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A B S T R A C T

CO2 solubility is one of the most important parameters that affects CO2 flooding, because gas dissolution into
crude oil results in oil swelling, viscosity reduction, IFT reduction, oil mobilization, and oil recovery improve-
ment. Therefore, a better understanding of CO2 solubility mechanisms and its influence on physical properties of
crude oil are essential to any effective CO2 flooding process. In this study, Least-Square Support Vector Machine
(LSSVM) as a newly established soft computing algorithm is applied for developing a new correlative model for
CO2 solubility in both dead and live oil systems. CO2 solubility in dead oil is basically affected by the oil
saturation pressure (Ps), oil specific gravity (γ), oil molecular weight (MW), and reservoir temperature (T).
Moreover, the impact of bubble point pressure is considered in constructing the LSSVM model for the live oil. A
number of statistical quality measures are utilized to assess and demonstrate the superior capability of the newly
developed LSSVM model in comparison with the previous empirically derived correlations. The average absolute
relative deviation (AARD) and coefficient of determination (R2) of 2.2783% and 0.9933 for the dead oil system,
and 1.7432% and 0.9958 for the live oil system, respectively, verify the acceptable accuracy and efficient
performance of the proposed LSSVM model over a wide range of dataset used in this study within the range of
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the used databank. However, the impact of CO2 liquefaction pressure is ignored, the LSSVM model gives the best
result. In conclusion, it is worth mentioning that the proposed LSSVM model can serve as an accurate correlative
tool for fast and effective estimation of CO2 solubility in both dead and live crude oils.

1. Introduction

A large number of heavy oil reservoirs are marginal and ill-suited
for thermal recovery methods such as in-situ combustion and steam
injection. This is the case if the formations are too deep (depths greater
than 1000m) or thin (< 10m net pay) or have low oil saturation, low
permeability, and inappropriate geological conditions [1]. Under these
conditions, thermal recovery methods are unproductive and un-
economical because of the excessive vertical heat loss [2]. Recently, gas
injection into such oil reservoirs has received more attention because of
its economic potential, especially for medium and heavy oil reservoirs.
Carbon dioxide is usually preferred over hydrocarbon gases because of
its price, higher density and also some environmental benefits by pro-
viding storage for CO2 in the reservoir [3]. Carbon dioxide also has the
advantage of being an inert, non-flammable gas which is non-toxic to
humans and can be easily transported (and even injected) in a liquid
form at relatively low pressures. Furthermore, CO2 can be obtained
naturally in some parts of the world and is a by-product of some re-
fining and processing operations. Potential disadvantages of CO2 in-
clude limited availability in some areas of the world, corrosion pro-
blems associated with the use of CO2 in saline brine environments
(particularly in the presence of dissolved oxygen) and a propensity for
some oil systems to precipitate asphaltenes and other high molecular
weight insoluble solids when contacted by CO2 [4].

A variety of CO2 injection scenarios can be used for recovering oil
from a reservoir. Some of these are CO2 slug (small slug size) injection,
water alternating gas (WAG) injection, water gas co-injection, con-
tinuous CO2 injection (in high gas-oil ratio), single well huff ‘n’ puff
process and multiple well push-pull process. The performance of each
process is affected by different operating parameters such as CO2 slug
size, slug numbers, the reservoir operating pressure and other items
associated with rock and fluid interactions [1]. For most CO2-hydro-
carbon systems, true first contact miscibility cannot be established due
to the high pressure required in order to exceed the cricondenbar on the
pressure-temperature diagram. For lighter oil systems, at relatively high
pressures, vaporizing type multi-contact miscibility, which is an ex-
tremely efficient process, can often be established with CO2. For heavier
oils or severely depleted reservoirs, where reservoir pressure is very low
and cannot be increased due to economic or technical reasons, CO2 can
also be used effectively in an immiscible mode. It is well-understood
that impurities in the CO2 stream can affect the pressure requirement
[minimum miscibility pressure (MMP)], which affects miscibility de-
velopment and recovery. Hydrogen sulfide and hydrocarbon compo-
nents heavier than ethane lower the MMP, while the addition of me-
thane to the CO2 stream increases the miscibility pressure requirement
[5].

CO2 effects on some important physical properties of reservoir oils
must be specified to design an efficient displacement process. The
physical mechanisms in this process are the dissolution of the injected
gas into the crude oil, thereby swelling it, reducing its viscosity, and
making it more mobile [6]. Knowledge of these physical mechanisms
that evolve in such processes is required to evaluate how viscous fin-
gering, gravity segregation, dispersion, and surface tension affect la-
boratory results and pilot field studies [5]. The effects of CO2 on oil
physical properties can be determined by laboratory studies, available
modeling or correlation packages and soft computing techniques. The
most reliable and accurate way to determine these properties is from
accurate laboratory studies. However, these experiments are expensive
and time-consuming and it is impossible to measure properties for all
possible compositions of reservoir oils. Therefore, in the absence of

experimentally measured properties, other methods are used to de-
termine CO2-oil physical properties. In the following, a review of CO2

solubility as one of the most important CO2-oil physical properties is
provided.

1.1. CO2 solubility

The most important property of oil-CO2 systems is carbon dioxide
solubility [2]. Solubility of one substance in another depends on ability
of the two molecular species to mix [7]. In other words, the solubility of
CO2 in a crude oil, RS, is defined as the volume of CO2 in the CO2-
saturated oil per volume of dead-state oil at the temperature at which
solubility is measured. When the injected CO2 contacts the reservoir oil,
mass transfer between CO2 and oil phase will go on until the system
reaches an equilibrium. In this process, light components will vaporize
from the oil phase and CO2 will dissolve into the oil phase. Therefore,
the solubility of CO2 in crude oil at reservoir conditions will gradually
increase as more CO2 is injected because of stripping of solution gas by
CO2.

The solubility of gases in liquids is normally decreased with the
increase of temperature at low pressures because light components (gas
molecules) tend to vaporize at high temperature. As pressure increases,
however, liquid becomes denser at lower temperatures, i.e. molecules
in the liquid phase are packed more tightly and thus leave less room for
gas molecules to enter. Therefore, at high pressures, the solubility of gas
in liquid may increase with temperature because of the decrease in li-
quid density. Also, it was found that CO2 solubility decreases with the
increase of oil gravity.

For temperatures less than Tc,CO2 (critical temperature of CO2 is
304.2 K), the solubility of CO2 increases with pressure up to the li-
quefaction pressure then levels off. On the other hand, at temperatures
which are above the critical temperature of CO2, there is a gradual rise
of CO2 solubility [8]. The gradual rise of CO2 solubility with pressure
above the critical temperature of CO2 is an important characteristic that
can be used for oil recovery.

2. Determination of CO2 solubility in crude oil

2.1. Laboratorial studies

Jacobs et al. [9] measured CO2 solubility as a function of pressure
and temperature for two natural gas-absorber oil mixtures and two
natural gas-crude oil mixtures. CO2 concentration in these four systems
was fixed at 5mol percent. The effect of CO2 solubility in various dead
oils in CO2-oil solutions was studied by Welker [10]. Simon and Graue
[11] published solubility data for a total of 40 different CO2-oil mix-
tures (seven crude oils and two refined oils) in a temperature range
from 311 to 394 K and pressures up to 15.86MPa. Afterwards, Miller
and Jones [12] studied properties of four dead heavy oils obtained from
California's Cat Canyon (10°API) and Wilmington (15 to 17°API) fields
and Kansas' Densmore (19.8°API) field. Data were presented on solu-
bility of CO2 and other physical properties in these heavy oils. Later,
Chung et al. [13] extended the work of Miller and Jones [12] and
presented experimental measurements for the physical properties of
heavy oils before and after CO2 saturation. In 1995, Grigg [14] reported
physical properties for systems of CO2 and a West Texas crude oil at
various reservoir conditions by using a continuous phase equilibrium
(CPE) apparatus. They also examined how pressure and injection gas
composition (pure and impure CO2) affect the dynamic phase behavior
of CO2 injected into a recombined crude oil. In another work, Kokal and
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Sayegh [8] carried out phase behavior measurements on mixtures of
CO2 with a Canadian heavy oil. They measured phase behavior data
such as mixture solubility at 294 K and 413 K and at several pressures
up to12.41MPa. In 1997, Srivastava and Huang [3] conducted la-
boratory studies for PVT properties of reservoir fluid-CO2 mixtures with
three Weyburn (located in southeast Saskatchewan) oils collected from
different parts of the reservoir. They showed that the CO2 dissolution in
reservoir oil leading to viscosity reduction and oil swelling contributes
to increased oil recovery.

2.2. Empirical correlations

Developing correlations for estimation of reservoir fluid properties
has been and will be a research topic for a long time. Numerous cor-
relations have been developed to predict oil mixture properties. One of
the first graphical correlations developed by Welker [10] for estimation
of solubility and other physical properties of CO2-oil mixtures for oil
gravity range from 20 to 40oAPI. The solubility prediction method of

Welker [10] is limited to 299.8 K. Simon and Graue [11], in 1965,
presented correlations for predicting physical properties of CO2-oil
mixtures such as solubility of CO2-crude oil systems with an average
deviations of 2 percent for solubility estimation. Correlations developed
from their experimental data are the principal correlations currently
used in reservoir engineering. The shortcoming of the Simon and Graue
[11] correlations is that they are not presented in mathematical form;
therefore, they cannot be readily implemented in a computer simulator.
Mehrotra and Svrcek [15] presented correlations for prediction of so-
lubility and other physical properties of pure CO2 and other pure gases
in Athabasca bitumen as a function of pressure and temperature. Chung
et al. [13] provided predictive tools for determining various physical
properties such as solubility of CO2 in heavy oils. Their correlations
require only the values of temperature, pressure, and oil specific gravity
for CO2 solubility prediction and estimation of other physical proper-
ties. In 2008, Emera and Sarma [16] developed correlations based on
genetic algorithm (GA) technique for prediction of the CO2 solubility
and other CO2-oil physical properties for both dead and live oils. Their

Nomenclature

MW Molecular weight of crude oil, gr/mole
b Bias term
AT Transpose of matrix A
IN N×N identity matrix
K(xi,xj) Kernel function
L Lagrangian
w Weight vector
αi Lagrange multipliers
Φ Map from input space into feature space
γ Regularization constant
σ Width of the RBF kernel
Ω Kernel matrix

d Polynomial degree
γ Oil specific gravity, dimensionless
T Reservoir temperature, °C
Tc, CO2 CO2 critical temperature (304.2 K)
PS Saturation pressure, MPa
Pliq,CO2 Liquefaction pressure at the specified temperature, MPa
Pb Bubble point pressure, MPa
RS CO2 solubility in crude oil, mole fraction

Experimental CO2 solubility in crude oil, mole fraction
RS

pred Predicted CO2 solubility in crude oil, mole fraction
AARD Average absolute relative deviation percent
RMSE Root mean square error
SD Standard deviation
R2 Coefficient of determination

Table 1
Summary of several widely used empirical correlations for calculation of CO2 solubility in crude oil [67].

Authors Model Remarks

Welker [10] Graphical correlation, which is a function of the saturation pressure and oil API gravity at a
constant temperature (26.67 °C).

Developed for dead oils at temperature equal to 26.67 °C and
oil gravity range from 20 to 40 °API (0.93–0.825 gm/cc)

Simon and
Graue [11]

Graphical correlation, which is a function of CO2 fugacity and temperature or the saturation
pressure and temperature at UOP characterization factor equal to 11.7, with a correction factor
which is a function of the UOP characterization factor and the temperature for characterization
factors differ than 11.7.

Developed for dead oils with temperatures range from
43.33 °C to 121.1 °C, pressures up to 15.86MPa, and oil
gravity from 12 to 33 °API.

Mehrotra and
Svrcek [15]

⎛
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where: c1 =-0.0073508, c2 =-14.794,

c3 =6428.5, and c4 =4971.39.

Solubility at Pb equal to 1 atm is zero (dead oil).
Limitations:
- Pressures up to 6.38MPa,
- Temperatures range from 23.89 to 97.22 °C.

Chung et al.
[13]
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where: c1 = 0.02770441, c2 = 4.0928,

c3 =0.2499, c4 = × −3.20617 10 ,6 c5 = 1.6428, c6 = 0.098057, and c7 =5.38888.

Limited to pressures up to 20.684MPa and oil gravity from
10 to 20 °API (for dead and heavy oils).

Emera and
Sarma [16]

A. In dead oil
i. For gaseous CO2: = − + −R y y y2.238 0.33 3.235 4.8s 0.6474 0.25656 where,

= ⎛
⎝
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⎠

+y γ 0.006897 T
Ps
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ii. For liquid CO2: = + − + −R y y y y0.033 1.14 0.7716 0.2176 0.02183s 2 3 4 where,
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⎝

⎞
⎠
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MWexp 1.8 32

B. In live oil
i. For gaseous CO2: = − + −R y y y1.748 0.5632 3.273 4.3s 0.704 0.4425 where,

= ⎛
⎝

× ⎞
⎠

+
−

( )
y γ 0.006897 T

Ps Pb

MW(1.8 32)1.125 exp 1

ii. For liquid CO2: The similar correlation applied for the CO2 solubility in the dead oil (for
liquid CO2) can also be used for the live oil

It is notable that when temperatures are less than Tc, CO2 (for
pressures lower than the CO2 liquefaction pressure) and
temperatures are higher than Tc,CO2 (for all pressures), CO2

will be in the gaseous state. In addition, liquid state CO2 will
be achieved when temperatures are lower than Tc,CO2 and
pressures are higher than the CO2 liquefaction pressure
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correlations take into account the effects of the CO2 liquefaction pres-
sure and oil molecular weight (MW). The authors included the effects of
saturation and bubble point pressure in their modeling. Saturation
pressure is a pressure at which the gas phase will be dissolved in crude
oil completely in specific physical condition; however, the pressure at
which the first bubble is liberated from the solution is called as bubble
point pressure. Moreover, saturation pressure has a positive impact,
although bubble point pressure has a negative effect on CO2 solubility
estimation. Bubble point pressure only affects the live crude oils and its
impact is not considered on dead oil by Emera and Sarma [16]. Table 1
summarizes several widely used empirical correlations for calculation
of CO2 solubility in crude oil.

2.3. Soft computing techniques

Soft computing techniques are data modeling tools that are in-
creasingly applied in oil and gas industry because of their ability to find
complex relationships between inputs and outputs without a theoretical
model. CO2-oil physical properties have been proven to be a compli-
cated process and may be ill-defined. In these conditions, it is better to
employ a soft computing method to represent such a complex re-
lationship [17–19].

Intelligent methods such as the Artificial Neural Network (ANN)
[19,20], Adaptive Neuro-Fuzzy Inference System (ANFIS) models
[21,22,69], gene expression programming (GEP) [39,40,70,71] and
Least Square Support Vector Machine (LSSVM) [23–25,72] for data
analysis and interpretation are increasingly powerful estimating tools

that can be used to predict regression and classification problems.
The LSSVM technique has been successfully applied to several dif-

ferent applications such as reservoir oil and gas PVT properties esti-
mation, multiphase flow pressure drop calculations [26], retention and
solubility predictions [27–29]. In 2016, Ahmadi and Ahmadi [30] ap-
plied the LSSVM method optimized with genetic algorithm (GA) for
estimating the CO2 solubility in brine for the first time in literature. In
another investigation, LSSVM technique in combination with GA-mul-
tilayer regression was used to predict the solubility of CO2 in ionic li-
quids (ILs) by Mehraein and Riahi [31]. In both prementioned re-
searches successful applications of the LSSVM strategy were
demonstrated. However, to the best of authors’ knowledge no work has
been published on the modeling of CO2-oil physical properties with the
use of LSSVM approach. The are several key differences between the
CO2 solubility in brine and CO2 solubility in crude oil in terms of LSSVM
strategy. The input parameters for modeling CO2 solubility in brine are
salt molecular weight, salt molality, pressure and temperature; even
though the correlating variables for modeling CO2 solubility in dead
crude oil are saturation pressure, oil molecular weight, oil specific
gravities and reservoir temperatures. It is notable that the effect of
bubble point pressure is also considered in addition to the above-
mentioned parameters when dealing with live crude oil. Besides, the
ranges and the dimentions of operational conditions involved in crude
oil modeling are considerably different from those incorporated with
brine simulation. The optimization techniques applied in this study are
different from those implemented in the works of Ahmadi and Ahmadi
[30] and Mehraein and Riahi [31]; thereby, the tuning parameters of
the LSSVM strategy in this study are different from those obtained by
the prementioned literature study concerning on CO2 solubility in
brine. Therefore, the main goal of this study is to present an accurate
correlative model based on LSSVM modeling approach to predict the
effects of CO2 on crude oil property (CO2 solubility in oil) for both dead
and live reservoir oils.

3. Methodology

3.1. Backgrounds of modeling

The support vector machine (SVM) is a supervised learning tech-
nique from the field of machine learning which can be used for both
classification and regression analysis [32–38]. However, one of the
major limitations of the SVM is the necessity to solve a large-scale
quadratic programming problem [39]. This disadvantage has been
overcome by a modification to the traditional SVM called Least-Squares
SVM (LSSVM), which solves linear equations (linear programming),
instead of quadratic programming problems to decrease the complexity
of optimization process [40–43]. Considering the problem of approx-
imating a given dataset …x y x y x y{( , ),( , ), ( , )}N N1 1 2 2 with a nonlinear func-
tion:

= 〈 〉 +f x w x b( ) ,Φ( ) (1)

Table 2
Reference-based physical and operational conditions of various datasets in dead oil
[6,8,11,49–53,56,59,62].

Parameter Unit Min. Avg. Max. SD

Temperature °C 18.33 53.85 140 35.75
Saturation pressure MPa 0.5 6.97170 27.38 4.59632
Oil molecular weight gr/mole 196 351 490 92.1
Oil specific gravity – 0.83827 0.925779 0.98675 0.048052
CO2 solubility mole fraction 0.1 0.45755 0.847 0.172546

Table 3
Reference-based physical and operational conditions of various datasets in live oil
[49,50,55–58,60,61,68].

Parameter Unit Min. Avg. Max. SD

Temperature °C 28 65.9297 123.9 19.1221
Saturation pressure MPa 3.23 13.6242 32.76 7.16755
Bubble point pressure MPa 2.15 8.50527 18.52 5.805945
Oil molecular weight gr/mole 80.7 152.8 391.6 61.96
Oil specific gravity – 0.6748 0.8371 0.9663 0.0618
CO2 solubility mole fraction 0.1083 0.410307 0.7201 0.167736

Table 4
Ranges and their corresponding statistical parameters of the input/output data utilized for developing the CO2 solubility correlation in dead oil.

Temperature (°C) Saturation pressure (MPa) Oil molecular weight gr/mole)) Oil specific gravity CO2 solubility (mole fraction) Na References

43.33–121.1 2–16.28 236–463 0.8586–0.9868 0.191–0.681 37 Simon and Graue [11]
21.11–140 0.5–12.79 386 0.9497 0.1–0.629 12 Kokal and Sayegh [8]
73.89 1.37–27.38 246 0.8499 0.1157–0.847 6 Bou-Mikael [49]
21–140 3.17–12.44 490 0.9678 0.2–0.622 11 Sayegh et al. [6]
25.56–42 0.89–8.2 280–440 0.9123–0.9738 0.1–0.618 13 Srivastava et al. [50]
29.44 1.38–5 205 0.8383–0.8383 0.1915–0.5638 4 Sim et al. [62]
40.56–48.89 1.81–9.31 222 0.8654 0.16–0.66 10 Taylor [59]
32.22 3.79–7.17 196 0.8576 0.4–0.68 4 Huang and Tracht [51]
18.33 3.47–17.34 330 0.9433 0.4084–0.6098 7 DeRuiter et al. [52]
23 2–3 450 0.9529 0.2854–0.3824 2 Nguyen and Farouq [53]

a Number of experimental datasets.
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where 〈 〉. ,. represent dot product; xΦ( ) represents the nonlinear func-
tion that carry out linear regression; b and w are bias terms and weight
vector, respectively. For function estimation in LSSVM, the

Table 5
Ranges and their corresponding statistical parameters of the input/output data utilized for developing the CO2 solubility correlation in live oil.

Temperature (°C) Saturation pressure
(MPa)

Bubble point pressure
(MPa)

Oil molecular weight
gr/mole))

Oil specific gravity CO2 solubility (mole
fraction)

Na References

54.4–123.9 12.29–32.76 11.45–17.61 87.5–120.3 0.7208–0.737 0.12–0.68 11 Simon et al. [61]
64.4 13.79–20.69 11.91 112.3 0.8348 0.195–0.6 5 Brinlee and Brandt

[60]
73.9 20.7–30.73 18.52 127 0.8348 0.2028–0.6996 4 Bou-Mikael [49]
66–67 8.2–17.01 6.2–11.6 100–115.7 0.8251–0.8348 0.1865–0.5699 8 Dong et al. [55]
59–63 4.5–17.01 2.9–4.9 154.2–176.7 0.8448–0.8816 0.1631–0.7201 18 Srivastava et al. [68]
28 4.23–8.44 2.71 391.6 0.9663 0.2424–0.5844 3 Srivastava et al. [50]
41.1–65.6 5.56–13.5 4.84–10.75 80.7–149.6 0.6748–0.8654 0.11–0.53 7 Turek et al. [56]
76.7 17.24–27.13 16.26 133.2 0.8498 0.1083–0.6 8 Chaback [57]
65 3.23–11.94 2.15 211.5 0.8816 0.11–0.61 10 Novosad and Costain

[58]

a Number of experimental datasets.

Table 6
Optimized parameters of the developed LSSVM models for determination of the CO2

solubility in dead and live oil systems.

Parameter γ σ2

Dead oil 17779.3711 10.7187
Live oil 2215524.9626 11.0052

Fig. 1. A typical flowchart for the CSA-LSSVM
algorithm used in this study.

Table 7
Definitions of statistical quality measures used in this study.

Error Formula

Average absolute relative deviation percent
= ∑ ⎛
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optimization problem is formulated as [39,44,45]:

∑= +
=

J w e w γ emin ( , ) 1
2
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2w b e k
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k
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2
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(2)

= + 〈 〉 + =t y e w x b k Ns. . ,Φ( ) 1,...,k k k (3)

where, ek ∈ R are error variables; and γ ⩾ 0 is a regularization constant.
To solve this optimization problem, Lagrange function is created as
[39,45]:
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where, ∈α Rk are Lagrange multipliers. The solution of Eq. (4) can be
determined by partially differentiating with respect to w, b, ek and αk
[39,45]:
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By defining =1 [1;..0.1]v , = …Y y y[ ; ; ]N1 , = …α α α[ ; ; ]N1 and eliminating w
and e, the following linear equations are obtained [39]:

⎡

⎣
⎢ +

⎤

⎦
⎥⎡

⎣
⎤
⎦

= ⎡
⎣

⎤
⎦−γ I

b
α Y

0 1

1 Ω
0N

T

N N
1

(6)

where, IN refers to N×N identity matrix and Ω is the kernel matrix that
is defined as [39]:

= = =x x K x x l k NΩ Φ( ),Φ( ) ( , ), , 1,...lk l k l k (7)

There are several kernel functions including linear, polynomial,
spline, and radial basis functions [46,47]. However, radial basis,
Gaussian, and polynomial kernels are most widely used functions.

= − −K x x x x σ( , ) exp( ‖ ‖ / )k l k l
2 2 (8)

= +K x x x x c( , ) (1 / )k l k
T

l
d (9)

where, σ denotes the width of the radial basis function which controls
the regression ability and d is the polynomial degree. It is notable that
the constant c in Eq. (9) is a positive value. The developed LSSVM
model in this study solves a complex and nonlinear phenomenon (i,e.,
CO2 solubility in crude oil); thus, this model is not linear. In ANN
mathematical strategy, the model tries to minimize the predefined cost
function such as mean square error (MSE) during modeling; however,
the LSSVM model applies the kernel functions as transfer functions to
transfer the data from a complex space to a simple problem space in
order to be solved easily. Kernel function acts like a vector during its
mathematical operation. As a results of linear programming indicated
in Eq. (5), the parameters of w, b, ek and αk will be determined accu-
rately. It is notable that LSSVM eliminates the parameters e and w to
construct a linear system based on the shown matrix in Eq. (6). So, the
affecting parameters on the LSSVM system are just b and αk. According
to Eq. (6), the effect of αk is more pronounced than that of b. For ob-
taining the adjustable coefficients of the model (i.e., σ2 and γ), an op-
timization technique could be utilized, in which coupled simulating
annealing (CSA) was employed for this goal in this study.

Table 8
Statistical parameters of the developed model (including training,
testing and total datasets) to determine the CO2 solubility in dead
oil.

Statistical parameter Value

Training set
AARD 1.6676
RMSE 0.0092
R2 0.9972
N 74

Validation set
AARD 3.2962
RMSE 0.0213
R2 0.9864
N 16

Testing set
AARD 4.0848
RMSE 0.0216
R2 0.9833
N 16

Total set
AARD 2.2783
RMSE 0.0141
R2 0.9933
N 106

Table 9
Statistical parameters of the developed model (including training,
testing and total datasets) to determine the CO2 solubility in live oil.

Statistical parameter Value

Training set
AARD 0.7106
RMSE 0.0029
R2 0.9997
N 51

Validation set
AARD 4.8185
RMSE 0.0195
R2 0.9905
N 12

Testing set
AARD 3.1756
RMSE 0.0183
R2 0.9827
N 11

Total set
AARD 1.7432
RMSE 0.0108
R2 0.9959
N 74

Table 10
Comparative statistical error analysis between SVM-based CO2 solubility in dead oil and
other CO2 solubility literature correlations.

Method AARD RMSE R2

Chung et al. [13] 83.6661 0.2697 0.0096
Mehrotra and Svrcek [15] 32.6390 0.1634 0.7558
Emera and Sarma [16] 4.3998 0.0238 0.9831
LSSVM 2.2783 0.0141 0.9933

Table 11
Comparative statistical error analysis between SVM-based CO2 solubility in live oil and
other CO2 solubility literature correlations.

Method AARD RMSE R2

Chung et al. [13] 76.4057 0.2203 0.0471
Mehrotra and Svrcek [15] 36.7201 0.1775 0.3617
Emera and Sarma [16] 4.0944 0.0249 0.9792
LSSVM 1.7432 0.0109 0.9958
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3.2. Designing LSSVM model representing CO2 solubility in crude oil

According to the previous investigations, CO2 solubility in dead oil
is basically affected by the oil saturation pressure (Ps), oil specific
gravity (γ), oil composition through oil molecular weight (MW) and
reservoir temperature (T) [13,16,48,71]. To this end, Ps, γ , MW and T
were assumed as the correlating parameters for modeling of CO2 so-
lubility as follows:

=R f P γ MW T( , , , )s s (10)

CO2 solubility in live oil depends on the saturation pressure (Ps), bubble
point pressure (Pb), reservoir oil characteristics through oil specific
gravity (γ), oil molecular weight (MW), and reservoir temperature (T)
as follows:

=R f P P γ MW T( , , , , )s s b (11)

To develop a new model, a databank of reliable data from literature
[6,8,11,49–62] was collected. The details of physical and operational
conditions of various datasets for both dead oil and live oil systems are
summarized in Tables 2 and 3, respectively. Furthermore, Tables 4 and
5 represent the ranges and their corresponding statistical parameters of
the whole dataset in dead and live oils, respectively. Then, the data sets
of each category was divided into three sub datasets including “training
set”, “validation set” and “testing set”. This division usually performed
randomly. For this purpose about 70% of each category of data was
assigned for the training set and 15% was assigned for validation set,
and the remaining 15% used for testing set. The Mean Square Error
(MSE) between the model results and corresponding experimental va-
lues, as defined by Eq. (12), was considered as objective function during
the model computations [63].

∑= −MSE
n

t o1 ( )
i

i i
2

(12)

in which, t and o are the target and estimated values, respectively.

4. Results and discussion

4.1. Optimized parameters of the models

To find the optimum values of the models’ parameters including γ
and σ ,2 Coupled Simulating Annealing (CSA) [64] technique has been
employed. The optimized values of these parameters are reported in
Table 6. The flow chart of the presented LSSVM model is also illustrated
in Fig. 1.

4.2. Validity and accuracy of the developed model

4.2.1. Validation analysis
In order to analyze the accuracy and validation of the new devel-

oped model and previously discussed ones, both statistic and graphical
quality measures are performed. In the midst of the all previously dis-
cussed models, most recently published empirical correlations in-
cluding Chung et al. [13], Mehrotra and Svrcek [15], and Emera and
Sarma [16] are selected due to their suitable mathematical form, the
least number of required input data and higher precision which are
reported in the literature. The comparison of our newly developed
LSSVM with these commonly used literature models is based on the
several statistical quality measures defined in Table 7. These statistical
criteria which are employed in this study, are Average Absolute Re-
lative Deviation (AARD) percent, Root Mean Square Error (RMSE), and
coefficient of determination (R2). Among these statistics, the AARD and

(a) (b) 

(c)

Fig. 2. Statistical quality measures of the LSSVM model in
comparison with other commonly used literature correla-
tions in dead oil: (a) AARD (%), (b) RMSE, and (c) R2.
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then R2 values are of great significance. Each model that has the lowest
AARD value (close to zero) and the highest R2 value (near to unity), will
be considered as the most efficient model among the other ones.

Tables 8 and 9 include the statistical parameters of the newly de-
veloped LSSVM model including training, validation, testing and total
datasets in dead and live oil systems, respectively. The total values of
AARD=2.2783%, R2=0.9933, and RMSE=0.0141 in dead reservoir
oil, and AARD=1.7432%, R2=0.9959, and RMSE=0.0108 in live
crude oil signify that the reported literature data can be regenerated
with an adequate precision by means of the suggested LSSVM model.
Accordingly, the total AARD values for estimating CO2 solubility are
2.2783% and 1.7432% in dead and live crude oils, respectively. As a
result, the LSSVM model can predict the CO2 solubility in both dead and
live oil systems with an efficient performance and high accuracy.

4.2.2. Comparison with literature correlations
Tables 10 and 11 indicate the statistical parameters (i.e., AARD, R2,

and RMSE values) of the newly suggested LSSVM model in comparison
with the commonly used literature correlations applied in this study for
estimation of CO2 solubility in dead and live oil systems, respectively.
As can be seen from these tables, the Chung et al. [13] correlation and
the proposed LSSVM model are the least and the most accurate models
in both dead and live crude oils, respectively. In other words, the
Mehrotra and Svrcek [15] and Chung et al. [13] correlations are the
least accurate models because they are established based on the dead
and heavy crude oils over a limited range of dataset.

Figs. 2 and 3 compare the AARD, R2, and RMSE of the LSSVM model
with the other prementioned literature correlations in dead and live oil
systems, respectively. Figs. 4 and 5 represent the crossplots of the CO2

solubility predicted values versus the corresponding experimental va-
lues by the LSSVM model in comparison with the other literature

correlations in dead and live reservoir oils, respectively. In a typical
cross plot, the criterion for accuracy of a model is represented via a
tight cloud of data points about the 45° line which is due to the low
value of average absolute relative deviation (AARD) close to zero, and
the high value of determination coefficient (R2) near to unity. As can be
seen, the robustness of the newly recommended LSSVM model is
pointed out by the tightest accumulation of nearly all datapoints which
accommodate on the 45° line or the unit slope line (equality line). On
the basis of these figures, the best fit and the most satisfactory agree-
ment could be recognized between the measured data and the LSSVM
outputs.

The measured CO2 solubility ranges as well as the results obtained
by the LSSVM model in comparison with the other literature correla-
tions are reported in Tables 12 and 13 for dead and live reservoir oils,
respectively. As can be observed, the total AARDs of the LSSVM, Emera
and Sarma [16], Mehrotra and Svrcek [15], and Chung et al. [13]
models are 2.28%, 4.40%, 32.64%, and 83.67% in dead oil, and 1.74%,
4.09%, 36.72%, and 76.41% in live oil, respectively. Hence, the su-
periority of the newly developed LSSVM model would be copiously
demonstrated. The schematic representation of Tables 12 and 13 for a
number of datasets are shown in Figs. 6 and 7, respectively, in order to
exemplify the prominent and superior performance of the newly sug-
gested LSSVM model. Generally, the prediction error of LSSVM and the
Emera and Sarma [16] models are approximately less than 4.5% and
7.5%, respectively. Based on Fig. 7, the Emera and Sarma [16] model at
the molecular weights of 80.7 and 100 gr/mole, and the LSSVM model
at the molecular weight of 80.7 gr/mole result in the AARDs of more
than 10% in live oil system. Except these cases, the LSSVM model fre-
quently shows better accuracy than the Emera and Sarma [16]. For very
extreme pressure values including very small and large pressures, an
error analysis is executed to check the reliability of the proposed LSSVM

(a) (b) 

(c) 

Fig. 3. Statistical quality measures of the LSSVM model in
comparison with other commonly used literature correla-
tions in live oil: (a) AARD (%), (b) RMSE, and (c) R2.
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approach. For the case of dead crude oil, the boundary pressure con-
ditions are selected as 0.5–2MPa and 21.48–27.38MPa. For small and
large pressure conditions, the estimation errors for all models are 1.93%
and 0.25% for LSSVM, 4.90% and 1.03% for the Emera and Sarma [16]
correlation, 33.31% and 28.95% for the Mehrotra and Svrcek [15]
correlation, and 367.58% and 13.64% for Chung et al. [13] correlation,
respectively. When dealing with live crude oils, the small and large
pressure ranges are chosen as 3.23–4.30MPa and 30.73–32.76MPa;
therefore, the calculated errors are found to be, respectively, 1.15% and
3.33% for LSSVM, 1.88% and 4.51% for the Emera and Sarma [16]
correlation, 20.64% and 40.52% for the Mehrotra and Svrcek [15]
correlation, and 267.13% and 9.85% for the Chung et al. [13] corre-
lation. As a result, it can be concluded that the suggested LSSVM
technique in this study is the most accurate model at extreme pressure
conditions in both dead and live crude oils.

In Fig. 8, the CO2 solubility in dead oil is plotted as a function of
saturation pressure when oil specific gravity, reservoir temperature,
and oil molecular weight are 0.8654, 40.56 °C, and 222 gr/mole, re-
spectively. Similarly, Fig. 9 shows the influence of saturation pressure
on CO2 solubility in live oil when oil specific gravity, reservoir tem-
perature, oil molecular weight, and bubble point pressure are equal to
0.8448, 61 °C, 164.2 gr/mole, and 3.5MPa, respectively. Based on these
figures, it is confirmed that LSSVM model has the best match with ex-
perimental datapoints.

The comparison of LSSVM outputs with Emera and Sarma [16]
predictions for some of the experimental datapoints in which the sa-
turation pressures are greater than the CO2 liquefaction pressures are

pointed out in Table 14. Even though the newly proposed LSSVM is
mostly established for saturation pressures lower than the CO2 lique-
faction pressures, it reveals good prediction capability and proficiency
when saturation pressures are higher than the CO2 liquefaction pres-
sures. The LSSVM has lower number of input paramters, and it presents
just two models for the dead and live crude oil conditions; however,
Emera and Sarma correlations need the CO2 liquefaction pressure in
addition to the other studied input variables. Moreover, four correla-
tions were established for CO2 solubility modeling in dead and live
crude oil by Emera and Sarma. It is mentionable that, the LSSVM ap-
proach has just two tuning coefficients which is highly reasonable. In
conclusion, the LSSVM model is a robust and accurate estimating tool
which has the best performance and the highest efficiency implemented
for CO2 solubility prediction in both dead and live reservoir oils. In
other words, the proposed model in this study is more valid than the
other literature correlations within the range of used databank for
LSSVM modeling.

4.2.3. Comparing GA with CSA
In addition to the CSA strategy, GA as an evolutionary optimization

approach is applied to find the optimum parameters of the LSSVM
technique. These constants for GA-LSSVM model are γ =5159.021 and
σ2 =7.373 for deal crude oil, and γ =757571.015 and σ2 =11.742 for
live crude oil. So, the coefficients obtained by the CSA are more than
those obtained by GA algorithm. Conducting an error analysis shows
that the GA-LSSVM method predicts the CO2 solubility with
AARD=2.93% and R2=0.988 in dead crude oil, and AARD=1.76%

(a) (b)

(c) (d)

Fig. 4. Predicted CO2 solubility versus experimental
CO2 solubility in dead oil for different models: (a)
LSSVM model, (b) Emera and Sarma [16], (c) Meh-
rotra and Svrcek [15], and (d) Chung et al. [13].
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(a) (b)

(c) (d)

Fig. 5. Predicted CO2 solubility versus experimental CO2

solubility in live oil for different models: (a) LSSVM model,
(b) Emera and Sarma [16], (c) Mehrotra and Svrcek [15],
and (d) Chung et al. [13].

Table 12
Comparison of the estimated AARD of the newly developed SVM-based model with the other commonly used literature models in dead oil.

References Na MW (gr/mole) γ T (°C) PS (MPa) RS, exp (mole fraction) AARD%b AARD%c AARD%d AARD%e

Simon and Graue [11] 4 236 0.8586 71.11 3.22–14.05 0.235–0.675 1.95 6.08 41.52 66.00
Simon and Graue [11] 2 330 0.9854 48.89 3.57–7.69 0.283–0.498 0.30 7.21 24.70 66.42
Simon and Graue [11] 3 345 0.8586 48.89 3.18–10.59 0.313–0.667 0.15 0.87 26.52 65.51
Simon and Graue [11] 5 350 0.9509 43.33–93.33 2.0–16.28 0.196–0.625 1.80 1.51 27.98 91.35
Simon and Graue [11] 7 358 0.9446 48.89–121.1 3.25–15.81 0.215–0.632 2.05 2.04 39.36 63.01
Simon and Graue [11] 6 370 0.9452 62.78–93.33 2.28–15.17 0.191–0.681 2.21 4.23 28.15 72.69
Simon and Graue [11] 3 373 0.8996 54.44 3.8–10.62 0.356-.658 1.05 5.62 26.98 44.85
Simon and Graue [11] 3 458 0.9868 54.44 2.77–12.8 0.251–0.65 1.85 4.28 14.44 64.06
Simon and Graue [11] 4 463 0.9759 48.89 2.78–12.29 0.251–0.677 4.46 4.66 15.26 58.10
Huang and Tracht [51] 4 196 0.8576 32.22 3.79–7.17 0.4–0.68 1.70 5.48 52.35 21.22
Taylor [59] 10 222 0.8654 40.56–48.89 1.81–9.31 0.15–0.66 1.70 7.56 44.55 77.55
Sayegh et al. [6] 11 490 0.9678 21–140 3.17–12.44 0.2–0.622 3.66 4.63 32.26 58.80
Kokal and Sayegh [8] 12 386 0.9497 21.11–140 0.5–12.79 0.1–0.629 2.48 3.45 38.04 148.49
DeRuiter et al. [52] 7 330 0.9433 18.33 3.47–17.37 0.408–0.610 2.88 5.84 22.50 21.29
Srivastava et al. [50] 3 280 0.9123 42 3.54–8.2 0.313–0.618 3.85 5.72 35.28 41.83
Srivastava et al. [50] 4 424 0.9738 25.56 1.83–6.99 0.222–0.598 1.79 3.77 20.37 78.98
Srivastava et al. [50] 6 440 0.9718 28 0.89–7.58 0.1–0.609 3.81 4.48 14.99 176.87
Sim et al. [62] 4 205 0.8383 29.44 1.38–5 0.192–0.564 1.33 4.17 53.69 120.95
Nguyen and Farouq-Ali [53] 2 450 0.9529 23 2–3 0.285–0.382 1.17 3.37 22.69 117.77
Bou-Mikael [49] 6 246 0.8499 73.89 1.37–27.38 0.116–0.847 1.05 2.71 39.00 120.35
Total 106 196–490 0.8383–0.9868 18.33–140 0.5–27.38 0.1–0.847 2.28 4.40 32.64 83.67

a N refers to the number of data.
b AARD% refers to the estimation error of the newly developed LSSVM model in present study.
c AARD% refers to the estimation error of Emera and Sarma [16].
d AARD% refers to the estimation error of Mehrotra and Svrcek [15].
e AARD% refers to the estimation error of Chung et al. [13].
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Table 13
Comparison of the estimated AARD of the newly developed SVM-based model with the other commonly used literature models in live oil.

References Na MW (gr/mole) γ T (°C) Pb (MPa) PS (MPa) RS, exp (mole fraction) AARD%b AARD%c AARD%d AARD%e

Simon et al. [61] 6 87.5 0.7208 54.4 11.45 12.29–17.24 0.12–0.577 1.22 1.81 43.78 90.85
Simon et al. [61] 5 120.3 0.7370 123.9 20.69–32.76 20.69–32.76 0.2–0.68 1.21 3.33 34.99 61.19
Brinlee and Brandt [60] 5 112.3 0.8348 64.4 11.91 13.79–20.69 0.195–0.6 0.96 1.70 29.56 46.81
Turek et al. [56] 2 80.7 0.6748 65.6 10.75 12.37–13.5 0.202–0.404 13.73 11.05 25.92 110.85
Turek et al. [56] 5 149.6 0.8654 41.1 4.84 0.72–4.6 0.11–0.53 1.52 2.43 38.93 132.20
Chaback [57] 8 133.2 0.8498 76.7 16.26 17.24–27.13 0.1083–0.6 1.66 4.88 48.83 107.36
Novosad and Costain [58] 10 211.5 0.8816 65 2.15 3.23–11.94 0.11–0.61 1.45 2.22 31.54 119.31
Srivastava et al. [50] 3 391.6 0.9663 28 2.71 4.23–8.44 0.242–0.584 0.03 4.65 19.50 77.62
Srivastava et al. [68] 6 154.2 0.8708 63 4.9 7.2–17.01 0.264–0.681 1.84 4.96 39.97 29.02
Srivastava et al. [68] 6 164.2 0.8448 61 3.5 5.2–12.8 0.171–0.720 2.18 8.16 41.49 52.46
Srivastava et al. [68] 6 176.7 0.8816 59 2.9 4.5–12.6 0.163–0.674 1.10 2.03 39.19 50.83
Bou and Mikael [49] 4 127 0.8348 73.9 18.52 20.7–30.73 0.203–0.700 2.52 3.54 35.22 58.40
Dong et al. [55] 3 100 0.8251 66 11.6 14.2–17.01 0.301–0.506 0.70 11.47 25.81 33.53
Dong et al. [55] 5 115.7 0.8348 67 6.2 8.2–13.05 0.187–0.570 1.00 3.61 35.73 54.67
Total 74 80.7–391.6 0.675–0.966 28–123.9 2.15–18.52 3.23–32.76 0.108–0.720 1.74 4.09 36.72 76.41

a N refers to the number of data.
b AARD% refers to the estimation error of the newly developed LSSVM model in present study.
c AARD% refers to the estimation error of Emera and Sarma [16].
d AARD% refers to the estimation error of Mehrotra and Svrcek [15].
e AARD% refers to the estimation error of Chung et al. [13].

Fig. 6. Comprehensive error analysis of CO2 solubility calculation by
LSSVM model in comparison with the suggested correlation of Emera
and Sarma [16] in dead oil.
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Fig. 7. Comprehensive error analysis of CO2 solubility calculation by
LSSVM model in comparison with the suggested correlation of Emera
and Sarma [16] in live oil.

Fig. 8. Experimental CO2 solubility [59] and model predictions of LSSVM, Emera and
Sarma [16], Mehrotra and Svrcek [15], and Chung et al. [13] versus saturation pressure
in dead oil when oil molecular weight, oil specific gravity, and temperature are constant
values of 222 gr/mole, 0.8654, and 40.56 °C, respectively.
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Fig. 9. Experimental CO2 solubility [68] and model predictions of LSSVM, Emera and
Sarma [16], Mehrotra and Svrcek [15], and Chung et al. [13] versus saturation pressure
in live oil when oil molecular weight, oil specific gravity, temperature, and bubble point
pressure are constant values of 164.2 gr/mole, 0.8448, 61 °C, and 3.5 MPa, respectively.
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and R2=0.997 in live crude oil. According to the Tables 10 and 11, the
CSA-LSSVM model is more accurate than the GA-LSSVM model, and
consequently CSA-LSSVM is the best model for solubility estimation of
CO2 in crude oil.

4.3. Variable impact analysis

In this section, the sensitivity of the LSSVM estimates to variations
in the independent model inputs (i.e., oil molecular weight, oil specific
gravity, reservoir temperature, and saturation pressure) is investigated.
In case of live oil, the impact of bubble point pressure is also considered
as a correlating parameter. Therefore, a relative variable impact value

was assigned to every input parameter. The results prepare users va-
luable understandings into the influences of all input variables. This
impact analysis was fulfilled by means of the Pearson, and Spearman
methods [65]. The following equation is suggested for calculation of the
relevancy factor (Pearson’s coefficient) as below [66]:
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Table 14
Comparison of LSSVM and Emera and Sarma [16] prediction for some of experimental datapoints in which the saturation pressures are greater than the CO2 liquefaction pressures.

References MW
(gr/mole)

γ T (°C) Pba (MPa) PS (MPa) Pliq,CO2
(MPa)

RS, exp (mole
fraction)

LSSVM
prediction

Emera and Sarma [16]
prediction

AARD%b AARD%c

Srivastava et al.
[50]

391.6 0.9663 28 2.71 8.44 6.90 0.5844 0.5839 0.6361 0.0856 8.8539

Kokal and Sayegh
[8]

386 0.9497 21.11 0.1 6.32 5.88 0.6000 0.5889 0.5978 1.8460 0.3677

Kokal and Sayegh
[8]

386 0.9497 21.11 0.1 8 5.88 0.6290 0.6319 0.6208 0.4628 1.3017

Kokal and Sayegh
[8]

386 0.9497 21.11 0.1 10 5.88 0.6290 0.6429 0.6106 2.2045 2.9316

Kokal and Sayegh
[8]

386 0.9497 21.11 0.1 12.4 5.88 0.6290 0.6245 0.5852 0.7139 6.9642

Sayegh et al. [6] 490 0.9678 21 0.1 6.1 5.88 0.6000 0.5872 0.5941 2.1399 0.9789
Sayegh et al. [6] 490 0.9678 21 0.1 8 5.88 0.6210 0.6319 0.6209 1.7575 0.0169
Sayegh et al. [6] 490 0.9678 21 0.1 10.28 5.88 0.6220 0.6348 0.6082 2.0575 2.2184
Sayegh et al. [6] 490 0.9678 21 0.1 12.36 5.88 0.6220 0.6162 0.5869 0.9249 5.6432
Srivastava et al.

[50]
440 0.9718 28 0.1 7.58 6.90 0.6090 0.6151 0.6043 0.9996 0.7667

Srivastava et al.
[50]

424 0.9738 25.56 0.1 6.99 6.52 0.5980 0.5980 0.6008 0.0057 0.4739

DeRuiter et al. [52] 330 0.9433 18.33 0.1 10.35 5.51 0.6065 0.6489 0.5984 6.9968 1.3290
DeRuiter et al. [52] 330 0.9433 18.33 0.1 13.78 5.51 0.6082 0.6180 0.5751 1.6165 5.4461
DeRuiter et al. [52] 330 0.9433 18.33 0.1 17.37 5.51 0.6098 0.6056 0.5441 0.6838 10.7739
Total 1.6068 3.4333

a Bubble point pressure of 0.1 MPa refers to dead oil.
b AARD% refers to the estimation error of the newly developed LSSVM model in present study.
c AARD% refers to the estimation error of Emera and Sarma [16].

Fig. 10. Relative importance of independent variables on the CO2 solubility in dead crude
oil.

Fig. 11. Relative importance of independent variables on the CO2 solubility in live re-
servoir oil.
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where, n, Ik i, , Oi, Ik and O represent the number of dataset, i-th input
value of the k-th input parameter, i-th output value, mean value for the
k-th input and mean value for output parameter, respectively.

Figs. 10 and 11 indicate the sensitivity analysis of the CO2 solubility
in dead and live oils, respectively. These types of figures express the
degree of correlation coefficients that were computed between the
output variable (i.e., CO2 solubility values) for each of the input vari-
ables. These correlation coefficients have values changing from −1 to
+1. A value of +1 shows that the variables are related by an increasing
relationship, a value of -1 shows that the variables are related by a
decreasing relationship and a correlation coefficient of 0 shows no re-
lationship between the two variables [24,40]. As a general rule, when
the correlation coefficient value between any output and input vari-
ables increases, the influence of that input in obtaining the output’s
value increases.

Figs. 10 and 11 disclose the negative impacts of oil molecular
weight, oil specific gravity, and reservoir temperature on CO2 solubility
in dead and live oil, respectively. These results are in accordance with
the known effects of these parameters on solubility in literature
[11,13,67]. Since lower molecular weight oils (and also lower oil spe-
cific gravities) have weaker molecular bonds thus allowing the carbon
dioxide molecules to dissolute easily. Moreover, by decreasing tem-
perature the attractive forces between the gas and oil molecules are
stimulated leading to increased CO2 solubility in both dead and live
oils. In other words, the solubility of gases in liquids are normally de-
creased with the increase of temperature because light components (gas
molecules) tend to vaporize at high temperatures. In contrast, these
figures show positive impacts of saturation pressure on the CO2 solu-
bility in oil. Saturation pressure is a pressure at which the gas phase will
be dissolved in crude oil completely in a specific physical condition;
thereby, the higher the saturation pressure means than the crude oil has
a larger capacity for dissolving gas leading to the larger CO2 solubility
in oil. As can be seen in Fig. 11, the bubble point pressure has a negative
effect on the estimates of CO2 solubility in live crude oil. The pressure at
which the first bubble is liberated from the solution is called as bubble
point pressure. This definition simply justifies the decreasing trend of
CO2 solubility in live crude oil through the variation of bubble point
pressure.

5. Conclusions

In current study, a supervised learning algorithm, least-square
support vector machine (LSSVM), and its application for building a
universal CO2 solubility correlative model in both dead and live oils
was introduced. The most important objective of the present study was
concentrating on the accuracy development of the formerly published
literature correlations. In both dead and live crude oils, approximately
70%, 15%, and 15% of the whole databank were assigned for training,
validation and testing the model, respectively.

By conducting a comprehensive error analysis for the newly pro-
posed LSSVM model, an acceptable match was shown with tre-
mendously truthful consequences of AARD and R2 values of 2.2783%
and 0.9933 in dead crude oil, and 1.7432% and 0.9958 in live reservoir
oil. Based on the calculated statistics of ARD, AARD, R2, and RMSE
values, the greater truthfulness and better performance of the LSSVM
model is copiously verified than the other previously discussed litera-
ture correlations within the range of the used databank. Therefore, even
if the influence of CO2 liquefaction pressure is disregarded in LSSVM
model, it results in the most accurate consequences. The accomplished
achievements evidently emphasize that the employed LSSVM frame-
work can be encouraging to try for assessment of other aspects of re-
servoir engineering. Therefore, the correlative tool established in this
study can be of huge practical implication for truthful CO2 solubility
calculation in academic institutions and oil industries.
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