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Abstract

Accurate interfacial tension (IFT) determination between crude oil and brines is crucial in enhanced oil recovery
(EOR) processes. However, the available IFT models only apply to systems containing pure hydrocarbons and saline
waters. The current study aims to design comprehensive predictive tools for the IFT between asphaltenic crude
oils and various brines. Hence, 339 relevant experimental data covering an extensive range of operating conditions
were gathered from the literature, and the most effective input variables were determined through Spearman’s rank
coefficient. Then, the experimental data were utilized to train the smart soft-computing approaches, i.e., radial basis
function (RBF), multilayer perceptron (MLP), and Gaussian process regression (GPR). Although all novel predictive
tools presented excellent results, the one designed based on the GPR method was recognized as the most reliable
model with an average absolute relative error (AARE) of 0.67% and an R2 value of 99.63% in the testing stage.
Additionally, it estimated most of the IFT data with relative errors below 0.10%. On the other hand, the validity of the
gathered databank was confirmed through the leverage method. The influences of pressure, temperature, salinity, and
structural characteristics of salts on the IFT were discussed in detail, and the proposed models favorably described
the physical trends. Eventually, a sensitivity analysis was carried out based on the GPR model to clarify the order of
significance of factors in controlling the crude oil-brine IFT.

Keywords: Interfacial Tension; Asphaltenic Crude Oil; Brine; Intelligent Approaches; Modeling.

Introduction Fluid 1
Interfacial tension (IFT) is a fundamental factor that

describes the behavior of molecules at the boundary J\
of immiscible fluids [1-3]. The forces exerted on the A
molecules located in the bulk of fluids, and those at the
interface are quite different, as shown in Fig. 1. The bulk T
molecules (A and B) receive equal attraction forces in
all directions since similar molecules have surrounded
them. Meanwhile, the interfacial molecules (such as C)
are affected by unequal interactions from each side of
the interface. This stems from the fact that the physical
and chemical properties of the adjacent phases are quite @
different, and each of them may exert an independent
force on the contact area [4]. Accordingly, the total force
applied to the interfacial molecules is not zero. This
difference in the applied forces, which causes a curvature
in the interfacial area, is well-known as IFT [5-7].

Interfacial layer (C)

Fig. 1 Comparison between the forces exerted on molecules in
two immiscible fluids.
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Determining the IFT of oil-containing systems is particularly
important in the petroleum industries [8—19]. Based on various
investigations, the percentage of original oil recovered after
the primary and secondary steps of the oil recovery process
mainly varies between 20-30% [20,21]. The oil ganglia are
entrapped by the throats and pores' capillary forces and
remain unrecovered during the process. Consequently, it
is essential to implement the enhanced oil recovery (EOR)
processes to reduce the capillary forces and recover as much
oil as possible from the reservoir [22-31]. The impact of
capillary forces on the oil reservoir is usually described by a
dimensionless factor called capillary number [32],

_ Viscose forces _ Uu (1)

Capillary forces  ycos(0)

where the symbols U, u, 6, and y stand for the velocity,
viscosity, contact angle, and IFT [33]. The foregoing
equation indicates that the reduction of IFT through the EOR
techniques can be recognized as an efficient way to enhance
the capillary number and improve the oil recovery [34, 35].
The saline water injection is a well-known EOR method
through which the mobility of trapped oil is boosted due to
the IFT reduction [36-38]. Accordingly, investigating the IFT
of crude oil-brine systems under various operating conditions
can contribute to the optimal design of the EOR process [39].
Several experimental studies reported the IFT of oil-brine
blends [16,40]. In most of these studies, pure alkanes have
been considered the oil phase, and investigations on the IFT
of crude oil-brine are limited. Lashkarbolooki et al. [41]
studied the impact of various monovalent and divalent salts
on the IFT of asphaltenic crude oil with a specific gravity of
0.9224.

The results demonstrated that the best performance in
reducing the IFT can be attributed to the divalent cations
blended with the chloride ion. Additionally, it was found
that the monovalent salts have insignificant effects on the
IFT since they have low synergy with the natural surfactants
present in the crude oil. Moeini et al. [42] experiments
revealed that the IFT of dead oil-brine is reduced with an
increase in brine concentration up to 30,000 ppm. After that,
an exponential increase was observed in the IFT by enhancing
salinity. In another work, Barati-Harooni et al. [4] measured
the IFT of live oil-brine blends over extensive brine salinity,
pressure, and temperature ranges. This study, in which two
oil samples with quite different amounts of asphaltene were
analyzed, indicated that brine salinity and pressure directly
correlate with IFT. However, the relationship between IFT
and pressure was contradictory in the oil samples. While
the IFT of the sample with low asphaltene content was
reduced with increasing temperature, the other sample
experienced considerable growth in IFT due to the foregoing
change. Moreover, the effects of pressure and salinity on
the IFT of asphaltenic crude oil — NaCl has been assessed
by Soleymanzadeh et al. [43]. The major findings of this
study were the linear increasing trends of IFT versus brine
concentration and pressure. Considering the structural ability
of asphaltene compounds to accumulate at the interface
between water and oil and act as a surface-active material
and the uncertainties surrounding its influence on IFT,
it is necessary to evaluate the IFT of asphaltenic oil-brine
systems [44]. The precipitation and subsequent deposition
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of asphaltene in the reservoir can result in the rock’s
wettability becoming strongly oil-wet, affecting the relative
permeabilities and oil recovery [20,45,46].

Since determining the IFT of various systems through
experimental measurements is costly and time-consuming,
data-driven approaches have recently been widely
implemented to derive predictive models for this critical
factor [1,8,22,24,47-60]. In the case of oil-brine systems,
existing studies have mainly focused on synthetic oils as the
hydrocarbon phase. Amar et al. [48] designed four intelligent
models for the IFT of hydrocarbon—brine systems based on
560 measured data. The high capability of intelligent methods
to describe the IFT was demonstrated since the AARE values
of the proposed models varied between 1.06% and 2.06%
in the testing step. Abooali et al. also employed the same
database [61] to establish a mathematical correlation for the
IFT based on the genetic programming method. The outcomes
of the suggested correlation were in proper consistency with
experimental data, with a total AARE of 3.89%. The only
predictive tool for the IFT of crude oil-brine was presented
by Barati-Harooni et al. [4], who utilized their experimental
data to derive an intelligent model based on the least square
support vector machine (LSSVM) approach. The proposed
model correlated the IFT with pressure, temperature, and
concentration of NaCl. Despite giving an AARE of 1.12%
for testing data, this model could not describe the influences
of oil characteristics and brine type on the IFT.

According to the literature review above, most existing
models estimate the IFT of pure hydrocarbon—brine systems.
The optimal design of the EOR process requires accurate
knowledge regarding the reservoir crude oil-brine IFT [62].
On the other hand, smart modeling approaches have not
yet been used to derive comprehensive and well-validated
predictive tools for this fundamental parameter. Furthermore,
identifying the most effective factors on the IFT of crude
oil-brine system behavior is particularly important for field
development planning.

To fulfill the mentioned research gaps, in the current study,
an immense set of data, including 339 experimental samples
pertinent to the IFT of various asphaltenic crude oil-brine
systems over a broad range of operating conditions, were
gathered from the literature. The intelligent modeling phase
uses three well-known soft-computing methods: MLP, RBF,
and GPR. A set of statistical and visual criteria was used to
assess the validity and reliability of the proposed model,
and the variations of IFT with operational parameters were
studied based on the outcomes of the models. Eventually,
the order of importance of factors in controlling the IFT of
crude oil-brine systems is determined based on a sensitivity
analysis.

Materials and Methods
Smart Approaches
GPR

The application of non-parametric machine learning
approaches such as GPR, a Gaussian joint probability
distribution, has increased widely in engineering in recent
years due to their high robustness and capabilities [63]. The
main preponderances of GPR are high accuracy and strength
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in modulating the hyper-parameters and the ability to catch
the uncertainty of analyzed samples.

The GPR-based learning process is accomplished through
a probabilistic framework in which a training dataset
T=[(x,y) i=1,2,...,n] is provided. It should be noted that x,
and yi stand for the input variables vector and target function,
respectively. Thus, the predictive model provides the output
function distribution at any point through the following
approximation [64],

yi:g(xi)+gi 2

where L(x) is the latent function corresponding to the input
variables (x), and its values constitute a random variable.
Furthermore, ¢, represents the Gaussian noise, with its mean
and variance presented as 0 and ¢ °, respectively [65],
£=N(0,0,°) 3)
Consequently, the target function can be easily approximated
by defining a mean function m(x) and a covariance function
cov(x,x ). The predictive probability distribution for the input
variables, x* can be defined as,

Pr=m@) kLK +o,D) (v —m(x ) “)
ol =k.+o, —k! (K +a0,1)"k. 5)

where k* is defined as [k*]=cov(x,x*), K stands for a
covariance matrix, and its elements are [K](ij)=cov(x,x),
and / shows the identity matrix.

As the predictive probability distribution is specified by the
hyperparameters, an optimization process should be carried
out to determine these factors [66]. In the GPR approach,
the log-likelihood function is maximized during the training
stage to calculate the hyperparameters [67],

1, Lo
log p(y \X):—Ey’ (K +o31)"y —log

(K +071) )~ log(27) (6)
where n représents the number of training data points.
MLP

The MLP machine learning approach follows a similar process
to that observed in the human nervous system and is mainly
implemented to solve complicated mathematical problems,
such as approximation, classification, and pattern recognition
[68]. This is performed through a parallel algorithm, in which
a set of data is utilized to train the network, and the artificial
neurons are responsible for transferring the information. Fig.
2 shows the structure of an artificial neuron employed in the
MLP network. The neuron is mathematically explained as
follows [69],

. 7
"y :ZizlxiW“i +b, ( )
X —< Wal
o e A
4 Ya
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x; —44 Wa3

R

Fig. 2 Details of an artificial neuron.
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Yo=JS () ®)
Wherer ,x, W ,b andy_ stand for linear combiner, i th input
factor, synaptic weight, neuron bias, and activation function,
respectively.

As the MLP processes the information only in one direction,
it is recognized as a feed-forward network. The graphical
description of the MLP network designed to model the
crude oil-brine IFT is illustrated in Figure 3, which shows
three linked layers, including artificial neurons. The input,
hidden, and output layers are responsible for introducing
the information to the network, determining the network
parameters, and displaying the outcomes, respectively. It
should be highlighted that the architecture of the hidden
layer depends on the complexity of the problems, and may
contain some independent layers with different numbers of
neurons in each of them, while the number of neurons in
the first and last layers is equal to the number of input and
output variables, respectively. The MLP network detects the
system’s nonlinearity via the activation functions included in
the hidden layer’s neurons [70]. In the current study, after
assaying various architectures, a network with two hidden
layers containing 12 neurons, each accounts for the best
precision for estimating the crude oil-brine IFT. The tan-
sigmoid function was adjusted in the neurons as an activation
function.

A vital stage in designing the MLP network, which
considerably affects the capability of the network, is the
optimization of weights and biases. For this purpose, the
backpropagation (BP) algorithm specifies the foregoing
parameters, so that the minimum value of the deviation
function is obtained [71],

After applying each training data, the value of the deviation
function is spread in the network, followed by re-adjusting
the parameters. Herein, the Bayesian regularization approach
was used to train the BP algorithm.

D= (ypre _yexp)2 (9)
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Fig. 3 The structure of the MLP network is employed to estimate the
crude oil-brine IFT.

RBF

RBF networks were developed mainly to mitigate the
drawbacks of MLP networks, such as their empirical structure
and under or over-fitting possibility. The high potency for
interpolation, prompt convergence, simple structure, and
sublime reliability are the main advantages of RBF networks
[72]. The structure of this network is similar to that of a single-
layer MLP network, which includes several neurons equal to
the number of data points used for training. Furthermore, the
structure of the RBF network employed to model the crude
oil-brine IFT is demonstrated in Fig. 4.
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Y

Fig. 4 The structure of the RBF network employed to estimate the
crude oil — brine IFT.

It should be noted that the activation functions employed in
these networks are radial-based, among which the most well-
known function is Gaussian,
(x —¢)’
H(x)= eXp(_r—z)

(10)

where ¢ and r are the center and radius of the Gaussian
function, respectively.

After receiving the information from the input layer, the
hidden layer exerts the nonlinear functions and sends the
results to the final layer, which is responsible for combining
the weights and the activation functions, linearly [73],

F)=SWH, (x) (1)
i=1

The gradient descent method is employed in the RBF network
to optimize the network center and synaptic weights so that
the mean squared error (MSE) is minimized,

1
MSE= H Z (ypre -YGXp ) (12)
i=1

Experimental Data Acquisition

Since the capability of the predictive tools strongly depends
on the databank used for designing them, gathering the
maximum number of reliable data concerning the IFT of crude
oil-brine systems built the main cornerstone of the present
research. Moreover, the operating conditions of the analyzed
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broad range of pressures and temperatures. Additionally, the
asphaltene content of the data sources analyzed is in a range
of 3.1 to 13.75%, which is the asphaltene content associated
with medium to light crude oil systems of conventional oil
reservoirs [74]. Thereupon, the present databank can be
employed to derive robust and comprehensive predictive
tools.

Error analysis

The accuracy of the predictive tools proposed in this study is
evaluated by calculating the values of the following statistical
parameters,

AARE (%):%uoo (13)

SD (%)= wxloo (14)

SD (%)= Z(fvf—:ff)xmo (15)
_ 2

R2 (%):(l_z(ypre—yexpl)xloo (16)

DV ey Texp)

where £, stands for the relative error of ith estimated data,

(17)

E = Yorei TV expii
.=

y exp,i

Results and discussions
Determining the input variables of the models

According to experimental investigations, the IFT of
crude oil-brine systems is dependent not only on pressure,
temperature, and salinity, but also on the characteristics
of crude oil and salts. In this study, the influences of oil
properties on the IFT were taken into account by defining
the specific gravity as well as the percentage of asphaltene
as input variables. On the other hand, the molecular weight
of salts was considered as an adjusted parameter to make
the models applicable to various types of saline water.
Additionally, for distinguishing between live and dead oils,
the equivalent molecular weight of dissolved gases was also
included among the input factors,

sources are reported in Table 1. The databank includes 339 1
experimental samples pertinent to the IFT of asphaltenic Mw g n W
live and dead oils blended with various saline waters over a Z —t (18)
o Mw,
Table 1 Operating conditions of the data sources analyzed in this study.
. Asphaltenes compo- - .
Source | Crude oil SG . Salt comp. Salinity (ppm) Temperature, (K) | Pressure (psia) | No.
sition, (%)
[4] Live oil 0.854,0.915 | 3.18, 11.41 NaCl 0 to 260,000 298.15 to 383.15 | 2500 to 4500 240
NaCl, KCl, CaCl,
[43] Dead oil 0.9224 11 CaSO,, MgCl,, | 0to 45,000 313.15 14.7 33
MgSO,, Na,SO,
[42] Live oil 0.933 13.75 NaCl, CaCl, 5000 to 200,000 | 313.15 14.7 to 2500 36
[43] Live oil 0.814 3.1 NaCl 50,000 to 260,000 | 298.15 2500 to 4500 30
Live and dead .
Total , 0.814 to 3.1to 13.75 7 Different salts 0 to 260,000 298.15 to 383.15 | 14.7 to 4500 339
01
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It should be noted that the value of Mw e is zero for dead oils.
As a result, the relationship between the input and output
variables can be expressed as follows,
y=f®PI,SW,SG,Mw, ,Mw) (19)
Fig. 5 depicts a heatmap corresponding to the absolute
values of Spearman’s rank coefficient between the crude
oil-brine IFT and the chosen input variables based on the
analyzed data. The maximum correlation [75] between two
given variables is achieved when the value of the foregoing
coefficient tends to unity. According to the figure, all selected
factors have noticeable impacts on IFT, and they must be
taken into account in the models. It is interesting to note that
the highest and lowest relationship with IFT can be attributed
to S and W, respectively.
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“
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S

Fig. 5 Spearman’s rank coefficient heatmap for input variables and
the crude oil — brine IFT.

Development of the IFT Models Based on Smart Approaches
According to the form presented in Eq. (19), the collected

2.0 N N M
B GPR model
B RBF model
42 # MLP model i
=
g 1.0 -
0.5
0.0-

Train Test Total

B GPR model
B RBF model
# MLP model

SD, (%)

1

o0-

Train Test Total
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databank was employed to design new predictive tools for
the IFT of crude oil-brine systems based on the smart soft-
computing methods of MLP, RBF, and GPR. It is worth noting
that two different subsets, with an 80%-20% split ratio, were
created by the collected data. The models were first trained
based on the larger dataset (including 271 measured samples)
and then tested using the remaining set of data (including
68 data points). It is worth mentioning that both the training
and testing data points were selected randomly. The values
of the statistical parameters pertinent to the smart models
in the training and testing stages have been sketched in Fig.
6. A glance at the figure reveals that all smart approaches
have almost identical and excellent performance during the
training step with AARE values below 0.1%. However, their
deviations in predicting the test dataset are associated with
some differences. The highest level of precision belongs
to the model designed by the GPR approach with AARE,
RRMSE, SD, and R2 of 0.67%, 0.98%, 1.01%, and 99.63%,
respectively. Since the accuracy and reliability of data-driven
models are usually determined by their performance in the
testing step, the foregoing values acknowledge the superiority
of the GPR method from the mentioned points of view.
Afterward, the RBF-based predictive tool is ranked second
in terms of precision, since its AARE and R’ values for the
test dataset are 1.29%, and 98.77%, respectively. Ultimately,
with the AARE of 1.45%, the MLP models can also be
considered a reliable model to estimate the IFT of crude oil-
brine systems. Interestingly, the proposed intelligent models
are recognized as predictive tools with excellent capability
according to the classification presented by Zendehboudi et
al. [76] since all of them have RRMSE values far below 10%.
This means that the input variables presented in Eq. (19)
have been properly chosen, and the effects of various factors
on the crude oil-brine IFT have been satisfactorily addressed
in the novel models.

a4
B GPR model
B RBF model
= # MLP model
3
8 2
=
o
4
1 -

Train Test Total
B GPR model
B RBF model
8 MLP model
100+
£
~-
[ 4
90-
Train Test Total

Fig. 6 The statistical error metrics obtained by the novel smart models for predicting the IFT of crude oil-brine systems.
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Graphical description of the reliability of the novel models
Besides the pre-mentioned quantitative analyses, this section
addresses a qualitative investigation of the reliability of
the proposed smart paradigms by utilizing a set of visual
representations, including a cross plot, cumulative frequency
analysis, and contour diagram.

The cross plot of Fig. 7 compares the IFT values predicted
by the smart methods with the corresponding measured data
points. Allocating the values estimated by the models in
the vicinity of the diagonal line is the criterion to judge the
accuracy of each model. The outcomes of all predictive tools
in the training phase are situated near the foregoing line, and
no significant distances are observed between the line and
the estimated points. However, the predictions of the GPR
model for the testing dataset have better consistencies with
the real data. While some deviations are seen between the
values predicted by the remaining models and the best-fit
line. Consequently, the GPR model can be regarded as the
most precise predictive tool for the crude oil-based IFT.
Moreover, the experimental databank analyzed in the current
research, the computer program of the GPR model, and
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instructions on how to use the foregoing program to estimate
the IFT have been included in the supplementary material.
A comparison between the cumulative frequency [69] of the
developed smart models has been presented in Fig. 8. This
approach represents the percentage of data estimated within a
certain level of relative deviation. Hence, an accurate model
is expected to experience a sharp ascending trend at the
beginning of its cumulative frequency curve. It is observed
that most calculations carried out by the GPR, RBF, and
MLP models are associated with relative errors below 0.1%,
implying the fact that the aforementioned predictive methods
have excellent performances in predicting the crude oil-
brine IFT. Notwithstanding, the most favorable consistencies
between calculated and actual data can be observed in the
case of the GPR computational approach, which estimates
82.60%, 91.44%, 94.99%, 98.23%, and 99.71% of data with
relative deviations less than 0.1%, 0.5%, 1%, 1.5%, and 2%,
respectively. Consequently, the current evaluation provides
another evidence concerning the superiority of the GPR
predictive tool over the other models.

40 . 40 .
MLP modell RBF model|
E 301 * - E 301 -
—_— —_—
= =
£ £
= ” e
a 207 : = 2 i
£ 5
o 5
e 2
8 101 — Best fit g T2 — Best fit L
@ Train results @® Train results
% Testresults # Test results
] T - T 0 T -
0 10 20 30 40 0 10 20 30 40
Experimental IFT (mN/m) Experimental IFT (mN/m)
40 L L L
GPR modell
E 301 B
=
E
o
o 201 F
8
2
o
<
B qo- — Best fit -
@ Train results
& Test results
0 T T
0 10 20 30 40

Experimental IFT (mN/m)

Fig. 7 The cross plots correspond to the novel smart models for estimating the IFT of crude oil-brine systems
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Fig. 8 The cumulative frequency curves correspond to the novel
smart models for predicting the IFT of crude oil — brine
To investigate the precision of the smart approaches for
estimating the IFT of crude oil-brine systems over diverse
ranges of pressure, temperature, brine concentration, and salt
molecular weight, the relative errors corresponding to the
most reliable model presented in this study, i.e. GPR, have
been shown in the contour plots of Fig. 9.
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Fig. 9 Distribution of the relative error corresponding to the GPR
predictive tool in various ranges of pressure, temperature, brine
concentration, and salt molecular weight.

This graphical tool visualizes the distribution of relative
error through a color spectrum [77], in which the dark green
and purple colors refer to the best and worst estimations,
respectively. As it is clear, the dominant parts of the surfaces
have been enveloped by green colors, which means that the

smart model is capable of estimating the crude oil-brine
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IFT over a broad range of conditions with relative errors
mostly less than 0.15%. On the other hand, there are some
blue portions with small and scattered purple shadings,
which are predominantly concentrated around P=3500
psia, 100,000<8<150,000 ppm and Mw>100 gr/mol. The
model may show relative errors higher than 0.15% in the
IFT prediction under the foregoing conditions. However,
the results obtained based on the cumulative frequency
analysis demonstrated that the relative error of the GPR
model rarely exceeds 2%. Accordingly, it can be claimed that
this predictive tool applies to a wide range of engineering
applications with a high level of confidence.

Detection of Outliers
The outlying samples are regarded as some unwilling
observations with great divergence from the rest of the
data, which may influence the reliability of data-driven
models. These data points mostly appear due to human error,
uncertainty of measurement devices, complexity of evaluated
systems, etc. Thereupon, it is indispensable to explore the
established models from the perspective of the existence of
doubtful data. The leverage method is a capable technique
that identifies the foregoing samples based on William’s
plot. To implement this approach, the values of standardized
residual (SR) and hat values (%) [78,79] should be determined
for all analyzed data. According to William’s plot, the
points situated beyond the 4 </H* and -3<SR<3 domains are
recognized as outliers. It should be explained that the warning
leverage value, H* can be calculated as follows,
0= 3(M +1)

N

(20)

where M refers to the number of input variables included in the
model, and N denotes the total amount of data. In this study, the
smart approaches, which require 7 input factors to determine
the IFT of crude oil-brine systems, were established and tested
based on 339 data points. Accordingly, the corresponding value
of H* is 0.0708. Fig. 10 sketches William’s plot corresponding
to the most capable IFT model presented in this study, i.e.,
GPR. The dominant part of the samples lies within the valid
limit, confirming the reliability of the collected databank and
the proposed model. Meanwhile, only 10 out of 339 data
points are recognized as the suspected observations, which are
insignificant to affect the capability of the presented models.
Hereby, it can be concluded that the smart predictive tools
developed in this study have been designed based on credible
data points, and they can be confidently used to determine the
crude oil-brine IFT.

Capabilities of the proposed models
Description of the physical variations of IFT

The ability to describe physical behaviors is another standard
that should be met by a desirable predictive method. In this
section, several trend analyses are undertaken to highlight the
high capability of the GPR model in predicting the variations
of IFT with operational parameters. Indeed, the influences
of pressure, temperature, and brine concentration on the
IFT of crude oil-brine systems are investigated based on the
outcomes of the aforementioned model.
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Fig. 10 William’s plot of the IFT model designed based on the GPR approach.

Furthermore, the influences of pressure and temperature on
the IFT of an asphaltenic crude oil sample blended with an
aqueous solution containing 50,000 ppm NaCl are illustrated
in Fig. 11. At first glance, it can be found that the IFT of the
blend is dramatically reduced with an increase in temperature.
This observation can be justified by the growth of total
entropy, arising from the increase in molecule mobility at the
oil-brine interface, which subsequently declines both Gibbs
free energy and IFT [4,42]. On the other hand, the crude oil-
brine IFT experiences an ascending trend with an increase

molecules closer together, and enhances the intermolecular
forces, leading to higher IFT values. As it is evident, the GPR
predictive method follows the same physical behaviors, and
its outcomes are fully consistent with the actual data.

The role of the brine concentration in the variations of the
crude oil-brine IFT has been described in Fig. 12. As can
be observed, the results indicate the rise of IFT with an
increase in salinity under constant pressure and temperature
conditions. This behavior can be explained by referring to the
Gibbs equation [80],

in pressure. The preceding change in pressure brings the g7, — _RT ZF‘ dLN (a,) (21)
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where I, stands for the surface excess concentration, and
a_i is the symbol of chemical activity. Dissolution of salt
in water forms hydrogen bonds between salt ions and water
molecules. While, the foregoing bonds are not observed
at the oil-water interface, and this gives the salt molecules
opportunity to transfer from the interface to the bulk of saline
water. Thereby, the surface excess concentration of salt tends
to a negative value, and the IFT is increased. The values
predicted by the proposed model appropriately describe
the foregoing physical behaviors, and agree well with the
experimental data.

Description of the Role of Various Salts in the IFT Reduction
Fig. 13 compares the best performance of various salts
in the IFT reduction, according to the data gathered from
Lashkarbolooki et al. [41] and the outcome of the GPR
model. This figure reveals that the highest ability in the
IFT reduction can be attributed to the salts consisting of CI’
anion bonded to divalent cations, such as Ca*? and Mg*™.
The reaction of the mentioned salts with organic substances
included in natural surfactants (resin and asphaltene)
produces some complex ions, which are easily dissolved in
the water phase. This phenomenon, which is well-known
as the salting-in effect leads to a further reduction in the
crude oil-brine IFT [81,82]. The results also indicate that
the performances of salts declined by replacing CI” anion
withSO,?. This stems from the fact that SO,? has lower
synergism with the natural surfactants existing in crude oil to
reduce the IFT. Additionally, it can be found that the weakest
performance in the IFT belongs to the monovalent salts. This
can be justified by the low capability of the foregoing salts to
boost the migration of natural surfactant molecules from the
bulk phase to the interface. As it is evident, the GPR model
exactly predicts the performance of all analyzed salts, and
this is another testimony concerning its wide applicability.

zc 1 L L 1 L L i
= 151 Il Experimental observations i
=
E B GPR predictions
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Fig. 13 The role of various salts in the IFT reduction based on ex-
perimental data and the outcomes of the GPR model.

Sensitivity Analysis

The current section presents a sensitivity analysis based on
the GPR model to determine the order of significance of input
variables in controlling the crude oil-brine IFT. Moreover,
the relevance of seven input variables to the outcomes of
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the GPR model is illustrated in Fig. 14. The figure indicates
that brine concentration, S, plays the most important role in
determining the IFT of crude oil-brine systems, and ng,
P, Mw, T, and SG are ranked second to sixth, respectively
in terms of significance. Eventually, W, is the factor with
the lowest correlation with IFT. The foregoing results are
fully consistent with the findings of the analysis carried out
in “Determining the input variables of the models” section
based on the experimental data.

1.0 L L L L L L L

0.5

Factor relevance

0.0-

Mw,

Fig. 14 relevance of seven input factors to the IFT values predicted
by the GPR model

Conclusions

This study dealt with the estimation of the IFT between
asphaltenic crude oil and brines over a broad range of operating
conditions. A widespread set of IFT data, consisting of 339
samples was collected from the literature to achieve this
purpose. A comprehensive modeling phase was performed
by employing the smart soft-computing approaches of MLP,
RBF, and GPR. The main findings of this research can be
expressed as follows,

* Defining seven parameters, including P, 7, S, W, SG, ng
and Mw_ as the model’s input variables led to much more
accurate predictions for the crude oil-brine IFT. This fact
was also confirmed by the analysis performed based on
Spearman's rank coefficient.

 All proposed models were accurate and capable tools for
the scope of the current study, with AARE values between
0.67% and 1.45%, and R’ values higher than 99.60%.

* The correctness and reliability of the proposed models were
evaluated based on a set of graphical representations, and
the results demonstrated the obvious superiority of the GPR
method. The aforementioned model estimated the crude oil-
brine IFT over a broad range of operating conditions with
relative errors below 0.10%.

* The GPR model was a desirable computational approach
to predict the physical variations of IFT. Moreover, it was
applicable to describe the performances of different salts in
the IFT reduction.

* An analysis undertaken through the leverage method
indicated that the IFT databank analyzed in this study is
highly credible since less than 3% of all data were recognized
as doubtful observations.

* According to the sensitivity analysis based on the GPR
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model, brine concentration, S, is the most effective input
variable on the model performance, and ng, P, Mw, T, SG,
and W _are ranked second to seventh in terms of significance,
respectively.

Overall, the smart models presented in this study are precise,
reliable, and comprehensive tools to estimate the asphaltenic
crude oil-brine IFT. Thereupon, they in turn contribute to the
optimal design of the EOR processes.

Data Availability Statement
The data that support the findings of this study are available
from the corresponding author upon reasonable request.

Nomenclatures

AARE: Average absolute relative error, %

E: Relative error from the actual value

Mw,;: Equivalent molecular weight of dissolved gases, g/mol
Mw : Molecular weight of salt, g/mol

N: Number of experimental data

P: Pressure, Pa

R: Universal gas constant, m"3.Pa/mol.K

R?: Coefficient of determination, %

RRMSE: Relative root mean square error, %

S: Salinity, ppm

SD: Standard deviation, %

SG: Specific gravity

T: Temperature, (°C)

W : Percentage of the asphaltenes in crude oil, %

Greek

a: Chemical activity

I": Surface excess concentration
y: Interfacial tension, (mN/m)

Subscripts
exp: Experimental
pre: Predicted by Model

Abbreviations

GPR: Gaussian process regression
IFT: Interfacial tension

MLP: Multilayer perceptron

RBF: Radial basis function
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