Lasater model [45] 25.5 −8.6 481.5 0.87 

Dindoruk and Christman  model [42] 25.6 −2.8 510.8 0.86 

Valko and Mcain  model [46] 25.7 0.1 584.2 0.82 

Frashad et al. model [41] 25.9 −8.7 507.4 0.85 

Velarde et al. model [47] 26.9 −2.1 596.6 0.82 

Al-Marhoun model [36] 27.9 −4.5 550.8 0.84 

Standing model [7] 28.7 −16.4 588.4 0.85 

Vazquez and Beggs model [9] 32.3 −24.7 693.9 0.87 

Kartoatmodjo and Schmidt model [26] 35.6 −27.2 819.7 0.84 

Macary and El-Batanony model [27] 52.9 −38.3 596.4 0.85 

Petrosky and Farshad model [13] 90.7 58.7 840 0.85 

Yi model [48] 94 94 2 115.2 0.77 

Omar and Todd model [35] 361.5 −356.0 11 387.4 0.03 

Ikiensikimama and Ogboja  model [49] 555.5 −555.5 5 175.9 0.40 

Several of the most widely-utilized correlations, related to bubble point pressure property, 

were provided, including: Arabloo et al. [14] model, Al-Shammasi [25] model, Lasater [45] 
model, Dindoruk and Christman [42] model, Valko and Mcain [46] model, Frashad et al. [41] 
model, Velarde et al. [47] model, Al-Marhoun [36] model, Standing [7] model, Vazquez and 

Beggs [9] model, Kartoatmodjo and Schmidt [26] model, Macary and El-Batanony [27] model, 
Petrosky and Farshad [13] model, Yi [48] model, Omar and Todd [35] model, and Ikiensikimama 
and Ogboja [49] model. Table 3 summarizes the statistical error parameters calculated for the 
aforementioned correlations and the Pb model developed in this study.  

 

As can be seen in the table, the Pb 

model has better performance in com-
parison with the reviewed methods. In 
order to better illustrate the compari-
son, AAPRE obtained for all methods is 
shown in Fig. 7. Figure 7 confirms that 

Eq. (6) is more capable, and accurate, 
than the other studied correlations for 
the estimation of bubble point pres-
sure.  

Fig. 7. Graphical comparison between the 

AAPRE values obtained by the new model 
developed in this study for the estimation of 

bubble point pressure as well as the corre-

sponding studied correlations  

The results and above discussion confirm that the models proposed in the present study 

for the evaluation of reservoir oil PVT properties, i.e., oil formation volume factor and bubble 
point pressure, are more reliable, and accurate than models currently available in the litera-
ture. In addition, they can have various potential applications in petroleum engineering, such 
as in the development of software. 

4.2. Detection of outlier data points existing in the dataset 

The accurate performance, and capability, of models are improved if outlier data point(s) 
existing in the datasets are detected and removed, because the results could be sensitive to 
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such data points [50-53]. Hence, the evaluation of datasets, related to both oil formation volume 
factor and bubble point pressure, is a requisite, since uncertainties affect the accurate perfor-
mance and capability of the GEP method.  

The Leverage value statistics technique was applied for the detection of outlier data points 
existing in the datasets, associated with both oil formation volume factor and bubble point 

pressure properties [50,54]. As a result, the detection of the suspended data or outliers is un-
dertaken by means of the Williams plot, based on the H values calculated [51-52]. For more 
information about the Leverage approach, a detailed definition related to the computational 
procedure, and the equations for this technique, can be found elsewhere [51-52].  

  
Fig. 8. Detection of the probable outlier and 

doubtful data of oil formation volume factor and 
the applicability domain of the proposed GEP 

model 

Fig. 9. Detection of the probable outlier and 

doubtful data of bubble point pressure and the ap-
plicability domain of the proposed GEP model 

Figures 8 and 9 illustrate the Williams plots for the estimated values of oil formation volume 
factor and bubble point pressure, respectively, using the newly developed GEP models. As can 

be seen in these figures, the existence of the majority of data points in the ranges 0  H 

0.01984 and -3R for both of the models developed for oil formation volume factor and 

bubble point pressure, confirms that the applied models are statistically valid and correct in 
estimating these oil PVT properties. It should be noted that Figs. 8 and 9 show that there are 

12 data points for the oil formation volume factor model, and 13 data points for the bubble 
point pressure model, compared to their corresponding actual data which are outside of the 
applicability domain of the GEP models, and could be viewed as outliers with doubtful values. 

5. Conclusion 

A novel application of the gene expression programming (GEP) method for the modeling of 

oil PVT properties is presented. A dataset comprising of approximately 755 laboratory PVT 
datasets, covering wide ranges of PVT experimental conditions from various geographical and 
geological regions was used for the oil formation volume factor and bubble point pressure of 
reservoir oil. The variables for the newly-developed models are gas gravity, oil API gravity, 
initial solution gas oil ratio, and reservoir temperature.  

The findings indicate that the new GEP model for the calculation of oil formation volume 

factor has an AAPRE of 3.62% and a R2 = 0.93, and for bubble point pressure, it is 15.3% 
and 0.88, respectively.  

In order to assess the performance and capability of the equations in estimating both oil 
formation volume factor and bubble point pressure properties, a comparative study was con-
ducted, against the most widely-utilized correlations available in the open literature. The re-

sults obtained confirm that the models presented in this study are rapid to implement, accu-
rate, and more reliable and capable than the available correlations, for the determination of 
both oil formation volume factor and bubble point pressure properties.  
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Nomenclature  

GA  genetic algorithm 
GP  gene programming 

GEP  gene expression programming 

ET  expression tree 

GOR  gas oil ratio 
OFVF  oil formation volume factor 

TR  reservoir temperature 

Pb  bubble point pressure 
Bob  oil formation volume factor at bubble point pressure 

RSi  initial solution gas oil ratio  

γg  gas gravity 
API  oil gravity 

R2  correlation coefficient 

RMSE  root mean square errors 
APRE  average percent relative error  

AAPRE  average absolute percent relative error 
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