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a b s t r a c t

The necessity of oil formation volume factor (Bo) determination does not need to be greatly emphasized.
Different types of reservoir oil have specific conditions which impart the hydrocarbon's major properties,
among which is the oil formation volume factor. Therefore, it seems imperative to construct a model
capable of estimating the value of oil formation volume factor. Previous studies have resulted in a
number of correlations for oil formation volume factor estimation; however, a large portion of them do
not provide an acceptable accuracy (at least in some range of data) and cause a huge error at these points.
Some others are not flexible enough to be tuned for a specific type of reservoir oil and a comprehensive
piece of work does not exist as well in order to compare the applicability of the new models for esti-
mating the oil formation volume factor. In this research, a model based on simulated annealing (SA) has
been built in terms of temperature, solution gas-oil ratio, and gravity of oil and gas to predict the oil
formation volume factor. This model is compared with the models proposed in the most recent studies,
which shows the greater performance of the new method. In addition, in this paper the models of the
recent years were compared with each other and their applicability were discussed. Aiming to compare
the models, 420 data points were selected and the estimated values of each model for oil formation
volume factor were compared with their experimental ones.

© 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

Hydrocarbon liquids possess a set of properties. One of them is
oil formation volume factor (Bo), defined as the ratio of oil volume
at reservoir conditions to its volume at surface (standard) condi-
tions. This property plays an important role in calculating some of
the prominent petroleum engineering terms and parameters. For
instance, reserve estimation [1], gas lift modelling [2], reservoir
production calculation [3], stability of flow [4,5], flow. In addition,
this property appears in optimization (e.g. optimizing the rate of
production) and simulation problems.

The underground oil reservoirs are classified into three cate-
gories based on their value of average pressure: below bubble point

pressure (P< Pb), at bubble point pressure (P¼Pb) and above bubble
point pressure (P> Pb). An amount of free gas exists in the porous
hydrocarbon reservoir when pressure is below bubble point pres-
sure [6]. As a result of the compressibility of fluids (oil and gas),
changing the reservoir pressure affects the oil formation volume
factor (considering its definition). At higher pressures, when the
value of pressure outweighs the bubble point pressure, the oil
formation volume factor can be calculated conveniently provided
that the compressibility factors and oil formation volume factor at
bubble pressure are known [7e9]. Therefore, it seems necessary to
have a value for oil formation volume factor at bubble point pres-
sure for further calculations.

When there is no possibility for measuring the oil formation
volume factor values on an experimental or analytical basis, cor-
relations present themselves as a means. Hence, a precise correla-
tion proves to be critical to calculate the oil formation volume factor
for different ranges of parameters. In the literature, several corre-
lations have been propounded to estimate the oil formation volume
factor while a particular range of parameters is assigned to them
that indicates the range in which they operate acceptably exactly
[10]. This limitation can be eliminated by applying a new intro-
duced tool (simulated annealing programming [11,12]) to build an
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efficacious model capable of estimating the oil formation volume
factor. Developing mathematical models is very common in
different aspects of science and engineering [13,14]. Here, this
method is used and the resulted model performs the task of esti-
mation in a wide range of temperature, solution gas oil ratio, and
gravity of oil and gas. This model is very accurate and for proving
that it has been compared with the most recent models in
literature.

1.1. Literature review

Several researchers have proposed a number of correlations to
find and exact value of the oil formation volume factor of different
oil in various situations. To prepare an estimating correlation in
terms of gas gravity, oil gravity, gas-oil ratio, reservoir pressure and
temperature, 117 data sets were manipulated by Katz [15]. Esti-
mation of oil formation volume factor which only requires four
input parameters became accessible in 1947. Standing [16e18] did
this by utilizing 105 experimental data which were gathered from
22 oil fields in California. An appropriate correlation which is
capable of determining the oil formation volume factor in reser-
voirs produced with the depletion drive mechanism was made by
Cronquist [19]. Vasquez and Begg [20] made efforts to derive a gas
gravity dependent correlation in 1980. They used a number of 6000
experimental data points. In another case, Glaso [21] developed an
equation for a special reservoir fluid that is comprised of methane
gas dissolved in black oil. He assumed the concept of gas-oil equi-
librium. As a result of the method of linear regression, a correlation
for Middle East oils was introduced by Al-Marhoun [22,23] in 1988.
Simultaneously, Abdul-Majeed [24], who worked on 119 hydro-
carbon solutions, estimated the values of oil formation volume
factor by implementing non-linear regression analysis. Based on
separator pressure and temperature, Labedi [25]derived a correla-
tion for the oil formation volume factor. In a similar work, Farshad
[26] developed an estimating equation including these two factors.
Gharbi et al. [27] constructed a proxy model using artificial neural
network (ANN). This model facilitated the calculation of oil for-
mation volume factor for Middle East oils. Parallel to this research, a
correlation based onmultiple regression analysis was developed by
Elshrkway et al. [28] in 1997. Also, a different method of regression
called multiple variable helped El-Banbi et al. [29] derive a corre-
lation for oil formation volume factor. Bearing in mind that density
is related to the oil formation volume factor, Sutton [30] developed
a density correlation that would yield oil formation volume factor
regarding the relationship in 2008. In 2009, El-Sebakhy [31]
modeled a support vector machine network which was able to
estimate the oil formation volume factor. The factors including
separator gas-oil ratio and pressure, stock tank gravity and reser-
voir temperature were entered the regression calculations by
Elmabrouk et al. [32] and another correlation was developed.
Nassar et al. [33] represented the separator configuration (number
of stages) as a new factor in addition to its pressure and tempera-
ture, and introduced a correlation for oil formation volume factor in
2013. In recent years a number of newmethods have been used for
estimating the oil formation volume factor. In 2014, Karimnezhad
et al. [34] used the genetic algorithm to predict the oil formation
factor. In addition in this year Torabia et al. [35] predicted the oil
formation volume factor using three models of statistical analysis,
artificial neural networks and three-dimensional modelling. They
claimed that the statistical analysis had the best performance.
Sulaimon et al. [36] used a groupMethod of Data Handling (GMDH)
technique to estimate the oil formation volume factor. In 2015,
Shokrollahi et al. [37] used an approach called committee machine
intelligent system for predicting the oil formation volume factor. In
2016, Mahdiani et al. [38,39] studied the new methods for

estimating the oil formation volume factor; they optimized the
internal parameters of the neural network and then using that they
found a model for oil formation volume factor. They used four
different genetic programming models as well. Their models were
adaptable in which their degree of accuracy and their complexity
were settable.

There appears to be a large number of correlations devoted to
estimate oil formation volume factor in the literature. Never-
theless, the main point is to specifically indicate the most ac-
curate one. A comparison between these correlations has been
the subject of a considerable number of studies made by re-
searchers [40]. In 1994, Ghetto et al. [41] used 195 data points to
perform this task. The Vasquez and Begg [20] model was pro-
posed as an enhanced estimating tool. Almehaideb [42] ranked
Al-Marhoun, Glaso and Standing respectively as the models
which have the greatest accuracy. The processed data gathered
from 13 oil fields yielded this result. In another research made by
Godefroy [43], the Glaso and Al-Marhoun correlations were
denoted as the best ones. In 2016, Mahdiani [38] surveyed
different models including new models such as optimized arti-
ficial neural network and adaptive genetic programming models
and concluded that the performance of the new models is better
than traditional ones.

In this study, a new approach namely simulated annealing
optimization, has been adopted to construct a new model which
enables us to estimate the oil formation volume factor provided
that simulated annealing optimization is implemented on a tree
structure. Subsequently, this sophisticated model has undergone a
comparison process aiming to compare it with the previously
mentioned models claiming to have the highest precision. The
corresponding results elucidate the efficient performance of this
novel model. The new model of this paper is accurate and flexible.
Using simulated annealing programming for developing models
makes the developer enable to create easily model for a data set,
have an explicit equation and be able to modify the model when-
ever a more extended dataset be available.

1.2. Using simulated annealing (SA) for modelling

Generally, simulated annealing is classified as one of the opti-
mization evolutionary algorithms. However, in this research, its
range of application is shifted to make it appropriate for modelling
purposes. Hence, in order to present the model, the tree structure is
used (Fig. 1). The flexibility tree representation has made it appli-
cable in diverse fields of knowledge [44,45]. For instance, computer

Fig. 1. Tree Structure, green shows the nodes and orange shows the terminals.
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programming, mathematical equations, circuit design, identification
of chemical process system [46], kinetic orders [47] and differential
equations [48] are some of the areas in which tree structure can be
used. Applying optimization algorithms on tree structure is a good
method tomake amodel for predicting a parameter. It has been used
previously for estimating different parameters [12,38]. In this study
as a new approach the simulated annealing as an optimizer is
applied in tree structure to make a model for predicting the oil for-
mation volume factor. Using this kind of modelling results to an
accurate and flexible model. The flexibility of the models means that
whenever an extended data set be available it is easy to modify the
model, or if the data of a special oil of special region be available it is
easy to use SAP to develop amodel based on these data and specially
for that oil of that region. First simulated annealing is explained
briefly and then it will be used for modelling.

1.2.1. Simulated annealing
Simulated annealing takes the formation of crystals as a basis.

Three operations can be done on an initial core of a crystal: adding,
removing and changing the position of a molecule. After the initial

energy of the system minimizes, these processes will eventually
stop. In each stage, if the new crystal (created by adding, removing
or changing the position of crystals) had a better fitness, it will
replace the old crystal, but if it had aworse fitness, it can be omitted
or can be used by a probability related to temperature. As the al-
gorithm continues the temperature reduces [49e51]. The proba-
bility is defined as below:

P ¼ exp
�
Ei � Ej
kBT

�
(1)

Here.

P: Probability for accepting the point
T: Temperature
kB: Boltzmann constant
Ei and Ej: Fitness of initial and new states

There are different functions for temperature reduction. Some of
the most important ones are as below:

Fig. 2. Different methods for finding neighbours in simulated annealing-based modelling (a) Adding a sub tree, (b) Removing a sub tree, (c) Changing the position of a sub tree in
the tree.
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Fig. 3. The SAP flowchart of this study to develop a model for predicting the oil formation volume factor.

Table 1
Range of Parameters of the database used in Building the Bo Model.

Gas gravity Oil gravity Temperature (oF) Solution gas oil ratio (STB/SCF)

max 1.32 0.89 275 2266
min 0.61 0.81 100 104

Table 2
Simulated annealing parameters.

Parameter Value

Annealing Function Fast annealing
Re annealing interval 100
Temperature Update Function Exponential
Temperature Update Coefficient 0.96
Initial temperature 100
maximum tree depth 10

Table 3
The statistical properties of the applying model on test, train and all data.

Test data Train Data All Data

Number 40 120 160
Average Relative Error (%) 1.37 1.21 1.25
Median Relative Error (%) 1.15 0.87 0.91
Maximum Relative Error (%) 4.00 5.02 5.02
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Tkþ1 ¼ b*Tk 0:5< b<0:99 (2)

Tkþ1 ¼ Tkh
1þ lnð1þdÞTk

3 s ðTkÞ
i 0:01< d<0:2 (3)

Tkþ1 ¼ Tk
exp

�
l Tk
sðTkÞ

� l<0:1 (4)

s ðTkÞ: Standard deviation of the finesses of previous tempera-
ture level

Arrays of numbers represent crystals that must be optimized in
simulated annealing optimization, whereas, here, trees are pro-
cessed and a tree has a better fitness if it can find a model with less
error over the train data. In the simulated annealing technique, an
initial population of trees is generated regarding the degree of
variety in them (A tree is represented in Fig. 1). the error of the
correspondingmodel of each tree over the train data is checked and

if a model with satisfying error be found the algorithm is over,
otherwise, a neighbour for each tree is found by the following three
ways: adding, removing or changing the position of a sub tree
(Fig. 2). Again the fitness of all neighbour is checked to find a
satisfying model and if such a model not found the fitness of
neighbour with their original model is compared. In situation of the
better fitness they will replace their originals and in the case of
weaker fitness with a probability to temperature the neighbour can
replace the original. Afterward again the neighbour of the new
population of trees are found and the algorithm continues until the
desired model be found. In final stage, the test data is applied in the
model and its error is calculated. If the error be satisfying the
process is complete otherwise using the train data a new model is
developed for estimating the oil formation volume factor. Fig. 3
shows a flowchart for this model.

2. Constructing the model

The parameters on which the simulated annealing model is
based include pressure, temperature, solution gas-oil ratio, oil
gravity and gas gravity. This model enables us to precisely estimate
the oil formation volume factor.

Table 4
Range of Parameters of the database used in Testing the Bo Model.

Gas gravity Oil gravity Temperature (oF) Solution gas oil ratio (STB/SCF)

max 1.30 0.89 306 3020
min 0.63 0.78 127 181

Table 5
Range of Parameters in the database used in Building and testing the model.

Gas gravity Oil gravity Temperature (oF) Solution gas oil ratio (STB/SCF)

max 1.32 0.90 306 3020
min 0.61 0.22 100 104

Fig. 4. Predicted formation volume factor of SA-Model versus the experimental value (a) for training data (b) for testing data (c) for all data.
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Fig. 5. Predicted formation volume factor from different models versus experimental values. (a) SA-based Model (b) Artificial Neural Network (c) Genetic Algorithm (d) Three-
dimensional modelling (e) Machine intelligent system (f) Genetic Programming (g) Optimized Artificial Neural Network.
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2.1. Collecting a data base for creating the model

Gathering information from numerous works in the literature
[52,53,27], and some experimental data from Iranian oils, a 160-
point data base was prepared. 75% of these points were selected
accidentally to create the model. To verify the validation of this
model, the other 25% of points remained. The range in which the
parameters have been used is shown in Table 1.

2.2. Setting the tree structure for modelling

Aftermaking the database ready, it is the time to define the trees
for creating the model. Each tree consists of nodes and terminals in
which nodes hold the operators and the terminals hold the values
of the input data.

In this study, the values of the nodes were basic mathematical
operations {þ, -,� ,/}, and the parameters of the terminals were {RS,
T, gg, go}.

2.3. Finding the optimum tree structure

The next step is the optimization of the tree structure to find the
best model for estimating the oil formation volume factor with the
minimum error. For that as previously mentioned a random initial
population is created, After that, in each iteration the structure of
the trees is changed by simulated annealing method (adding a

subtree, removing a subtree, changing the position of a subtree) as
described previously. The parameters of the simulated annealing
method are summarized in Table 2.

Then, when the algorithm stopped and the shape of the tree
became fixed, the coefficients of the resulted equation were
modified in such a way that resulted model minimize the square
error of the model

Finally, after modelling finishes, the resulted model equation
would be as follows:

BO¼ 6.261e0.00017653 / gg� RS þ 0.012148 � RS / T -
0.08863� gg

3� go - 7.0471� gg - 1.5729 / go - 0.00075434� go
2� RS

- 4.2372� go þ 1.9747 � gg / go þ 0.0010615 � T þ
5.7085 � go� gg þ 0.0010389 � RS þ 7.741e-07 � RS� T (5)

This equation may seem a little long but it is accurate and
because of the strongmodern computers its length is not important
any more.

The specified number of points for model verification are used
to test the model. Error for the test, train and all data based on
different statistical definitions can be seen in Table 3. The corre-
sponding range of parameters for validating the model is shown in
Table 4. By comparing Table 4 to Table 1, one can recognize the
differences in ranges of some parameters. In fact, Table 4 shows that
in some cases, the range of a parameter is extended. However,in
this situation, the model still estimates the values of oil formation
volume factor with an acceptable accuracy. Therefore, the range of
data for applicability of the model can be extended to all the data.
This range is illustrated in Table 5 and the cross plots of the model
estimation for the all data are shown in Fig. 4.

3. Results and discussion

After building the model, the time has come to validate its ac-
curacy. To achieve that, the SA-Based model of this paper is
compared with the most recent methods of estimating the oil
formation volume factor with a data base of 420 data points. This
data points contain the test points of the constructed model (which
was not used for creating the model) and some other experimental
points of Iranian oils [38].

It is convenient to check the validity of the model with a com-
parisonwhich is made between the newly proposed model and the
models of the most recent works. This is shown in Fig. 5. The cross
plot of experimental and model value for the oil formation volume
factor is given in this figure. The positions of the points which are
very near to the x¼ y line imply that these have been estimated
precisely, since this line represents the exact prediction. Obviously,
the error of points amplifies by increasing the distance between the
points and the x¼ y line. In fact, overestimation and underesti-
mation behaviour of the model is construed from the points above
and below the x¼ y line, respectively. As this figure shows most
points in SA-Based model are fitted in x¼ y line. Nevertheless, in

Table 6
Comparison of the Statistical Properties of the SA-Based Model and the other Correlations.

SA-
Based
Model

Artificial
Neural
Network

Genetic
Algorithm
(Karimnezhad
2014)

three-dimensional
modelling
(Torabia 2014)

machine intelligent
system
(Shokrollahi 2015)

Genetic Programming
(Mahdiani 2016)

Optimized Artificial Neural Network
(Mahdiani 2016)

Average Relative
Error (%)

1.68 2.05 3.28 2.83 1.46 2.08 2.60

Median Relative
Error (%)

1.18 1.09 2.78 2.44 0.80 1.43 1.56

Maximum Error (%) 17.48 87.92 28.78 18.04 22.57 25.75 25.05
R square 0.976 0.917 0.942 0.975 0.971 0.961 0.953

Fig. 6. A Comparison of Average Relative Errors of the new methods for estimating the
oil formation volume factor.
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other models some more points are away from this line with which
the poor estimation of a model on those points can be inferred. This
figure gives a good quick view for comparing different models.

Table 6 shows some statistical properties which are related to
each oil formation volume factor predicting model. As this figure
shows, SA-based model and the model of machine intelligent sys-
tems have the least average relative errors, and their values are
similar in both cases. Next to these two, there are artificial neural
network and genetic programming, optimized artificial neural
network, three dimensional modelling and the genetic algorithm. If
the median relative errors be compared machine intelligent sys-
tem, artificial neural network and the SA-based model have the
least error, respectively. It should be mentioned that when
comparing the values of the average relative errors and the median
relative errors, the artificial neural network acts better than the
artificial neural network. Nonetheless, when the maximum relative
error is considered, the optimized neural network shows its power.
Comparing the maximum relative error, the best models are the
three dimensional modelling and the SA-Based model. Fig. 6 shows
a better visualization of different types of errors for the considered
models of this paper.

It is clear that SA-Based modelling has not the best performance
in all items but in all of them it is among the best ones and its r-
square shows its comprehensively best estimation.

4. Conclusions

(1) Considering the existing data, the precision of the simulated
annealing-based model in estimating the oil formation vol-
ume factor, an important property in petroleum engineering
problems, was shown. The acceptable accuracy proves the
applicability of the model.

(2) A comparison between the innovative model of this study
and the previous models shows that the simulated annealing
model is accurate in proportion to the other ones.

(3) omparing the r-square of the most recent models for esti-
mating the oil formation volume factor, SA-Based model has
the best r-square and three dimensional modelling, genetic
programming and machine intelligent systems, optimized
artificial neural network, genetic algorithm and artificial
neural network are ranked next.

(4) The range of application of this model can be enhanced.
Hydrocarbon fluids which contain concentrations of impu-
rities (e.g. hydrogen, nitrogen, hydrogen sulphide and carbon
dioxide) can be processed by this model.

Nomenclature

go Oil Gravity
gg Gas Gravity
RS Solution Gas Oil Ratio (SCF/STB)
BO Formation Volume Factor (Reservoir barrel/STB)
T Temperature (oF)
P Pressure (psi)

SI metric conversion factor
SCF� 0.02832 sm3
STB� 0.15899 sm3
psi� 6870.75 pa
0.56 F þ 255.4 K
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