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The global transition toward low-carbon energy systems has intensified interest in hydrogen as a sustainable energy 

carrier due to its high gravimetric energy density and compatibility with renewable energy sources. Underground 

hydrogen storage (UHS) in geological formations such as aquifers, depleted reservoirs, and salt caverns has emerged 

as a promising solution for large-scale and seasonal energy storage. However, accurately predicting hydrogen 

solubility in saline aqueous environments remains a key challenge, as it directly influences gas loss, chemical 

stability, and operational safety. In this study, a machine learning (ML) approach was applied to model hydrogen 

solubility in saline solutions, addressing the limitations of conventional thermodynamic approaches in capturing 

complex, non-linear interactions. A dataset comprising 255 experimental observations, including pressure, 

temperature, salinity, and hydrogen solubility, was analyzed through exploratory data analysis, physically motivated 

feature engineering, and permutation-based feature selection. Among the evaluated models, CatBoost demonstrated 

superior predictive performance and robustness. Using the complete dataset, the optimized CatBoost model achieved 

a coefficient of determination of R² = 0.9973, a root mean squared error (RMSE) of 0.0125, and a mean absolute 

error (MAE) of 0.0050, indicating excellent accuracy and strong generalization capability. These results highlight 

the effectiveness of gradient boosting–based ML methods for modeling hydrogen solubility under saline conditions 

and demonstrate their potential to support feasibility assessments and risk evaluation in underground hydrogen 

storage applications. 
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1. Introduction 
The global transition toward low-carbon energy 

systems has intensified the search for sustainable 

energy carriers capable of supporting deep 

decarbonization (Hassan et al., 2024). However, 

global energy consumption remains 

predominantly fossil fuel-based, representing a 

major challenge for the energy transition (Maior 

et al., 2022). Hydrogen offers significant 

advantages in this context due to its high 

gravimetric energy density and its ability to 

generate energy without greenhouse gas 

emissions, producing only water vapor as a 

byproduct (Maior et al., 2025). When produced 

from low-carbon pathways, hydrogen can 

function as an effective medium for energy 

transfer and storage, particularly by converting 

surplus renewable electricity from solar and wind 

sources into chemical energy through water 

electrolysis (Osman et al., 2022). In addition, 

hydrogen can be stored and transported in 

multiple forms, including compressed gas, liquid 

hydrogen, and chemical carriers such as ammonia 

or metal hydrides (Aziz, 2021). However, the 

large-scale implementation of hydrogen-based 

systems depends on the availability of safe, 

efficient, and economically viable storage 

solutions (Ratnakar et al., 2021). 
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Among the various storage options, underground 

hydrogen storage (UHS) in geological 

formations, including depleted oil and gas 

reservoirs, deep saline aquifers, and salt caverns, 

has emerged as a promising option for storing 

large hydrogen volumes and addressing seasonal 

imbalances between energy supply and demand 

(Ramesh Kumar et al., 2023). These subsurface 

systems provide substantial storage capacity and 

utilize existing geological knowledge and 

infrastructure. Nevertheless, hydrogen–brine 

interactions introduce complex physicochemical 

processes that can affect storage efficiency, 

operational safety, and long-term reservoir 

performance (Gbadamosi et al., 2023). 

One of the main challenges in UHS is the reliable 

prediction of hydrogen solubility in saline 

aqueous environments. Hydrogen dissolution in 

formation brines contributes to gas loss, alters 

pressure behavior, and may trigger geochemical 

or microbial processes that compromise storage 

integrity (Dehghani et al., 2024). Hydrogen 

solubility is governed by multiple interdependent 

variables, including pressure, temperature, and 

salinity, whose combined effects often exhibit 

nonlinear behavior (Mwakipunda et al., 2024). 

Conventional thermodynamic and empirical 

models, while useful under limited conditions, 

frequently struggle to capture the full complexity 

of these interactions, particularly across wide 

ranges of operating conditions relevant to 

underground storage applications (Keith et al., 

2021). 

In recent years, machine learning (ML) 

techniques have demonstrated significant 

potential in modeling complex, nonlinear systems 

in energy and geoscience applications (Nachtane 

et al., 2023). By learning directly from 

experimental data, ML-based models can uncover 

hidden patterns and relationships that are difficult 

to represent using traditional physics-based 

approaches alone (Maior & Silva, 2024). When 

appropriately designed and validated, these data-

driven methods offer a powerful tool for 

improving predictive accuracy and reducing 

uncertainty in subsurface modeling tasks (Zhou et 

al., 2022). 

Within this context, the present study investigates 

the application of ML techniques to predict 

hydrogen solubility in saline aqueous solutions 

relevant to underground storage scenarios. The 

research follows a systematic workflow 

composed of distinct stages. Section 2 details the 

methodology, including an Exploratory Data 

Analysis (EDA) to uncover patterns and 

distributions within the dataset. Subsequently, a 

preprocessing workflow was implemented, 

comprising feature engineering, standardization, 

and variable selection. After preprocessing, the 

predictive models were trained and evaluated. In 

Section 3, the results are presented and analyzed, 

emphasizing the performance of each model and 

their relevance to UHS applications. Finally, 

Section 4 provides the study’s conclusions and 

overarching insights. 

2. Methodology 
The research methodology integrates data 

preprocessing, feature engineering, and 

supervised regression modeling. As illustrated in 

Fig. 1, the workflow comprises four main stages: 

(1) exploratory data analysis, (2) data 

preprocessing and feature engineering, (3) model 

training and validation, and (4) performance 

evaluation. 

 
Fig. 1. Methodology of the current study. 

2.1. Data Exploratory Analysis 
An exploratory data analysis was conducted to 

evaluate the distribution and key characteristics of 

the dataset. Descriptive statistics indicate 

substantial variability in pressure and 

temperature, a predominance of low salinity 

values, and a right-skewed distribution of 

hydrogen solubility. The dataset consists of 255 

observations with no missing values. The data 

was extracted by the study of Vo Thanh et al. 

(2024). A summary of the main statistical 

parameters is presented in Table 1, while non-
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informative variables were removed prior to 

model development. 

Table 1. Descriptive statistics. 

Variable Mean Std Min Max 
Pressure (bar) 44.57 45.22 4.60 229.72 

Temperature 

(K) 

336.95 42.26 273.15 423.15 

Salinity (% by 

weight) 

1.44 1.80 0.00 5.00 

Hydrogen 

solubility 

(mole 

fraction) 

0.19 0.24 0.00 0.98 

Elaborated by the Authors (2026). 

The histograms indicate that hydrogen solubility 

is predominantly concentrated at low values, 

exhibiting a pronounced right-skewed 

distribution. Similar skewness is observed for 

pressure and salinity, whereas temperature 

displays a more uniform distribution, as observed 

in Fig. 2. 

 

 

 
Fig. 2. Histograms of independent variables. 

The boxplot analysis (Fig. 3b) further confirms 

the asymmetric behavior of hydrogen solubility, 

highlighting a limited number of high-value 

outliers above approximately 0.5 mole fraction, 

with the interquartile range primarily 

concentrated below 0.3. 

 
a) 

 
b) 

Fig. 3. Analysis of the target variable.     

2.2. Data Preprocessing
Data preprocessing was conducted to ensure data 

consistency and suitability for machine learning 

analysis. 

2.2.1. Feature Engineering 
Feature engineering was then applied to derive 

physically meaningful attributes from the original 
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variables, enabling the models to capture non-

linear effects and interaction mechanisms. The 

engineered features include polynomial terms, 

interaction variables, logarithmic 

transformations, and a pressure–temperature ratio 

to reflect thermodynamic behavior and improve 

predictive performance. A summary of the 

engineered features and their physical or 

statistical motivations is provided in Table 2. 

Table 2. Description of the new variables included in 

the dataset. 

Feature Formula Purpose Physical / 
Statistical 
Justification 

P_T_ratio P / T Ratio 

between 

pressure 

and 

temperat

ure 

Reflects 

thermodynamic 

equilibrium 

and hydrogen 

stability 

(Bachand et al., 

2024) 

logP log(1 + 

P) 

Reduce 

pressure 

scale 

Mitigates 

outlier 

influence and 

stabilizes 

variance 

(Solatpour et 

al., 2024) 

P² P² Capture 

non-

linear 

pressure 

effects 

Represents 

non-linear 

pressure–

property 

relationship(Ti

wari et al., 

2025) 

S_P S × P Pressure

–salinity 

interacti

on 

Captures 

coupled 

reservoir 

effects (Medina 

et al., 2024) 

T_S T × S Tempera

ture–

salinity 

interacti

on 

Represents 

geological 

interaction 

effects (Janjua 

et al., 2024) 

T² T² Capture 

non-

linear 

temperat

ure 

effects 

Models non-

linear thermal 

behavior 

(Tiwari et al., 

2025) 

logT log(1 + 

T) 

Smooth 

temperat

ure scale 

Reduces 

thermal 

variability for 

improved 

modeling 

(Solatpour et 

al., 2024) 

S² S² Capture 

non-

linear 

salinity 

effects 

Models non-

linear salinity 

influence on 

hydrogen 

behavior (Feng 

et al., 2024) 

Elaborated by the Authors (2026). 

2.2.2. Data Splitting 
The dataset was partitioned into an 80:20 ratio, 

with 0.8 for training and 0.2 for testing, to analyse 

model performance. 

2.2.3. Standardization 

Feature scaling was performed to avoid the 

dominance of variables with disparate 

magnitudes, which is especially critical for scale-

sensitive algorithms such as Support Vector 

Machines. Therefore, all input features were 

standardized to have zero mean and unit variance 

using the StandardScaler technique, following 

the methodology proposed by (Ahmed et al., 

2022). 

2.2.4. Feature Selection 
Feature selection was conducted using the 

permutation importance technique, which 

evaluates the contribution of each input variable by 

measuring the decrease in model performance 

when its values are randomly permuted. This 

approach captures both linear and non-linear 

effects and is well suited for ensemble-based 

models (Mehdiyev et al., 2025). An Extra Trees 

regressor was employed as the base estimator to 

compute feature importance scores, using the 

coefficient of determination (R²) as the evaluation 

metric. Fig. 4 indicates the feature importance 

based on permutation method. 
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Fig. 4. Features ordered by the importance value. 

Initially, models were evaluated using only the 

features with the highest permutation importance 

scores. However, improved predictive 

performance was consistently observed when all 

features exhibiting positive importance were 

retained. As all variables in the dataset presented 

positive permutation importance values, even those 

with relatively low contributions were preserved in 

the final feature set. 

3. Training 

To predict hydrogen solubility, a diverse set of 

supervised learning algorithms was implemented, 

encompassing ensemble methods, gradient boosting 

approaches, and kernel-based regression, allowing 

the capture of both linear and non-linear 

relationships among the selected features. 

3.1. Models 

The ML models utilized in the study are briefly 

described below: 

� Random Forest: An ensemble of decision 

trees that aggregates predictions to reduce 

variance, improving robustness and 

generalization (Husain et al., 2023). 

� Extra Trees: Similar to Random Forest but 

introduces more randomness in tree 

construction, which can further reduce 

overfitting (Joshi et al., 2021). 

� Gradient Boosting: Sequentially builds 

weak learners, each correcting errors of the 

previous iteration, enhancing predictive 

accuracy (A. Deif et al., 2021). 

� AdaBoost: Focuses on reweighting 

mispredicted observations in each 

iteration, improving the model’s ability to 

capture difficult patterns (Hatwell et al., 

2020). 

� XGBoost: An optimized gradient boosting 

algorithm with parallel processing and 

regularization, providing high efficiency 

and accuracy (Zhang et al., 2022). 

� CatBoost: A gradient boosting specifically 

designed for categorical data, reducing 

overfitting and accelerating convergence 

(Zhang & Jánošík, 2024). 

� Support Vector Regressor (SVR): Fits data 

within a defined margin of tolerance, 

capturing complex relationships in high-

dimensional feature spaces (Ghaddar & 

Naoum-Sawaya, 2018). 

3.2. Hyperparameter Optimization 

Hyperparameter tuning is essential for enhancing 

the predictive performance of machine learning 

models by identifying the most effective 

configuration of parameters (Aftab et al., 2025). In 

this study, GridSearchCV combined with repeated 

cross-validation was employed to systematically 

explore predefined search spaces for each model 

and select the optimal hyperparameters based on R² 

performance. This approach ensures that models 

are both accurate and robust while minimizing 

overfitting. The hyperparameters selected is 

presented in Table 3. 

Table 3. Hyperparameters selected using GridSearch. 
Model Best Hyperparameters 

Random 

Forest 

n_estimators=300, max_depth=20, 

min_samples_split=2, 

min_samples_leaf=1, 

max_features='log2' 

Extra Trees n_estimators=100, max_depth=10, 

min_samples_split=2, 

min_samples_leaf=1, 

max_features='log2' 

Gradient 

Boosting 

n_estimators=100, learning_rate=0.2, 

max_depth=3, min_samples_split=2, 

min_samples_leaf=1, subsample=1.0 
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AdaBoost n_estimators=50, learning_rate=1.0, 

loss='square' 

XGBoost n_estimators=500, learning_rate=0.1, 

max_depth=3, subsample=1.0, 

colsample_bytree=1.0 

CatBoost iterations=500, depth=4, 

learning_rate=0.2 

SVR C=10.0, epsilon=0.01, kernel='rbf', 

gamma='scale' 

Elaborated by the Authors (2026). 

4. Results 

The predictive performance of the implemented 

ML models was evaluated using R², RMSE, and 

MAE metrics, providing complementary insights 

into both the accuracy and error magnitude of the 

predictions. Among the models tested, CatBoost 

achieved the highest overall performance, with a 

Test R² of 0.967, RMSE of 0.0270, and MAE of 

0.0147, indicating its strong ability to capture the 

complex, non-linear relationships between 

pressure, temperature, salinity, and hydrogen 

solubility. Gradient Boosting also performed well, 

with Test R² = 0.9533, RMSE = 0.0321, and MAE 

= 0.0156, slightly lower than CatBoost but still 

demonstrating robust predictive capabilities. 

Support Vector Regressor (SVR) exhibited a lower 

training R² (0.8799) compared to tree-based 

ensemble methods, suggesting more conservative 

fitting, yet its Test R² of 0.9431 indicates good 

generalization and low overfitting. XGBoost, 

Random Forest, and Extra Trees achieved 

moderate-to-high performance, with Test R² values 

ranging from 0.9069 to 0.9269, reflecting their 

ability to model non-linear interactions but slightly 

underperforming compared to CatBoost and 

Gradient Boosting. AdaBoost showed the lowest 

predictive accuracy among the models, with Test 

R² = 0.8485 and higher RMSE and MAE values, 

suggesting it may be less suited for capturing the 

complex relationships present in the dataset. 

Overall, ensemble-based gradient boosting models 

(CatBoost, Gradient Boosting, XGBoost) 

outperformed simpler or less regularized 

algorithms due to their sequential learning 

approach and ability to correct residual errors 

iteratively. The results also highlight the 

importance of hyperparameter optimization, as 

models tuned via GridSearchCV consistently 

achieved higher R² and lower RMSE/MAE values 

than typical default configurations. The models 

with higher performances are presented in Table 4. 

Table 4. Best results considering all data. 

Model All R² All RMSE 

CatBoost 0.9973 0.0125 

GradientBoo

sting 

0.9951 0.0169 

XGBoost 0.9942 0.0183 

Elaborated by the Authors (2026). 

5. Conclusion 

This study evaluated the application of ML models 

to predict hydrogen solubility in saline aqueous 

solutions, with the aim of supporting underground 

hydrogen storage strategies. Among the models 

tested, CatBoost demonstrated the highest overall 

performance, achieving an All R² of 0.9973, an All 

RMSE of 0.0125, and an All MAE of 0.0050, 

indicating excellent predictive accuracy and 

generalization. Gradient Boosting and XGBoost 

also showed strong performance, though slightly 

lower than CatBoost, reinforcing the effectiveness 

of gradient boosting methods for capturing 

complex, non-linear relationships in the dataset. 

Support Vector Regressor performed well in 

generalization, while simpler ensemble models 

such as Random Forest and Extra Trees exhibited 

moderate performance. AdaBoost presented the 

lowest predictive accuracy, suggesting limited 

suitability for this problem. 

Despite these promising results, some limitations 

must be noted. The dataset was relatively small, 

which may constrain model generalization, 

particularly in regions of extreme hydrogen 

solubility or uncommon salinity and temperature 

conditions. The study also did not assess the 

computational cost of each model, which is 

important for practical implementation in large-

scale or real-time systems. 

Future work should focus on expanding the dataset 

to include a wider range of salinity and temperature 

conditions, particularly in critical solubility 

regions. Alternative feature selection strategies, 

including those based on permutation or 

importance scores, could further enhance model 

interpretability and performance. Investigating 

neural networks or hybrid approaches may offer 
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additional gains by capturing complex, non-linear 

interactions that tree-based models may not fully 

represent. Finally, evaluating computational 

efficiency will provide practical guidance for 

selecting the most suitable models for operational 

hydrogen storage applications. 
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