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Abstract: This study aims to accurately determine supercritical CO2/brine relative permeability, using a
hybrid Genetic Algorithm-Radial Basis Function (GA-RBF) neural network. CO2 sequestration, along
with some enhanced oil recovery (EOR) processes, demands an exact knowledge of relative permeability in order to ensure the viability of the operation. Previous studies have shown that errors in CO2/
brine relative permeability data might result in a four-fold error in injectivity estimation. This, as well as
several recent studies regarding the relative permeability of CO2/brine systems, has indicated the
importance of this parameter. The developed GA-RBF model was determined to be in excellent accordance with experimental data, yielding average absolute relative deviations (AARD) of 4.66% and
2.11% for CO2 and brine relative permeability, respectively. In addition, comprehensive comparisons
between classic models and the proposed GA-RBF model have been carried out. Based on these
comparisons, it may be concluded that the proposed model is superior to the classic method (simple
correlation) in terms of its accuracy in determining the viability of CO2 sequestration operations.
Keywords: supercritical CO2 relative permeability; brine relative permeability; artificial intelligence;
radial basis function (RBF); classic correlations; CO2 sequestration

Introduction
lobal warming, occurring due to the anthropogenic release of greenhouse gases (GHGs),
is now a serious concern worldwide.1 A large
amount of CO2 is emitted from large stationary

G

sources, such as refineries, power plants, and fertilizer plants. For example, a large coal-fired power plant
emits about 8 million tons of CO2 in a year.2 Our
dependency on fossil fuels is expected to continue
throughout this century3,4 Carbon dioxide capture and
sequestration (CCS) to deep underground formations
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is an effective way to reduce emissions of GHGs to the
atmosphere.
Depleted oil and gas reservoirs, saline aquifers, and
coal beds are potential candidates for CO2
sequestration. Depleted oil and gas reservoirs, saline
aquifers, and unmineable coal beds have respective
capacities of 675‒900 Gt, 1000‒10 000 Gt, and 3‒200
Gt of CO2 for sequestration.5 However, despite there
being some progresses in our estimation of capacity,
as well as an improvement in regional estimations, the
estimates for saline aquifers and coal beds retain a
large degree of uncertainty.6 While the current
technology which is applied to CO2 sequestration in
coal beds is relatively immature, it is known that these
structures are not as common as aquifers.7
CO2 sequestration in oil fields for the purposes of
enhanced oil recovery (EOR) might be the best choice.
However, this is only economically feasible in fields
where sequestration costs can be offset by the additional oil yield. Sequestration in depleted oil and gas
reservoirs is an attractive option due to the existence
of detailed knowledge of their physical structures, as
well as the potential pre-existence of facilities onsite.
Nevertheless, this choice associates with geographical
limitations.
Some abandoned wells might be brought back into
production in future years, due to the potential for oil
and gas prices to increase. Deep saline aquifers are
widespread, and tend to have larger capacities than
the other candidates mentioned. Ocean basins may
seem like ideal candidates for CO2 sequestration,
however, there are a number of problems associated
with their utilization, such as poor knowledge of their
structural characteristics and chemical processes,
high costs, technical limitations, environmental
considerations, and physical barriers to efficient
sequestration.8
It is expected that the deep injection of CO2 to
aquifers will increase significantly in the first half of
the current century due to the great capacity of these
aquifers.9 The technology for fluid injection deep into
the earth is relatively well-developed, as it is currently
utilized by industries for EOR purposes, as well as for
the deep injection of other liquid wastes,10 as well as
for the disposal of acid gas.11
The physical state of CO2 depends on the pressure
and temperature at which it is held.12 Under ambient
conditions, CO2 occurs in the gaseous state, but
becomes liquid when stored under high temperature/
pressure deep underground. CO2 injected into under-
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ground formations turns into supercritical fluid due
to the high temperatures it encounters. In cases where
CO2 is injected into oil and gas reservoirs and saline
aquifers, the in situ fluid is more dense than CO2, and
thus, the CO2 rises to the base of the caprock.2
To be more specific, at a depth of about 600‒1000 m,
CO2 is present in the supercritical phase (i.e., it
behaves like a gas, but has the density of a liquid).13
For lower depths, depending on the temperature and
pressure, CO2 may occur in gaseous or liquid states.
Generally speaking, CO2 should be injected to depths
at which it will remain at a relatively high density
(either as a liquid or in the supercritical phase), so that
the utilization of the pore space is optimal.5 However,
in some cases it may be economically feasible to store
CO2 in the gaseous state.
Several mechanisms can be utilized for CO2 sequestration below caprock in oil and gas reservoirs, such
as static or hydrodynamic trapping. In deep saline
aquifers, in situ mineral carbonation, dissolution in
reservoir oil or formation water, adsorption onto
organic matter in coal and shale, and CO2 retention as
an immobile phase trapped in the pore space of deep
saline aquifers have been proposed.14,15
As has been mentioned, CO2 rises to reach the base
of the caprock. Due to diff usion-limited mass transfer,
centuries or millennia may be necessary for CO2 to
dissolve into formation water, allowing for its reaction
with available minerals.16,17
Relative permeability is a parameter that influences
CO2 injection, migration, and storage processes.18 In
addition, in CO2-EOR projects, injected CO2 will
come into contact with formation water. The final
distribution of CO2 underground is highly effected by
relative permeability.19–21 It should be noted that
models and simulations which aim to accurately
predict the behavior of the CO2-brine systems require
these data.22
Burton et al.23 determined that uncertainty in
relative permeability data might result in up to a
four-fold variation in the overall estimation of injection capacity. Several additional recent studies regarding this parameter24–32 have indicated its importance.
The most critical parameters which effect CO2-brine
relative permeability are pressure, temperature, and
salinity.33 In addition, higher IFT values lead to
greater non-linearity between fluid saturation and
relative permeability.18
While a wealth of data exists for CO2-oil systems, few
measurements are available for CO2-brine systems,8,34
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as CO2 sequestration in geological structures, especially in deep aquifers, is an emerging technology.
As an example of this, no relevant data for the
relative permeability of CO2-brine systems have been
made available prior to 2005.35 Reservoir parameters
are available for petroleum industrial regions due to
previous studies of the oil fields, but CO2-brine
relative permeability33 remains a time-consuming and
expensive process which, contrary to data from oil
and mineral exploration, is not available as a by-product of an additional industry.36
The aim of this study was to determine supercritical
CO2/brine relative permeability using an intelligent
system. In this study, a radial basis function neural
network was utilized due to its great flexibility and
capability in the recognition of complex patterns.37–40
To the best of our knowledge, a radial basis function
neural network has not previously been used to
predict CO2/brine relative permeability. In addition,
the proposed network has been compared with two
classic correlations.

Details of intelligent model
Artificial neural networks (ANNs) are capable of
learning from experience, improving their performance, and adapting to the changes in the environment.41 The main advantages of neural networks lie in
their ability to process a large amount of data, and their
ability to generalize the results arising from this data.
ANNs are parallel distributed systems that are composed of artificial neurons as processing units. These
units are arranged in layer(s), which are interconnected.
Multi-layer perceptron (MLP) networks and radial
basis function (RBF) are two of the most popular
ANNs in existence today. These two networks have
the same applications but different internal calculation structures. The greatest advantage of RBFNs is
their simple design, having just three layers. They are
capable of good generalization, have high tolerance to
input noises, and have a capability for online learning.41 In terms of generalization, RBFNs can respond
very well to patterns which have not been encountered
during training.42
The RBFN is a universal approximator, having a
solid foundation in conventional approximation
theory.43 RBF has a simpler structure than MLP, and
the training process requires much less time due to its
relatively simple structure. These features make RBF a
popular alternative to MLP. The origin of RBF is in
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performing exact interpolations of sets of data points
in a multidimensional space.44 It has been proven that
RBF networks can carry out a similar function to that
of MLP networks, but with increased input dimensions.45 The architecture of RBF resembles a classic
regularization network,46 which may be said to hold
three generally accepted desirable properties.46,47
1. It is capable of approximating any multivariate
continuous function on a compact domain, and to
a specified accuracy, given sufficient data.
2. The solution is optimal in the sense that it is
capable of determining a function, which
represents the lowest degree of variation.
3. The approximation has the best-approximation
property since unknown coefficients are assumed
to be linear.
The architecture of an RBF is somewhat similar to
that of MLP (Fig. 1). It has three layers: the input layer,
the hidden layer, and the output layer. As a non-linear
activation function, each node in the hidden layer
uses an RBF ( φ (r )). The input layer is composed of an
input vector which undergoes a non-linear transformation in the hidden layer. In other words, the hidden
layer consists of an RBF activation function as network neuron.
The net input to the RBF activation function is the
vector distance between its weight and the input vector
that is multiplied by the corresponding bias. The output
layer is a linear combiner, which maps the non-linearity
into a new space. It is possible to model the biases of the
output layer neurons using an additional neuron in the
hidden layer, which possess a constant activation
function φ0 (r ) = 1 . An RBFN can achieve a global
optimal solution to the adjustable weights in the
minimum MSE sense, using the linear optimization
method.43 However, there are a number of fundamental
differences between RBF and MLP networks, the most
important of which are listed below.42
1. RBF networks are relatively simple compared to
MLP networks.
2. Due to their simple and fixed three-layer architecture, RBFNs are easier to train than MLP networks.
3. RBF networks act as local approximation networks and the network outputs are determined
by specified hidden units in certain local receptive fields, while MLP networks work globally,
with network outputs being decided by all
neurons.
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Figure 1. Schematic representation of RBFN.43

4. The classification methods which are used in RBF
and MLP networks are quite different. RBF networks clusters are separated by hyper spheres,
while MLP network clusters are separated by hyper
surfaces.
For an input pattern x, the output of the network is
given by:
J2

yi ( x ) = ∑w kiφ( x − ck )

(1)

k =1

For i = 1,..., J 3 , where yi ( x ) is the ith output of the
RBF, w ki is the connection weight from the kth hidden
unit to the ith output unit, ck is prototype of center of
the kth hidden unit, and ‖ ⋅ ‖ denotes the Euclidean
norm. The RBF φ(.) is typically selected as the
Gaussian function.43
For a set of N pattern pairs of {( x p , y p )} , Eqn (1)
can be expressed in matrix form:
Y =WTΦ

(2)

Where W = [ w1 ,..., w J3 ] is a J 2 × J 3 is weight matrix in
T
which wi = (ω1i ,..., ω J 2i ) , Φ = [φ1 ,..., φN ] is a J 2 × N
T
matrix, φp = (φp ,1 ,..., φp , J 2 ) is the output of the
hidden layer for the pth sample, φp ,k = φ( x p − ck ) ,
Y = [ y1 y 2 y N ] is a J 3 × N matrix, and
T
y p = ( y p ,1 ,..., y p , J ) .
If RBF is suitably applied, it can theoretically
approximate any continuous function arbitrarily
well.46,48,49 RBFs have good mathematical properties.
In the context of the exact interpolation problem,
3

4

many properties of the interpolating function are
relatively insensitive to the precise form of the nonlinear function φ(.).44
The Gaussian RBFN can approximate any continuous function by a sufficient number of centers
ci , i = 1,..., J 2 , and a common standard deviation
σ > 0 in the L p -norm, p ∈ [1, ∞] .50 It is possible that
a class of RBFNs achieve universal approximation
when the RBF is continuous and integrable.50
The learning of RBFN is formulated as the minimization of the MSE function, just as in the case of
MLP:
E=

1 N
∑ y p −W T φp
N i=1

2

=

1
Y −W T Φ
N

2
F

(3)

where Y = [ y1 , y 2 ,..., y N ] , yi is the target output for
the ith sample in the training set, and . F is the
2
T
Frobenius norm, defined as A F = tr ( A A). For
learning of RBFN, it is necessary to determine the
RBF centers and the corresponding weights. The
selection of the RBF centers is the most important
point in the suitable implementation of RBFN. The
possible centers may be placed on a random subset, or
can be determined via either clustering or a learning
procedure. It is also possible to initially choose all the
data points as the centers and then remove some of
them through a selective use of the k-NN classification scheme. 51
The value of radial functions increases or decreases
in relation to the distance from a central point.

© 2015 Society of Chemical Industry and John Wiley & Sons, Ltd | Greenhouse Gas Sci Technol. 5:1–11 (2015); DOI: 10.1002/ghg

Modeling and Analysis: Modeling and Analysis: Prediction of supercritical CO2/brine relative permeability

Among the several types of radial basis functions, the
most commonly used is the Gaussian function, Eqn
(4).42 Some of the functions that can be used as the
RBF are as follows.46,48,52

φ (r ) = e
φ (r ) =

−

r2
2σ 2

,

1
α

(σ 2 + r 2 )

α>0

,

β

φ (r ) = (σ 2 + r 2 ) ,
φ (r ) = r ,

(5)

0 < β <1

(6)

linear

φ (r ) = r 2 ln(r )

(7)

thin − platespline

φ (r ) = r 3 ,
φ (r ) =

(4)

Gaussian

(8)

cubic
1
r

1+ e σ

−θ

,

(9)

logistic function

(10)

where r > 0 represents the distance from a data
point, x, to a center, c, while σ in Eqns (4) through
(6) and in Eqn (10), is a parameter that controls the
smoothness of the interpolating function, and θ in
Eqn (10) is adjustable bias. In this study, Gaussian
radial function is used due to its large degree of
flexibility.

Result and discussion
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listed in Table 1. Details of the experimental
procedure and conditions have been previously
published.34,53,54 The statistical parameters of the data
are presented in Table 2.

Model development
The dataset was initially divided into training and
testing datasets, accounting for 80% and 20% of the
total data set, respectively. Data point allocation
should be such that there is no local accumulation for
training or testing datasets.
RBF neural networks were utilized for this study. In
Matlab® implementation, this network has two tuning
parameters, namely, the Spread and Maximum
Number of Neurons. The optimum values of mentioned parameter results in the best performance of
the network. A genetic algorithm was utilized to
determine the optimum values. In this respect, 100
random solutions were generated as the initial population. The fitness of each solution was then evaluated
and the population was sorted based on this outcome.
The GA operators (crossover and mutation) were then
applied to determine the next generation.
Stopping criteria was the maximum allowable
number of generation. After 40 generations, the
optimum values for Spread and Maximum Number of
Neurons, respectively, were determined to be 1.28 and
165 for CO2 and 0.5156 and 119 for brine relative
permeability. The convergence of genetic algorithm to
the optimum values is illustrated in Figs 2 and 3 for
CO2 and brine relative permeability, respectively.

Data acquisition

Accuracy of the proposed model and
validation

The success of model development based on machine
learning methods significantly depends on the
accuracy of the experimental measurements. Upon
reviewing previous studies regarding CO2/brine
relative permeability, it can be concluded that this
factor is a function of porosity, absolute permeability,
interfacial tension (IFT), pore pressure, temperature,
capillary pressure, brine's salinity, rock type, and
phase saturation.6,9,11,13,18,35,53,54
Data used in this study have been gathered from
open literature.34,53,54 These data were acquired from
supercritical CO2/brine relative permeability tests on
different sandstone and carbonate formations. All the
experiments were performed under simulated reservoir conditions. Reservoir and fluid characteristics are

In order to assess the accuracy and validity of the
proposed model, both graphical and statistical
methods were utilized. First of all, the GA-RBF
model's outputs were compared with the experimental
data. They were then compared with two well-known
correlations in order to determine the relative permeability, namely Corey55 and by power laws.56
Two types of plots, namely cross-plot and error
deviation, were utilized to investigate the accuracy of
the proposed GA-RBF model. Cross-plots corresponding with CO2 and brine relative permeability are
presented in Figs 4 and 5, respectively. It can be
clearly observed that all the data points are
concentrated in close vicinity to the 45° line. This
shows the superiority of the proposed model, as
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Table 1. Rock and fluid characteristics gathered from literature.34, 53, 54

Krevor
et al.34

Bennion
and
Bachu53

Bennion
and
Bachu54

Area

Porosity
(%)

Permeability
(mD)

IFT
(mN/m)

Salinity
(mg/L)

Pressure
(MPa)

Threshold
Capillary
pressure
(kPa)

Temperature
(˚C)

Rock Type

Area #1

22.1

914

32

50

9

2.5

50

sandstone

Area #2

28.3

1156

32

50

9

2.1

50

sandstone

Area #3

24.4

7.5

32

50

9

4.6

50

sandstone

Area #4

12.5

2.7

32.1

28300

8.6

28.8

35

sandstone

Area #5

19.5

21.72

32.1

28300

8.6

3.5

35

sandstone

Area #6

12.6

0.376

32.5

97200

10.9

56.3

40

sandstone

Area #7

11.7

0.081

27

248000

27

31.9

75

sandstone

Area #8

10.9

74.4

34.6

136800

17.4

28.2

56

carbonate

Area #9

11.8

153.9

29.5

144300

11.9

14.5

41

carbonate

Area #10

11.6

371.9

33.1

103701

11.4

14.5

40

carbonate

Area #11

16.8

353.6

35.1

106069

9.2

21.3

36

carbonate

Area #12

16.7

4.87

35.7

233400

15.5

69

55

carbonate

Area #13

9.9

0.217

29.5

129145

18.8

802

43

carbonate

Area #14

14.8

3.09

45.3

320847

8.73

55

36

carbonate

predicted values are in close agreement with experimental data.
To assess the deviation of predicted values from
experimentally measured data, relative deviation has
been plotted for CO2 and brine relative permeability
in Figs 6 and 7, respectively.

In order to provide for a better comparison between
GA-RBF predicted and real values, these have been
plotted against an index of data points in Figs 8 and 9
for CO2 and brine relative permeability, respectively.
Four different parameters ‒ correlation factor (R 2),
Average Absolute Relative Deviation (AARD), Stan-

Table 2. Statistical parameters of input and output values
Input Parameter
Porosity (%)
Permeability (mD)

6

Minimum

Maximum

Average

Standard Deviation

9.9

28.3

14.319

4.360

0.081

1156

148.123

259.940

IFT (mN/m)

27

45.3

33.262

4.312

Salinity (mg/L)

50

320847

132645.200

89646.710

Pressure (MPa)

8.6

27

13.269

5.234

Threshold Capillary
Pressure (kPa)

2.1

802

91.754

212.741

Temperature (˚C)

35

75

45.713

11.125

Rock Type

1

2

1.632

0.483

Sg

0

0.7892

0.247

0.179

Sw

0.2108

1

0.752

0.180

Krg

0

0.6117

0.067

0.118

Krw

0

1

0.363

0.323
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Figure 2. Performance of genetic algorithm in convergence to the optimum values to
determine CO2 relative permeability.

Figure 3. Performance of genetic algorithm in convergence to the optimum values to
determine brine relative permeability.

© 2015 Society of Chemical Industry and John Wiley & Sons, Ltd | Greenhouse Gas Sci Technol. 5:1–11 (2015); DOI: 10.1002/ghg

7

A Tatar et al.

Modeling and Analysis: Prediction of supercritical CO2/brine relative permeability

Figure 5. Cross-plot of experimentally observed data
points versus GA-vRBF predictions for brine relative
permeability.

Figure 4. Cross-plot of experimentally observed data
points versus GA-RBF predictions for CO2 relative
permeability.

dard Deviation (STD), and Root Mean Squared Error
(RMSE) ‒ have been utilized in order to display the
statistical validity of the results (Eqns (11)‒(14)). λ
reflects the subject parameter, which in this study is
relative permeability of CO2 and brine.
N

R 2 = 1−

∑(λPr ed (i)−λExp (i))

2

i =1
N

∑(λ
i =1

(i )−λExp )

2

Pr ed

(11)

% AARD =

100 N (λPr ed (i )−λExp (i ))
∑
N i=1
λExp (i )

⎛ N
⎞
⎜⎜ ∑(λPr ed (i )−λExp (i ))2 ⎟⎟
⎟⎟
⎜
⎟⎟
RMSE = ⎜⎜ i=1
⎟⎟
⎜⎜
N
⎟⎟
⎜⎜
⎝
⎠⎟

(13)

⎛ λ (i )−λ (i ) 2 ⎞⎟
) ⎟⎟
⎜( Pr ed
Exp
STD = ∑⎜⎜
⎟⎟
⎜
N
⎟⎠
i =1 ⎜
⎝

(14)

0.5

0.5

N

Figure 6. Relative deviation of GA-RBF predictions from experimentally
measured values for CO2 relative permeability.

8

(12)
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Figure 7. Relative deviation of GA-RBF predictions from experimentally
measured values for brine relative permeability.

Figure 8. Simultaneous representation of GA-RBF predicted and real values for CO2 relative permeability.

These parameters represent the applicability and
accuracy of the proposed model. Overall values of
0.99993, 4.66171, 0.10899, and 0.00095 for CO2 relative
permeability and 0.99993, 2.10291, 0.07308, and
0.00265 for brine relative permeability for R 2, AARD,
STD, and RMSE, respectively, show that the proposed
GA-RBF models are suitable for the accurate prediction of supercritical CO2/brine relative permeability.
Details of these parameters for all data sets (testing,

training, and total) are presented in Table 3 for both
CO2 and brine models.
The proposed model has been compared with Corey
correlation55 and by power laws56 models, which are
used as numerical and mathematical reservoir simulators.33 Corey correlation55 may be utilized alongside CO2
and brine saturation and irreducible water saturation in
order to determine relative permeability. For gas/water
systems, Corey correlation can be stated as follows:

© 2015 Society of Chemical Industry and John Wiley & Sons, Ltd | Greenhouse Gas Sci Technol. 5:1–11 (2015); DOI: 10.1002/ghg

9

A Tatar et al.

Modeling and Analysis: Prediction of supercritical CO2/brine relative permeability

Figure 9. Simultaneous representation of GA-RBF predicted and real values for Brine relative permeability.

Table 3. Statistical parameters for GA-RBF model for CO2 and brine relative permeability predictions.
R2
CO2 Relative Permeability

Brine Relative Permeability

34

Krevor et al.

Bennion and Bachu53

Bennion and

10

Bachu54

STD

RMSE

N

Train Data

0.99997

2.97287

0.06203

0.00071

206

Test Data

0.99964

11.45457

0.20668

0.00157

52

All Data

0.99993

4.66171

0.10899

0.00095

258

Train Data

0.99996

1.77382

0.06310

0.00212

206

Test Data

0.99981

3.37979

0.10320

0.00409

52

All Data

0.99993

2.10291

0.07308

0.00265

258

⎛ Sg ⎞⎟
krg = ⎜⎜
⎟
⎜⎝1− Siw ⎟⎠

2

Table 4. Power-laws exponents for different
datasets utilized in this study.33
Source

AARD

Area

n

m

Area #1

2.6

3.2

Area #2

3.0

4.6

Area #3

1.6

6

Area #4

3.2

2.9

Area #5

2.8

1.7

Area #6

2.2

2.1

Area #7

5.0

1.8

Area #8

2.9

2.3

Area #9

5.2

1.7

Area #10

3.7

1.8

Area #11

4.8

1.6

Area #12

5.6

1.4

Area #13

5.4

1.8

Area #14

1.2

1.6

⎛ ⎛1− Sg − Siw ⎞2 ⎞⎟
⎜⎜1−⎜
⎟⎟ ⎟⎟
⎜⎜ ⎜⎜⎝ 1− S
⎟⎠ ⎟⎟
iw
⎝
⎠

⎛ S − Siw ⎞⎟
krw = ⎜⎜ w
⎟
⎜⎝ 1− Siw ⎟⎠

(15)

4

(16)

where krg is CO2 relative permeability, krw is brine
relative permeability, Sg is gas saturation, Sw is brine
relative permeability, and Siw is irreducible brine
saturation.
Power laws can be presented as follows:
⎛ Sg − Sgc ⎞⎟
⎟
krg = krg 0 ⎜⎜⎜
⎜⎝1− Sgc − Siw ⎟⎟⎠

n

(17)

⎛ 1− Sg − Siw ⎞⎟
⎟
krw = krw 0 ⎜⎜⎜
⎜⎝1− Sgc − Siw ⎟⎟⎠

m
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Table 5. Comparison of statistical parameters for different predictive models of CO2 relative permeability.
Corey
2

Power Low Model
2

GA-RBF Model
2

Area

N

R

AARD

RMSE

R

AARD

RMSE

R

AARD

RMSE

Area #134

7

0.996223

128.6788

0.252443

0.998195

39.72527

0.006176

1.00000

0.080942

8.66E-06

Area #234

8

0.981982

225.2962

0.26702

0.995302

44.7095

0.008255

1.00000

0.077292

1.83E-05

Area #334

8

0.985455

70.02175

0.192953

0.998492

18.4372

0.00682

0.999947

0.974771

0.001209

Area #453

18

0.990776

202.0813

0.323274

0.997961

37.47559

0.010008

0.999956

3.049027

0.000791

53

Area #5

18

0.992386

303.4992

0.347596

0.999762

13.82594

0.001589

0.999978

2.165494

0.000419

Area #653

17

0.995836

438.3587

0.354657

0.997005

33.44767

0.003928

0.999803

3.796434

0.000498

53

Area #7

19

0.893233

553.6462

0.336752

0.997971

20.40934

0.012996

0.99994

1.663418

0.001338

Area #854

32

0.98877

1099.329

0.463043

0.999436

6.90814

0.000913

0.999464

6.959868

0.000832

#954

25

0.878953

2594.681

0.544535

0.999315

7.846404

0.000995

0.999449

7.315358

0.000884

Area #1054

25

0.962679

2195.848

0.513451

0.998235

10.06959

0.001164

0.998378

11.01802

0.00112

Area

#1154

18

0.906437

4648.207

0.624695

0.997727

9.297359

0.000835

0.997832

11.67292

0.00099

Area

#1254

21

0.894083

2723.328

0.547845

0.996614

18.78537

0.002947

0.998992

8.25763

0.00116

Area #1354

21

0.919694

56.82159

0.192415

0.999256

6.296094

0.011504

0.999943

0.565996

0.001228

Area #1454

21

0.923271

475.3296

0.272882

0.999854

13.01849

0.003528

0.99991

4.115652

0.001015

total

258

0.950698

1122.509

0.373826

0.998223

20.018

0.005118

0.999542

4.408059

0.000822

Area

Table 6. Comparison of statistical parameters for different predictive models of brine relative permeability.
Corey

Power Low Model

GA-RBF Model

N

R2

AARD

RMSE

R2

AARD

RMSE

R2

AARD

RMSE

Area

#134

7

0.97173

16.39910

0.07158

0.96100

13.03166

0.08086

1.00000

0.00007

4.E-07

Area

#234

8

0.92010

27.57671

0.12589

0.93372

19.67003

0.10545

1.00000

0.00002

5.E-08

Area #334

8

0.95581

53.59246

0.13585

0.99035

7.23920

0.03945

0.99998

0.56547

0.00162

Area #453

18

0.98482

45.21523

0.07039

0.99858

19.78066

0.01271

0.99988

2.91375

0.00305

Area #553

18

0.89721

58.98519

0.19303

0.99987

9.10580

0.00891

0.99996

4.43858

0.00205

#653

17

0.94659

55.89091

0.15458

0.99963

8.57064

0.01589

0.99995

1.46031

0.00247

Area #753

19

0.89265

68.19687

0.18368

0.99988

10.63507

0.00602

0.99996

1.01218

0.00214

54

32

0.94409

61.65788

0.12932

0.99992

13.28308

0.00653

0.99995

1.33853

0.00223

54

Area #9

25

0.88664

67.34159

0.19488

0.99984

5.18100

0.00624

0.99994

2.55590

0.00248

Area #1054

25

0.90102

65.20674

0.18128

0.99992

1.97108

0.00372

0.99995

2.04712

0.00240

#1154

18

0.86081

68.49191

0.21915

0.99983

4.35975

0.00699

0.99992

1.99547

0.00301

Area #1254

21

0.90120

66.03096

0.18156

0.99963

3.25199

0.00690

0.99993

1.32551

0.00269

54

21

0.85876

68.30727

0.22181

0.99957

5.79135

0.00904

0.99987

1.52424

0.00394

21

0.94999

59.91891

0.11945

0.99984

8.77721

0.00601

0.99989

4.98462

0.00341

258

0.91939

55.91512

0.15589

0.99154

9.33204

0.02248

0.99994

1.86870

0.00225

Area

Area

Area #8

Area

Area #13
Area
total

#1454

where krg and krw are CO2 and brine relative permeabilities, Sg is CO2 saturation, Sgc is critical CO2
saturation, krg 0 , krw 0 , n, and m are the endpoint
relative permeabilities and power-law exponents for
the brine and CO2 phases, respectively.

In experimental data utilized in this study, all the
authors have assumed krw 0 = 0 and Sgc = 0 . According to Mathias et al.,33 this assumption has negligible
effect on soundness of fit with experimental data.
These authors also determined power-laws exponents
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for the different data sets used in this study, by least
squares fitting to the experimental data. The corresponding values are listed in Table 4. The proposed
GA-RBF model was compared with the previously
mentioned correlations. Tables 5 and 6 show the
statistical parameters for predictive models of CO2
and brine relative permeability, respectively. The
proposed intelligent GA-RBF model may be applied
for a more accurate prediction of both CO2 and brine
relative permeability. The AARD for Corey and
power-law, and proposed GA-RBF model are presented in Table 5 and 6 for CO2 and brine,
respectively.
Classic methods (simple correlations) have a
deficiency in that the effects of effective parameters,
such as pressure, temperature, salinity, capillary
pressure, interfacial tension and rock type are not
included. A further advantage of the proposed
GA-RBF is the fact that it is not necessary to determine empirical constants for each data set. Although
power laws result in relatively good predictions, it is
necessary to determine an empirical constant
through curve fitting for each case. In other words,
the power law method is case sensitive and is not a
general method.

Conclusion
Accurate determination of CO2/brine relative permeability is of great importance to the simulation and
modeling of CO2/brine system behavior. The objective
of this study was to develop a more accurate determination of CO2/brine relative permeability using a
hybrid genetic algorithm-RBF neural network.
Excellent agreement between experimental data and
predicted values by the proposed GA-RBF model was
observed, yielding average absolute relative deviations
(AARD) of 4.64 and 2.22% for supercritical CO2 and
brine relative permeability, respectively. A comprehensive comparison between classic correlations and
the proposed GA-RBF model has confirmed the
superiority of the proposed model. The results obtained from this model demonstrate its suitability for
the accurate prediction of CO2/brine relative
permeability.

Appendix A
A Matlab® (Version 2014) program is provided to use
the developed model in this study. First of all, down-
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load the supplementary file and change the Matlab®
directory to the downloaded folder. To get the response
from this program follow the instruction step by step.
1. Open the Sample.xlsx file. There are two sheets
namely Input and Output. Open the Input sheet
and feel the determined cells. You can enter more
than one data sample. Close the Excel file.
2. Open the Sample.m and run. As it is will be
prompted by Matlab® for CO2 Relative permeability
enter 1, otherwise, for brine relative permeability
enter 2 and press Enter.
3. Open the Sample.xlsx and turn to Output sheet.
The results are provided in their corresponding
columns.
To better understand the instruction of using the
developed GA-RBF model, the following example has
been provided:
Example:
Calculate the CO2 relative permeability with the data
provided in Table A1.

Solution
Because the Rock Type input is string and we cannot
use the string as an input the following indices have
been considered for the following rock types:
Sandstone: 1, Carbonate: 2
First open the Sample.xlsx file that has been provided in the network folder and fill the input parameters. After that, the following commands must be
entered in the MATLAB (version 2014a) command
window:
clc;
clear;
close all;
type = input(‘For CO2 Relative Permeability Enter 1, for Brine Relative
Permeability Enter 2: ’);
if type = = 1
%% DATA LOADING
load CO2
clear X
clear XN
clear InputNum
clear ii
clear YtotalNetRBF
clear RYtotalNetRBF
X = xlsread(‘Sample.xlsx’);
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Table A1. The sample set for calculation of CO2 relative permeability.
Porosity
(%)
22.1

Permeability
(mD)

IFT
(mN/m)

Salinity
(mg/L)

Pressure
(MPa)

Threshold
Capillary Pressure
(kPa)

Temperature
(˚C)

Rock Type

Sg

Sw

914

32

50

9

2.5

50

Sandstone

0.5562

0.4438

MinX = [9.90000000000000,0.081000000000
0000,27,50,8.60000000000000,2.1000000000
0000,35,1,0,0.210800000000000];
MaxX = [28.30000000000001156,45.3000000
0000003208472780275,2,0.789200000000000,1];
MinY = 0;
MaxY = 0.6117;
%% Normalization
XN = X;
InputNum = size(X,2);
for ii = 1:InputNum
XN(:,ii) = Normalize _ Fcn(X(:,ii)
,MinX(ii),MaxX(ii));
end
%% Assessment
YtotalNetRBF = sim(Network,XN‘)’;
RYtotalNetRBF =
Realize _ Fcn(YtotalNetRBF,MinY,MaxY);
%% Export to Excel
xlswrite(‘Sample.xlsx’,RYtotalNetRBF
,‘Output’,‘K3’);
else
%% DATA LOADING
load Brine
clear X
clear XN
clear InputNum
clear ii
clear YtotalNetRBF
clear RYtotalNetRBF
X = xlsread(‘Sample.xlsx’);
MinX = [9.90000000000000,0.081000000000
0000,27,50,8.60000000000000,2.1000000000
0000,35,1,0,0.210800000000000];

MaxX = [28.30000000000001156,45.30000
000000003208472780275,2,0.7892000000000
00,1];
MinY = 0;
MaxY = 1;
%% Normalization
XN = X;
InputNum = size(X,2);
for ii = 1:InputNum
XN(:,ii) = Normalize _ Fcn(X(:,ii)
,MinX(ii),MaxX(ii));
end
%% Assessment
YtotalNetRBF = sim(Network,XN‘)’;
RYtotalNetRBF =
Realize _ Fcn(YtotalNetRBF,MinY,MaxY);
%% Export to Excel
xlswrite(‘Sample.xlsx’,RYtotalNetRBF
,‘Output’,‘K3’);
end
To simplify running the model, instead of typing the
above commands in command window, please run
the Run.m to calculate the relative CO2 relative
permeability. After reuning the program, please input
‘’1’’ to calculate CO2 relative permeability.
The result is 0.394804087, where its experimental
value is equal to 0.3948 (the relative deviation is 1.03%).
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