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Abstract

Reliable prediction of interfacial tension (IFT) is critical for optimizing engineering pro-
cesses like hydrogen separation, high-density energy storage and fluid displacement in
underground oil reservoir systems. The goals of this study are: (a) to assess the efficacy of
optimized ensemble machine learning (EML) models and (b) parametric sensitivity analysis
to interpret feature importance while predicting interfacial tension (IFT) across an extensive
range of thermodynamic conditions. The dataset comprises 498 experimentally measured
IFT records collected under diverse conditions of temperature (T), pressure (P), and gas
compositions of hydrogen (H2), carbon dioxide (CO2), and methane (CH4) in complex
reservoir brine systems. The EML algorithms of extreme gradient boosting (XGB), random
forest (RF), decision tree (DT), light gradient boosting (LGB) and adaptive boosting (ADB)
are applied to construct the data-driven computational models to obtain IFT. The model’s
effectiveness and robustness are evaluated using statistical performance indices. SHapley
Additive exPlanations (SHAP) analysis is adopted to interpret and rank feature importance,
thereby ensuring the model’s transparency and interpretability. The XGB model showed
excellent performance, with high determination of coefficient (R2, 83%) and least root mean
square error (RMSE, 4.81 mN/m) compared to other models of RF (81, 5.06), DT (79.94,
5.23), LGB (77.52, 5.54) and ADB (69.32, 6.46) accordingly. Based on SHAP scores, it is
revealed that T is the most significant parameter to control IFT, and we ranked them higher
to lower weighty order, like T, H2, P, CO2 and CH4. This study demonstrates the efficacy of
EML and physics-guided computational models, coupled with feature selection techniques,
in capturing IFT phenomena relevant to a subsurface hydrogen–brine geological system.
It also establishes an interpretable artificial intelligent framework to uphold the project
design, risk evaluation, and optimization of underground hydrogen storage systems in
saline aquifers and other geologically complex formations for energy transition.

Keywords: machine learning; features selection; thermodynamic behavior; computational
model; underground reservoir storage
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1. Introduction
1.1. Background of Study

The global energy transition has intensified interest in underground energy storage
systems as a means of bridging supply–demand gaps, stabilizing intermittent renewable
energy sources, supporting large-scale decarbonization efforts, and playing an integral
role in the future sustainable energy landscape. For instance, accurate interfacial tension
(IFT) prediction is critical for assessing the performance and safety of underground CO2

and H2 storage systems because IFT governs capillary pressure, multiphase flow, fluid
displacement, and trapping within underground geological porous media. Reliable IFT as-
sessments enable more accurate predictions of injection behavior, plume migration, storage
capacity, residual and capillary trapping, and leakage risk. For CO2 storage, accurate IFT
progresses assessment of plume containment and caprock sealing, whereas for H2 storage,
it is particularly significant for predicting hydrogen–brine displacement, water invasion,
and recovery efficiency during cyclic injection and withdrawal. Therefore, incorporating
reliable IFT predictions into reservoir and pore-scale models can reduce uncertainty and
support the design of safer, more efficient, and economically viable underground CO2 and
H2 storage systems.

The inferred IFT behavior for an underground CO2 storage system, from surface cap-
ture and compression to subsurface injection, migration, and trapping within a geological
formation, is as follows. CO2 is injected into a porous sandstone reservoir beneath an
impermeable shale caprock, where its interaction with formation brine is governed by IFT
at the CO2–brine interface. At the pore scale, IFT contributes to capillary pressure and in-
fluences CO2 displacement, migration, and residual trapping within the pore network. For
the underground CO2 storage system, it highlights four principal trapping mechanisms—
structural, residual (capillary), solubility, and mineral trapping—through which injected
CO2 can be retained over different timescales. Consequently, IFT is an important parameter
for evaluating storage efficiency, injectivity, plume migration, leakage risk, and long-term
storage security, highlighting the need for accurate IFT characterization under reservoir
conditions. Figure 1 illustrates the role of IFT in underground H2 storage within a porous
geological formation.

Figure 1. An illustration of a typical H2 storage system for showing role of IFT in geological
porous medium.
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In particular, IFT serves as a fundamental thermophysical property that connects
reservoir conditions with multiphase fluid behavior, ultimately governing the long-term
integrity of subsurface hydrogen storage systems. Therefore, a lower IFT between for-
mation brine and H2 enhances capillary trapping, promotes hydrogen dissolution into
the brine, and improves overall storage security. Consequently, IFT is a critical param-
eter in the design, performance evaluation, and risk assessment of geological hydrogen
storage systems.

Notably, hydrogen is injected into a sandstone reservoir beneath an impermeable
shale caprock, where it accumulates as a free gas phase and is retained through structural,
capillary residual, and solubility trapping mechanisms. At the pore scale, IFT strongly
influences the distribution and mobility of H2 within the pore network. Under high IFT,
stronger interfacial forces can restrict H2 displacement and promote the formation of
larger continuous gas clusters, which may result in less favorable injectivity and storage
performance. In contrast, low IFT facilitates the breakup and redistribution of H2 into
smaller pore-scale clusters, potentially improving displacement efficiency and reducing
capillary resistance. Therefore, accurate characterization of H2–brine IFT under reservoir
conditions is essential for predicting hydrogen migration, trapping efficiency, injectivity,
storage capacity, and potential leakage pathways, making IFT an important parameter in
the design and assessment of safe and efficient underground hydrogen storage systems.

1.2. Relevant Literature Reviews and Research Scopes

Over the decades, extensive research has been conducted to investigate IFT in sub-
surface hydrogen–water systems. Experimental studies have established baseline IFT
values, typically ranging from 20 to 40 mN/m, while also indicating that these values
are highly sensitive to variations in pressure (P); temperature (T); and fluid composition,
such as methane (CH4), hydrogen (H2), carbon dioxide (CO2), and salinity concentra-
tion [1–3]. Mineralogical characteristics have also been investigated for sandstone, basalt,
and calcite surfaces, revealing distinct wettability and interfacial tension (IFT) behaviors
for each mineral type [4,5]. Furthermore, gases, which include CO2, CH4, and nitrogen
(N2), have been noted to have substantial effects on IFT, which promotes multiphase flow,
but they have negative effects on solubility [6–9]. In addition, molecular dynamic (MD)
has validated these findings, suggesting approximate responses for these studies, which
differ by approximately ±2–3 mN/m [10–12]. The most prominent limitation for these
studies is that most findings have been relatively narrow in scope, and research data on
gas effects have been carried out individually. Meanwhile, machine learning (ML) has
also been established as a promising predictor in the field of IFT for underground porous
reservoir systems. Also, ML has appeared as a powerful approach for predicting IFT in
subsurface H2–brine systems in recent years. Numerous scholars adopted hybrid ML algo-
rithms, such as support vector regression (SVR) and deep neural network (DNN), which
are proven to be effective in accurately forecasting IFT (R2 > 0.9, RMSE < 0.6 mN/m) using
various datasets of H2–brine fluids [13–20]. The performance of ML in conjunction with
MD simulations has also been found to be promising [21]. Although significant progress
has been achieved, most ML methods are also limited, to a great extent, due to data size
and decision-making mechanisms. Some of these problems have also been addressed
in critical reviews and meta-analysis by different scholars [22–26]. Notably, Behnamnia
et al. [13] demonstrated the possibility of achieving coefficient of determination, R2, val-
ues of 0.95, with root mean square error (RMSE) < 0.5 mN/m, by ANN model. In turn,
Hosseini & Leonenko [17] applied ANN to H2–brine datasets, reporting R2 = 0.94, with
error margins within ±2 mN/m. Ibrahim [18] extended this work to DNN, achieving >90%
accuracy, with RMSE < 0.6 mN/m. Janjua et al. [14] employed ensemble ML techniques for
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density and IFT prediction, which exhibited high precision. The works by Kohzadvand
et al. [27] and Tariq et al. [7] were able to capture wettability shifts within ±5◦ using SVR
modeling. Further enhancements of predictive accuracy were achieved using ensemble
ML approaches, such as bagging-based random forest (RF) in combination with extreme
gradient boosting (XGB). Sample examples include the works of Turkson et al. [16], Sofian
et al. [20] and Sagandykova et al. [28]. Hybrid frameworks that couple MD simulations with
ML have emerged as a promising strategy for modeling complex interfacial phenomena.
For instance, Omrani et al. [21] validated predictions within ±3 mN/m using an MD–ML
integrated framework. Some recent studies on IFT prediction using ML are summarized in
Table 1. These studies demonstrate that the IFT of subsurface H2–brine systems is highly
sensitive to pressure, salinity, mineralogy, and cushion gas composition, typically ranging
from 20 to 40 mN/m under geological storage conditions. Experimental investigations, MD
simulations, and ML models have collectively advanced the understanding of H2–brine
interfacial behavior while improving predictive capability.

Table 1. Recent ML applications for predicting IFT in H2–brine systems.

Author (s) Input Variables ML Model (s) Remarks

Omrani et al. [21] H2, P, T, salinity Hybrid ANN -ANN predicted IFT with R2 of 0.92, and
MD validated within ±3 mN/m.

Behnamnia et al. [13] H2, CH4, CO2, P, T,
salinity RF, ANN -RF predicted IFT with R2 of 0.95, and

ANN with RMSE < 0.5 mN/m.

Janjua et al. [14] T, P, salinity RF, XGB -Ensemble ML predicted IFT with R2 of
0.93.

Hosseini & Leonenko [17] T, P, H2 ANN -ANN predicted IFT with R2 of 0.94, and
error ± 2 mN/m.

Kalam et al. [29] T, P, H2, density ANN -RMSE predicted IFT with <0.5 mN/m
and accuracy > 90%.

Pan et al. [15] P, T, gas type, ionic
strength Hybrid GA

-Genetic algorithm-based automatic
machine learning and symbolic regression
predicted brine–gas IFT with R2 of 0.97.

Turkson et al. [16] H2, CH4, CO2, N2, P,
T XGB

-Gradient boosting regression model
showed R2 of 0.98 and RMSE of 0.9
mN/m.

Xie et al. [30] H2, CO2, salinity ANN -ANN predicted IFT with R2 of 0.93 and
error ± 2 mN/m.

Sagandykova et al. [28]
P, T, H2, specific

gravity of
rock/minerals

RF -This model predicted wettability shifts
with R2 of 0.91.

Sofian et al. [20] Salinity, P, T, density,
H2, CH4

RF -RF predicted IFT with R2 of 0.92 and
RMSE < 0.6 mN/m.

Ibrahim [18] T, P, H2, CH4, CO2,
salinity DNN -DNN predicted IFT with >90% accuracy

and RMSE < 0.6 mN/m.

Despite these advances, several critical challenges remain, including limited exper-
imental datasets, the predominance of studies focusing on individual cushion gases, in-
adequate integration of coupled physicochemical processes, the scarcity of dynamic IFT
investigations, and the lack of transparent and interpretable ensemble ML frameworks.
These limitations highlight important directions for future research.
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Overall, although substantial progress has been made in characterizing H2–brine IFT,
its behavior under realistic geological storage conditions remains only partially understood,
necessitating more comprehensive experimental, computational, and data-driven investi-
gations. Despite these advances, most ML applications reported in the literature remain
subject to several important limitations. First, the available datasets are generally limited in
size and cover relatively narrow ranges of P, temperature T, and salinity, thereby restricting
the generalizability and robustness of the developed models. In addition, most existing
ML models operate as “black-box” predictors, delivering high predictive accuracy while
providing limited insight into the relative influence of the input variables. This lack of
interpretability hinders their practical application in geological hydrogen storage, where
understanding the sensitivity and physical significance of controlling parameters is as
critical as achieving accurate predictions. Consequently, the development of interpretable,
physics-informed, and robust ML frameworks trained on more comprehensive datasets
remains a key research priority. While machine learning models show strong predictive
capabilities for IFT in H2–brine systems, most suffer from small datasets and opaque
structures of decisions. The absence of an interpretability framework has further limited
their applicability in operational contexts, where parameter sensitivity understanding is
as crucial as prediction accuracy. Building on the above-mentioned advancements and
addressing these gaps, the present study evaluates the efficacy of optimized ensemble ML
algorithms, such as XGB, RF, decision tree (DT), adaptive boosting (ADB) and light gradient
boosting (LGB), with interpretable SHapley Additive Explanations (SHAP) analysis. A
dataset of 498 experimentally measured IFT records in diverse thermodynamic conditions
with variables such as T, P, and gas composition of H2, CO2, and CH4 in complex brine sys-
tems makes up the datasets used herein. The effectiveness and robustness of the models are
evaluated using statistical performance indices, while SHAP and rank feature importance.
By embedding the bagging and boosting-based models within explainable AI approach,
not only is this study focused on achieving robust predictive accuracy, but it also allows for
transparency in thermodynamic feature importance such that the gap between predictive
performance and interpretability is bridged. This further advances the state of the art in IFT
prediction and provides an intelligent framework that is scientifically sound and practically
relevant for applications pertaining to underground CO2 and H2 storage.

1.3. Research Objectives and Contribution of This Study

The present study contributes to the inventive approach by exploring the potential
effectiveness of the EML algorithms, including XGB, RF, DT, LGB, and ADB, for assessing
the physical properties and simulating the essential properties, including variations in
T, P, and gas compositions of H2, CO2, and CH4. In contrast to the traditional literature,
which relied on a dataset consisting of 498 experimentally observed records for the study
of the IFT phenomenon at different thermodynamic conditions (e.g., T, P, and gaseous
mixture variations in H2, CO2, and CH4), the current study undertakes a predictive accu-
racy assessment alongside a novel addition, viz., the SHAP feature importance analysis
methodology for improving the study limitations to a greater degree. This can help to
bridge the gap for a scientific study relevant to real-life problems related to the storage of
H2 gases at underground levels. The present study aims to advance the IFT prediction with
EML algorithms for subsurface H2–brine systems. In this study, the major objectives are
listed below:

• To assess the efficacy of optimized ensemble machine learning models;
• Parametric sensitivity analysis to interpret feature importance while predicting IFT

across an extensive range of thermodynamic conditions.
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Notably, the novelty of this study lies in the development of optimized ensemble
machine learning models integrated with SHAP-based explainable artificial intelligence for
predicting H2–brine interfacial tension under diverse thermodynamic conditions. In addi-
tion to achieving high predictive accuracy, the proposed framework provides transparent
interpretation of the governing physicochemical variables by quantifying both global and
local feature contributions. This combination of predictive performance and interpretabil-
ity offers a reliable and physically meaningful tool for interfacial property estimation in
geological storage systems.

2. Materials and Methods
2.1. Dataset Integration and Preparation

A list of 498 experimental measurements of IFT between H2 and brine is compiled
to develop intelligent models using ensemble machine learning techniques. Under com-
plex salinity conditions with deionized and saline water, all reliable datasets were com-
piled from peer-reviewed published studies, ensuring data traceability, reliability, and
reproducibility [4,14,19,31–37]. The dataset includes a broad spectrum of thermodynamic
conditions, including temperatures ranging from ambient to reservoir-scale levels and
pressures extending from near-surface to deep subsurface environments, along with com-
positional variations such as pure H2, H2 mixed with cushion gases (e.g., CO2 and CH4),
and brines of different salinity levels. This wide variability enables the model to effec-
tively learn the complex nonlinear relationships governing IFT as a function of multiple
interacting variables. Descriptive statistics are calculated to summarize the dataset’s key
characteristics, assess the distribution and variability of each variable, detect potential
anomalies, and provide an overall understanding of the data prior to machine learning
model development. In addition, all input variables are standardized using Z-score nor-
malization to ensure consistency and comparability across heterogeneous data sources:

Xscaled =
(X − µX)

(σX)
(1)

where µX is the mean and σX is the standard deviation of raw variable X.
This transformation yields dimensionless variables, minimizes bias arising from differ-

ing measurement scales, and improves the stability and convergence of the model training
process. Outliers are detected using interquartile range analysis and subsequently removed
to avoid distortion in model learning. The cleaned dataset is then categorized into training
(65%) and testing (35%) sets to ensure unbiased evaluation of predictive model performance
and reliability.

2.2. Development of Ensemble Machine Learning Models

To capture the nonlinear and multivariate relationships governing interfacial tension
(IFT), five ensemble machine learning (EML) algorithms are employed: XGB (XGB), ran-
dom forest (RF), decision tree (DT), light gradient boosting machine (LGB), and adaptive
boosting (ADB). Each model is chosen for its capability to effectively manage the bias–
variance trade-off, accommodate heterogeneous datasets, and deliver robust predictive
performance across diverse thermodynamic conditions. A general supervised ML model
can be expressed as

ŷIFT = f (X ; θ) (2)

where ŷIFT is the predicted IFT, X =
[︁
T, P, xH2 , xCO2 , xCH4

]︁
is the input feature vector

(e.g., T, P, gas mole fractions), and θ represents model parameters.
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A single decision tree (DT) partitions the feature space into distinct regions and assigns
a constant prediction within each region. Although this structure offers interpretability, DTs
are highly prone to overfitting due to their sensitivity to training data. Random forest (RF),
an ensemble of decision trees trained on bootstrapped samples, addresses this limitation
by aggregating (averaging) the predictions from multiple trees, which can be expressed for
N number of samples as follows [38]:

ŷIFT =
1
N

N

∑
i=1

hiX (3)

The boosting-based ensemble methods, such as XGB, LGB, and ADB, iteratively
construct weak learners, where each successive model is trained to correct the errors of its
predecessors. The final prediction is obtained as a weighted combination (sum) of these
weak learners, thereby improving overall accuracy and model robustness:

ŷIFT =
M

∑
m=1

αmhm(X) (4)

where αm is the weight assigned to learner hm. Boosting is particularly effective for captur-
ing subtle nonlinearities in IFT behavior.

To achieve an optimal balance among bias, variance, and interpretability, each model
was tuned using its specific set of hyperparameters. The learning rate, maximum tree depth,
and number of estimators are systematically tuned using a grid-search strategy coupled
with 10-fold cross-validation to identify the optimal model configuration. This strategy en-
sured high predictive accuracy while mitigating the risk of overfitting. The use of multiple
models further enabled systematic benchmarking and facilitated the identification of the
most effective algorithm for IFT prediction. To facilitate comprehensive model training and
testing through an iterative trial-and-error approach, the dataset is divided into training
and testing subsets, with 65% (324 samples) allocated for training the EML-based models
and the remaining 35% (174 samples) reserved for testing. The relatively large test set is
selected to ensure statistically reliable performance evaluation while minimizing the poten-
tial risk of overfitting. Notably, the training dataset is subsequently subjected to 10-fold
cross-validation, where the training data were iteratively divided into nine folds for model
fitting and one fold for validation. The cross-validation results for predictive models are
used to identify the optimal hyperparameters. After selecting the optimal hyperparameters,
the model is retrained using the complete training dataset and evaluated only once on the
independent 35% testing dataset. For the bagging-based random forest (RF) model, the
optimized hyperparameters are n_estimators = 100, max_features = 1.0, min_samples_leaf
= 1, and the minimum number of samples required to split an internal node = 2, while
min_samples_leaf: 1, and min_samples_split: 2 for DT. The hyperparameters settings
for the boosting-based model are n_estimators: 100, learning_rate: 0.1, max_depth: 3 for
XGB; learning_rate: 0.1, max_depth: −1, min_child_samples: 20, min_child_weight: 0.001,
n_estimators: 100, and num_leaves: 31 for LGB; learning_rate: 1.0, and n_estimators for 50
for ADB algorithm.

2.3. Model Performance Indicators

The performance of the models is evaluated using standard statistical metrics, in-
cluding the coefficient of determination (R2), root mean square error (RMSE), average
absolute relative error (AAPE), and mean absolute error (MAE), enabling a quantitative
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assessment of predictive accuracy and robustness across different models. These metrices
are mathematically expressed in Equations (5)–(8) as below [39] while predicting IFT:

R2 = 1 −
∑N

i=1
(︁
IFTt,i − IFTp,i

)︁2

∑N
i=1(IFTt,i − IFTt,mean)

2 (5)

RMSE =

⌜⃓⃓⎷ 1
N

N

∑
i=1

(︁
IFTt,i − IFTp,i

)︁2 (6)

MAE =
1
N

N

∑
i=1

⃓⃓
IFTt,i − IFTp,i

⃓⃓
(7)

AAPE =
1
N

N

∑
i=1

⃓⃓⃓⃓
IFTt,i − IFTp,i

IFTt,i

⃓⃓⃓⃓
× 100 (8)

where IFTt,i, IFTp,i and IFTt,mean represent the measured, predicted and mean value of
interfacial tension, respectively.

It is noteworthy that R2 quantifies the proportion of variance in the experimental
IFT values that is explained by the model, with values closer to 1 indicating stronger
predictive performance. RMSE assigns greater weight to larger errors, making it particularly
sensitive to outliers and overall prediction deviations. MAE provides a straightforward and
interpretable measure of the average magnitude of prediction errors [40]. By combining
these three metrics, this study ensures a more robust, balanced, and reliable assessment of
predictive performance. For each model, performance is recorded on both the validation
and test sets to monitor overfitting and assess generalization.

Beyond the conventional error-based evaluation metrics, a customized Taylor dia-
gram [41] is employed to provide a graphical assessment of the agreement between the
predicted and measured IFT values. The diagram simultaneously incorporates the stan-
dard deviation (STD), correlation coefficient (r), and RMSE, enabling a comprehensive
evaluation of model performance. This integrated representation facilitates the assessment
of the models in terms of correlation, variability, and prediction error, thereby providing a
clear comparison of their overall predictive capability. It is noteworthy that direct regres-
sion prediction for R2 and correlation-based statistics for r are computed separately using
standard statistical functions.

2.4. Parametric Sensitivity Analysis and Model Interpretability

Pearson’s correlation coefficient (r) is determined for the entire dataset to quantify
the relationships among thermodynamic properties, identify feature interdependencies,
and evaluate their respective influences on IFT. Notably, Pearson correlation measures
the strength and direction of the linear association between an individual input variable
and IFT. In contrast, the interpretable ensemble machine learning technique with SHapley
Additive Explanations (SHAP) approach is utilized by considering nonlinear relationships
and interactions with other input variables to find the importance of thermodynamic
features while predicting IFT in H2-rich brine systems. Moreover, SHAP bar plots are used
to illustrate the mean absolute SHAP values of the predictor features, thereby quantifying
their overall contributions to the model’s predictions. A larger mean absolute SHAP value
indicates a greater influence of the corresponding feature on IFT prediction, whereas a
smaller value suggests a relatively weaker contribution. For a given model output, the
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SHAP value quantifies the contribution of each predictor feature to the deviation of the
individual prediction from the model’s baseline output by Equation (9) [42,43]:

SHAPi = ∑
F⊆Q\i

|F|!(Q − |F| − 1)!
Q!

[ f (F ∪ i)− f (F)] (9)

where F consists of a set of non-zero directories and Q defines the set of all features.
The summarized methodological steps are illustrated in Figure 2 to develop the en-

semble ML algorithm-based predictive model and interpretable SHAP for IFT prediction
using thermodynamic properties. The framework begins with experimental data collection,
including key thermodynamic parameters, followed by data processing and quality assur-
ance to improve data consistency and reliability. The processed dataset is subsequently
partitioned into training and testing subsets for intelligent data-driven model development.
An appropriate EML algorithm is chosen, and the model is trained using optimized hyper-
parameters. The optimized model is then employed to predict IFT, while its performance is
evaluated using statistical indicators. If the model accuracy does not meet the predefined
criteria, the modeling process is iteratively refined through further training and an opti-
mization process. Once satisfactory predictive performance is achieved, the final intelligent
model is subjected to SHAP-based interpretability analysis to quantify the contribution
of individual input features and identify the most influential parameters controlling IFT.
Finally, feature selection is performed based on the interpretable model results, providing
a robust and transparent framework for accurate IFT prediction and identification of the
dominant thermodynamic factors in hydrogen-rich brine systems.

Figure 2. A flow chart to illustrate the major methodological steps with intelligent models for
IFT prediction.
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3. Results
3.1. Data Analysis

The final dataset comprises 498 experimental interfacial tension (IFT) measurements,
encompassing diverse thermodynamic states and compositional variations to ensure com-
prehensive ensemble ML model development and evaluation. Table 2 presents a summary
of the descriptive statistics of each input variable and output variable of IFT to assess
data variability and standard deviation (STD) and ensure its suitability for subsequent
predictive modeling.

Table 2. Descriptive statistics of predictor variables and IFT.

Variable Minimum Maximum Mean Median STD

Temperature, T (◦F) 71.6 348 125.97 122 58.38
Pressure, P (psi) 14.5 6554 1532.70 1000 1318.14

CO2 (%) 0.0 70 4.80 0.00 13.58
CH4 (%) 0.0 100 11.01 0.00 24.53
H2 (%) 0.0 100 84.19 100 26.08

IFT (mN·m−1) 30.1 89 64.25 67 11.23

The output variable of IFT varied from 30.1 to 89.0, with an average of 64.25 mN·m−1

and a standard deviation of 11.23 with moderate variability. The predictor variable of
T varied from 71.6 ◦F to 348.3 ◦F, with a mean of 125.97 ◦F and a standard deviation of
58.38 ◦F. P varied widely from 14.5 psi to 6554.0 psi, with a mean of 1532.70 psi and a
standard deviation of 1318.14 psi. Gas compositions showed a dominant presence of H2,
with an average and standard deviation of 84.19 and 26.08. CO2 and CH4 were present in
moderate concentrations of 4.80 and 11.01.

3.2. Predictive Model Performance

Five ensemble machine learning models with XGB, RF, DT, LGB, and ADB algorithms
were adopted to integrate the thermodynamic variables into the predictive models. Table 3
presents the comparative metrics of all five models on how well each ensemble model
performs in terms of predictive accuracy with RMSE, MAE, AAPE, and R2 values on both
training and testing datasets. Figure 3 illustrates the comparison of RMSE values among
the five ML models, illustrating their respective prediction errors and providing insight
into their ability to capture the nonlinear relationships between the thermodynamic input
variables and IFT.

Table 3. Comparative performance metrics across EML models.

EML
Model

RMSE (mN·m−1) MAE (mN·m−1) AAPE (%) R2 (%)
Train Test Train Test Train Test Train Test

XGB 3.19 4.81 1.80 3.43 2.49 5.14 91.56 83.05
RF 3.10 5.06 1.75 3.66 3.33 5.51 90.38 81.22
DT 3.18 5.23 1.77 3.63 3.45 5.54 90.35 79.94

LGB 4.35 5.54 3.20 4.42 5.07 6.98 84.00 77.52
ADB 6.04 6.46 4.57 4.91 7.23 7.87 69.59 69.32

Among the five EML models, XGB consistently outperformed alternatives, achieving
the lowest test error, MAE (3.43 mN·m−1), and highest test coefficient of determination,
R2 (83.05%). It is noteworthy that RF and DT followed closely with accuracy, with test R2

values of 81.22% and 79.94% along with error of MAE (3.66 and 3.63 mN·m−1), respectively.
Compared to bagging- and boosting-based models of RF and XGB, LGB and ADB showed
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weaker generalization, with test R2 values of 77.52% and 69.32%. Notably, the XGB model
exhibits a training RMSE of 3.19 mN·m−1 and a testing RMSE of 4.81 mN·m−1, indicating
relatively good predictive performance across the two datasets. In contrast, ADB exhibits
the highest RMSE, with values of 6.04 mN·m−1 for training and 6.46 mN·m−1 for testing.
Overall, XGB achieves the lowest testing RMSE among the five ML models, followed by
RF and DT, whereas LGB and AdaBoost exhibit comparatively higher prediction errors.
The differences between training and testing RMSE provide further insight into the gen-
eralization capabilities of the models for IFT. Although XGB achieves the lowest testing
error, its training–testing RMSE gap of 1.62 mN·m−1 indicates some variation in predictive
performance between the two datasets. The findings are also responsible for establishing
that it is beneficial for any algorithm, given its use of gradients, to perform tasks capturing
inherent nonlinear relationships in data given during the computation of IFT prediction.
The high accuracy of XGB can also be attributed to its nature as the boosting algorithm.
The low R2 recorded in ADB also confirms its sensitivity to noise and out. It should also be
noted that RF and DT offered relatively comparable levels of accuracy, but as the approach
focuses purely based on data-driven splits, generalization and accuracy were compromised
in favor of the XGB. However, the moderate performance of approaches such as LGB
and ADB indicates their greater sensitivity and limited capability in capturing complex
nonlinear relationships. To comprehensively assess the predictive performance of the
machine learning models beyond conventional scalar error metrics, a Taylor diagram was
employed. This graphical approach simultaneously evaluates three key performance mea-
sures: the correlation coefficient (r) between the observed and predicted IFT, the STD of the
predictions, and the centered RMSE, as summarized in Table 4. Collectively, these metrics
provide a holistic assessment of each model’s ability to reproduce the trend, variability, and
overall accuracy of the target variable, as illustrated in the Taylor diagram in Figure 4. It
is shown in Figure 4 that the XGB model is closest to the observed point, confirming that
it is the best-performing model compared to the other intelligent models. As shown in
Table 4, the XGB model exhibits near perfect agreement with the observations, achieving a
correlation coefficient of 91.34% and a standard deviation (11.18) almost identical to the
observed value (11.60).

Figure 3. An illustration of RMSE values among the five ML models for IFT.
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Table 4. Predictive fidelity of the machine learning models.

Intelligent Model STD (mN·m−1) Correlation Coefficient (r), %

XGB 11.18 91.34
RF 10.79 90.15
DT 11.45 89.82

LGB 10.09 88.07
ADB 9.064 83.68

Figure 4. A Taylor diagram illustrates the efficacy of intelligent models’ fidelity for testing datasets in
IFT prediction.

3.3. Effects of Thermodynamic Variables for Predictive Models and SHAP-Based Interpretability

Pearson correlation coefficient (r) is computed to assess linear relationships among
thermodynamic variables. Figure 5 illustrates a heatmap with the correlation matrix, ex-
hibiting a relationship between IFT and thermodynamic variables, including temperature
(T), pressure (P), methane (CH4), hydrogen (H2) and carbon dioxide (CO2). Temperature
showed a moderate negative correlation with IFT (r = −0.56), suggesting that increasing
temperature contributes to a reduction in interfacial tension. CO2 concentration exhibited
a strong inverse linear relationship within the dataset for IFT (r = −0.57), whereas H2

concentration displayed a moderate positive relationship (r = 0.48), suggesting that increas-
ing H2 content contributes to higher interfacial tension. CH4 concentration and pressure
showed relatively weak negative linear association when considered independently with
IFT (r = −0.19 and −0.17, respectively).

Overall, the linear correlation analysis highlights that temperature (T) and H2 con-
centration are the most influential variables governing IFT behavior. The strong negative
correlation between temperature (T) and IFT, with an r = −0.56, is consistent with the well-
established thermodynamic principle that increasing temperature weakens intermolecular
cohesive forces at the fluid interface, thereby reducing IFT. Likewise, the strong nega-
tive correlation between CO2 concentration and IFT, with an r = −0.57, reflects the high
solubility of CO2 in the aqueous phase, which promotes adsorption at the interface and
lowers interfacial tension. In contrast, H2 concentration displays a moderate positive
correlation with IFT, with an r = 0.48, indicating that increasing H2 content is associated
with higher interfacial tension, likely due to its limited solubility and weaker interfacial
activity compared with CO2. Furthermore, the strong negative correlation between CH4

https://doi.org/10.3390/pr14213418

https://doi.org/10.3390/pr14213418


Processes 2026, 14, 3418 13 of 19

and H2 concentrations (r = −0.86) reflects their inverse compositional relationship, whereby
increasing CH4 content corresponds to lower H2 fractions. Although CH4 itself exhibits
only a weak correlation with IFT, its inverse relationship with H2 highlights compositional
trade-offs that may indirectly influence interfacial behavior. These findings align with
empirical studies reporting that H2-rich systems tend to maintain higher IFT compared to
CO2-dominated regimes. To evaluate model interpretability, SHAP analysis is performed
using the XGB model, and the resulting feature importance rankings were compared with
those obtained from the RF and LGBM models. The corresponding SHAP bar plots are
presented in Figures 6–8. The summarized results of feature importance are listed in Table 5.
The SHAP analysis revealed distinct feature importance patterns across the efficient ma-
chine learning models while maintaining consistent identification of the key predictors.

Figure 5. The heatmap illustrates the feature relationship with IFT of the studied dataset.

Figure 6. An illustration of a SHAP bar plot showing the relative importance of predictor features for
IFT prediction using XGB.
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Figure 7. An illustration of a SHAP bar plot showing the relative importance of predictor features for
IFT prediction using RF.

Figure 8. An illustration of a SHAP bar plot showing the relative importance of predictor features for
IFT prediction using LGB.

Table 5. SHAP feature importance across models for IFT prediction in H2-rich brine system.

Feature XGB RF LGB

T (◦F) 4.23 4.03 3.89
H2 (%) 3.65 4.03 3.00
P (psi) 3.48 2.89 2.75

CO2 (%) 0.75 0.54 2.07
CH4 (%) 0.30 0.20 0.56

In the XGB model, temperature (T) exhibited the highest importance, with a SHAP
score of 4.23, followed by H2 concentration (3.65) and pressure (3.48), whereas CO2 and CH4

contributed only marginally, with SHAP scores of 0.75 and 0.30, respectively. The RF model
assigned equal importance to T and H2 (SHAP = 4.03 each), with P remaining the third
most influential feature (2.89). In contrast with XGB and RF, the LGB model demonstrated
a more balanced distribution of feature importance, with a SHAP score of 3.89 for T,
3.00 for H2, 2.75 for P, and 2.07 for CO2 concentration, all contributing substantially to
model predictions. The SHAP analysis consistently revealed that temperature (T), H2

concentration, and pressure (P) are the dominant predictors governing IFT in H2-rich brine
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systems. Based on SHAP scores, it is revealed that T is the most significant parameter to
control IFT, and we ranked them higher to lower weighty order: T, H2, P, CO2 and CH4.

3.4. Potential Implications for Underground H2 and CO2 Storage Systems

The results of this research have significant implications for subsurface hydrogen
storage design and operation. The substantial influence of temperature and pressure under-
scores the necessity of closely monitoring and controlling in situ subsurface thermodynamic
conditions, as variations in these parameters can substantially affect interfacial stability
and, consequently, storage integrity. The positive relationship between H2 concentration
and interfacial tension suggests that higher hydrogen purity may help maintain interfa-
cial stability, thereby reducing the risk of gas leakage and minimizing displacement of
underground formation brines. In contrast, the strong suppressive effect of CO2 on IFT
highlights potential limitations in the use of CO2 as a cushion gas, as its presence may
weaken interfacial stability and compromise long-term containment security. Although
CH4 shows a negligible direct effect on IFT, its strong inverse relationship with H2 signi-
fies that it can indirectly influence system behavior in mixed-gas storage scenarios and
should therefore not be overlooked in underground reservoir design and gas composition
management. Overall, interfacial tension in subsurface hydrogen storage is governed by
a coupled thermodynamic system in which temperature weakens interfacial cohesion,
pressure modifies phase equilibrium and gas solubility, CO2 strongly reduces IFT through
enhanced solubility and interfacial adsorption, and H2 exhibits a weak or increasing effect
due to its low solubility and gas-phase preference. Collectively, these interacting variables
define the interfacial free-energy landscape that controls IFT behavior under subsurface
reservoir conditions.

It is noteworthy that IFT plays a critical role in the performance and long-term security
of underground CO2 storage systems by governing the interaction between injected CO2

and formation brine within the porous reservoir. IFT directly influences capillary pressure,
wettability, CO2 displacement, plume migration, and residual trapping. Higher IFT can
increase capillary forces and promote the retention of CO2 within pore spaces, thereby
enhancing storage security, whereas lower IFT may facilitate CO2 migration and alter injec-
tivity. Consequently, accurate characterization of IFT under reservoir temperature, pressure,
and diverse salinity conditions is essential for reliable prediction of CO2 distribution and
trapping behavior. Incorporating IFT into reservoir simulations and storage assessments
can improve estimates of storage capacity, injection efficiency, leakage risk, and long-term
containment while also supporting appropriate site selection, monitoring strategies, and
indirect risk management for geological CO2 storage.

From an operational perspective, the superior performance of the predictive models
with XGB and RF indicates that advanced ensemble learning methods are highly effective
for accurate prediction of IFT. When combined with SHAP-based interpretability, this frame-
work offers both high predictive accuracy and model transparency, thereby supporting
risk-informed decision-making in safety-critical subsurface hydrogen storage applications.

3.5. Study Limitations and Future Research Scopes

Despite the strong predictive performance using limited datasets of the proposed
thermodynamics-informed ensemble ML framework, certain limitations remain, which
could be addressed in future studies through further investigation of interfacial tension
(IFT) in underground hydrogen storage systems. Notably, the ensemble ML framework is
trained on a finite dataset derived from available experimental and literature sources, which
may not fully capture the complete range of underground reservoir conditions relevant to
subsurface hydrogen storage. In particular, extreme thermodynamic pressure and tempera-
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ture regimes and highly complex multicomponent gas mixtures may be underrepresented,
potentially limiting model generalization. Notably, the limitations of the developed ML
models primarily relate to the dataset coverage and applicability range, as their predictive
performance may enhance when applied to conditions beyond the compositional, pressure,
temperature, and IFT ranges represented in the training data, limiting their extrapolation
capability. In addition, the absence of explicit physical constraints within the ML framework
may reduce physical consistency under out-of-distribution conditions; therefore, the mod-
els should be applied within the validated parameter ranges and supported by additional
experimental data and physics-informed ML approaches for broader applications.

Future research should explore the integration of physics-informed neural networks
with big datasets to further enhance the proposed ML framework by embedding thermo-
dynamic constraints directly into the learning process, thereby ensuring that predictions
remain consistent with established physical laws. Such hybrid approaches have the po-
tential to strengthen both model generalization and physical interpretability. Collectively,
these prospective developments would provide a more robust and physically grounded
foundation for predictive IFT modeling in underground hydrogen and carbon storage
systems. In addition, although the predictive framework integrates key thermodynamic
variables (T, P, CO2, H2, and CH4), it does not explicitly account for additional environ-
ments with physicochemical effects such as salinity variations, ionic strength, pH dependent
speciation or mineral–fluid interactions, all potential sources that can influence interfacial
behavior in real geological formations. Finally, the development of hybrid frameworks that
integrate molecular dynamic simulations, equation-of-state modeling, and hybrid deep
learning techniques could offer a more physically grounded and transferable approach for
predicting IFT in subsurface energy storage systems.

Future work should incorporate established empirical correlations, Parachor methods,
and equation of state-based IFT models under consistent thermodynamic conditions using
the same dataset. Such comparisons would help quantify the relative predictive perfor-
mance, generalizability, and practical applicability of the proposed framework for IFT.

4. Conclusions
In this study, experimental data-driven intelligent models are utilized by integration

of ensemble machine learning and thermodynamic conditions for predicting interfacial ten-
sion (IFT) in subsurface hydrogen storage systems. Five ensemble machine learning (EML)
models, extreme gradient boosting (XGB), random forest (RF), decision tree (DT), adaptive
boosting (ADB) and light gradient boosting (LGB), are trained and tested, while optimized
models are evaluated using statistical indices, including coefficient of determination (R2),
and mean absolute error (MAE). The key outcomes derived from the research findings are
concluded as follows:

• The XGB is the more effective and generalized algorithm, and it exhibited a high
accuracy of R2 (83%) and least error of MAE (3.43 mN·m−1) for the testing phase
compared to other EML models while predicting IFT.

• To capture nonlinear relationships with IFT, SHAP-based interpretability consistently
identified temperature (T), H2 concentration, and pressure (P) as the most influential
variables governing IFT behavior in H2-rich brine systems. These thermodynamic
variables have ranked them higher to lower weighty order: T, H2, P, CO2 and CH4.

• Changes in H2, CO2, and other thermodynamic variables may alter IFT for subsurface
storage systems and, consequently, influence interfacial and capillary behavior at the
storage fluid–formation fluid interface.

• The integration of intelligent framework with SHAP analysis provided clear inter-
pretability of model predictions, confirming the consistency of feature importance
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across different machine learning algorithms. These findings emphasize that both
thermodynamic conditions and gas composition jointly control interfacial behavior,
which is critical indirectly for the safe and efficient design of underground hydrogen
storage systems.

Overall, the proposed framework demonstrates strong potential as a reliable and in-
terpretable tool for predicting IFT under varying reservoir conditions. The combination of
high predictive accuracy and explainability makes it particularly suitable for risk-informed
decision-making in subsurface storage applications. Future work should focus on expand-
ing the dataset, incorporating additional geochemical variables, and developing physics-
informed hybrid computational models to further enhance generalization and physical
consistency. Notably, for future studies, direct assessment of underground storage security
should incorporate additional analyses of capillary entry pressure, wettability, relative
permeability, multiphase fluid flow behavior, geomechanical integrity, and long-term fluid
migration, supported by appropriate experimental and field-scale validation.
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