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Abstract

The physical chemistry mechanisms behind the oil-brine interface phenomena is
not yet fully clarified. The knowledge of the relation between brine composition and
concentration for a given oil may lead to the ionic-tuning of the injected solution on
geochemical and enhanced oil recovery processes. Thus, it is worth examining the
parameters influencing the interfacial properties. In this context, we have combined
machine learning (ML) techniques with classical molecular dynamics simulations (MD)
to predict oil/brine interfacial tensions (IFT) effectively, and compared to a linear
regression (LR) method. To diversify our data set, we have introduced a new atomistic
crude oil model (medium) with 36 different types of hydrocarbon molecules. The MD

simulations were performed for mono and multi-component (toluene, heptane, heptol,
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light, and medium) oil systems interfaced with sulfate and chloride brines with varying
cations (Nat, K*, Ca?", and Mg?") and salinity concentration. Thus, a consistent
IFT dataset was built for the ML training and LR fitting at room temperature and
pressure conditions, over the feature space considering oil density, oil composition,
salinity, and ionic concentrations. Based on gradient boosted (GB) algorithms, we
have observed that the dominant quantities affecting the IFT are related to the oil
attributes and the salinity concentration, and no specific ion dominates the IFT changes.
When the obtained LR model was validated against MD and experimental data from
the literature, the error varied up to 2% and 9%, respectively, showing a robust and
consistent transferability. The combination of MD simulations and ML techniques
may provide a fast and cost-effective IF'T determination over multiple and complex

fluid-fluid and fluid-solid interfaces.
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Introduction

Oil extraction processes can be evolved into three stages!. The primary extraction happens
naturally, as there is a pressure gradient between the oil reservoir and the atmosphere after a
well is drilled. It is followed by a secondary stage, which consists mainly of fluid injection,
using them as a front wave to remove part of the remaining oil. The last one is the so-called
enhanced oil recovery (EOR), which usually involves the injection of chemical species, such as
surfactant-polymers, and /or brine, to reduce the wettability or to increase mobility. With the
standard techniques, usually more than 60% of the total oil volume remains in the reservoir,

trapped in the rock’s porous media?. Therefore, it is essential to improve the technology of
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the current EOR processes. Despite surfactants being regarded as the ideal candidates for
EOR, such sophisticated synthetic methods, and logistic are not cost-effective.?

Nowadays, the improvements in the amount of extracted oil can be achieved by chemically
manipulating the properties of complex and heterogeneous interfaces, which involves the
reservoir’s rock surface, the oil, and the injected fluid. In order to get optimum recipes, the
water chemistry can be controlled by both ionic strength and composition modification which
has been observed to enhanced the oil recovery?. This is known as the low-salinity brine in-
jection, which among other mechanisms, reduces the oil/rock /brine interfacial tension (IFT)?.
The IFT reduction leads to an increase in fluid diffusion and the miscibility /wettability®.
Reducing interfacial tension allows the production of significant amounts of oil compared to
usual water flooding methods”. In this context, Rotondi® et al. reported an optimal salinity
ranging from 1000 to 2000 ppm (0.10 - 0.20 wt%), albeit the beneficial effect was observed
even until 6000 ppm (0.60 wt%). However, the ideal brine content can vary for a given oil
composition and reservoir conditions.

In the last decade, several mechanisms have been suggested to explain the low-salinity

9-16

enhanced oil recovery phenomena Among them, the interface tension alteration by

117720 21-25

chemical manipulation was addressed in both experimenta and theoretical studies
Buckley and Fan'® measured the interfacial tension on the oil/brine interface. The authors
observed the relation between the IFT, the acid number, and the viscosity of the oil phase.
Employing molecular dynamics simulations, Underwood and Greenwell?? studied the IFT
of water-vapor, decane-vapor, and decane-water interfaces, considering a set of force fields.
Also, the authors compared the results with the parameterization proposed by Smith and
Dang?%, and with the reported experimental data, the results achieved with the selected force
fields are in agreement, albeit the Smith and Dang?® parameterization tends to overestimate
the IFT values in higher salinities. Lara et al.?” studied the effect of nanoparticles on the

interface formed between a light-weight oil model and brine. They observed the interfacial

tension of the studied systems increases for higher salinities. Besides these studies, Jian
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and coauthors? observed the high concentration of asphaltenes displayed at the oil /water
interface contributes to the IFT reduction.

High temperatures and pressures are the typical of oil reservoir thermodynamical, which
are harsh and dangerous conditions to perform in the laboratory due to high costs and the
possibility of serious injuries. In this context, the molecular simulations method is an efficient
alternative to experiments. It may provide molecular scale information into the structure,
and interaction properties of interfacial systems at extreme thermodynamical conditions.

The understanding of the physical and chemical processes at atomic resolution can lead
to the ionic-tuning of the injected solution for the EOR®. Thus, it is worth examining the
parameters influencing the interfacial phenomena. The relation between the IFT, the fluids
composition, and the thermodynamic conditions may involve several variables. In this context,
machine learning can be a suitable approach to correlate physical and chemical properties in
a single and robust model.

ML has already been combined with molecular dynamics (MD) simulations in previous

28-31

studies . Wang and Ferguson ?* surveyed non-linear ML techniques to investigate biological

materials, focusing on obtaining an optimized collective variable that can identify and
1.30

discriminate meta-stable states. Jamal et al.”” studied the effect of insulin-degrading enzymes.

The authors got two active compounds with potential applications in the combat of Alzheimer’s

1.3! proposed a new approach to improve the recognition of protein function.

disease. Glazer et a
Riniker 2® obtained free energies of solvation for various solvents, and also partition coefficients
for hydrocarbons and water. These works reveal the MD-ML coupling is an interesting toolbox
to access the properties of the complex and heterogeneous systems such as oil/brine interfaces.

In this work, we have used MD to create a consistent dataset for the IFT at room
thermodynamical conditions. In particular, we learned how different brine compositions
and concentrations modify the IFT for a given oil model. Also, a new complex digital oil

model has been proposed. With the obtained database, we have employed machine learning

techniques to train IFT models, than, we compared with a model obtained from a linear
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regression (LR). The obtained ML models had slightly better performance than the simple
LR. Although, the LR model was still able to predict IFTs with errors from to 2% to 9%
errors. In addition a ML method showed the driving features for the changes in IFT are

related to the oil characteristics and brine salinity.

Methodology

Mbolecular Models

Crude oil is a multiphase and a high multiplicity components mixture involving mainly

32

hydrocarbons In the context of atomistic simulations, a suitable molecular model is

essential to mimic the real system complexity. The existent oil models are composed mainly

21,22,24,33-35

by mono or bi-components . Although a multicomponent light oil model (0.80

d 62736 it is limited to 8 distinguished molecules with 6

g/cm?) has been previously propose
to 9 carbons in their chains.

To study more complex oils and diversify our dataset, we are proposing here a new
molecular model with 36 components, having up to 20 carbon atoms per molecule and 0.84
g/cm? bulk density. The oil model was developed following the PNA approach, in which
the organic molecules are divided into three separate fractions: (i) P-paraffinic (alkyl and
branched alkanes), (ii) N-naphthenic (cycloalkanes), and (iii) A—aromatic (see Tables S
1-3). The chosen weight proportions were 69.08 (P), 3.86 (N), and 27.06 wt% (A) to represent
the oil properties found in a pre-salt reservoir in Brazil.

Besides the proposed oil model, we investigated the toluene (100 wt% A), heptane (100
wt% P), heptol (50 wt% P and 50 wt% A), and the light oils. The last one has eight oil
components distributed in PNA fractions with 61.80 P, 21.00 N, and 17.12 wt% A (see Table
S 4).

We investigated a set of distinct brines with a variety of compositions and salinities.

The seawater model with 3.5 wt% salinity being Na™ (30.59%), K* (1.11%), Ca** (1.28%),
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Figure 1: a) Molecular representation of the oil/brine interface and b) the corresponding
density profiles for seawater (red) and the medium-weight oil (black line) models, highlighting

the interfaces. Green, red, white, and black colors in a) represent the ions, oxygen, hydrogen,
and carbon atoms, respectively.
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Mgt (3.88%), Cl~ (55.25%), and SOF~ (7.89%), based on the most abundant ions in the
oceans. The extended brine model follows the same composition and salinity, but with the
SO~ absence resulting in Na™ (33.63%), Kt (0.78%), Ca®* (3.22%), Mg>* (1.10%), and C1~
(61.26%). We also considered brine models by combining the above cations and anions within
1.0, 3.5, and 5.0 wt% saline solutions.

The oil/brine interface model was created by putting together the aqueous and oil phases
into 80 x 80 x 160 (A?) simulation boxes, as depicted in Figure la. By complying bulk
density values (see Figure 1b), all molecules and ions were added at random positions and
orientations using the PACKMOL package3”. The total number of atoms in the systems
ranged from 95000 to 110000.

Molecular Dynamics simulations

Molecular dynamics simulations were performed with the Large Atomic/Molecular Massively
Parallel Simulator (LAMMPS) software® with accelerator packages for Graphics Processing
Unit (GPU)3* . We have employed force fields available in the literature, as follows: (I)
SPCE-FH* for water, Na™ and C17; (II) CGenFF* for all the studied oil molecules; (III)
Gavryushov** for Mg?™ and Ca?*; (IV) Lee et al.*® for K*; and (V) Williams and Carbone *®
for SOF~. The force fields validation for the new oil model was performed by single oil
component benchmarks. The bulk densities and the oil/water interfacial tensions were
compared against experimental data, as shown in Supporting Information Table S 5.

A 10 A cutoff radius was applied for the Lennard-Jones (LJ) potential truncation in
inorganic species. For the organic molecules, internal (8.5 A) and external (10 A) cutoff
radii have been ascribed for the CHARMM energy switching function. The LJ parameters
for two different non-bonded atoms were obtained by the Lorentz-Berthelot combination
rule. Long-range electrostatic interactions were solved within the PPPM method*"*®. The
Velocity-Verlet algorithm*®, with a 0.5 fs time step, was employed to integrate the motion

equations. MD simulations were performed under periodic boundary conditions over all
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The Nosé-Hoover®’®! thermostat and the Parrinelo-Rahman®? barostat with the correc-
tions proposed by Martyna et al.?® were employed for the temperature and the pressure
control, respectively. Since this is an exploratory work, we considered the room pressure and
temperature (1 atm and 300 K) to obtain a consistent ML dataset through MD simulations.
Thus the interface properties can be compared against the existing literature. Besides this
work focus on ambient conditions, namely, an extrapolation to typical oil reservoir tempera-
tures and pressures can be performed. The employed potentials have already been tested at
reservoir conditions, with good agreement with experimental data.%5*

To reach the thermodynamic equilibrium state, we performed a 10.0 ps in the NVT,
followed by a 3.0 ns MD run in the NPT ensemble. We have observed the thermodynamic
quantities (temperature, pressure, volume, and energy), and the interfacial tension values
were converged (see SI Figure S 1). The production phase runs over 5.0 ns under the NPT
ensemble, where 2000 snapshots were collected for the IFT calculations. Therefore standard

errors in the IFT are always lower than 0.2 mN/m for all the simulated cases.

We calculate the IFT through the equation proposed by Kirkwood and Buff?®®

= /OL (PN(z) - PT(z))dz, (1)

where Py and Pr are the normal and tangential pressures, respectively. Here, L is the
integration interval in the z-axis, the perpendicular direction to the oil/brine interface (see
Figure 1a). The normal (Py) and tangential (Pr) pressures come from the per-atom stress

4856 The z-axis was divided into 1 A bins to integrate the normal and tangential

tensor
components for every atom in that region. Only the diagonal stress per-atom tensor terms

were considered in the IFT calculations, i.e., Pr = 0.5(pxx + Dyy) and Py = Dy,.
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Machine Learning

The obtained IFTs fed the ML dataset with 130 entries. The oil fraction (P, N, and A) and
density®”; brine salinity and their ionic composition (Na*, Ca?*, Mg?*, C1-, KT, and SO} ")
are the feature space. We used the Scikit-learn package®® considering five estimators, i.e. (I)
Linear Regression (LR), (II) Random Forest (RF), (III) Extra Trees (ET), (IV) Gradient
Boosted (GB), and the (V) ElasticNet Regression (EN).

The linear fitting of an equation

hg = 90 + Z QZX (2)

=1

to a dataset by a regression method is given by finding the 6 parameters that minimize the

error function J(0):

S () 3)

" om =
where X is a n x m data matrix with n and m being the number of features and entries,
respectively; hg () is the linear equation result for the j-th X entry; y¥) is j-th known result
from the dataset; 6y and 6; are the intercept and slope coefficients. For the LR method, the
Scikit-Learn implements the ordinary least squares.

In addition to the LR, the EN approach utilizes a second (L) and third (L2) error

regularization terms:

Jen(0) = J(0) + L1 + L2 (4)

given by
Ll=aY" 0, (5)
L2=%(1—a)Ym, 62, (6)

where « is the regularization parameter.
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Besides regressions, we employ decision tree techniques to obtain the feature importance
rank®®. This kind of methodology splits the input data into groups called nodes. Each node
is derived from a parent (except the root node), and it may originate two nodes. If the node
does not have any children when a particular condition is met, this is called termination node
or leaf.

Among the decision tree algorithms, the Bagging approach utilizes “weak” trees to
ensemble a robust final forest by adding a base function to each interaction®. In addition to
the Bagging approach, the Random Forests technique uses random sub-samples to reduce
overfitting®!

For each node, the algorithms calculate an error or an information gain. The information
gain is given by the Gini index or cross-entropy, while the error is calculated using the the

Mean Absolute Error (MAE) given by:

MAE — Z=! (y - yz) ; (1)
m
and the Root Mean Square Error (RMSE)
2
it (W — i
RMSE:J l(m ) : (8)

where y and y; are predicted and observed values, respectively. The total number m of dataset
entries was divided into training (75%) and test (25%) sets by using randomly selected data.
The prediction score was evaluated by the r? parameter, which correlates the residual

(Sies) and the total sum of squares (Si) as given by:

N Sres
)
Stot

r?=1

(9)

where r? ranges from 0 (none data was predicted) to 1 (all data was correctly predicted).

10
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Results

Figure 2 shows the calculated IFTs distribution and summarizes the values in Tables S
6-7. As revealed by the Pearson correlation analysis (see Figure S 2 in SI), the oil/brine
[FT displays a strong linear correlation and opposite trend with paraffinic (P) and aromatic
(A) fractions. For instance, toluene (100% A and 0% P) and heptane (0% A and 100% P)
have the lowest and highest IFT values, respectively. Such a result may be a consequence of
the “weak hydrogen bond” established between the aromatic rings and the water hydrogen
atom, influencing the free energy at the oil /brine interface3°

Four ML algorithms were employed to get more insights into the IFT trends, in addition
to the LR algorithm. The corresponding MAE and MRSE errors obtained for the test set
were compared against the Naive baseline, which was calculated with the equations (7) and
(8), but considering the whole database (test plus training set). As shown in Figure 3 a)
and b), the ML approaches produce similar errors and lower than the reference value in both
metrics. Also, the ML models applied to our dataset display a bias-variance trade-off, as
shown in the Supporting Information Figure S 3.

All the employed ML methods had similar errors. The linear regression (LR) method
showed larger errors, besides, they are similar to the ML methods. One can see that the ML
algorithms could be very well applied to describe the IFT database, although, the gain is not
very large when comparing to the much more convenient LR model. Thus, summarizing the
model in a linear equation is interesting both for easy prediction and for reproducibility. The

obtained LR model is as follows:

IFT = 33.4689 x X 4 0.0680 x X x P —0.0068 x ZX x N — 0.0612 x % x A

+14.7967 x "M% DensityOil 4 0.1139 x 2 x Salinity — 376.3637 x o x Cgy-

mXxXwt%
+672.3570 x —2o 5 Oy,v +1240.1167 x 2 % Cppor +739.2522 x —20 5 Coe
—297.4796 x e x Cyge- + 380.6060 x L0 x Cycr (10)

11
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Figure 2: IFT distribution obtained for each oil model considering all brine compositions and
concentrations. The solid colored lines are just a guide to the eye.
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where the IFT is given in mN/m. P, N and A are the fraction of each of those componentes in
the oil (from 0 to 1), DensityOil is the oil density in g/cm3, Salinity is the total brine salinity
in wt%/100. The other terms are ionic concentration in wt% /100, as follows: C- - chlorine,

Csof; - sulfate, C,+ - sodium, Cy+ - potassium, Cyj2+ - magnesium and Cg,e+ - calcium.
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Figure 3: a) Mean Absolute Error (MAE) and b) Root Mean Square Error (RMSE) obtained
for each estimator when applied to the test dataset. These values are lower than the Naive
baseline.

The linear model was validated on the molecular dynamics simulations results from

62 Remesal et al.?!

Remesal et al.?!, and experimental data from Kakati and Sangwai
considered three types of oil and two saline solutions (CaCly and NaCl) with five different
concentrations (1.0, 2.0, 5.0, 11.0, and 22.0 wt%). Kakati and Sangwai® have measured
the interfacial tension between several kinds of oil, and brines with salinities ranging from
0.05 to 3 wt%. It is important to stress that the reported works hold different salinities and
oil models than the ones used for the LR model. The LR model could predict the reported
IFTs with an average error of 3% for the Remesal et al.?! data and 9% for the Kakati and
Sangwai“? data. The disagreement with the experimental data comes mainly because of an
molecular dynamics overestimation of the toluene/brine interfacial tensions, thus, the trained
model reproduces that. This difference may occur because the CGenFF potential is known

t63

to underestimate the toluene dipole moment®’, affecting the interfacial interactions.

13
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Among the classification methods, we have employed the gradient boosted (GB) machine
learning algorithm to analyze the feature importance of the proposed model. The main
feature contributions are related to the oil phase characteristics, i7.e., the PNA fraction and
oil density, in addition to the brine salinity, as shown in Table 1. The feature importance
agrees with the Pearson correlation coefficients (shown in Figure S 2), where the PNA
fraction and the oil density have the larger correlations with the IFT. The Cl~ has a larger
correlation with the IFT than the salinity, not reflecting the GB result. Despite that, the
Pearson correlation coefficient tells how linear is the correlation and says nothing about
the angular coefficient. Thus, the correlation could be linear, but with a very low angular
coefficient, that would lead to low feature importance.

Based on the GB results, we select the five most important features to simplify the LR
model. The LR estimator considering just four features, provided a slightly lower score (0.93)
in comparison with the full model (0.97) when applied to the data set reported by Remesal
et al.2!. Thus, we maintain all the feature set and do not disregard any feature to improve

the model transferability.

Table 1: Feature importance rank calculated using the Gradient Boosted machine learning
method.

Feature | Value
Paraffinic 0.716
Naphthenic | 0.204
DensityOil | 0.041
Aromatic 0.016
Salinity 0.012

Na™ 0.008
K+ 0.001
Ca?t 0.001
Mg | 0.000
Cl~ 0.000
SO> | 0.000

The simplified feature space (P, N, A, and Density oil) was tested with the Remesal

1'21

et al.?! and Kakati and Sangwai®? datasets, the average error for the Remesal et al.?! data

14



1 was 2%, and for the Kakati and Sangwai® data, the error was 9%, again, with the larger
> errors for the toluene. In Figure 4 the model comparison with the literature data, is shown.
s As one can see, the model has a good transferability, apart from the toluene IFTs, that are
+ on the lower left of the graph. It is important to note that the feature importance regarding
s the salt composition is very low, just the Na®t that seems to have some relevancy. Thus, we
s cannot say that any kind of ion is dominant regarding the IFT changes.
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Figure 4: Comparison of the predicted IFT values obtained with our trained model against
the ones reported by Remesal et al.?! and Kakati and Sangwai®?. Red circles are molecular
dynamics data from Remesal et al.?!, and blue squares are experimental data from Kakati
and Sangwai®. The dashed line represents r = y.
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Conclusions

We have used classical molecular dynamics simulations to create a consistent oil/brine
interfacial tensions (IFT) dataset for 300 K temperature and 1 atm pressure. Besides, we
have proposed a new atomistic oil model, with 36 different types of hydrocarbon molecules, to
diversify the database. With the obtained database, we have employed four different machine
learning (ML) algorithms and compared them to a simple linear regression (LR) model. The
ML models performed better, although, it was not by a large margin. For convenience and
reproducibility, we have used the LR for further predictions. The model has been validated
with literature data from both simulations and experiments, where average errors from 2% to
9% were observed. The feature importance rank obtained by the gradient boosted method
revealed the oil fractions and its density were the most important features influencing the
oil/brine IFT. Interestingly, as the oil features dominated the IFT changes, thus, concealing
the influence from the ionic composition. Apart from the oil properties, only the total brine
salinity had a significant contribution.

In summary, the generation of consistent IF'T databases from molecular simulations can be
an important tool to address the oil industry challenges. With organized available data, one
can apply various models to further predict non-simulated situations with good transferability.
Those databases have the potential to be expanded by considering the reservoir thermal

conditions, a wider range of brine compositions, and more complex interfaces.
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