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ABSTRACT

This study introduces an advanced machine learning (ML) framework to predict interfacial tension (IFT)
in CO,-brine systems, a key factor in optimizing carbon capture and storage (CCS) processes. Accurate
IFT predictions are critical for enhancing CO, trapping mechanisms, including structural, residual, sol-
ubility, and mineral trapping. Using a dataset of 1255 experimental IFT measurements, comprehensive
preprocessing steps—such as outlier detection and feature standardization—were applied to improve
data quality. Six ML models, including gradient boosting, extra trees, categorical boosting (CatBoost),
random forest, extreme gradient boosting (XGB), and light gradient boosting machine (LGBM), were
developed and rigorously evaluated. Among these, CatBoost demonstrated superior performance with
an R? of 0.986 and a mean absolute percentage error (MAPE) of 2.349%. A stacking ensemble meth-
odology was employed to enhance predictive accuracy further, integrating base models using Lasso
regression. This approach achieved performance metrics: R> = 0.988, RMSE = 1.158 mN/m, and
MAPE = 2.202%. Feature importance analysis using SHapley Additive exPlanations (SHAP) identified
density difference (DD), pressure (P), and temperature (T) as the most influential features governing IFT.
An analytical expression derived from the stacking model provides interpretable insights into the
nonlinear relationships between features and IFT. This robust framework minimizes reliance on time-
consuming experimental measurements and accelerates CCS project workflows by delivering reliable
IFT predictions under diverse conditions. These findings underscore the framework’s potential to
advance CCS optimization and contribute to climate change mitigation efforts.

© 2026 Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

While increasing atmospheric CO; is considered the main cause
of global warming, it is necessary to look at effective mitigation
strategies to solve important environmental problems [1-3]. In
this respect, CCS technology is justified as one way to decrease the
concentration of greenhouse gases and, thus, mitigate climate
change. It involves the capture of CO, emissions from large-scale
industrial and energy-related sources, including power plants
and other diversified manufacture, transportation of the captured
CO,, and its secure storage in deep geological reservoirs [4-9].

These storage sites might be deep saline aquifers, depleted oil
and gas reservoirs, unmineable coal seams, or basalts. The stores
depend on the capabilities for safe long-term storage of CO,. The
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trapping mechanisms of CO, stored in these storage sites are
structural or stratigraphic trapping, residual or capillary trapping,
solubility trapping, and mineral trapping. IFT between injected
CO, and formation brine is a very important petrophysical prop-
erty, strongly influencing all the trapping mechanisms [10-19]. IFT
is a force per unit length at an interface between two immiscible
phases. This property is relevant for the flow and adsorption dy-
namics of CO; in porous structures of geological formations. It is
thus considered an important factor in the stability and efficiency
of CO, storage [17-22].

Structural or stratigraphic trapping happens when the CO; is
physically confined underneath impermeable geological layers,
also known as caprock. IFT is said to play with the integrity of that
confinement, but at times, it may strengthen the caprock barrier
rather than weaken it. However, residual trapping is the retention,
at least for some period, of CO, in isolated bubbles within the pore
space of rock matrices after the bulk phase of CO, has stopped
migrating. This trapping mechanism efficiency depends very much
on IFT; the high IFT accelerates the residual CO, in the isolated
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bubbles by increasing the capillary forces, which hinders the
coalescence and upward migration of the bubbles [23,24]. The
Young-Laplace equation (Eq. 1) explains the interaction between
IFT and capillary forces. IFT influences the capillary pressure (Pc)
necessary to maintain an interface of two fluids within a porous
medium [22-26].

- 20 cos 0 (1)
r

where ¢ represents the CO,-brine IFT in mN-m~, ¢ the contact
angle, and r the pore throat radius in um. Higher IFT (s) increases
P., enhancing the capillary forces that aid in trapping CO; bubbles.

Among the most important mechanisms relevant to the storage
of CO; is the dissolution of CO, into the formation brine, or solu-
bility trapping. Pressure, temperature, brine salinity, and IFT are
basic parameters affecting solubility trapping. A lower IFT in-
creases the dissolution rate of CO, by increasing the interface area
between CO, and brine. The decreased mobility and buoyancy
decrease the risk of CO, leaking out, achieving geological storage
permanence [21-27]. IFT directly impacts mineral trapping as the
reaction between dissolved CO, and the formation of minerals
creates stable carbonate minerals. This effect may also be
enhanced with low IFT as it develops a more massive contact
interface between CO; and brine; thus, it is likely that an accel-
erated mineralization process is also possible. This high surface
area leads to a rapid and efficient conversion of dissolved CO; into
stable mineral forms, thereby providing a safe sequestration
within a geological formation [16-28].

IFT is, therefore, the key property with great influence on the
effectiveness and safety of different kinds of trapping mechanisms
that allow long-term retention of CO, in geological formations. By
optimizing IFT, efficiency in trapping processes may increase by
reducing the leakage risks in CO, storage, enhancing maximum
CO; injection rates, and improving each mechanism'’s effectiveness
towards long-term stability and safety of the stored CO,
[27,29-32]. This underlines the important role of correct deter-
mination of IFT between injected CO, and formation brine for
successful implementation and optimization of geological CO;
storage.

A large number of studies have systematically investigated the
IFT between CO2 and brine through experiments, the objective of
which can be to understand how this IFT depends on different
factors, including temperature, pressure, density, salinity, type of
salt and presence of impurities [15,16,33-48]. Most applied mea-
surement techniques in the literature are pendant drop and rising
drop methods for measuring IFT [22,49,50]. As is widely known,
numerous studies have shown that IFT reduces as pressure in-
creases, whereas it increases as the temperature, salinity, and
impurity concentrations increase [50,51]. The reduction of IFT with
high pressures can be accounted for by an increase in the density
of CO; due to the same pressure rise, reducing the density differ-
ence between CO; and brine. On the other hand, an increased
temperature results in reduced density, thereby increasing IFT.
Increased salinity also increases IFT because the affinity of cations
for the bulk aqueous phase is enhanced. The type of salt also af-
fects the IFT in various ways. More specifically, bivalent salts in-
crease IFT more than monovalent salts, ascribed to the
enhancement of electrostatic forces that increase the repulsion at
the interface [50,52].

Traditional methods of IFT measurement are expensive and
time-consuming, susceptible to contamination, and require care-
ful calibration with complex image analysis to obtain the IFT
values immediately determined [20,21,51]. Therefore, approaches
like ML models may be greatly urged to develop and predict the IFT
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based on pressure, temperature, salinity, density, and brine
composition.

ML is a feasible option for the correct and efficient prediction of
IFT. This data-driven methodology avoids limitations from con-
ventional experiments and empirical correlations since these may
neglect important variables or are valid only in narrow ranges. ML
algorithms have proven to identify nonlinear complex relations
between input variables and target values in CCS processes. Having
been successfully applied in ML for CCS regarding CO; absorption/
desorption, transportation, capacity estimation, and trapping
mechanisms [31,53-55,55-66], ML could bring a paradigm shift in
conventional IFT experiments due to its strength in handling high-
dimensional data and making reasonably accurate predictions.
This would accelerate process development and optimization in
CCS and enhanced oil recovery (EOR) techniques.

Table 1 summarizes several machine-learning model estima-
tions for IFT in CO,-brine systems in the current research land-
scape. Zhang et al. [67] proposed an artificial neural network
(ANN) model for which pressure, temperature, salt concentrations,
and impurities CH4 and N were the input variables. The proposed
model resulted in an R? of 0.982. Kamari et al. [68] reached an R? of
0.983 with a similar ANN model, also exploring gene expression
programming (GEP), decision trees (DT), and least-squares support
vector machines (LSSVM) methods, where DT and ANN out-
performed GEP. Niroomand-Toomaj et al. [69] applied the radial
basis function (RBF) model based on temperature, pressure, and
brine salinity, which outperformed multilayer perceptron (MLP),
LSSVM, and adaptive neuro-fuzzy inference system (ANFIS) with
R? of 0.99. Dehaghani and Soleimani [70] proposed stochastic
gradient boosting (SGB) with an R* of 0.998. Amar [71] used ge-
netic programming (GP) on a large dataset and presented an R? of
0.951. Safaei-Farouji et al. [72] explored random forest (RF),
Gaussian process regression (GPR), and RBF using 2184 data points,
out of which RF with 0.990 R2 performed the best. The models
developed by Mouallem et al. [50] included gradient boosting,
neural networks (NN), and GP, all of which the gradient boosting
model had the best performance with R? of 0.964. Khan et al. [73]
used RF, XGBoost, and adaptive gradient boosting, in which
XGBoost, trained using 1258 data points, reached an R2 value of
0.978.

While previous works have developed ML in predicting the IFT
value in the CO,-brine system, most are plagued by huge outliers,
limiting their accuracy and practical use. Besides this, laboratory
measurements of IFT are extremely time- and cost-consuming.
This work proposes a new ML framework which will systemati-
cally solve these problems. Equipped with state-of-the-art algo-
rithms and an extensive dataset, the study features minimized
outliers with high predictive accuracy across different conditions.
This method provides reliable estimates of IFT, reducing to a
minimum the need for exhaustive laboratory tests, and hence, it
speeds up the design process in projects for CO, storage. The major
novelties in this work include: (1) a model that provides highly
accurate IFT predictions with very few outliers compared to
existing studies; (2) reduction of expensive experiments through
reliable predictions; (3) a robust framework accommodating
nonlinear variation of IFT for optimizations of CO, storage.

The objective of the given study is achieved by applying a
methodical approach in its execution: collecting from the existing
literature any available IFT data regarding the CO,-brine system,
applying preprocessing methods, and doing feature engineering to
identify the characteristics critical to IFT modelling. This proced-
ure yielded six base models: gradient boosting, extra trees, cate-
gorical boosting, random forest, extreme gradient boosting, and
light gradient boosting machine. After that, the generalization of
those models is tested through the K-fold cross-validation
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Table 1
Comprehensive overview of published studies on CO,-brine IFT modelling (Updated from Ref. [50]).
Authors Datapoints Variables Best Model Metrics
Zhang et al. [67] 1716 Pressure, temperature, salinity, impurities ANN R? = 0.982
RMSE = 1.55
Rashid et al. [74] 1019 Pressure, temperature, salinity LSSVM R? = 0.985
RMSE = 2.42
Kamari et al. [68] 1716 Pressure, temperature, salinity, impurities ANN R? = 0.983
AARD = 2.7
Niroomand-Toomaj et al. [69] 378 Pressure, temperature, salinity RBF-ANN R? = 0.990
RMSE = 2.07
Madani et al. [75] 96 Pressure, temperature, salinity, density ANN R? = 0.998
AARD = 2.29
Partovi et al. [76] 1716 Pressure, temperature, salinity, impurities Hybrid-ANFIS R? = 0.989
Dehaghani and Soleimani [70] 378 Pressure, temperature, salinity SGB R? = 0.998
RMSE = 0.48
Amooie et al. [27] 2517 Pressure, temperature, salinity, impurities AI-CSIM RMSE = 1.7
AAPRE = 3.06
Zhang et al. [60] 2517 Pressure, temperature, salinity, impurities XGBoost R? = 0.993
RMSE = 0.95
Hosseini et al. [77] 107 Pressure, temperature, salinity, density ANN R? = 0.992
RMSE = 0.54
Amar [71] 2346 Pressure, temperature, salinity, impurities GP R? = 0.951
RMSE = 3.3
Safaei-Farouji et al. [72] 2184 Pressure, temperature, salinity, impurities GPR R? 2 = 0.990
RMSE = 0.70
Mouallem et al. [50] 2893 Pressure, temperature, salinity, impurities LSBoost R? = 0.964
RMSE = 1.3
Khan et al. [73] 1258 Pressure, temperature, salinity, impurities, density XGBoost R? =0.978

approach. Then, an in-depth comparative assessment of all the
performances for each model is carried out to see which one is the
most accurate and yields reliable results among the ML models.
Furthermore, each property is thoroughly examined using feature
importance assessment, which shows the degree to which IFT
depends on that particular feature. Eventually, all six base models
are integrated using the stacking technique to improve accuracy
and reduce errors.

2. Dataset overview

This research utilizes a large dataset of 1255 experimental CO5-
brine IFT measurements obtained from the previous studies as
elucidated in Table 2. As demonstrated in Table 2, the most
commonly utilized experimental technique is pendant drop (PD)
due to its easy operation, versatility, and effectiveness. The process
requires that the brine is forced through a capillary or a needle into
a chamber containing the CO, under high pressures and

temperatures. The analysis of the shape of the resulting brine
droplet is related to the capillary and gravitation forces and mass
transfer rates between the phases. Digital imaging of the droplet’s
shape would then be recorded, and from it, the IFT can be calcu-
lated using the Young-Laplace equation. This calculation uses
specialized software that analyzes different geometric features of
the droplet’s final shape. This methodology is generally referred to
as pendant drop-drop shape analysis (DSA) or axisymmetric drop-
shape analysis (ADSA) [22,78-80].

The dataset includes streams of pure and impure CO,. Impu-
rities could be methane, CH4, nitrogen, N;, and hence binary
mixtures for CO, with CH4 or N». Brines deployed in experiments
were synthetically prepared by dissolving one of the following
solutes into distilled water: sodium chloride, NaCl; potassium
chloride, KCl; sodium sulphate, Na;SO4; magnesium chloride,
MgCl,; and calcium chloride, CaCl,. Previous studies showed that
usually, the effect of cations on the IFT of CO»-brine is a function of
their valency, whereas the cations of equal valency have almost the

Table 2

IFT experimental dataset employed for the ML models proposed in this research.
Authors Method Temperature Pressure Salinity Salt Impurities Number of

(K) (MPa) (wt %) composition samples
Aggelopoulos et al. [38] PD- 300-373 5-25 0.5-30 CaCl, - 103
ADSA?
Aggelopoulos et al. [40] PD-ADSA 300-373 0-25 0.9-33 Nacl, CaCl, - 95
Bikkina et al. [81] PD-DSAP 298-333 1.48-20.76 0 - - 36
Chalbaud et al. [16] PD-ADSA 344 3-25 0.5-15 NacCl - 107
Chiquet et al. [15] PD¢ 308-384 5-45 2 Nacl 43
Hebach et al. [35] PD 278-333 0.1-20 0 - - 82
Kvamme et al. [36] PD 323 1.1-224 0 - - 11
Li et al. [41] PD 298-448 2,50 5.7 Nacl, KCl - 336
Li et al. [42] PD-ADSA 323-423 0-50 2.9-294 NaSOy, CaCly, - 232
MgClz

Ren et al. [33] PD 298-373 1-30 0 - CHag 120
Yan et al. [34] PD 298-373 1-30 0 - N2 90

2 PD-ADSA: Pendant drop-axisymmetric drop shape analysis.
b pPD-DSA: Pendant drop-drop shape analysis.
¢ PD: Pendant drop.
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same effect on IFT [41,42]. In this work, monovalent cations of
sodium Na*t and potassium K* and bivalent cations, calcium Ca®*
and magnesium Mg?*, were the salinity components in molal
concentrations, marking brine types and their salinity order. By
contrast, zero molality values for both sets of cations represent the
reference point of pure water.

Table 3 provides a comprehensive statistical analysis of the
dataset, which consists of input variables: pressure (P) in MPa,
temperature (T) in Kelvin, monovalent cation molality (MCM) in
mol/kg, bivalent cation molality (BCM) in mol/kg, methane im-
purities (CH4) in mol%, nitrogen impurities (N3) in mol%, density
differences between CO, and brine (DD) in kg/m>. In predictive
models, these variables are combined with the dependent vari-
able, IFT CO;/brine in mN/m.

Fig. 1 shows more specifics on the interrelationships and dis-
tribution of every input and target variable. This visualization
technique increases clearance using histograms on the main di-
agonal, scatter plots, and kernel density estimate (KDE) graphs on
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thoroughly discussed in the next section, this intricacy highlights
the essential need for extensive data preprocessing to ensure that
the dataset best fits practical model training.

3. Methodology

In this work, prediction models are developed that estimate
IFT by applying six machine learning algorithms to the CO,
storage process with various variables: P, T, MCM, BCM, and
impurities of CH4 and N,. Several machine learning techniques
have been applied in this research work, such as gradient
boosting, extra trees, categorical boosting (CatBoost), random
forest, extreme gradient boosting (XGB), and light gradient
boosting machine (LGBM). Furthermore, the stacking technique
was used to combine the powers of the models mentioned above
and further increase the precision of the results. In the following
paragraphs, a more detailed description will be given of how

the lower half of the matrix. It shows that the variables have non- such models are preprocessed, trained, and validated-
normal distributions, complicating the training process. As schematically shown in Fig. 2.
Table 3
Statistical overview of input variables and dependent variable in the dataset.
Count Mean Std. Min. 25% 50% 75% Max
P (MPa) 1255 16.57 12.30 0.10 7.00 14.00 21.06 50.00
T (K) 1255 349,64 38.83 278.40 322.80 344.15 373.15 44815
MCM (mol/kg) 1255 0.88 1.35 0.00 0.00 0.00 1.50 4.95
BCM (mol/kg) 1255 0.74 1.41 0.00 0.00 0.00 0.90 5.00
CH_ (mol%) 1255 478 16.25 0.00 0.00 0.00 0.00 80.00
N3 (mol%) 1255 3.55 13.93 0.00 0.00 0.00 0.00 75.03
DD (kg/m3) 1255 841.63 1146.59 35.60 421.80 741.10 931.95 16361.79
IFT (mN/m) 1255 39.87 10.88 18.90 31.41 37.55 46.69 76.10
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Fig. 1. Pair plot visualization of dataset variables, featuring histograms on the main diagonal to display individual distributions, and scatter plots along with kernel density

estimation (KDE) plots in the lower matrix to demonstrate intervariable relationships.
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3.1. Preprocessing of dataset

This section describes preparing the dataset for analysis and ML
modelling. As depicted in Fig. 1, the original dataset did not follow
a normal distribution; it had a very variable scale dispersion. Thus,
it had been subject to the transformation and the standardization
processes that reduced skewness in the data and obtained distri-
butions more nearly like the bell curve while scaling the features.
Besides that, the feature bagging method proved to be an
extraordinary tool for outlier detection. These outliers, or data
points which differ significantly from the rest of the observations,
are important in preserving the integrity of the data analysis
process.

3.1.1. Dataset standardization

As already noted, the variance in the dataset featured different
features and, therefore, was heterogeneous in distribution and
scale. Such difficulties can be overcome, and assurance of data
accuracy for efficient model training and analysis can be achieved
by including Yeo-Johnson transformation and Z-score normaliza-
tion in a comprehensive preprocessing pipeline.

The Yeo-Johnson transform is selected for this critical compo-
nent of the preprocessing methodology due to the flexibility in
handling a variety of data distributions that range from completely
positive to zero or negative. Normalization of features whose
distributions are skewed is a heavy processing that enhances
symmetry in data and prepares the latter for many ML algorithms
[82-84]. Equations (2)-(5) explain in detail the nature of the
Yeo-Johnson transformation.

{(X+1)/1_1:|/ﬂ' ifA£0,x>0

L hogr 1y if1=0,x>0
)= 2-5
d(x;2) —[(—x+1)27i—1]/(2*’1) ifA#£2,x<0 (23)

—log(—x+1) ifa=2,x<0

The flexibility of the Yeo-Johnson transformation is further
strengthened since variable x can be any real number, including
positive, zero, and negative values. In addition, 1 is the trans-
formation parameter. The real integer 4 will determine the exact
nature of transformation. Differences in A can create trans-
formations that can affect the linear relationships and the
normalization of the data distribution. Usually, an optimal value
for 4 is found when using a formal approach, generally consisting
of maximizing a likelihood function assuming normality [82,84].
After the data preprocessing procedure, each feature in the dataset
was normalized by a Z-score. This method has been conducted to
standardize feature values by subtracting the mean and dividing it
by each feature’s standard deviation [85-87]. The mathematical
expression of the Z-score normalization is given in Eq. (6).
(X —n)

c

z (6)
where x represents the feature values, x is the mean, and ¢ is the
standard deviation. This normalization adjusts each feature to a
mean of zero and a standard deviation of one, ensuring that dif-
ferences in scale do not skew the influence of any particular
feature. This standardization achieved a more uniform and equi-
table influence across all features, enhancing the model’s fairness
and effectiveness.

3.1.2. Outlier detection and removal

The detection of outliers represents the most important data
pre-processing stage, which has a significant role in data set pre-
processing. It includes the identification of highly denormalized
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data points and removing them accordingly. The inability to
handle such abnormalities results in biased statistical analysis and
low efficacy of the prediction model [88-90].

Feature bagging is adopted for outlier detection in this study. It
is an ML method that improves robustness and accuracy for
anomaly detection. Several base detectors are used in the Feature
Bagging process, operating on different subsets of the selected
features. It can detect outliers more efficiently by aggregating their
results. This fusion of results in several feature spaces greatly re-
duces the variability due to bad predictions of outliers. Hence, the
model has greater stability and reliability for a wide dataset vari-
ation range [91-93]. The local outlier factor (LOF) is the default set-
up base estimator for feature bagging, forming an essential
building block. LOF is a density-based algorithm that calculates a
point’s local deviation concerning its neighbors [91]. To compute
the LOF score of a point, which gives a quantitative measure for the
percentage of points that are outliers, Equation (7) is employed.
B erNk(x)%((;Z))

LOFX) = N, )]

(7)

in Eq. (7), LRD represents the local reachability density, and Nk(x)
denotes the k-nearest neighbors of x (data point).

Feature Bagging technique was created to handle 20 base es-
timators for the dataset used in this study, and the contamination
parameter was set to 10%. This was based on the estimated pro-
portion of outliers in this dataset, obtained from preliminary an-
alyses showing moderate anomalies. After removing outliers, the
number of data points reduced to 1141 from 1255 in this filtered
dataset, which was further used for ML models associated with
higher accuracy.

3.1.3. Feature selection

The current work followed a robust feature selection strategy
through Recursive Feature Elimination with Cross-Validation
(RFECV). It evaluates the model's performance, using cross-
validation on multiple subsets of data and iteratively discarding
the least important features with a minimal contribution rate
based on the model’s weight. It would avoid overfitting and help
improve generalizability. The RFECV utilized cross-validated per-
formance evaluation and stepwise feature elimination to find the
optimum set of features that provides maximum prediction ac-
curacy. In pursuit of generalizability, 10-fold cross-validation was
performed in RFECV for each model. The RMSE evaluated perfor-
mance, a robust statistic that penalizes huge mistakes harder
[94,95,96]. A mathematical representation of the optimization
objective of the RFECV is described as follows in Eq.(8).

%Z?:I i ~y; )2 (8)

Jopt =min

where y; is the actual value, y; is the predicted value from the
model, and n is the number of observations.

The feature selection process showed the same results for all
models, and all seven features, including P, T, MCM, BCM, CH4, N2,
and DD, were selected for model training (Table 4).

3.2. Model training

After the preprocessing step, the hold-out method, one of the
most common methods in ML literature [97,98], was selected for
data partitioning. Using this approach, the dataset was split into
two parts randomly: 80% for the training set and 20% for the test
set. The inputs of models were comprised of P (MPa), T (K), MCM
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Table 4
Feature Selection for the models by Recursive Feature Elimination with 10-fold
cross-validation.

Model Optimal number of features RMSE
Random forest 7 (P, T, MCM, BCM, CH4, N2, and DD) 2.158
Gradient boosting 7 (P, T, MCM, BCM, CH4, N2, and DD) 2.042
Extra Trees 7 (P, T, MCM, BCM, CH4, N2, and DD) 1.549
XGB 7 (P, T, MCM, BCM, CH4, N2, and DD) 1.757
LGBM 7 (P, T, MCM, BCM, CH4, N2, and DD) 1.871
CatBoost 7 (P, T, MCM, BCM, CH4, N2, and DD) 1314

(mol/kg), BCM (mol/kg), CH4 (mol%), N, (mol%), and DD (kg/m?)
and IFT (mN/m) was selected as the target variable.

Complementary to this, hyperparameter optimization was
performed using the grid search method. This sensitive approach
was taken to fine-tune significant model parameters to maintain a
good balance between the reduction of bias in order not to underfit
and the minimization of variance not to overfit. Indeed, it en-
hances resilience prediction accuracy and dependability of models
with better performance [99,100]. Table 5 provides a detailed
overview of the applied tuning settings.

3.3. Model validation and integration

All developed models were further subjected to a series of
validations using various statistical methodologies and visualiza-
tion techniques. In order to get a comprehensive evaluation, a 5-
fold cross-validation strategy was employed. Further, an analysis
using the Shapley Additive exPlanations (SHAP) technique was
done. This is one of the highly transparent methods that are easily
interpretable and can be used to understand how individual

Table 5
Optimal hyperparameter configurations for various ML models.

Model Best parameters

Random forest Max depth: 20, Max features: Log2, min
Samples Leaf: 1, min Samples split: 2, N-
Estimators: 300

Learning rate: 0.1, Max depth: 7, N-Estimators:
300, Subsample: 0.6

Max depth: 30, Max features: Auto, min
Samples split: 2, N-Estimators: 300

Gradient boosting

Extra trees

XGB Colsample Bytree: 0.6, learning rate: 0.1, Max
depth: 6, N-Estimators: 300, Subsample: 0.6

LGBM Learning rate: 0.2, Max depth: 1, N-Estimators:
300, Num Leaves: 31, Subsample: 0.6

CatBoost Depth: 8, learning rate: 0.2, N-Estimators: 300

Table 6

Petroleum 12 (2026) 523-539

features contribute toward model predictions. This significantly
enhances the transparency and interpretability of the predictive
models. The validation process was done by a thorough check of
different performance metrics, such as MAE, RMSE, MAPE, and R2
at both the training and testing phases. The reliability and
robustness of the models were also checked by studying the
variability in the different folds to ensure that these are reliable
under different conditions. In the end, a stacking model was used
to enhance the accuracy of prediction and reduce errors in IFT
forecasting. The model assembled six base ensemble models:
Random Forest, Gradient Boosting, Extra Trees, XGB, LGBM, and
CatBoost models to collect the general benefits from these models
in enhancing overall model effectiveness.

4. Results and discussion

In this study, the following statistical metrics were used to
assess the capability of the constructed models — MAE, RMSE,
MAPE and R?. The mathematical representation of all the assess-
ment metrics is presented in Table 6 in Equations (9)-(12).

The accuracy metrics in Table 7 and the visual comparison of six
base ML model performances in Fig. 3 provide greater insight into
the training and testing phases during IFT prediction. On the other
hand, the cross plots in Fig. 4 allow a direct comparison between
the predicted value of IFT estimated by each model and the
experimentally measured IFT data.

The best performance among the models evaluated in this work
was CatBoost, with the lowest MAPE of 2.349% and an R? score of
0.986 during testing. This result is due to advanced algorithmic
techniques, such as gradient-based optimization, which have been
significantly put in place to enhance its predictive capabilities.

Table 7
Comparison of MAE, RMSE, MAPE, and R2 metrics during training and testing stages
for IFT prediction models.

Model MAE RMSE MAPE R?
Train  Test Train  Test Train  Test Train  Test
Random 0474 1250 0.698 1.790 1.272 3324 0.996 0.971
forest
Gradient 0.233 0973 0.303 1417 0.622 2546 0.999 0.978
boosting
Extra trees 1.525 2.020 1.983 2.741 4.059 5.288 0.966 0.933
XGB 0.214 0946 0.282 1.527 0.564 2549 0.999 0.979
LGBM 0.292 0939 0.393 1.274 0.783 2488 0.999 0.985
CatBoost 0.385 0.855 0.499 1.237 1.029 2.349 0.998 0.986

Evaluation metrics for assessing the predictive accuracy of ML algorithms in estimating IFT.

Equation Definition Description of parameters
MAE — 1 Zn v N ‘ Measures the average magnitude of the n: number of data points 9)
“n 2 VitV errors between predicted and actual yi: true value
values, disregarding their direction. yi: predicted value

Calculates the square root of the

n: number of data points (10)

1 n A2
RMSE = ,/ﬁ S i)

A
Vi —Yi

Yi

100% —n
MAPE = == 370

A

R 1 X —Yi )z
SEii-vi)

average squared differences between
predicted and actual values,
emphasizing larger errors.

Expresses the average absolute error as
a percentage of actual values, providing
a relative measure of error.

Indicates the proportion of the variance
in the dependent variable that is
predictable from the independent
variables.

Yi
yit

=

—<

true value
predicted value

: number of data points
yit
it

true value
predicted value

: number of data points
Yit
i predicted value

: mean of true values

true value

(11

(12)
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With the lowest MAPE and the highest R? score, the leadership of
CatBoost is pretty well established across all the metrics evaluated.

LGBM is the runner-up of CatBoost. In fact, it shows great
performance with an R? score of 0.985 and a MAPE of 2.488%,
which points out that this model has great generalization and
prediction precision. This is because LGBM has really succeeded in
clearly exposing the intrinsic patterns in the data and was really
able to make accurate predictions on new data, which also settled
among the best models tested.

The performance of the models was also very outstanding for
both gradient boosting and XGB, with the latter slightly edging out
the former on the MAPE at about 2.549% as opposed to 2.546%.
These models recorded a high R®> score of 0.978 and 0.979,
respectively, showing that they have been comparatively strong in
capturing traditional underlying patterns of this dataset and can
handle complex and nonlinear interactions quite well, positioning
them for optimal performance.

The random forest approach demonstrated a great R of 0.971
in the testing phase, whereas its MAPE stood at 3.324%, thus
indicating limitations in precision for target variables with small-
scale or application dimensions where higher accuracy would be
necessary. While resistant to overfitting and capable of handling
nonlinear relationships within the narrow scope of this research,

Table 8
Comparative analysis of mean absolute SHAP values and sum of SHAP values by
feature across six ML models.

Feature Model Mean Absolute Sum of
SHAP values SHAP values
P (MPa) Random forest 2.578 4,165
Gradient boosting 2.711 3.443
Extra trees 3.506 16.629
XGB 2.614 7.274
LGBM 3.324 9.869
CatBoost 2.322 16.199
T (K) Random forest 0.723 14.710
Gradient boosting 1.341 36.634
Extra trees 0.792 9.389
XGB 1.169 31.990
LGBM 1.331 34.685
CatBoost 1.238 34.681
MCM (mol/kg) Random forest 0.892 -13.434
Gradient boosting 0.865 —28.219
Extra trees 1.021 —38.969
XGB 0.892 —27.603
LGBM 1.197 -50.884
CatBoost 1.201 —40.163
BCM (mol/kg) Random forest 1.232 —8.694
Gradient boosting 1.495 -16.950
Extra trees 1.763 —17.458
XGB 1.460 -11.867
LGBM 1.714 -14.472
CatBoost 1.787 -13.607
CH4 (mol%) Random forest 0.744 63.295
Gradient boosting 0.731 63.719
Extra trees 0.987 70.209
XGB 0.743 66.020
LGBM 0.790 69.142
CatBoost 0.740 62.647
N, (mol%) Random forest 0.613 -17.975
Gradient boosting 0.642 -21.179
Extra trees 0.886 —-12.213
XGB 0.754 —26.743
LGBM 0.762 —23.904
CatBoost 0.712 -19.862
DD (kg/m?) Random forest 4.259 —47.497
Gradient boosting 4,745 —55.828
Extra trees 3.167 —35.436
XGB 4.515 —47.607
LGBM 4.168 —53.640
CatBoost 4.570 —53.556

Petroleum 12 (2026) 523-539

there were certain deficiencies within the model that may have led
to its relatively poorer performance compared to the better
models.

Extra trees showed an R? score of 0.933 and a higher MAPE of
5.288% and RMSE of 2.741 in the test phase, respectively. This
shows that the extra trees model was not good enough to grasp
the underlying pattern of the data and generalize them on new
data.

Fig. 4 gives a detailed cross-plot analysis between predicted IFT
values obtained with six ensemble models and experimentally
measured IFT data. Such a plot is very important in deriving an
assessment of the accuracy and reliability of each model in as
direct and interpretable a manner as possible. All model plots
evidence alignment with the 1:1 line but to different extents. The
better this model fits, meaning the closer all the data points lie to
this line, the better the model at reproducing observed data, and
the more confident that can be in the validity of the results.

In light of this, the cross-plot shows that CatBoost and LGBM
yield the most promising models; their predictions are tightly
grouped around the line of perfect agreement. This strong con-
sistency with the line shows the high accuracy of the predictions
and perfect model calibration. On the contrary, the points in the
Extra Trees model are more scattered, evidencing less accurate
predictions far from the experimental values. Similarly, while the
Random Forest, Gradient Boosting, and XGB models gave relatively
good performances, their plots were still somewhat more spread
out than those of CatBoost and LGBM, reflecting a lower, though
not unimportant, reduction in the accuracy of their predictions.
The following graphically contrasts the strengths of both CatBoost
and LGBM concerning capturing the subtleties of the data for the
accurate prediction of IFT values. On the other hand, it points to the
shortcomings of the Extra Trees model and other competitors in
this particular data set, thereby giving a nuanced view of their
performances.

4.1. Feature importance analysis

In order to have more information about the relative
importance of various features in the prediction of the IFT CO2-
brine, a comprehensive feature importance analysis was made
by the SHAP approach. This unique method, born out of the
cooperative game theory, assigns a value for each important
characteristic to make a certain forecast [101,102]. Expressed
explicitly, it makes the critical values sum to equal the difference
between the true forecast and the mean prediction provided by
Eq.(13).

$o+ Z?i]t/’i

where ¢ is the base value, ¢; represents the SHAP value for feature
i, f(x) is the model’s prediction for the specific input x, E[f(X)] is the
expected value of the model output across all data, and M is the
number of features.

In this study, two key metrics were employed to analyze the
importance of the feature: mean absolute SHAP Values and sum of
SHAP values. The mean absolute SHAP values represent the
average impact of each feature across all instances, irrespective of
the direction of influence, as specified in Equation (14):

TN
- NZ]:1 “ﬁij

where ¢;; is the SHAP value for feature i in instance j, and N is the
number of instances.

=f(x) — E[f(X)] (13)

Mean absolute SHAP values; (14)
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Fig. 5. SHAP summary dot plots depicting the feature importance for predicting the IFT between CO, and brine across six ML models: (a) random forest; (b) gradient boosting; (c)
extra trees, (d) XGB, (e) LGBM, and (f) CatBoost. The horizontal location of each dot represents the SHAP value, where positive values indicate that the feature value pushes the
prediction higher, and negative values indicate that the feature value pushes the prediction lower. The color of the dots corresponds to the feature value, with purple indicating

high values and orange indicating low values.

On the other hand, the sum of SHAP values indicates the
overall influence of each feature across the entire dataset,
considering both positive and negative contributions, as detailed
in Equation (15):

Sum of SHAP values; = ZJ.N:qu,-j (15)

Table 8 presents a detailed comparison of the mean absolute
SHAP values and sum of SHAP values for each feature across six
different ML models, offering insight into the relative importance
of each feature in the models evaluated.

Fig. 5 displays the SHAP summary dot plots for all six models
evaluated in this research. In such a plot, every dot represents a
feature value, whereas purple and orange colours represent high
and low values, respectively. Each dot of the horizontal axis rep-
resents the position of the SHAP value for that observation.

Positive SHAP values mean that the feature value supports raising
the predicted value, while negative SHAP values show that the
feature value supports a decrease in the prediction.

Among these, CHy is the most important feature of the random
forest model, considering the sum of SHAP values with a positive
value of 63.295. Hence, higher impurities of CH4 would contribute
to increasing the predicted value. This is followed by DD with a
negative value of —47.497, which can be interpreted as higher
density differences that tend to make the value decrease. More-
over, the main features that take place in the prediction of the
model are T, with a positive sum of 14.710 and N, with a negative
sum of —17.975. In the case of the Gradient Boosting model, CH4
comes up as the most important feature with a positive sum of
SHAP values amounting to 63.719, followed by DD with a negative
value of —55.828. The T also has a large positive impact with a sum
of 36.634, while the MCM and N3 have negative contributions with
sums of —28.219 and —21.179, respectively. The Extra Trees model



A. Azadivash and A.R. Rabbani
P /MPa P /MPa
T/K T/K
MCM /(mol-kg™)
CM/(mol-kg™)
CH,/mol%
N,/mol%
DD/(kg'm?)
0 1 2 3 4

MCM /(mol-kg™)

Petroleum 12 (2026) 523-539

P /MPa
T/K
MCM /(mol-kg™")

CM/(mol-kg™) CM/(mol-kg™")
CH /mol% CH,/mol%
N,/mol% N,/mol%
DD/(kg'm™) DD/(kg'm™) . .
J
5 0 1 2 3 4 5 0 1 2 3 4 5
Mean/SHAP value Mean/SHAP value Mean/SHAP value
(a) (b) (c)
P /MPa P /MPa P /MPa
T/K T/K T/K
MCM /(mol-kg™) MCM /(mol-kg™) MCM /(mol-kg™)
CM/(mol-kg™") CM/(mol-kg™") CM/(mol-kg™")
CH /mol% CH,/mol% CH,/mol%
N,/mol% N,/mol% N,/mol%
DD/(kg'm™) DD/(kg'm™) . DD/(kg'm?)
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
Mean/SHAP value Mean/SHAP value Mean/SHAP value

(d)

)

(e)

Fig. 6. Bar plots of mean absolute SHAP values for the top features across six ML models: (a) random forest, (b) gradient Boosting, (c) Extra Trees, (d) XGB, (e) LGBM, and (f)

CatBoost.
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Fig. 7. Schematic of the 5-fold cross-validation method used in the research. The
dataset is divided into five equal parts, with each part used as a test set once, while
the other four parts are combined to train the models.

follows similar trends for feature importance: CHy is the most
informative feature with a positive sum of 70.209; DD is the sec-
ond most important variable with a negative sum of —35.436. The
features P and BCM contribute positively and negatively, respec-
tively, with sums of 16.629 and —17.458. In the XGB model, CHy
again pops out as the most important feature, with a positive sum
of SHAP values of 66.020, whereas DD pushes down the estimate
the most with a sum of —47.607. T and N follow in terms of their
contribution, with sums of 31.990 and —26.743, respectively. The
LGBM model further confirms these results: CHy is declared the
most important feature with the sum of the SHAP values equalling
69.142, while for DD, this contribution is negative and
equals —53.640.

Moreover, Tand MCM have positive and negative impacts, with
respective values of 34.685 and —50.884. Again, CH4 has the most
critical feature in the CatBoost model, with the positive sum of
SHAP values amounting to 62.647, while DD contributed nega-
tively with —53.556. There were also strong positive and negative
influences of T and MCM, respectively, with 34.681 and —40.163.
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The most interesting finding across the six models was that
CH4 was the most important feature since it consistently appeared
with higher concentration to contribute to an increase in predicted
value. The second most influential in rank was DD, which pre-
sented consistency across all methods; greater density difference
resulted in a decrease in predicted value. The other consistent
features were T, MCM, and N, which consistently had positive and
negative influences on different models.

Complementing the SHAP summary dot plots, Fig. 6 gives the
mean absolute SHAP values bar plots, offering another view of the
feature importance. According to the mean absolute SHAP values,
DD, P, and T represent the most important features in all models. In
the Random Forest model, the most important features, in order of
mean absolute SHAP values, are DD at 4.259, followed by P at 2.578
and CH4 at 0.892. The Gradient Boosting model is similar in that
the most important feature is DD with a value of 4.745, P with
2.711, and T with 1.341. The extra trees model regards P at 3.506,
DD at 3.167, and BCM at 1.763 as the most important features. In
terms of the contribution in the XGB model, the order is DD with
4.515, followed by P with 2.614 and BCM with 1.460.

Meanwhile, the top three features of the LGBM model based on
mean absolute SHAP values are DD with 4.168, P with 3.324, and
BCM with 1.714. Finally, the CatBoost model shows that DD 4.570,
P 2.322, and BCM 1.787 are the three most important features.
Overall, DD, P, T, and BCM have generally ranked as the most
important features according to the mean absolute SHAP values
for the IFT prediction.

4.2. Generalization evaluation

The 5-fold cross-validation technique was selected to assess the
generalizing capability of the developed models. The whole data
set was divided into five equal portions: one portion for testing,
while the remaining four portions were used for training in a
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Table 9
Cross-validation results per fold, summarized with average for MAE, RMSE, MAPE, and R? scores, covering all five folds for each ML model.
Model Fold MAE RMSE MAPE R?
Train Test Train Test Train Test Train Test

Random forest 1 0.483 1.252 0.699 1.745 1.297 3.344 0.996 0.972
2 0.462 1.275 0.654 1.803 1.239 3.633 0.996 0.972
3 0.476 1.217 0.679 1.793 1.274 3.305 0.996 0.967
4 0.479 1.327 0.690 2.022 1.291 3.430 0.996 0.968
5 0.449 1.205 0.648 1.619 1.208 3.135 0.996 0.977
Avg. 0.470 1.255 0.674 1.797 1.262 3.369 0.996 0.971

Gradient boosting 1 0.230 0.927 0.295 1.420 0.616 2.453 0.999 0.981
2 0.210 0.873 0.271 1.247 0.563 2.372 0.999 0.987
3 0.239 0.911 0.315 1.389 0.642 2.368 0.999 0.980
4 0.234 1.049 0.301 1.908 0.634 2.718 0.999 0.971
5 0.227 1.006 0.297 1.385 0.617 2.654 0.999 0.983
Avg. 0.228 0.953 0.296 1.470 0.614 2.513 0.999 0.980

Extra trees 1 1.469 1.941 1.978 2.675 3.920 5.062 0.965 0.934
2 1.579 2.156 2.113 2.710 4.200 5.823 0.960 0.937
3 1.427 1.711 1.863 2.264 3.845 4.598 0.970 0.947
4 1.492 1.724 1.987 2.278 4.022 4.409 0.964 0.959
5 1.520 1.849 2.056 2423 4,017 4.859 0.962 0.948
Avg. 1.497 1.876 1.999 2.470 4.001 4.950 0.964 0.945

XGB 1 0.200 0.926 0.265 1.481 0.528 2.452 0.999 0.980
2 0.200 0.858 0.257 1.329 0.532 2.409 0.999 0.985
3 0.219 0.895 0.290 1.357 0.583 2.439 0.999 0.981
4 0.206 0.919 0.270 1.494 0.555 2373 0.999 0.982
5 0.195 0.787 0.256 1.085 0.522 2.098 0.999 0.990
Avg. 0.204 0.877 0.268 1.349 0.544 2.354 0.999 0.983

LGBM 1 0.292 0.939 0.393 1.274 0.783 2.488 0.999 0.985
2 0.300 0.942 0.410 1.335 0.799 2.620 0.998 0.985
3 0.288 0.908 0.388 1.402 0.756 2.494 0.999 0.980
4 0.326 1.097 0.448 1.722 0.866 2.796 0.998 0.976
5 0.311 0.974 0.417 1.342 0.837 2.535 0.998 0.984
Avg. 0.303 0.972 0.411 1415 0.808 2.587 0.998 0.982

CatBoost 1 0.372 0.860 0.490 1.277 0.996 2.321 0.998 0.985
2 0.385 0.824 0.507 1.201 1.029 2.267 0.998 0.988
3 0.390 0.865 0.514 1.328 1.048 2.337 0.998 0.982
4 0.429 0.875 0.560 1.323 1.153 2274 0.997 0.986
5 0.363 0.830 0.476 1.230 0.980 2.196 0.998 0.987
Avg. 0.388 0.851 0.509 1.272 1.041 2.279 0.998 0.985

rotating manner. This was repeated five times, each portion
serving as a test set once. Fig. 7 below shows how this 5-fold
rigorous cross-validation was implemented in the study.

Quite noticeably, CatBoost was the best in cross-validation 5-
fold, with excellent generalizing performance. Further, this re-
sults in higher performance and generalization capability than
other models on all test sets, as depicted in Table 9, which depicts
an average MAPE of 2.279%. The R2 values also keep above 0.98 for
all folds, offering extra surety regarding the robust generalizing
power of the fitted model.

With the overall test sets across all folds, the Gradient Boosting
and XGB models similarly returned high generalizing capability
with average MAPE values of 2.513% and 2.354%, respectively.
Commonly, these models kept values higher than 0.98 R?, which
would give them reason to believe in their capability of capturing
generalized underlying patterns and extending them to other
examples.

While the Random Forest and Extra Trees did well, the per-
formances of CatBoost, Gradient Boosting, LGBM, and XGB sur-
passed their performances. The Random Forest averaged 3.369% in
MAPE on the test sets. Extra trees had the lowest generalization
capability among the other models, averaging 4.806% for MAPE,
showing that it was somewhat less capable.

It is interesting to note that the performance of the models is
very consistent between the 5-fold cross-validation results and
those of the holdout test set, as seen in Table 7. On the holdout test
set, the CatBoost algorithm performed best with a MAPE of 2.349%
and R? of 0.686, which aligns with its performance on the 5-fold
cross-validation. Gradient boosting and XGB have also done

equally well in both MAPE and R?, underlining their excellent
generalizing power.

Fig. 8 presents the box plots of the model’s performance for
each training cycle. The small sizes of the boxes and interquartile
range (IQR) indicate that the accuracy is consistent across all
learning cycles. Most importantly, the same top performers and
the same poor generalizing capacity of extra trees were severally
identified by both the holdout approach and the 5-fold cross-
valuation. This strong agreement among the different evaluation
techniques provides confidence in the reliability of the results
against data splits and various evaluation techniques.

The CatBoost model had an outstanding overall generalizing
performance; it achieved the minimum average MAPE in both 5-
fold cross-valuation and holdout techniques and provided
routinely strong R? values. Such great performance and the ability
to generalize well on raw data make it an interesting choice for
real-world use. Gradient Boosting and XGB follow closely behind
in this performance by CatBoost, with their strong generalizing
powers providing reasonably encouraging evidence toward
possible uses of these models.

4.3. Ensemble stacking: boosting predictive performance

The predictive performance was further improved by using an
ensemble stacking methodology. Stacking refers to a process
where a meta-model is trained to optimally combine several base
model predictions. The rationale is that while each of the indi-
vidual base models might have flaws in its prediction, an ensemble
that combines them may exploit collective strengths and cancel
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Fig. 8. Box plots depicting the consistency of model performance throughout all training iterations in the 5-fold cross-validation for: (a) MAE; (b) RMSE; (c) MAPE; (d) R%.

Table 10
Performance comparison of stacked models using Linear, Ridge, and Lasso
Regression as meta-models against the best base model (CatBoost) on the test set.

Model MAE RMSE MAPE R?

CatBoost 0.855 1.237 2.349 0.986
Linear regression 0.841 1.202 2.263 0.987
Ridge regression 0.845 1.218 2.272 0.986
Lasso regression 0.814 1.158 2.202 0.988

out their weaknesses. The meta-model learns the optimal weights
and combination of the base models to output a final prediction

RMSE

(a)

that is better than any single model can give independently
[103-105].

The stacking model included all base models: random forest,
gradient boosting, extra trees, XGB, LGBM, and CatBoost. Though
the base models yielded very good results, stacking may unleash
further predictive gains by synergistically combining them.

The explored meta-models in stacking were linear, Ridge, and
Lasso regression. All of these learn a combination of the base
model predictions by a linear equation, adding regularization to
avoid overfitting. Ridge adds L2 regularization, while Lasso adds L1
regularization, which drives some coefficients to zero. These meta-
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Fig. 9. Bar plots depicting the comparison of: (a) RMSE, (b) R?, and c¢) MAPE metrics between the optimal model from this study and two previous studies.
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Fig. 10. Scatter plot comparing predicted IFT values derived from the analytical
expression with experimental IFT values. The plot demonstrates the accuracy of the
model’s predictions, highlighting the strong correlation between predicted and
experimental values.

models have been chosen because of their simplicity and efficiency
and because they provide readable combinations of features.

Table 10 summarizes the performance of the different stacked
meta-models on the holdout test set compared to the best base
model, CatBoost. Indeed, all three stacked models outperformed
CatBoost in all R?, RMSE, MAE, and MAPE metrics. Therefore, the
overall scores were highest for the stacked Lasso model, with an R?
0.2% higher at 0.988, an RMSE 6.4% lower at 1.158, an MAE 4.8%
lower at 0.814, and a MAPE 6.26% lower at 2.202% in comparison to
that from CatBoost at 2.349%. This stacking ensemble method has
shown how remarkable accuracy improvements have been ach-
ieved in this model. This amplified the strengths and diminished
the weaknesses by using an optimal blend of the base model
predictions. With important implications, the overall better per-
formance of the Stacked Lasso model, with its higher R? and lower
RMSE, MAE, and MAPE than for CatBoost, is indicative of the fact
that this approach of stacking ensembles pays off in terms of base
model predictive performance leading to more accurate and reli-
able predictions. With these strong results that improve upon the
best baseline for all metrics, the stacked Lasso model was chosen
as the best model in this study.

4.4. Comparison with existing studies

Accurate IFT estimation between CO, and brine is important in
the fast-evolving CCS domain. The novelty of this study is to take
advantage of the advanced ensemble algorithms and develop a far
more predictive-accuracy-enhanced model than any that exists. It
leveraged random forest, gradient boosting, extra trees, XGB,
LGBM, and CatBoost algorithms before finally stacking those
methods using Lasso and yielding a striking R? of 0.988, with an
appropriate fitting of RMSE 1.158 mN/m and MAPE as low as
2.202%. These results are not only new state-of-the-art results in
the field but also outperform the results of previous studies such
as Zhang et al. [67] and Mouallem et al. [50], which reported lower
predictive accuracies obtained by their best models.

Zhang et al. were the first to propose using ANNs to predict IFT,
with an R? value of 0.983 and RMSE close to 1.56 mN/m. Although
it was at the frontiers then, this work is expected to be extended to
cover the exhaustive methodology and state-of-the-art ensem-
bling of the current study. The stacked Lasso model in this study
brings together several high-performing base models that mitigate
individual weaknesses through leveraging cumulative strengths,
significant overall error metrics reductions, and new standards in
accuracy that will be established for IFT predictions.
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However, Mouallem et al. explored a broader set of predictive
approaches, including GPR and GP, besides ANN and several
boosting techniques. Their overall best model involved gradient
boosting, with an R? of 0.964 and an RMSE of 2.434. Even with all
the various techniques, their study’s results did not reach the
predictive accuracy of the stacked Lasso model proposed here
since this one consistently outperformed all other models on ac-
curacy and error metrics (Fig. 9).

This can be considered a successful study due to a strong
feature importance analysis via the SHAP technique, unravelling
DD as a very potent driver of the IFT prediction. The approach
enhances interpretability in the predictive models and provides
insight crucial to understanding the dynamics of IFT in CO5-brine
systems. This level of detail in the feature analysis contrasts with
the work of Zhang et al., whom they have not performed similar in-
depth analyses, and with the findings of Mouallem et al., who
identified different key drivers, such as pressure and temperature,
probably because of differences in characteristics of the data set or
modelling approaches.

4.5. Analytical expression for IFT prediction

Based on the SHAP analysis, DD, P, T, BCM, and MCM were
identified as the most influential factors governing the IFT in CO,-
brine systems. Leveraging these findings, an analytical expression
for IFT prediction was formulated using the stacked Lasso model,
which exhibited superior performance among the evaluated al-
gorithms. The resulting expression is presented as Eq.(16):

IFT = a + p1 Log(P) + p, Log(T) + 3 Log(MCM) + g4 Log(BCM)
+ ps Log(DD)
(16)

where the coefficients are defined as follows:

a= —0.1887,4; = —0.1598, 3, = 0.1355, 53 = —0.0172, 3,
=0.2170, s = 0.8284

The logarithmic transformations of the input parameters
effectively capture the non-linear relationships between these
features and IFT. Analyzing the coefficients reveals the relative in-
fluence of each parameter: DD exhibits the most pronounced pos-
itive contribution to IFT, whereas P exerts a notable adverse effect.

The analytical expression underwent rigorous validation using
the dataset, yielding exceptional predictive performance with the
following statistical metrics: R*>= 0.975, MAE = 1.038, and
RMSE = 1.514. These results underscore the robustness of the model
and its capability to maintain high accuracy while significantly
reducing computational complexity. A scatter plot illustrating the
predicted IFT values by Eq.(16) against experimental measurements
is provided in Fig. 10, further demonstrating the model’s precision.

The proposed analytical expression is a reliable and interpret-
able tool for IFT prediction in CO,-brine systems. Including non-
linear transformations enhances its ability to capture complex
interactions, ensuring its practical applicability across various
scenarios in geological CO, storage and related fields.

5. Conclusions

This work introduces an advanced ML framework for precisely
predicting IFT between CO, and formation brine, a critical
parameter in optimizing CO, storage processes. By leveraging a
large dataset and employing advanced ML algorithms, this study
achieved unprecedented predictive accuracy, setting new bench-
marks in the field and significantly outperforming previous
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models. These advancements provide a robust computational
alternative to experimental methods, paving the way for faster and
more efficient CCS project design and optimization.

The linear stacked Lasso ensemble model was developed as the
centerpiece of the framework. By integrating six base mod-
els—random forest, gradient boosting, extra trees, XGB, LGBM, and
CatBoost—the ensemble achieved exceptional performance met-
rics, including an R? of 0.988, RMSE of 1.158 mN/m, and MAPE of
2.202%. It represents a significant improvement over previous
studies, establishing the framework as the most accurate and
reliable solution for IFT prediction to date. Furthermore, a detailed
feature importance analysis using SHAP identified the DD between
CO; and brine as the most influential factor, followed by P, T, BCM,
MCM, and impurities. These insights deepen the understanding of
the nonlinear relationships governing IFT in CO,-brine systems
and contribute to advancing CCS science.

The proposed framework demonstrated strong generalization
capabilities, validated through five-fold cross-validation. CatBoost
emerged as the top performer among individual models, achieving
an average MAPE of 2.279% and R* of 0.98 across all folds. This
robustness ensures reliable predictions under varied conditions,
making the framework suitable for real-world applications.
Beyond its predictive power, the methodology reduces reliance on
costly and time-consuming experimental measurements, accel-
erating CCS project timelines and mitigating risks associated with
CO, leakage. This study thus holds significant practical implica-
tions for the CCS field, offering tools for real-time monitoring, site
screening, and operational optimization.

In addition to its ML-based advancements, this study intro-
duced an analytical expression for IFT prediction derived from the
stacked Lasso ensemble model. This expression incorporates key
parameters such as density difference, pressure, and temperature,
capturing their nonlinear interactions through logarithmic trans-
formations. The analytical tool provides a straightforward yet
highly accurate method for estimating IFT, achieving robust vali-
dation metrics, including R? = 0.975 and RMSE = 1.514 mN/m. This
formula enhances the framework’s usability and offers practi-
tioners a practical tool for diverse CCS scenarios, further expanding
the framework’s applicability.

Despite these achievements, limitations remain. The dataset,
though extensive, does not fully represent the variability of real-
world geological conditions, such as complex brine chemistries
and additional impurities. Future research should expand the
dataset and explore advanced ML techniques, including deep
learning and hybrid models, to enhance accuracy and generaliz-
ability. Validation of the models and the analytical expression in
operational CCS projects will also be essential to confirm their
real-world efficacy.

By addressing these areas, this research lays the foundation for
leveraging artificial intelligence to advance CCS technology. The
proposed framework contributes to the scientific understanding of
CO; trapping mechanisms and supports global efforts to mitigate
climate change through efficient and reliable geological CO, storage.
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Nomenclatures

fx)

Predictive model output for input x

E[f(X)] Expected value of model output across all data
M Number of features

n Number of observations/data points

N Number of instances

Pc Capillary pressure (Pa)

r Pore throat radius (pm)

yi True/actual value of the i-th observation
yi Predicted value of the i-th observation

[ Mean of true/actual values

[ Contact angle (°)

A Transformation parameter (Yeo-Johnson)
bo Base value in SHAP analysis

bi SHAP value for feature i

bij SHAP value for feature i in instance j

c Interfacial tension between CO, and brine (mN/m)
AAPRE Average absolute percent relative error
AARD Average absolute relative difference
ADSA Axisymmetric drop shape analysis

ANN Artificial neural network

CcCs Carbon capture and storage

DD Density difference between CO, and brine (kg/m?)
DSA Drop shape analysis

DT Decision tree

EOR Enhanced oil recovery

GEP Gene expression programming

GP Genetic programming

IFT Interfacial tension (mN/m)

IQR Interquartile range

KDE Kernel density estimation

LGBM Light gradient boosting machine

LOF Local outlier factor

LSSVM Least-squares support vector machine
MAE Mean absolute error

MAPE Mean absolute percentage error

MCM Molality of monovalent cations (mol/kg)
BCM Molality of bivalent cations (mol/kg)

ML Machine learning

MLP Multilayer perceptron

PD Pendant drop

RFECV Recursive feature elimination with cross-validation
RMSE Root mean squared error

RBF Radial basis function

RF Random forest

SGB Stochastic gradient boosting

SHAP SHapley additive exPlanations

XGB Extreme gradient boosting
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