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A B S T R A C T

The strong adsorption of hydrogen (H2) in nanoscale space resulting from non-negligible gas-solid interaction 
greatly impacts underground H2 storage and recovery efficiency in shale reservoirs. Clarifying H2 adsorption 
behaviors from a microscopic perspective is crucial for advancing a green and low-carbon economy. However, 
molecular simulations of adsorption behaviors are limited to the single nanopores ignoring complex pore 
structures, while pore-scale simulations suffer from accuracy issues and high computational resource demands. 
This paper presents a methodology that integrates molecular simulation, pore-scale simulation, and machine 
learning to simulate and predict the density distribution of gas in nanoporous media. First, an improved lattice 
Boltzmann model is developed by incorporating a source term condition into the bulk region, coupled with 
density distribution from molecular simulations, to accurately and efficiently calculate the H2 density distribu
tion in various nanoporous media under specific temperature and pressure conditions in a single simulation. 
Second, 2538 pore structures from various nanoporous media are extracted using the watershed algorithm. The 
features of these pore structures and the gas mass within each pore structure are then calculated. Considering 6 
pressures, and 2 types of minerals (kerogen and montmorillonite), a total of 30456 machine learning data sets are 
generated. Subsequently, an artificial neural network is successfully trained to predict the gas mass in arbitrary 
pore structure with a high coefficient of determination and minimal root mean square error. Finally, utilizing the 
trained artificial neural network, the H2 storage capacity in a shale kerogen digital core with 5419 pore struc
tures is rapidly predicted, showing the mass of adsorbed gas accounted for 70.48% of the total gas mass. This 
model is versatile and applicable to various fluid adsorption behaviors in nanoscale environments, including 
shale oil/gas adsorption, CO2 adsorption, and H2 adsorption, which has significant implications for enhancing oil 
and gas recovery and promoting a green low-carbon economy.

1. Introduction

Burning fossil fuels in various industrial activities contributes to 
approximately 74% of greenhouse gas emissions, significantly impact
ing global warming and climate change [1,2]. Conversely, due to its high 
energy carrier and combustion only generating water, hydrogen (H2) 
has emerged as a promising avenue for converting fossil fuels to envi
ronmentally friendly and low-carbon energy resources. The European 
Green Deal prioritizes clean H2 as a key area to achieve net-zero 

greenhouse gas emissions by 2050 [3]. However, compared to 
methane (CH4), the storage of H2 necessitates a larger volume because of 
the lower volume/energy density, posing challenges in meeting energy 
storage demands [4]. Underground hydrogen storage (UHS) in depleted 
reservoirs presents an effective solution to the considerable challenges 
of H2 storage, which is achieved through trapping by stratigraphic 
structure, pore space, multiphase capillary force, dissolution, adsorp
tion, mineral trapping, microbial interactions, etc [5–12]. Among the 
methods of UHS, because of the high specific surface area and 
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adsorption behaviors in nanoscale pore space, the depleted shale res
ervoirs can effectively store a large amount of H2 [13,14]. Additionally, 
shale can act as an effective sealing layer, preventing H2 leakage [15], 
with up to 73% of the injected H2 can be withdrawn through depres
surization [16]. As a result, the high storage and withdrawal capacity of 
depleted shale reservoirs makes them a potential approach for H2 stor
age in depleted reservoirs. Due to the similar size of gas molecules and 
pores in shale reservoirs, the strong adsorption characteristics are 
significantly influenced by the non-negligible gas-mineral molecular 
interactions, which greatly affect H2 storage capacity. However, unlike 
the beneficial adsorption effects on the permanent storage of CO2, 
although H2 adsorption can enhance H2 storage capacity, it is not 
conducive to H2 release [17,18]. Therefore, it is essential to study the 
adsorption behavior of H2 from the microscopic perspective.

Currently, macroscopic adsorption behaviors of gases (H2, CO2, CH4) 
in shale nanopores have been explored through experiments and nu
merical simulations [19–21]. Liu et al., 2019 studied CO2–CH4 
competitive adsorption using low-field Nuclear Magnetic Resonance 
(NMR). Under a fixed CH4 pressure of 3 MPa and varying CO2/CH4 
pressure ratios, they observed that the adsorption capacity of CH4 de
creases from approximately 1 cm3/g to 0.3 cm3/g as the pressure ratio 
increases from about 1 to 2, due to the significant competitive adsorp
tion of CO2 [22]. Klewiah et al., 2020 provided a comprehensive review 
of experimental research on CO2–CH4 adsorption in shale, highlighting 
the significant influences of mineral types, kerogen maturity, and 
pressure [23]. Abid et al., 2022 applied a PCTpro analyzer to measure 
the adsorption capacities of H2 and CH4 in shale, and the results revealed 
that the H2 adsorption increases by approximately 170% at 2.5 MPa and 
350 % at 4.28 MPa at 303 K, with adsorption trends following type IV 
isotherm curves [24]. Alanazi et al., 2023 analyzed the effects of total 
organic content (TOC = 13%–18%) and pressure (0.1–10 MPa) on H2, 
CO2, and CH4 adsorption in actual Jordanian source rocks [25]. The 
findings revealed a noteworthy reduction in H2 adsorption compared to 
CO2 and CH4 as TOC increases, with H2 adsorption decreasing from 0.5 
mol/kg to 0.18 mol/kg at 9 MPa for the lowest and highest TOC. Wang 
et al., 2024 performed H2 adsorption and diffusion experiments in shale 
samples at high pressure and elevated temperatures [26]. They reported 
that the H2 adsorption amounts to approximately 65%–80% of CH4 
adsorption, with adsorption capacity positively correlated with pressure 
and negatively correlated with temperature. Liu et al., 2024 utilized the 
Computer Modeling Group to simulate H2 storage in a depleted shale gas 
reservoir [16]. They found that after five injection/withdrawal cycles, 
the average recovery reached 22%, with approximately 73% of the 
injected H2 being recoverable in the fifth cycle. Singh, 2022 adopted a 
numerical approach to investigate the H2 storage capacity in depleted 
horizontal shale gas wells [27], discussing the effects of cycle duration 
(injection and production) on H2 recovery and purity. The results indi
cated that the H2 recovery increases and purity decreases with cycle 
duration, attributed to the increasing injected cumulative H2 and the 
similar in-place cumulative H2 after production. Additionally, the H2 
purity decreases with cycle duration possibly reason of the geological 
and non-geological parameters. However, macroscopic experiments and 
numerical simulations capture only macroscopic adsorption character
istics and cannot analyze the mechanisms of multifactor influences on 
adsorption from a microscopic perspective.

Instead, molecular simulation (MS) can model adsorption behaviors 
in nanopores, enabling analysis of the adsorption mechanisms from the 
perspective of molecular interaction forces [28–32]. Ho et al., 2024 
investigated the H2–CH4 adsorption in Duvernay shale and Berea 
sandstone using NMR and MS [18]. NMR experiments revealed the 
presence of both free and adsorbed H2 in shale, while only free gas is 
detected in sandstone, with approximately 10% H2 lost due to adsorp
tion/desorption behaviors. These observations were subsequently 
explained effectively by MS. Wang et al., 2023 applied the 
reservoir-scale simulations to explore H2 storage capacity in shale res
ervoirs, based on the thermodynamics and transport mechanisms of H2 

in nanopores derived from MS. The results revealed that H2 shows a 
preference for greater storage in unconventional reservoirs due to the 
adsorption effect, in contrast to conventional reservoirs [33]. Raza et al., 
2023 employed a molecular parallel simulator (LAMMPS) to investigate 
H2 adsorption in organic matter, accounting for the effects of CH4, 
pressure and temperature, showing that the adsorption is influenced by 
these factors, with the Langmuir model effectively predicting H2 
adsorption [34]. Zhang et al., 2024 employed Grand Canonical Monte 
Carlo (GCMC) simulations to model H2 and cushion gas adsorption in 
kerogen and montmorillonite (MMT) nanopores. The results indicated 
that the excess adsorption of H2 in kerogen nanopores is approximately 
2 times as large as in MMT nanopores, thereby affecting the storage 
capacity [17]. Shang et al., 2024 applied GCMC and molecular dynamics 
simulations (MDS) to investigate the dependence of H2 adsorption 
behavior on pore size (1–20 nm), pressure (up to 30 MPa), and tem
perature (303–423 K). Deng et al., 2022 investigated the adsorption of 
H2 in calcite silt nanopores applying GCMC and MDS, and the density 
distribution of pure H2 shows that the peak density of adsorption H2 is 
about 2.5 times that of the bulk density [35]. The results suggested that 
the shale reservoirs are more favorable for UHS with pore size larger 
than 5 nm, lower temperatures, and higher pressures [36]. However, 
due to the complex pore structures and diverse mineral types in shale 
reservoirs, the research on H2 adsorption behavior in single nanopores 
based on MS may not fully reflect the influence of complex pore struc
tures, such as varying nanopore shapes and high adsorption capacity in 
mineral corners [37,38].

Pore-scale simulation can effectively overcome the limitations of 
small computing domains through MS [39]. Lattice Boltzmann method 
(LBM), a popular pore-scale simulation method, is extensively employed 
to simulate complex fluid behaviors in intricate pore structures [39–41]. 
Zhao et al., 2016 established a microscale lattice Boltzmann (LB) model 
that incorporates adsorption behavior by integrating the density distri
bution from the GCMC method, and simulated gas production in shale 
porous media considering the adsorption effects [42]. Zhang et al., 2020 
developed an innovative LBM to characterize the heterogeneous density 
distribution and slip flow behaviors in nanopores by incorporating 
intermolecular interactions [43]. Zhang et al., 2023 further improved 
LBM to model the adsorption behaviors in porous media. Their findings 
indicated that conventional adsorption theories, which are appropriate 
for simple pore structures, are inadequate for complex pore structures in 
porous media [38]. Recently, Wang et al., 2024 utilized a new LBM with 
modified gas-solid interaction forces to simulate CO2–CH4 competitive 
adsorption in three-dimensional (3D) nanoporous media [44,45]. 
However, this method cannot guarantee that the simulated CO2–CH4 
density in the bulk phase matches the density at different temper
atures/pressures and CO2–CH4 molar fractions, necessitating multiple 
adjustments to the initial CO2–CH4 density.

Furthermore, while LBM effectively captures intricate fluid behav
iors, it is primarily utilized for qualitative analysis of fluid behaviors in 
two-dimensional (2D) porous media. Due to limitations in computing 
resources, LBM is not well-suited for quantitative calculations in 3D 
porous media [46]. Through coupling pore-scale simulation with ma
chine learning, fluid behaviors in 3D porous media can be calculated 
accurately and rapidly [47,48]. Rabbani and Babaei, 2019 accurately 
computed fluid flow in pores with various cross-sectional shapes using 
LBM, and subsequently integrated machine learning techniques and a 
pore network model to enable rapid and accurate calculation of porous 
media permeability, achieving a coefficient of determination R2 around 
0.997 [47]. Jiang et al., 2021 introduced a methodology aimed at pre
dicting the multiphase permeability, considering the viscous coupling 
effect, by integrating direct pore-scale simulation and machine learning. 
The results demonstrated that the trained artificial neural network 
(ANN) achieves a coefficient of determination R2 higher than 0.99, 
indicating excellent capability in predicting permeability [48]. Kang 
et al., 2024 employed LBM to calculate permeability for 1000 sets of 
porous media, and then used a pore network model to identify 6 
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characteristic parameters [49]. Leveraging this dataset, they applied 
machine learning techniques to predict the permeability of porous 
media achieving a coefficient of determination R2 higher than 0.9. This 
approach improves prediction accuracy by 15% compared to empirical 
formulas. In addition to the machine learning based on microscopic 
simulation results, Thanh et al., 2024 introduced a novel approach uti
lizing machine learning algorithms trained on 570 experimental data 
samples to accurately predict H2 adsorption in different kerogen types 
achieving the highest R2 of 0.989 [50]. Overall, machine learning, 
empowered by its capacity to learn from datasets of accurate simulation 
and generalize to unseen data, emerges as a valuable approach for un
derstanding and predicting complex fluid behaviors in large-scale 
porous media. However, machine learning based on direct simulation 
results has not yet been applied to the prediction of H2 storage.

In this paper, an improved LBM is proposed to simulate H2 density 
distribution in 3D kerogen and MMT nanoporous media under different 
pressures using the results derived from MS, and the adsorption be
haviors in nanoporous media are discussed. Then, employing the 
watershed algorithm, the porous media are divided into 2538 pore 
structures. Subsequently, through the features of pore structures and 
their associated gas adsorption characteristics, a database is constructed 
to train an artificial neural network (ANN) for precise prediction of 
adsorption behaviors in arbitrary pore structures. Finally, utilizing the 
trained ANN, the H2 adsorption in a real digital core comprising 5419 
pore structures is predicted.

2. Methodology

2.1. Lattice Boltzmann method based on molecular simulation

To elucidate the improvement of gas recovery and carbon geological 
sequestration through the examination of CO2/CH4 competitive 
adsorption in nanoporous media, a single-relaxation-time pseudopo
tential LBM, by modifying the fluid-fluid and fluid-solid interaction 

force parameters from MS, was introduced to characterize the compet
itive adsorption phenomena in shale porous media in previous work [44,
45]. However, the previous model is challenging to control the total gas 
content in each pore structure of porous media under varying temper
ature and pressure conditions, causing the simulated bulk density to 
deviate from the gas density under corresponding temperature and 
pressure. Therefore, it is imperative to conduct multiple simulations to 
ensure the accuracy of the simulation results, which consumes a lot of 
computing resources. In this paper, the above model is improved by 
incorporating a source term condition into the bulk region, ensuring that 
the bulk density remains equal to the gas density at the corresponding 
temperature and pressure to investigate the H2 adsorption behaviors in 
this work. The governing equation of Shan-Chen LBM is defined as 

fσ,α(x+ eαδt , t+ δt) − fσ,α(x, t)= −
1
τ

[
fσ,α(x, t) − f eq

σ,α(x, t)
]

(1) 

where fσ,α is the density distribution representing H2 in this paper, α = 0,
1, 2,…,18 is the direction of D3Q19 mode, x is position, t is time, eα is 
unit velocity; δt is the time step; τ is the relaxation time; f eq

σ,α is the 
equilibrium density distribution.

To characterize gas adsorption characteristics, the gas-solid inter
action force Fσ,ads is formulated by Eq. (2), and the variation trend of 
adsorption density distribution can be adjusted by the gas-solid force 
parameter Gσs and constant value λ = 0.3 nm. The gas-solid force 
parameter can be determined via MS, enabling accurate capture of 
intermolecular forces. Fig. 1 illustrates the MS results of H2 density 
distribution in 5 nm slit pores under pressure conditions (3 MPa, 6 MPa, 
9 MPa, 12 MPa, 15 MPa, 18 MPa), temperature (333.15 K) and mineral 
types (kerogen and MMT), as presented in Zhang’s study [17]. Based on 
the MS density distribution, the H2 content within the slit pores is 
initially determined. Subsequently, the gas-solid force parameter Gσs is 
adjusted to match the MS density distribution. The fitting results are 
depicted in Fig. 1, illustrating a precise alignment between the bulk 
density obtained via LB simulation and MS data. Detailed explanations 

Fig. 1. LB parameters from MS density distributions. (A) Kerogen, (B) MMT. Z = 0 denotes the position at the middle of the pore.

Fig. 2. LB simulation. (A) Solid matrix of porous media, (B) Pore space (yellow) and bulk space (gray), (C) Density distribution of bulk H2, (D) Density distribution of 
H2 in porous media. The cubic porous media have a physical side length of 20 nm.
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and principles regarding the fitting process can be found in our earlier 
publications [44]. 

Fσ,ads(x, t)= − Gσs

(

1 − exp

(
∑

α
fσ,α

))
∑

α
e− xα\/λeα (2) 

where xα is the distance from the solid in direction α at position x.
In a single nanopore, the H2 density at the corresponding tempera

ture and pressure is feasible, yet achieving this precision becomes 
challenging when dealing with porous media characterized by complex 
pore structures [44]. In this paper, a source term is introduced to 
modulate the H2 density within the bulk region away from solid wall, 

enabling a precise simulation of H2 adsorption behavior across varying 
temperatures and pressures, as given in Eq. (3). The bulk region of the 
porous media is initially determined (Fig. 2A and B), with this desig
nated bulk region representing the gas density inside that remains un
affected by interaction forces with solid walls. Subsequently, during the 
LB simulation, the density of the bulk H2 remains consistent with the H2 
density dictated by the respective temperature and pressure (Fig. 2C), 
with adjustments made to the density distribution function fσ,α at the 
edge of the bulk region at each cycle step. Finally, the density distri
bution corresponding to the designated temperature and pressure con
ditions is depicted in Fig. 2D. 

fb,σ,α = f ’
b,σ,α

ρb∑
αf ’

b,σ,α
(3) 

where ρb is the density at the corresponding temperature and pressure, 
approximately 2.14 kg/m3, 4.19 kg/m3, 6.36 kg/m3, 8.18 kg/m3, 10.05 
kg/m3, 11.79 kg/m3 under the pressures 3 MPa, 6 MPa, 9 MPa, 12 MPa, 
15 MPa, 18 MPa and temperature (333.15 K), respectively, f ’

b,σ,α is the 
density distribution function of the bulk phase region post-migration, 
fb,σ,α is the density distribution function modified by source term 
which can be used for subsequent interaction force calculations and 
collisions.

2.2. Database for machine learning

The idea of machine learning in this paper is to predict the H2 mass in 
arbitrary pore structures, and subsequently deduce the occurrence 
characteristics of H2 in the porous media by superimposing all pore 
structures. Consequently, it necessitates the establishment of a one-to- 
one correspondence database linking pore structures with their respec
tive H2 masses. Firstly, 40 3D kerogen and MMT porous media are 
constructed, respectively [51–53], with select examples depicted in 

Fig. 3. Pore structure and H2 density distribution in porous media. (A) Solid matrix, (B) pore space and two pore structures, (C) and (D) density distributions in 
kerogen porous media and pore structure at 9 MPa. Note: From left to right, the pore size of the porous media gradually decreases. The cubic porous media have a 
physical side length of 20 nm.

Fig. 4. Characterization of free gas, absolute adsorption, and excess adsorption 
derived from the density distribution obtained through MS.
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Fig. 3A. The lattice size is 100 × 100 × 100, and the corresponding 
physical size is 20 × 20 × 20 nm3. Subsequently, 2538 pore structures 
are extracted from pore space utilizing the watershed algorithm, and 
representations of the pore space along with several pore structures are 
provided in Fig. 3B. The pore structure features, including the volume, 

gas-solid surface area, gas-gas surface area, shape factor and equivalent 
pore diameter, are calculated. The volume Vp delineated as the grid 
volume. The gas-solid surface area Sgs represents the area where H2 is in 
contact with the pore wall. Conversely, the gas-gas surface area Sgg de
notes the surface area where the pore structure is in contact with other 

Fig. 5. Schematic diagrams of neural network with 1 hidden layer.

Fig. 6. The comparison of the mass of different types of H2 between ANN prediction and LB simulation.
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pore structures. The shape factor is determined by the formula 
(
Sgg + Sgs

)3
/
(

36πV2
p

)
. The equivalent pore diameter is calculated by the 

formula 2
̅̅̅̅̅̅̅̅̅̅̅̅̅
3Vp/41/3

√
.Then, utilizing the fitted gas-solid force parameter 

Gσs, the adsorption characteristics of H2 in the kerogen and MMT porous 
media are simulated via LBM under 6 distinct pressures. The density 
distributions in porous media are illustrated in Fig. 3C. Finally, through 
the density distribution in each pore structure as depicted in Fig. 3D, the 
mass of total, free, absolute adsorption and excess adsorption H2 in each 
pore structure can be statistically derived. The classification of H2 is 
visualized in Fig. 4. The physical mass Mp utilized in the subsequent 
analyses can be calculated using the length scale L0 = 2× 10− 10 m, 
mass scale M0 = 8 × 10− 27 kg and lattice mass Ml. Based on the H2 
density ρl at a grid point, the physical density can be calculated as ρp =

ρl
M0
L3

0
, then, the physical mass of H2 at a grid point is given by Mp = ρpL3

0. 

Considering 6 pressure conditions and 2 mineral types, a total of 30456 
sets of data can be collected for subsequent machine learning aimed at 
predicting H2 mass across arbitrary pressures, minerals, and pore 
structures.

2.3. Neural network prediction

The ANN, illustrated in Fig. 5, is applied to predict the H2 occurrence 
state in arbitrary pore structure. The input layer is composed of 7 
characteristic parameters (the volume, gas-solid surface area, gas-gas 
surface area, shape factor, equivalent pore diameter, pressure and 
mineral type), while the output layer consists of 4 parameters (mass of 
total, free, absolute adsorption and excess adsorption gas). The hidden 
layer comprises 25 modes, and the 5-fold cross validation method is 
employed to evaluate the accuracy. The comparisons of the mass of 
different types of H2 between ANN prediction and LB simulation are 
depicted in Fig. 6. The high coefficient of determination R2 (>0.99) and 
small root mean square error (RMSE) indicated the ANN, based on the 
large-size database, is capable of accurately predicting the H2 mass in 
the arbitrary pore structure. The flowchart of the methodology can be 
found in Fig. A1 in Appendix A.

2.4. Validation with experiments and MS

The excess adsorption behaviors measured by experiments and 
calculated using MS are employed to verify the excess adsorption in 
porous media simulated by LBM. Based on the total excess adsorption 
amount and gas-solid surface area in 2538 pore structures of 40 MMT 
porous media, the molecular number of excess adsorbed H2 per nm2 

(Γex) can be calculated by 

Γex =

∫ Nt
|y|=0

(

ρl
M0
L3

0
− ρb

)

L3
0dyNA

MHSgs− tL2
0

(4) 

where Nt is the total number of grids occupied by H2, NA = 6.02 × 1023 

is Avogadro’s constant, MH = 2 g/mol is the molar mass of H2, Sgs− t is 
the total surface area of 2538 pore structures of 40 porous media. As 
shown in Fig. 7, the results show that the simulated excess adsorption 
falls well within the range of published data. Thus, the methodology can 
be applied to simulate, train, and predict H2 storage in porous media.

3. Results and discussion

3.1. Adsorption behaviors in porous media

Based on the H2 density distribution in 40 porous media under 6 

Fig. 7. The comparison of the excess adsorption of H2 between experimental 
measurement, MS calculation and LB simulation, # is the molecular number 
[17,54–57].

Fig. 8. Density distribution in kerogen and MMT porous media under various pressures. (A) Kerogen porous media at 6 MPa, (B) kerogen porous media at 9 MPa, (C) 
MMT porous media at 9 MPa. Note: From left to right, the pore size of the porous media gradually decreases. The cubic porous media have a physical side length of 
20 nm.
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pressure conditions and 2 mineral types, the occurrence characteristics 
of H2 in various pore structures are analyzed. Fig. 8 illustrates the H2 
density distribution in kerogen and MMT porous media with pressure 
equaling 6 MPa and 9 MPa. The density distribution of a slice of 3D 

porous media and the corresponding density distribution curve along 
the central axis of the slice are shown in Fig. 9. As pressure increases, the 
density of adsorbed H2 markedly increases. Furthermore, the density of 
adsorbed H2 in kerogen porous media exceeds that in MMT porous 
media. Subsequently, the cumulative mass of total, free, absolute 
adsorption, and excess adsorption H2 in specific equivalent pore diam
eter is calculated based on the different occurrence characteristics of H2 
in each pore structure. The calculation of cumulative mass is defined as 
the sum of gas masses in pore structures with an equivalent pore 
diameter smaller than the specified equivalent pore diameter. Fig. 10
illustrates the effect of equivalent pore diameter on the proportion of the 
cumulative gas mass for free, absolute adsorption and excess adsorption 
H2. Due to the constant thickness of adsorbed layer, the proportion of the 
adsorbed phase volume relative to the total volume of pore structure 
decreases as the equivalent pore diameter increases. Consequently, the 
proportion of cumulative gas mass for absolute adsorption and excess 
adsorption H2 decreases, whereas the proportion for free H2 increases. 
The proportion of cumulative gas mass for absolute adsorption and 
excess adsorption H2 in kerogen porous media is greater than in MMT 
porous media. Additionally, the cumulative mass of H2 varies with 
pressure, mineral type and occurrence type, as shown in Fig. 11. The 
findings reveal a correlation between the cumulative mass of excess 
adsorption H2 and pressure, demonstrating an increase as the pressure 
increases. Owing to the greater adsorption tendencies in kerogen, there 
is an increase in the cumulative mass of total, absolute adsorption and 

Fig. 9. Density distribution (A) and density distribution curve (B) of H2 in kerogen and MMT porous media. The 2D porous media are a slice of 3D porous media, as 
shown by the red dashed line area in Fig. 8. The density distribution curve is at the central axis of the porous media, as shown by the red dashed line. X denotes the 
distance from the left boundary of the porous media. The square porous media have a physical side length of 20 nm.

Fig. 10. Proportion of cumulative gas mass for free, absolute adsorption and 
excess adsorption H2 versus equivalent pore diameter at 9 MPa.

Fig. 11. Variation of accumulated H2 mass with pore diameter. (A) Different pressures in kerogen pores, and (B) Different types of H2 in kerogen and MMT pores at 
9 MPa.
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excess adsorption H2. These observations align with the outcomes of MS 
conducted on single nanopores [17], suggesting that the scaling up of 
single nanopore to porous media simulations is achievable by deter
mining the pore-scale simulation parameters through MS.

3.2. Prediction based on real digital core

The true pore structures from Sichuan Basin, southwest China, as 
depicted in Fig. 12A and B, were obtained using the focused ion beam- 
scanning electron microscopy (FIB-SEM) technique, offering a resolu
tion of 10 nm with an average pore diameter of approximately 100 nm, 
and the size of porous media is 9850 × 10900 × 9900 nm3 [58]. The 
selected kerogen region in the upper right corner serves as the digital 
core structure for subsequent predictions. With a lattice size is 500 ×
500 × 500, simulating H2 storage behavior using pore-scale simulations 
demands significant computational resources. However, leveraging the 
ANN discussed above, the H2 storage state in this kerogen digital core 
structure can be efficiently predicted.

In nanoscale pores, the thickness of the H2 adsorption region is about 
1.5 nm according to the layered density distribution from MS [17]. As 
the pore diameter increases, the influence of excess adsorption gas on 
the H2 occurrence gradually diminishes and approaches 0. Therefore, 
the H2 storage prediction is mainly conducted for the pore diameter of 
less than 20 nm in this paper. Currently, fractal theory is employed to 
characterize the characteristics of porous media and pore structures, 
indicating self-similarity characteristics across different scales and sizes 
[59–61]. Consequently, assuming similarity in pore structure features 
across different equivalent pore diameters in reservoirs, the obtained 
pore structure with a resolution of 10 nm is downscaled to 0.4 nm. This 
results in a corresponding physical size of the kerogen digital core with 
the lattice number 500 × 500 × 500 being 200 × 200 × 200 nm3. As 
illustrated in Fig. 12C, the kerogen porous media is segmented into 5419 
pore structures using the watershed algorithm, allowing for extraction of 

volume, surface area, and other characteristic parameters. Based on the 
characteristics of 5419 pore structures and the trained ANN, rapid pre
diction of H2 storage can be quickly performed. The masses of total, free, 
absolute adsorption, and excess adsorption H2 in each kerogen pore 
structure under a pressure of 3 MPa are depicted in Fig. 12D. By sum
ming the mass of the gas in all pore structures, the masses of total, free, 
absolute adsorption, and excess adsorption H2 in kerogen digital core 
are equal to 3.76 × 10− 16 g, 1.11 × 10− 16 g, 2.65 × 10− 16 g and 0.67 ×
10− 16 g, and the mass of adsorbed gas accounted for 70.48% of the total 
gas mass.

4. Conclusions

This work develops a coupling method integrating MS, pore-scale 
simulations, and machine learning to simulate and predict the density 
distribution of H2 in nanoporous media and to calculate the mass of 
total, free, absolute adsorption, and excess adsorption gas. Subse
quently, the adsorption behaviors of H2 in porous media and the mass of 
H2 in a real digital core are analyzed. The main conclusions are as 
follows: 

(1) An improved LBM, incorporating a source term condition into the 
bulk region, is established to enable precise simulation of gas 
density distribution in nanoporous media under specific tem
perature and pressure conditions. The gas-solid interaction pa
rameters in the lattice Boltzmann model are then determined by 
fitting the density distribution obtained from MS.

(2) With increasing pressure, the density of adsorbed H2 increases 
significantly, and the density of adsorbed H2 in kerogen porous 
media is greater than in MMT porous media. As the equivalent 
pore diameter increases, the proportion of cumulative gas mass 
for absolute adsorption and excess adsorption H2 decreases, while 
the proportion for free H2 increases. Moreover, the cumulative 

Fig. 12. Prediction of H2 mass in a real kerogen pore structure at 3 MPa (The size of porous media is 9850 × 10900 × 9900 nm3). (A) Reconstructed samples via FIB- 
SEM, (B) extracted pore space, (C) pore structures divided by the watershed algorithm, (D) prediction of the mass of total, free, absolute adsorption and excess 
adsorption H2 (The cubic porous media have a physical side length of 200 nm).
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mass of excess adsorption H2 demonstrates an increase with 
pressure. Due to the greater adsorption behaviors in kerogen, the 
cumulative mass of total, absolute adsorption, and excess 
adsorption H2 increases.

(3) The watershed algorithm is utilized to extract 2538 pore struc
tures from multiple nanoporous media. For each pore structure, 
the volume, surface area, shape factor, and equivalent diameter 
are calculated, along with the gas mass contained within.

(4) Considering 6 pressures, 2 types of minerals (kerogen and 
montmorillonite) and 2538 pore structures, a comprehensive 
dataset comprising 30456 machine learning data sets is estab
lished. The ANN is successfully trained to predict the gas mass in 
arbitrary pore structure with a high coefficient of determination 
(R2 > 0.99) and minimal RMSE. Leveraging this trained ANN, the 
H2 storage in a real shale kerogen digital core with 5419 pore 
structures is predicted, and the masses of total, free, absolute 
adsorption, and excess adsorption H2 in kerogen digital core are 
equal to 3.76 × 10− 16 g, 1.11 × 10− 16 g, 2.65 × 10− 16 g and 0.67 
× 10− 16 g.

The methodology demonstrates universality and applicability, 
capable of accommodating various fluid adsorption behaviors in nano
scale environments, including shale oil/gas adsorption, CO2 adsorption 
and permanent storage, and H2 adsorption, which has significant im
plications for improving oil and gas recovery and supporting a green 
low-carbon economy. In general, this work mainly focuses on the stor
age stage of H2, and does not consider the adsorption effects on H2 
release. During the recovery stage, a cushion gas is required to maintain 
the reservoir pressure during H2 recovery, so the competitive adsorption 
of H2 and cushion gas has an important impact on the recovery and 
purity of H2 [16,17]. Meanwhile, there is primary water or fracturing 
fluid in shale nanopores [62,63], affecting gas adsorption and trapping 
gas through capillary force [7,64]. The proposed methodology can also 

be effectively extended to H2-cushion gas miscible and gas-water 
immiscible systems.
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[6] Sáinz-García A, Abarca E, Rubí V, Grandia F. Assessment of feasible strategies for 
seasonal underground hydrogen storage in a saline aquifer. Int J Hydrogen Energy 
2017;42:16657–66.

[7] Al-Yaseri A, Yekeen N, Mahmoud M, Kakati A, Xie Q, Giwelli A. Thermodynamic 
characterization of H2-brine-shale wettability: implications for hydrogen storage at 
subsurface. Int J Hydrogen Energy 2022;47:22510–21.

H. Wang et al.                                                                                                                                                                                                                                   International Journal of Hydrogen Energy 101 (2025) 303–312 

311 

http://refhub.elsevier.com/S0360-3199(24)05619-2/sref1
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref1
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref1
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref2
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref2
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref2
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref3
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref3
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref4
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref4
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref4
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref5
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref5
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref6
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref6
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref6
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref7
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref7
http://refhub.elsevier.com/S0360-3199(24)05619-2/sref7


[8] Kanaani M, Sedaee B, Asadian-Pakfar M, Gilavand M, Almahmoudi Z. Development 
of multi-objective co-optimization framework for underground hydrogen storage 
and carbon dioxide storage using machine learning algorithms. J Clean Prod 2023; 
386:135785.

[9] Hematpur H, Abdollahi R, Rostami S, Haghighi M, Blunt M. Review of 
underground hydrogen storage: concepts and challenges. Adv Geo-Energy Res 
2023;7:111–31.

[10] Muhammed NS, Haq B, Al Shehri D. CO2 rich cushion gas for hydrogen storage in 
depleted gas reservoirs: insight on contact angle and surface tension. Int J 
Hydrogen Energy 2024;50:1281–301.

[11] Feng X, Liu J, Shi J, Hu P, Zhang T, Sun S. Phase equilibrium, thermodynamics, 
hydrogen-induced effects and the interplay mechanisms in underground hydrogen 
storage. Comput Energy Sci 2024;1:46–64.

[12] Wu L, Hou Z, Luo Z, Fang Y, Huang L, Wu X, et al. Impacts of microbial interactions 
on underground hydrogen storage in porous media: a comprehensive review of 
experimental, numerical, and field studies. Petrol Sci 2024. https://doi.org/ 
10.1016/j.petsci.2024.08.015. in press.

[13] Bechara E, Gamadi T, Hussain A, Emadibaladehi H. Effect of hydrogen exposure on 
shale reservoir properties and evaluation of hydrogen storage possibility in 
depleted unconventional formations. Unconventional resources technology 
conference, 20–22 june 2022. Unconventional Resources Technology Conference 
(URTeC); 2022. p. 1734–48.

[14] Chen F, Mehana M, Nasrabadi H. Molecular simulation of hydrogen-shale gas 
system phase behavior under multiscale conditions: a molecular-level analysis of 
hydrogen storage in shale gas reservoirs. Energy Fuels 2023;37:2449–56.

[15] Al-Yaseri A, Amao A, Fatah A. Experimental investigation of shale/hydrogen 
geochemical interactions. Fuel 2023;346:128272.

[16] Liu K, Zhu W, Pan B. Feasibility of hydrogen storage in depleted shale gas reservoir: 
a numerical investigation. Fuel 2024;357:129703.

[17] Zhang M, Yang Y, Pan B, Liu Z, Jin Z, Iglauer S. Molecular simulation on H2 
adsorption in nanopores and effects of cushion gas: implications for underground 
hydrogen storage in shale reservoirs. Fuel 2024;361:130621.

[18] Ho TA, Dang ST, Dasgupta N, Choudhary A, Rai CS, Wang Y. Nuclear magnetic 
resonance and molecular simulation study of H2 and CH4 adsorption onto shale and 
sandstone for hydrogen geological storage. Int J Hydrogen Energy 2024;51: 
158–66.

[19] Liu J, Yao Y, Liu D, Elsworth D. Experimental evaluation of CO2 enhanced recovery 
of adsorbed-gas from shale. Int J Coal Geol 2017;179:211–8.

[20] Pan B, Yin X, Ju Y, Iglauer S. Underground hydrogen storage: influencing 
parameters and future outlook. Adv Colloid Interface Sci 2021;294:102473.

[21] Lu C, Xiao X, Xue Z, Chen Z, Dong Y, Feng Y, et al. Investigations of methane 
adsorption characteristics on marine-continental transitional shales and gas storage 
capacity models considering pore evolution. Petrol Sci 2024;21:2273–86.

[22] Liu J, Xie L, Elsworth D, Gan Q. CO2/CH4 competitive adsorption in shale: 
implications for enhancement in gas production and reduction in carbon emissions. 
Environ Sci Technol 2019;53:9328–36.

[23] Klewiah I, Berawala DS, Walker HCA, Andersen PØ, Nadeau PH. Review of 
experimental sorption studies of CO2 and CH4 in shales. J Nat Gas Sci Eng 2020;73: 
103045.

[24] Abid HR, Yekeen N, Al-Yaseri A, Keshavarz A, Iglauer S. The impact of humic acid 
on hydrogen adsorptive capacity of eagle ford shale: implications for underground 
hydrogen storage. J Energy Storage 2022;55:105615.

[25] Alanazi A, Abid HR, Usman M, Ali M, Keshavarz A, Vahrenkamp V, et al. 
Hydrogen, carbon dioxide, and methane adsorption potential on Jordanian 
organic-rich source rocks: implications for underground H2 storage and retrieval. 
Fuel 2023;346:128362.

[26] Wang C, Zhao Y, Wu R, Bi J, Zhang K. Shale reservoir storage of hydrogen: 
adsorption and diffusion on shale. Fuel 2024;357:129919.

[27] Singh H. Hydrogen storage in inactive horizontal shale gas wells: techno-economic 
analysis for Haynesville shale. Appl Energy 2022;313:118862.

[28] Babatunde KA, Negash BM, Mojid MR, Ahmed TY, Jufar SR. Molecular simulation 
study of CO2/CH4 adsorption on realistic heterogeneous shale surfaces. Appl Surf 
Sci 2021;543:148789.

[29] Raza A, Mahmoud M, Alafnan S, Arif M, Glatz G. H2, CO2, and CH4 adsorption 
potential of kerogen as a function of pressure, temperature, and maturity. Int J Mol 
Sci 2022;23:12767.

[30] Zhang M, Liu Z, Pan B, Iglauer S, Jin Z. Molecular simulation on CO2/H2S co- 
adsorption in organic and inorganic shale nanopores. Appl Surf Sci 2023;624: 
157167.

[31] Wang F, Xu H, Liu Y, Meng X, Liu L. Mechanism of low chemical agent adsorption 
by high pressure for hydraulic fracturing-assisted oil displacement technology: a 
study of molecular dynamics combined with laboratory experiments. Langmuir 
2023;39:16628–36.

[32] Cai J, Jiao X, Wang H, He W, Xia Y. Multiphase fluid-rock interactions and flow 
behaviors in shale nanopores: a comprehensive review. Earth-Sci Rev 2024: 
104884.

[33] Wang S, Chen F, Wu Y-S, Nasrabadi H. The potential of hydrogen storage in 
depleted unconventional gas reservoirs: a multiscale modeling study. Int J 
Hydrogen Energy 2023;48:16007–19.

[34] Raza A, Glatz G, Alafnan S, Mahmoud M, Gholami R. Depleted shale gas formations 
as naturally-occurring storage compartments for hydrogen: a molecular-level 
assessment. Fuel 2023;334:126695.

[35] Deng X, Zhang Q, Zhang Z, Li Q, Liu X. Adsorption and diffusion behavior of CO2/ 
H2 mixture in calcite slit pores: a molecular simulation study. J Mol Liq 2022;346: 
118306.

[36] Shang Z, Yang Y, Zhang L, Sun H, Zhong J, Zhang K, et al. Hydrogen adsorption 
and diffusion behavior in kaolinite slit for underground hydrogen storage: a hybrid 
GCMC-MD simulation study. Chem Eng J 2024;487:150517.

[37] Wu Y, Tahmasebi P, Yu H, Lin C, Wu H, Dong C. Pore-scale 3D dynamic modeling 
and characterization of shale samples: considering the effects of thermal 
maturation. J Geophys Res: Solid Earth 2020;125:e2019JB018309.

[38] Zhang T, Luo S, Zhou H, Hu H, Zhang L, Zhao Y, et al. Pore-scale modelling of 
water sorption in nanopore systems of shale. Int J Coal Geol 2023;273:104266.

[39] Wang W, Xie Q, An S, Bakhshian S, Kang Q, Wang H, et al. Pore-scale simulation of 
multiphase flow and reactive transport processes involved in geologic carbon 
sequestration. Earth-Sci Rev 2023;247:104602.

[40] Chen L, He A, Zhao J, Kang Q, Li Z-Y, Carmeliet J, et al. Pore-scale modeling of 
complex transport phenomena in porous media. Prog Energy Combust Sci 2022;88: 
100968.

[41] Qin F, Fei L, Zhao J, Kang Q, Derome D, Carmeliet J. Lattice Boltzmann modelling 
of colloidal suspensions drying in porous media accounting for local nanoparticle 
effects. J Fluid Mech 2023;963:A26.

[42] Zhao J, Yao J, Zhang L, Sui H, Zhang M. Pore-scale simulation of shale gas 
production considering the adsorption effect. Int J Heat Mass Tran 2016;103: 
1098–107.

[43] Zhang T, Javadpour F, Li X, Wu K, Li J, Yin Y. Mesoscopic method to study water 
flow in nanochannels with different wettability. Phys Rev E 2020;102:013306.

[44] Wang H, Huang J, Zhan S, Zhang M, Cai J. Study on CO2 and CH4 competitive 
adsorption in shale organic and clay porous media from molecular- to pore-scale 
simulation. SPE J 2024;29:3265–76.

[45] Wang H, Zhang M, Xia X, Tian Z, Qin X, Cai J. Lattice Boltzmann prediction of CO2 
and CH4 competitive adsorption in shale porous media accelerated by machine 
learning for CO2 sequestration and enhanced CH4 recovery. Appl Energy 2024;370: 
123638.

[46] Zhang T, Javadpour F, Li J, Zhao Y, Zhang L, Li X. Pore-scale perspective of gas/ 
water two-phase flow in shale. SPE J 2021;26:828–46.

[47] Rabbani A, Babaei M. Hybrid pore-network and lattice-Boltzmann permeability 
modelling accelerated by machine learning. Adv Water Resour 2019;126:116–28.

[48] Jiang F, Yang J, Boek E, Tsuji T. Investigation of viscous coupling effects in three- 
phase flow by lattice Boltzmann direct simulation and machine learning technique. 
Adv Water Resour 2021;147:103797.

[49] Kang Q, Li K, Fu J, Liu Y. Hybrid LBM and machine learning algorithms for 
permeability prediction of porous media: a comparative study. Comput Geotech 
2024;168:106163.

[50] Thanh HV, Dai Z, Du Z, Yin H, Yan B, Soltanian MR, et al. Artificial intelligence- 
based prediction of hydrogen adsorption in various kerogen types: implications for 
underground hydrogen storage and cleaner production. Int J Hydrogen Energy 
2024;57:1000–9.

[51] Rabbani A, Jamshidi S. Specific surface and porosity relationship for sandstones for 
prediction of permeability. Int J Rock Mech Min Sci 2014;71:25–32.

[52] Rabbani A, Jamshidi S, Salehi S. An automated simple algorithm for realistic pore 
network extraction from micro-tomography images. J Petrol Sci Eng 2014;123: 
164–71.

[53] Rabbani A, Babaei M. Image-based modeling of carbon storage in fractured 
organic-rich shale with deep learning acceleration. Fuel 2021;299:120795.

[54] Wang L, Cheng J, Jin Z, Sun Q, Zou R, Meng Q, et al. High-pressure hydrogen 
adsorption in clay minerals: insights on natural hydrogen exploration. Fuel 2023; 
344:127919.
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