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ABSTRACT

Efficient hydrogen (H2) storage remains a major challenge for clean energy applications. This study presents an AI-driven
methodology to optimize H2 storage in porous carbon adsorbents. A comprehensive dataset of 917 literature-derived entries
was used to develop two machine learning models: Random Forest (RF) and Convolutional Neural Network (CNN). Both
models accurately predicted hydrogen uptake based on material properties and experimental conditions. , with the CNN
achieving superior performance (R2 = 0.9353; RMSE = 0.0406). Within the range of the experimental dataset, the CNN
demonstrated strong interpolation performance, accurately predicting hydrogen uptake with a high coefficient of determination
(R2 = 0.9353) and a Root Mean Squared Error (RMSE) of 0.0406. The CNN was integrated into a multi-objective optimization
framework to maximize hydrogen uptake while minimizing average pore diameter (AVD). Through extrapolative optimization
beyond the training data range, the AI-driven technique and optimization method (AiDO) identified theoretical Pareto-optimal
solutions extending beyond the experimental dataset, predicting H2 uptake of up to 16.66 wt% at an AVD of 0.08 nm. While
these extrapolated solutions are not directly validated by experiments, constrained optimization scenarios (e.g., realistic pore-
size limits) provide physically meaningful design targets. The AI-driven technique and optimization method (AiDO) identified
material parameters beyond the experimental dataset, predicting H2 uptake of 16.66 wt% at an AVD of 0.08 nm. Sensitivity
analysis confirmed the robustness of the methodology to different normalization techniques. This approach demonstrates the
potential of combining predictive ML with optimization to accelerate the design of high-performance hydrogen adsorbents,
reducing experimental costs and supporting sustainable energy systems.

Introduction
The urgent need to decarbonize the transportation sector has intensified the search for viable clean energy storage solutions.
Hydrogen (H2), with its clean combustion properties, emerges as a promising alternative to fossil fuels. However, effective
hydrogen storage remains a critical challenge. Conventional methods, such as compression and liquefaction, are limited by
safety, efficiency, and cost. Material-based storage, based on chemisorption or physisorption, offers a safer and potentially
more efficient approach, particularly for vehicular applications.

Chemisorption involves the absorption of hydrogen in metal hydrides through ionic, covalent, or metallic-type bonds,
resulting in liquids or solids that release hydrogen upon heating or catalytic exposure1, 2. However, this method is typically
irreversible, with metal hydrides requiring high temperatures and chemical hydrides necessitating recycling for each charging
cycle. Physisorption, in contrast, attracts hydrogen molecules to sorbents like activated carbon (AC), zeolites, and metal-organic
frameworks (MOF) through weak van der Waals forces, allowing for reversible storage3–8.

Despite advances, near-ambient hydrogen uptake remains low due to weak interactions, making optimization of adsorbent
properties, such as specific surface area (SSA), pore volume, and average pore diameter (AVD), essential for achieving high
gravimetric and volumetric capacities9. To advance hydrogen-powered systems, the United States Department of Energy (DOE)
has established stringent targets for hydrogen storage systems10. Among the leading materials for reversible hydrogen storage,
ACs have been particularly effective due to their high porosity and surface area. Computational modeling has played a crucial
role in optimizing the pore structure and surface chemistry of ACs for enhanced hydrogen physisorption11–13. Improvements
focus on tailoring pore structures through controlled activation and modifying surface chemistry via elemental doping—such
as boron, aluminum, lithium, and calcium14–17. These efforts aim to meet the U.S. DOE’s targets for hydrogen storage by
reducing pressure requirements, improving both gravimetric and volumetric capacity, and lowering costs. However, low uptake
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at ambient conditions remains a key challenge due to weak hydrogen-adsorbent interactions. Achieving efficient storage at
near-ambient temperatures and safe pressures depends on optimizing parameters like specific surface area (SSA), pore volume,
and pore size distribution (PSD)15. Common strategies include precursor selection, carbonization, and activation (physical
or chemical), which enhance porosity and surface area18–20. Additionally, incorporating metal nanoparticles, such as nickel,
has been shown to improve hydrogen uptake from 0.15 wt% to 0.53 wt%20. Storage performance is typically evaluated at 77
K or 298 K under fixed pressures21, 22. Therefore a multidisciplinary approach, combining experimental and computational,
is essential for accelerating progress. While experimental data provides the foundation for understanding hydrogen-material
interactions, computational models offer insights into the underlying mechanisms at the atomic level. Furthermore, leveraging
the predictive power of artificial intelligence (AI), specifically machine learning (ML), can enable rapid prediction of hydrogen
uptake, accelerating the discovery of promising materials and optimization of storage conditions.

ML has emerged as a powerful tool for predicting gas adsorption in porous materials. Several studies have demonstrated
its application to methane (CH4)23–25 carbon dioxide (CO2)26–28, and hydrogen (H2) systems. Applications span a range of
materials, MOFs, COFs, zeolites, hydrides, and ACs. For instance, explainable ML models have been successfully used to
predict hydrogen uptake in MOFs, providing insights into structure–performance relationships and guiding material design29.
More broadly, representative ML studies in gas storage are summarized in Table 1, illustrating the range of models and target
gases. This comparison underscores the growing role of machine learning in materials design for energy storage and illustrates
the research gap that motivates the present work, namely the application of advanced models to hydrogen storage in activated
carbons.

For hydrogen storage, Rahnama et al. predicted material class and hydrogen content in metal hydrides using DOE data30, 31,
while Wang et al. modeled storage efficiency in metal hydride chambers37. Artificial neural networks (ANN) was used to
predict uptake in 28 zeolites from 349 data points at 77 K32. Anderson et al. combined molecular simulation and ML to explore
hydrogen storage in porous crystals38. ML models also assessed H2 uptake in MOFs, identifying key features like surface
area, pore volume, and operating conditions29, 33, 34. Additionally, in materials-oriented research, ML was applied to evaluate
magnesium-containing (Mg) intermetallic compounds for hydrogen storage and identified a promising candidate containing
beryllium (Be) for achieving high gravimetric hydrogen density39. For porous carbons, Kusdhany et al. predicted uptake at 77
K using textural and chemical data35, and Davoodi et al. compared four ML models for prediction performance36.

Although substantial experimental and computational efforts have improved hydrogen physisorption in activated carbons
by tailoring surface area, pore volume, pore size distribution, and surface chemistry, progress is still constrained by the
large combinatorial design space of precursors/activation strategies and by the cost and time associated with trial-and-error
experimentation13, 36, 40. In addition, reported adsorption data are often fragmented across different temperatures and pressures,
which complicates cross-study comparisons and limits direct transferability of empirical design rules. More recently, machine
learning has been introduced as a surrogate to predict hydrogen uptake from material descriptors and operating conditions;
however, most ML studies remain primarily predictive and are not systematically coupled to an optimization step that can
propose new combinations of material parameters and conditions and quantify trade-offs among competing design objectives
relevant to adsorbent design36, 41. While prior studies have used ML primarily for predictive modeling, this work introduces a
novel approach that combines ML with multi-objective optimization. Our method not only predicts hydrogen uptake but also
identifies optimal material parameters without relying on pre-existing experimental datasets. While prior work has largely
focused on prediction, some studies in related fields demonstrate the potential of combining ML with optimization. For example,
in chemical engineering, Alatefi et al. integrated ML with evolutionary and metaheuristic optimization to identify optimal
material and process parameters42.

Similarly, to address these limitations in hydrogen storage, this study proposes an AI-driven technique and optimization
framework (AiDO) for hydrogen storage in porous carbon adsorbents. The objectives are to: compile and curate a comprehensive
literature-derived dataset linking key textural/material descriptors and experimental conditions to hydrogen uptake; develop and
validate two predictive models (Random Forest and Convolutional Neural Network) to accurately estimate hydrogen uptake; and
integrate the best-performing model into a bi-objective optimization strategy to maximize hydrogen uptake while minimizing
average pore diameter, thereby generating Pareto-optimal design targets that can guide experimental synthesis. In summary,
this paper introduces a novel methodology to enhance hydrogen storage in porous carbon adsorbents by combining AI-driven
techniques and optimization methods (AiDO). The main novelty of AiDO is the tight coupling of a data-driven predictive
model with multi-objective optimization to move beyond prediction-only workflows and provide actionable, quantitatively
optimized parameter sets, supported by sensitivity analysis to ensure robustness against data preprocessing choices. While
prior studies have primarily focused on predictive modeling, our approach advances the field by integrating multi-objective
optimization to identify optimal parameters for maximizing hydrogen uptake. This dual strategy enables both accurate prediction
and data-driven material design, independent of existing experimental datasets. Key contributions include the creation of a
comprehensive dataset of 917 literature-derived data points, the development and validation of two ML models on this dataset,
the integration of these models into a multi-objective optimization framework, and the identification of optimal adsorbent
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Table 1. Overview of machine learning models applied for gas storage materials.Abbreviations are defined in the
Supplementary Material.

Study Application Dataset ML Model(s) Best Performance
Pardakhti et al.23 Predict methane up-

take in hypothetical
MOFs

130,398 MOFs DT, PR, SVM and RF
(8% of data trained)

RF (R2 = 0.98; MAPE =
7%)

Kim et al.24 Predict methane
isotherms at various
temperatures

4,951 CoRE-MOFs
with 8 features

Linear and non-linear
SVM, DT and RF

RF (R2 = 0.947; MAPE
= 3.903%)

Meng et al.25 Methane adsorption
on shale

Data from 20 cases ANN, RF, SVM and
XGBoost

XGBoost (R2 = 0.9781 ;
RMSE = 0.0053)

Abdi et al.26 Predict CO2 uptake in
MOFs

20 MOFs-based with
1,191 data points

CatBoost, LightGBM,
XGBoost, and RF

XGBoost (R2 = 0.9955;
RMSE = 0.5682)

Yuan et al.27 CO2 adsorption in
biomass carbons

527 data points; 11 fea-
tures

GBDT, XGB, and LGB GBDT (R2 = 0.84 ;
RMSE = 0.66)

Maheri et al.28 Improve ML for CO2
adsorption

Yuan et al.27 dataset
with 13 features

MGBR, MLP, LSTM,
and CNN

CNN (R2 = 0.8573;
MSE = 1.36)

Alatefi et al.29 Predict H2 storage ca-
pacity in MOFs

1729 dataset BRANN, LSSVM, and
ET

ET (R2 = 0.995; RMSE
= 0.1445).

Rahnama et al.30, 31 Predict metal hydride
class & hydrogen
weight percent

DOE metal hydrides
database

BDTR, BLR, NNR,
and LR

BDTR (R2 = 0.83;
RMSE = 0.0117862)

Alizadeh et al.32 Simulate and predict
hydrogen uptake abil-
ity of zeolite

28 zeolites; 349 experi-
mental data points

MLPNN, CFFNN,
GRNN, and RNN

CFFNN (R2 = 0.99429;
RMSE = – 0.058)

Salehi et al.33 Predict H2 storage ca-
pacity in MOFs

293 dataset MLP, SVM, RF, Cat-
Boost, LightGBM, XG-
Boost, and CMIS

CMIS (R2 = 0.982;
RMSE = 0.088).

Meduri et al.34 Enhance H2 uptake
prediction in MOFs

141 MOFs LR, RR, DT, SVR,
KNN, ET, RF, AB, GB,
and GRNN

ET (R2 = 0.9917; RMSE
= 0.1827).

Meduri et al.34 Enhance H2 uptake
prediction in MOFs

141 MOFs LR, RR, DT, SVR,
KNN, ET, RF, AB, GB,
and GRNN

ET (R2 = 0.9917; RMSE
= 0.1827).

Kusdhany et al.35 Hydrogen uptake in
porous carbon materi-
als

68 samples with 1745
data points

LR, SVR(L), SVR
(RBF), XGBT, RF

RF (R2 = 0.910; RMSE
= 0.542).

Davoodi et al.36 Hydrogen uptake in
porous carbon materi-
als

2072 data records GRNN, LSSVM, AN-
FIS, ELM

LSSVM (R2 = 0.9910;
RMSE = 0.1861).

This study Predict and optimize
H2 storage in porous
carbon adsorbents

917 literature-derived
data points

RF and CNN CNN (R2 = 0.9353;
RMSE = 0.0406)
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parameters, potentially reducing both experimental costs and development time.

Methods
Datasets description and processing
The data collection process utilized activated carbons (AC) for hydrogen storage in porous materials, incorporating 566
patterns derived from the work of Rahimi et al.41, as well as an additional 351 patterns extracted from previously published
research19, 21, 40, 43–72. All collected datasets are provided in the Supplementary Material.

Table 2 presents a statistical analysis of various variables related to adsorption and the characteristics of the adsorbent
materials. A numerical value 0, 1 and 2 was assigned to each type of adsorbent of activated carbon, biochar, and metal-doped
carbon, respectively. Same was done for the chemical activation agent that can be alkali, acidic, and metal chloride types. The
value 0 was assigned when no additional chemical agent was used. the numbers 1, 2, 3, 4, 5 and 6 corresponded to the use of
phosphoric acid (H3PO4), calcium oxide (CaO), zinc chloride (ZnCl2), carbon dioxide (CO2), sodium hydroxide (NaOH) and
potassium hydroxide (KOH), respectively. These numerical labels are purely categorical and serve only as identifiers without
any inherent mathematical relationship or physical significance. During data preprocessing, categorical variables were encoded
using these numerical labels. For the Random Forest model, this encoding is appropriate because tree-based algorithms partition
features through hierarchical splits rather than relying on numerical ordering. For the CNN model, the encoded categorical
variables are processed together with other inputs through nonlinear transformations within the network layers, allowing the
model to learn interactions between categorical and continuous features. Consequently, statistical operations such as averaging
or standard deviation calculations are not meaningful in this context. The activating agent ratio (Ratio) defined as the ratio of
the mass of the activation agent to the mass of the carbon precursor, has a mean of 1.42 with a standard deviation (STD) of 1.63.
The specific surface area (SSA) shows a mean of 2218.11 m2/g and an STD of 959.63. Micropore volume (Vmic) ranges from
0 to 2.01 cm3/g, with a mean of 0.87 and an STD of 0.51, while mesopore volume (Vmes) has a mean of 0.29 and an STD of
0.33. Pressure ranges from 0.70 to 298 bar, with a mean of 37.81 bar and an STD of 49.85. Temperature (Temp.) ranges from 1
to 303 K, with a mean value of 141.27 K and a standard deviation of 98.51. The amount of adsorbed hydrogen (H2), reported
as gravimetric Gibbs excess adsorption, ranges from 0 to 12.60 wt%, with a mean of 2.68 wt% and a standard deviation of 2.17.
The average pore diameter (AVD) has a mean value of 2.05 nm and a standard deviation of 0.50.

Table 2. Statistical analysis of dataset variables.

Mean STD Min Max
Adsorbent 0.00 2.00
Agent 0.00 6.00
Ratio 1.42 1.63 0.00 5.00
SSA (m2g−1) 2218.11 959.63 0.42 4310.00
Vmic (cm3g−1) 0.87 0.51 0.00 2.01
Vmes (cm3g−1) 0.29 0.33 0.00 1.80
Pressure (bar) 37.81 49.85 0.70 298.00
Temp. (K) 141.27 98.51 1.00 303.00
H2 (%wt) 2.68 2.17 0.00 12.60
AVD (nm) 2.05 0.50 0.00 4.43

All variables were normalized prior to model training to ensure that features with different numerical ranges contribute
comparably to the learning process and to improve numerical stability of the machine-learning models. The normalized
distributions of the variables are illustrated in Figure 1, highlighting the multivariate relationships between hydrogen storage
and the material descriptors and operating conditions included in the dataset. Figure 1 shows the normalized distribution of
the variables in the dataset revealing the complex and multivariate relationship between hydrogen storage and these variables.
Notably, the measurement conditions pressure and temperature, which affect the interaction between hydrogen molecules and
the adsorbent, are not uniformly distributed between the maximum and minimum limits of these variables. Because hydrogen
uptake is strongly dependent on operating conditions, a literature-curated dataset can exhibit uneven sampling of pressure and
temperature. As shown in Figure 1, pressure and temperature are not uniformly distributed across their ranges, which implies
that predictive performance will be most reliable near the densely sampled regions of (P,T ), and material ranking can be biased
if comparisons are made across varying measurement conditions. In this work, pressure and temperature are therefore treated
as explicit conditional inputs to the model alongside material descriptors (Agent, Ratio, SSA, Vmic, Vmes). Accordingly,
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model outputs should be interpreted as the predicted uptake at the specified (P,T ), and fair comparison of materials should be
performed by fixing (P,T ) to standardized conditions of interest. In contrast, the other variables show a uniform distribution of
the data.

Fig_total_Range.eps

Figure 1. Normalized distributions of the variables on the dataset.

Figure 2 shows that high values of Vmic, along with SSA, result in significant hydrogen storage for the ACs adsorbent.
This indicates that a higher SSA, combined with a lower proportion of micropore volume to total volume, favors hydrogen
adsorption. The relationship between micropore volume (Vmic), specific surface area (SSA), and hydrogen storage performance
is illustrated in Figure 2. The trend suggests that adsorbents with larger SSA and a lower proportion of micropore volume to
total volume, provide more adsorption sites, thereby enhancing hydrogen uptake. These results suggest that optimizing these
parameters could be crucial for developing more efficient adsorbents for hydrogen storage.

Fig_H2_SSA_2D.eps

Figure 2. Dataset plot showing the SSA, Vmic versus H2 (% wt).
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The AI-Driven methodology
Once the main dataset is assembled, the neural network training process begins with Max-Min Scaler normalization. Table 3
presents the maximum and minimum thresholds used for this normalization, which are set to aid in the extrapolation of results
during the optimization process.

Table 3. Maximum and minimum limits for normalization.

Variable Min Max
Adsorbent 0.00 2.00
Agent 0.00 6.00
Ratio 0.00 10.00
SSA (m2g−1) 0.00 5310.00
Vmic (cm3g−1) 0.00 4.00
Vmes (cm3g−1) 0.00 4.00
Pressure (bar) 0.00 298.00
Temp. (K) 0.00 303.00
H2 (%wt) 0.00 30.00
AVD (nm) 0.00 8.00

We developed a CNN architecture by tuning various hyperparameters with the Optuna framework. These hyperparameters
include the number of convolutional layers, the number of neurons per convolutional layer, kernel size, the number of pooling
operations, the kernel size of pooling layers, the number of dense layers, the number of neurons per dense layer, the activation
function, as well as the BatchNormalization and Dropout layers. Although CNN is typically associated with image processing,
1D-CNN has proven effective for tabular data by capturing local feature dependencies. In our architecture, the input vector
of material properties (SSA, Pore Volume, etc.) is treated as a 1D sequence. The convolutional layer applies learnable filters
across this sequence, extracting non-linear interactions between adjacent features—effectively performing automated feature
engineering—before passing the data to the fully connected layers. The final architecture of CNN, detailed in Table 4, comprises
a feature extraction procedure and a regression procedure. The network receives an input of 8 dimensions. The first layer is a
Conv1D layer with 64 filters, a kernel size of 2, and a ReLU activation function. It includes three fully connected layers (FC1,
FC2 and FC3) with 32, 8, and 32 neurons, respectively, and each using a ReLU activation function. To stabilize and accelerate
training, a BatchNormalization layer with a momentum of 0.98 and epsilon of 0.006 is applied after FC1. Before applying a
Dropout layer with a rate of 0.25, a multiplication operation is performed between FC1 and FC3. The output layer consisted of
1 neuron with a linear activation function, suitable for regression tasks.

Table 4. Chosen parameters for CNN and RF.

CNN Parameters
Input 8
Conv1D 64, 2, ReLu
Flatten –
FC1 32, ReLu
BatchNormalization 0.98, 0.006
FC2 8, ReLu
FC3 32, ReLu
Multiplication FC1xFC3
Dropout 0.25
Output 1, Linear
RF Parameters
Input 8
number of estimators 300
max depth 30
max features sqrt
Output 1

The CNN was trained using the RMSprop optimizer with Mean Squared Error (MSE) as the loss function, a batch size
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of 16, and for 200 epochs. During training, a learning rate reduction strategy was employed, beginning with a learning rate
of 0.004 and progressively decreasing it with a patience of 4 epochs, a reduction factor of 0.9, and a minimum learning rate
of 0.0001. The ModelCheckpoint function was utilized to save the weights of the best model from the 6 folds, facilitating
subsequent predictions on the test dataset. Performance was evaluated using the Root Mean Squared Error (RMSE) and the
coefficient of determination (R2), defined by the following equations:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2, (1)

where yi are the actual values and ŷi are the predicted values.

R2 = 1− ∑
n
i=1(yi − ŷi)

2

∑
n
i=1(yi − ȳ)2 , (2)

where ȳ is the mean of the actual values.
Table 4 also presents the baseline (RF) architecture used for comparison with the CNN, along with its hyperparameters. The

RF model uses 300 estimators, each with a maximum tree depth of 30. This setup aims to create a strong ensemble learning
method by averaging the predictions from multiple decision trees to improve accuracy and control overfitting. The comparison
between the RF baseline and the CNN architecture aims to evaluate the performance of traditional ensemble methods against
deep learning techniques in modeling complex patterns within the data.

Mono and Bi-objective Optimization in Optuna
As established in the literature, the relationship between average pore diameter (AVD) and hydrogen adsorption is complex
and influenced by factors such as pore shape, size distribution, temperature, pressure, and adsorbent properties. Generally,
micropores exhibit higher hydrogen uptake due to stronger adsorption forces at their walls, while mesopores show lower uptake
due to weaker forces. Therefore, after the models training, the CNN model was used by the Optuna optimizer to determine the
maximum potential of the ACs for hydrogen storage based on the AVD. The optimization procedure consisted of two steps: (i)
training the neural network to accurately predict hydrogen storage, and (ii) tuning input parameters to maximize H2 uptake
while minimizing AVD, according to the following objective function:

AV D = 4×
(

Vmic +Vmes

SSA

)
×103 (3)

It should be noted that the average pore diameter (AVD) is calculated from the specific surface area (SSA) and pore volume,
which introduces a degree of mathematical dependence between these structural descriptors. Therefore, the optimization
objectives are not entirely independent. In this study, AVD is interpreted as a structural constraint representing the characteristic
pore size of the adsorbent, while hydrogen uptake reflects adsorption performance. The multi-objective optimization is therefore
intended to identify synthesis conditions that balance high surface area with controlled pore structure, which is a common
practical consideration in porous material design.

The workflow adopted in this study integrates the dataset, AI model, and Optuna optimization framework, as illustrated
in Figure 3. The process begins with configuring the ANN architecture and Optuna hyperparameters, followed by loading
and preparing the dataset for model training. Figure 3 presents a diagram that outlines the dataset, AI model, and Optuna
optimization procedures, providing a comprehensive overview. The process begins with configuring the ANN and Optuna
parameters, followed by loading the dataset.

The ANN model was trained using a dataset comprising seven input parameters: Agent, Ratio, SSA, Vmic, Vmes, Pressure,
and Temperature. The model predicted H2 and AVD. Hyperparameter optimization was conducted using Optuna to refine the
ANN’s architecture. A multi-objective optimization approach was employed to maximize H2 production while minimizing
AVD, involving 1000 trials across the input parameter space. The optimal solutions were visualized on a Pareto front. Figure 4
provides a graphical representation of this optimization process.

The entire process was implemented using Python, with the Keras and scikit-learn (sklearn) libraries. The platform used for
this work is equipped with a 12th Gen Intel(R) Core(TM) i7-12700H processor, operating at 2.3 GHz and 16 gigabytes (GB) of
RAM (random-access memory).
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n_trials=1000

Max. H2 (Adsorbent, Agent, 
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Min. AVD ( SSA, Vmic, Vmes)

Figure 3. Diagram of AiDO methodology.
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Figure 4. ANN model and Optuna optimization parameters.

Results and Discussion

The dataset, focused on hydrogen storage using activated carbons (AC), included 566 patterns from Rahimi et al.41 and 351
from other studies. It covers variables related to adsorption and adsorbent properties, such as activation agent type, activating
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agent ratio (mass ratio of agent to carbon precursor), specific surface area (SSA), micropore (Vmic) and mesopore (Vmes)
volumes, average pore diameter (AVD), pressure (0.70–298 bar), temperature (1–303 K), and hydrogen uptake (0–12.60 wt%).

Examining correlations among variables helps identify which features most strongly influence hydrogen uptake and can
guide feature selection or interpretation of model outputs. It also highlights potential dependencies between derived and
fundamental descriptors. The correlation matrix of the dataset, displayed in Figure 5, reveals key relationships between
variables. SSA, Ratio, and Agent exhibit moderate positive correlations with H2 uptake, proving that increases in these variables
enhance hydrogen storage. Vmic also shows positive, though weaker, correlation. In contrast, temperature has a moderate
negative correlation, confirming that lower temperatures are essential for effective hydrogen storage.Pressure and AVD exhibit
weak negative correlations, implying minimal impact on storage. The negative correlation with AVD indicates that smaller pore
diameters favor higher hydrogen uptake. However, since AVD is derived from Vmic and SSA, as shown in Equation (3), its
effect reflects the combined influence of these parameters: maximizing the surface area while minimizing the average pore
diameter increases hydrogen uptake. When considering the pore size distribution in more detail, specifically, maximizing Vmic
(pores < 2 nm) and minimizing Vmes (pores between 2–5 nm) leads to improved hydrogen storage performance.

In order to evaluate the model’s performance and insights, this section is divided into three subsections: Machine Learning
Results, Optimization Results and Sensitivity Analysis. First, we compare predicted H2 uptake values from the developed
model to the collected data to assess its accuracy. Second, the optimization results are presented to highlight the model’s
potential in identifying optimal hydrogen storage conditions. Finally, a sensitivity analysis is conducted by restricting SSA and,
subsequently, both SSA and temperature within dataset boundaries to explore model behavior under constrained conditions.

Correlation_Nature_Style.eps

Figure 5. Correlation matrix of selected material properties and H2 storage metrics. The heatmap displays the Pearson
correlation coefficients between various parameters, with red indicating positive correlations and blue indicating negative
correlations.

The Machine Learning Results
Two machine learning models were developed and trained: a Random Forest (RF) and a Convolutional Neural Network (CNN).
Their performance was evaluated using cross-validation, with results summarized in Table 5 in terms of Root Mean Squared
Error (RMSE) and the coefficient of determination (R2). Both models demonstrated strong predictive capabilities. The CNN
achieved the best result in Folder 4, with an RMSE of 0.0406 and an R2 of 0.9353, indicating high accuracy and model fit.

The CNN was trained using the RMSprop optimizer with Mean Squared Error (MSE) as the loss function, a batch size
of 16, and for 200 epochs. Figure 6 illustrates the CNN’s convergence during training and validation in Folder 5, illustrating
that the model effectively learns the underlying patterns in the dataset. The validation curve (in blue) closely follows the
training curve (in red), both showing a decreasing oscillation trend over time. At epoch 184, the training MSE in Checkpoint
was 0.0003,indicating effective learning from the training data, while the validation MSE was 0.0003. that the model achieves
stable learning without overfitting. This convergence is important because it demonstrates that the CNN is capable of reliably
predicting hydrogen uptake for unseen data, ensuring the robustness of subsequent optimization results.
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Table 5. CNN and RF performance metrics (RMSE and R2) for each fold.

Fold CNN RF
Test R2 Test R2

1 0.0461 0.9162 0.0475 0.9113
2 0.0460 0.9167 0.0437 0.9247
3 0.0447 0.9214 0.0465 0.9148
4 0.0406 0.9353 0.0443 0.9228
5 0.0465 0.9148 0.0411 0.9337
6 0.0460 0.9166 0.0470 0.9129

ConvergenciaMSE_Nature.eps

Figure 6. Convergence curves of the CNN during training (red) and validation (blue) in Folder 1, using RMSprop optimizer
and MSE loss over 200 epochs.

Table 6 presents the test results, including standard deviations (STD), for both CNN and RF models. Both models achieved
a mean training RMSE of 0.0450, and an R2 value of 0.92. While the CNN model exhibited lower standard deviations for both
RMSE and R2, the RF outperformed in fold 5 (Table 5).

Table 6. RMSE and R2 test results with standard deviation (STD) using CNN and RF.

ML RMSE STD R2 STD
CNN 0.0450 0.0021 0.9202 0.0071
RF 0.0450 0.0022 0.9200 0.0079

Validating the model’s predictive accuracy ensures that it reliably captures the relationships between input features and
hydrogen uptake, which is critical before using the model for optimization. The correlation between real H2 values (from the
dataset, y-axis) and model-predicted H2 values (x-axis) using the CNN is presented in figure 7. The strong linear relationship
between the two datasets, quantified by an R2 value of 0.94, indicates that the model captures 94% of the variation in actual H2,
demonstrating the model’s solid performance and predictive accuracy. Furthermore, the near overlap of the regression line
(green), given by the equation y = 1.00x+0.00, with the reference line (red, y=x), which represents an ideal scenario where
predicted values perfectly match real values, further confirms the strong agreement between the predicted and actual hydrogen
uptake. This validation is crucial because it confirms that the model can be trusted for subsequent optimization tasks, where
accurate predictions are needed to identify promising material designs.

Optimization Result
Optimization aims to find the best solution(s) for one or more objectives by maximizing performance or minimizing value
within defined constraints. In this study, we aimed to maximize hydrogen uptake while achieving an optimal average pore
diameter (AVD), a critical parameter for effective hydrogen storage. AVD was calculated as part of the analysis, and among all
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R2_test_Final.eps

Figure 7. Real (from dataset) versus Predicted test data of hydrogen uptake using the CNN model. The red dashed line
(Reference line: y=x) represents the ideal scenario where predicted values perfectly match the real data. Blue dots (Data points)
show the individual predictions, and the green line (Regression line) illustrates the best-fit trend. The displayed R2 value and
regression equation show the model’s predictive accuracy on the test dataset.

trained targets, hydrogen storage capacity is the only property where higher values are always better, whereas other indicators
are adjusted depending on the requirements of specific applications.

In multi-objective optimization, the outcome is a Pareto front which is a set of optimal solutions that illustrate trade-offs
between conflicting objectives. Unlike mono-objective problems, which yield a single best result, multi-objective problems
identify knee points on the Pareto front, where small improvements in one objective lead to significant compromises in others73.
Figure 8 presents the Pareto front illustrating the trade-off between H2 uptake and AVD obtained through the optimization
process. To investigate this trade-off, three representative points were selected: one with the lowest AVD, one with the highest
H2 uptake, and a third near the knee point, representing a balanced compromise between the two objectives.

The corresponding values for Agent, Ratio, SSA, Vmic, Vmes, Pressure, and Temperature are summarized in Table 7. A
key novelty of this study is that the optimized model generated these parameter sets, which were not present in the original
experimental data, demonstrating its potential to design novel synthesis conditions. For instance, the "Knee Point" solution
predicts a high H2 uptake of 16.66 %wt at an exceptionally low AVD of 0.08 nm. As shown in the table, achieving this requires
an Agent of 3.00, a Ratio of 2.81, and an SSA of 5292.48 m2g−1, among other conditions.

Table 7. Optimized parameters for three representative solutions from the Pareto front: minimizing AVD (Min. AVD),
maximizing H2 uptake (Max H2), and near the knee point (Knee).

Min. AVD Knee Max. H2
Adsorbent 0.00 0.00 0.00
Agent 3.00 3.00 4.00
Ratio 1.96 2.81 2.81
SSA (m2g−1) 5309.43 5292.48 5292.48
Vmic (cm3g−1) 0.06 0.06 0.06
Vmes (cm3g−1) 0.05 0.05 1.28
Pressure (bar) 32.70 111.72 26.27
Temp. (K) 7.74 112.68 121.75
H2 (%wt) 3.11 16.66 18.67
AVD (nm) 0.08 0.08 1.01

Figure 9 provides a comparative visualization of the three representative Pareto solutions, normalized according to the
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fig_pareto_nature_style_EN.eps

Figure 8. Pareto front solutions illustrating the trade-off between H2 uptake and AVD, as obtained from the optimization
process. Gray circles represent Pareto-optimal solutions, the green circle indicates the minimum AVD solution, the blue square
the maximum H2 solution, and the red diamond the knee (compromise) solution.

global optimization limits enabling the direct comparison across the different parameters. To better understand how different
Pareto-optimal solutions balance competing objectives, it is useful to compare their characteristics across all relevant parameters.
A radar chart provides an effective visualization for this purpose, allowing the simultaneous assessment of adsorbent descriptors,
structural properties, operating conditions, and performance objectives. The normalized radar chart, (figure 9), highlights how
each solution prioritizes different trade-offs between adsorbent characteristics (adsorbent, agent, ration), structural properties
(SSA, Vmic, Vmes), operating conditions (pressure and temperature), and performance objectives (AVD and H2 uptake). The
knee solution (presented in blue) offers the most balanced trade-off, achieving the maximum normalized AVD score (1.0) while
retaining a high H2 score (0.56). In contrast, the remaining solutions correspond to extreme cases: the “Max. H2” profile (in
red) maximizes H2 (1.0) at the expense of AVD (0.0), whereas the “Min. AVD” profile (in green) exhibits the opposite behavior.

pareto_solutions_radar_chart.eps

Figure 9. Normalized radar chart comparing the parameters of the three representative Pareto front solutions: Min. AVD
(green), Knee (blue), and Max. H2 (red). All parameters are scaled according to the global optimization limits.

To evaluate the ability of the AI-driven framework to propose novel material designs beyond existing data, it is informative to
compare optimized solutions with the original dataset. This comparison demonstrates whether the model can identify promising

/

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



candidates that surpass previously observed performance. The trade-off between the original dataset and the Pareto-optimal
solutions is presented in Figure 10. Figure 10 plots the optimized Pareto front against the original experimental dataset. The
figure clearly illustrates the model’s primary capability: it identifies optimal solutions (gray circles) that lie far beyond the
range of the original data (blue dots). This demonstrates that the AI-driven approach can design novel parameters, achieving
significantly higher H2 uptake at low AVD values than what was previously observed in the experimental data.

fig_pareto_nature_style_EN_dataset.eps

Figure 10. AVD–H2 trade-off between the original dataset and Pareto-optimal solutions. Blue dots show the original data,
gray circles the Pareto front, and the red diamond the knee point.

Figure 11 compares the normalized values of the optimized solutions against the original dataset’s range and the absolute
extrapolation limits. This normalization scheme was designed to allow the model to extrapolate beyond the maximum values of
the original experimental data (yellow diamonds). The figure clearly indicates that the optimizer pushed the values for SSA
and Pressure to their maximum extrapolation limit (red stars), exceeding the dataset’s original maximum. Conversely, the
optimized values for other parameters, such as H2, AVD, Ratio, and Vmic, did not reach their upper limits. This suggests
that achieving H2 values significantly higher than those in the original dataset requires exploring SSA and Pressure values far
beyond existing experimental data.

Sensitivity analysis
To assess the sensitivity of our methodology, we applied the Optuna-CNN combination using various constraints. This
analysis aimed to evaluate the impact of different constraint approaches on model performance and optimization outcomes. By
comparing the results from different constraints, we can identify the most effective method for enhancing the accuracy and
generalization capabilities of the CNN model when predicting hydrogen adsorption in ACs.

Restricted SSA
The aim of this analysis was to provide insights into the model’s ability to optimize hydrogen adsorption within realistic
experimental boundaries. Figure 12 presents the Pareto front for both objectives when SSA was limited to 4300 m2/g. The
resulting Pareto front shows that the model struggles to achieve high H2 uptake under this limitation, peaking significantly
lower than the main optimization results. This contrasts with the Pareto front in Figure 10, which shows the model identifying
solutions with much higher H2 uptake (up to 18.67 %wt when not restricted by the dataset’s maximum SSA values. The
optimization under the SSA constraint indicates a clear trade-off: within this limited range, higher H2 uptake is only achieved
at the expense of higher AVD values.

Restricted SSA and Temperature
A second analysis constrained both SSA to 4300 m2g−1 and temperature to 77 K, with the resulting Pareto front shown in
Figure 13. As noted in the text, fixing the temperature at 77 K (a highly favorable condition for physisorption) allowed the
model to find solutions with higher H2 uptake compared to the SSA-only constraint scenario (Figure 12).

However, the performance in this scenario is still significantly lower than the unrestricted optimization shown in Figure 10,
which achieved H2 uptake as high as 18.67 %wt. This comparison reinforces the insight from Figure 10: the model’s ability to
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Fig_Range_DiffMarkers.eps

Figure 11. Normalized values of the optimized variables compared to data limits. The scatter plot shows the optimized values
(green) alongside the minimum (blue) and maximum (yellow) data points, as well as the defined minimum (black) and
maximum (red) range for each variable.

fig_pareto_nature_style_EN_dataset_SSA_4300.eps

Figure 12. AVD–H2 trade-off between the original dataset and Pareto-optimal solutions with SSA at limit 4300 m2g−1. Blue
dots show the original data, gray circles the Pareto front, and the red diamond the knee point.

predict breakthrough H2 values in the main optimization relied heavily on its freedom to extrapolate SSA values far beyond the
4300 m2/g limit.

Overall, Figure 13 underscores the model’s capability to efficiently manage these more realistic dual constraints, identifying
the optimal trade-offs achievable within those given boundaries.

Figure 14 illustrates the optimization under the most severe constraints applied, limiting SSA to 2000 m2g−1 while fixing
temperature at 77 K. The impact of this SSA restriction is drastic when compared to the main optimization (Figure 10). While
the unrestricted model predicted H2 uptake above 18 %wt by extrapolating SSA to high values, this scenario struggles to exceed
8 %wt, demonstrating that a high SSA was the most critical factor for achieving the breakthrough results in Figure 10.

Furthermore, this scenario’s performance is significantly lower than the intermediate constraint (Figure 13), which used a
4300 m2g−1 SSA limit at the same 77 K temperature and achieved results around 12.5 %wt. By reducing the SSA limit from
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fig_pareto_nature_style_EN_dataset_4300_77K.eps

Figure 13. AVD–H2 trade-off between the original dataset and Pareto-optimal solutionswith a temperature limit of 77 K and
an SSA limit of 4300 m2g−1. Blue dots show the original data, gray circles the Pareto front, and the red diamond the knee point.

4300 to 2000 m2g−1, the model’s predicted H2 capacity was nearly halved, confirming that SSA, not just temperature, acts as a
primary bottleneck.

Overall, the Pareto front in Figure 13 is the one that most closely resembles the original experimental dataset (the blue
data points). It validates the model’s ability to optimize within realistic boundaries, but it also confirms that achieving
high-performance H2 storage is not possible without developing materials that substantially exceed an SSA of 2000 m2g−1.

fig_pareto_nature_style_EN_dataset_2000_77.eps

Figure 14. AVD–H2 trade-off between the original dataset and Pareto-optimal solutionswith a temperature limit of 77 K and
an SSA limit of 2000 m2g−1. Blue dots show the original data, gray circles the Pareto front, and the red diamond the knee point.

Physical Plausibility of Optimized Designs
Table 8 summarizes the results of the sensitivity analysis, comparing the optimal compromise solution (Knee Point) across the
four optimization scenarios. This comparison highlights the trade-offs between H2 uptake and AVD under varying experimental
constraints.
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The main optimization (referenced as Figure 10), which used the full normalization limits for extrapolation, identified an
ideal knee point at 16.66 %wt and a derived AVD of 0.08 nm. This sub-ångström AVD should be interpreted as an extrapolation-
driven, equivalent-diameter outcome rather than a physically accessible pore width. In this work, the “average pore diameter”
(AVD) is an equivalent diameter computed from the ratio of total pore volume to specific surface area (Eq. 3), rather than
a directly measured minimum pore width. As a consequence, when the optimizer pushes the pore-volume-to-surface-area
ratio toward extreme values during unconstrained extrapolation, the derived AVD can drop to sub-Ångström values. The
unconstrained knee-point solution (16.66 wt% at AVD = 0.08 nm; Table 8) should therefore not be interpreted as a physically
accessible pore size in porous carbons. This value is far below the kinetic diameter of H2 (∼ 0.289 nm), implying that such
“pores” would not be accessible to hydrogen molecules and lie outside the physically meaningful range of porous-carbon
textural characterization74. In addition, commonly used pore-size classifications place ultramicropores below ∼ 0.7 nm, which
already represents the smallest practically relevant micropore range for adsorption75. The constraint-based sensitivity analysis
(Table 8) provides a physically meaningful interpretation of the optimization results. When the search space is limited to
experimentally realistic bounds, the compromise (knee-point) solutions shift to AVD ≈ 0.7 nm (Constraints 1–2) and AVD
≈ 1.1 nm (Constraint 3), along with lower but more credible H2 uptake values. These AVD values fall within the microporous
regime and are consistent with the idea that pores around 0.6–0.7 nm can enhance H2 uptake per unit surface area at cryogenic
temperatures and elevated pressures due to overlapping adsorption fields from opposing pore walls76. Accordingly, we view the
unconstrained solution as a theoretical upper bound enabled by extrapolation, whereas the constrained solutions in Table 8
define a physically plausible design space for porous carbons and provide more practical guidance for experimental synthesis
and validation. When the first constraint was applied (Figure 12), limiting only the SSA to 4300 m2g−1, the performance
remained high at approximately 15.8 %wt, though at a higher AVD of ≈ 0.7 nm. However, when the temperature was also
realistically constrained to 77 K (Figure 13), the optimal compromise dropped to approximately 12.5 %wt. Finally, the most
severe constraint scenario, depicted in Figure 14 (and labeled as Constraint 3 in the table), limited the SSA to 2000 m2g−1 and
the temperature to 77 K. This caused a significant performance drop to ≈ 6.5 %wt, a value much closer to the original dataset.
This comparison demonstrates that the high SSA values (enabled by extrapolation) were the most critical factor in achieving
the breakthrough H2 storage performance predicted in the main optimization.

Table 8. Comparison of Compromise Solutions (Knee Points) across all optimization scenarios.

Optimization Scenario Applied Constraints Compromise Solution (Knee Point)
Main optimization (Figure 10) limits of normalization 16.66 %wt @ 0.08 nm
Constraint 1 (Figure 12 ) SSA ≤ 4300 m2g−1 ≈ 15.8 %wt @ ≈ 0.7 nm
Constraint 2 (Figure 13) SSA ≤ 4300 m2g−1 and Temp ≤ 77 K ≈ 12.5 %wt @ ≈ 0.7 nm
Constraint 3 (Figure 14) SSA ≤ 2000 m2g−1 and Temp ≤ 77 K ≈ 6.5 %wt @ ≈ 1.1 nm

To contextualize the optimization output, we benchmark the knee-point excess H2 uptake values in Table 8 against
literature-reported ranges for gravimetric excess adsorption under cryogenic conditions. For activated carbons at 77 K, multiple
studies report an apparent upper envelope near ∼6–7 wt% excess, even for highly activated samples, reflecting a practical
saturation of cryogenic physisorption performance for conventional carbons20. Encouragingly, our most restrictive scenario
(Constraint 3: SSA ≤ 2000 m2 g−1 and T ≤ 77 K) yields a knee-point of ∼6.5 wt% excess, which aligns closely with this
established benchmark. In contrast, relaxing the textural constraint while maintaining cryogenic operation (Constraint 2: SSA ≤
4300 m2 g−1 and T ≤ 77 K) increases the predicted compromise value to ∼12.5 wt% excess (Table 8). A common heuristic for
cryogenic excess adsorption (often referred to as Chahine’s rule) suggests roughly ∼1 wt% excess per ∼500 m2 g−1 increase in
surface area at 77 K, implying ∼8–9 wt% excess for SSA ≈ 4300 m2 g−1; therefore, the higher predicted value indicates that
the optimization is also leveraging favorable pore-structure descriptors within the allowable bounds of the search space77. For
comparison, benchmark high-surface-area porous materials such as MOF-177 have reported surface-excess uptakes on the order
of ∼7–8 wt% under comparable cryogenic/high-pressure testing20. Overall, these comparisons indicate that the constrained
optimum most representative of conventional materials (Constraint 3) falls within well-established experimental ranges,
whereas the higher-uptake constrained solutions should be regarded as ambitious performance targets requiring experimental
confirmation.

Study Limitations and Future Recommendations
The application of the proposed model is subject to several limitations. First, the training dataset is largely clustered around
common experimental conditions, particularly temperatures near 77 K and 298 K, which are widely used in hydrogen adsorption
measurements. As a result, predictions at intermediate or less-represented conditions rely on the model’s interpolation
capabilities and may carry additional uncertainty. Second, the optimization algorithm identified candidate solutions associated
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with specific surface area (SSA) values exceeding 5000 m2/g, whereas the maximum SSA observed in the training dataset is
approximately 4300 m2/g. These predictions therefore represent model extrapolation beyond the available data range and should
be interpreted as hypothetical material designs that require experimental validation. Future work could improve the robustness
of the framework by expanding the dataset with additional experimental measurements and by integrating physics-informed
constraints to ensure that optimized material parameters remain within physically realistic ranges.

Conclusion and Future Work
This research explored the application of artificial intelligence to optimize hydrogen storage in porous carbon adsorbents. By
developing predictive machine learning models and integrating them into an optimization framework, we aimed to maximize
hydrogen uptake (wt%) while minimizing average pore diameter (AVD).

We utilized a comprehensive dataset of 917 data points extracted from the literature to develop two models: Random
Forest (RF) and Convolutional Neural Network (CNN). Both models demonstrated strong capabilities in accurately estimating
hydrogen uptake based on material properties (Agent, Ratio, SSA, Vmic, Vmes) and experimental parameters (Pressure and
Temperature). The CNN model, in particular, exhibited satisfactory performance with an RMSE of 0.0406 and an R2 of 0.9353.
The model demonstrated high accuracy in interpolation tasks within the dataset range. In the subsequent optimization phase,
the framework explored extrapolative regions of the design space, identifying theoretical material configurations with predicted
hydrogen uptake values beyond those currently reported in experimental datasets. These models were then integrated into an
optimization framework to identify optimal properties and parameters that maximize hydrogen storage while minimizing large
average pore diameters. The strong linear correlation between actual and predicted H2 uptake values, with a correlation of
94%, underscores the model’s predictive power. The optimized CNN model successfully predicted hydrogen uptake values
without solely relying on an existing dataset, showcasing its capability to generate optimal parameters beyond the range of the
experimental data. For instance, at the knee point, the model predicted a H2 uptake of 16.66% by weight with an AVD of 0.08
nm.

Additionally, the research examined the sensitivity of the methodology to different data normalization, further validating
the robustness of the Optuna-CNN approach in optimizing hydrogen storage conditions. The ability to design parameters that
achieve high hydrogen uptake highlights the practical implications of this study, potentially reducing experimental time and
costs in the development of porous carbon adsorbents for hydrogen storage.

Future research could explore incorporating additional material properties, such as different activation agents, to enhance
predictive accuracy further. Moreover, applying these methodologies to other types of adsorbents, like metal-organic frameworks
(MOFs), or different adsorbates, such as CO2 or methane, could broaden the scope and impact of this work, potentially leading
to significant advancements in gas storage and related fields.

From an industrial perspective, the developed AiDO framework can function as a virtual high-throughput screening tool for
porous carbon design. Instead of physically synthesizing and characterizing a large number of candidate materials, researchers
can use the trained models to evaluate thousands of potential combinations of synthesis conditions and structural parameters.
This enables the identification of promising material configurations prior to experimental validation, significantly reducing
the time and resources required for material discovery. The optimized parameter ranges generated by the framework can then
guide targeted synthesis and experimental testing, thereby accelerating the development of high-performance hydrogen storage
materials.

Data availability
All data generated or analysed during this study are included in this published article and its supplementary information files.

Supplementary material
Abbreviations used in Table 1 (Representative ML studies on gas storage materials):
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