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H I G H L I G H T S  

• A methodology coupling with molecular simulation, lattice Boltzmann method and machine learning. 
• Accurately and rapidly predicting CO2-CH4 competitive adsorption capacity in arbitrary large-scale porous media. 
• Effects of shale mineral type and different CO2 molar fractions were considered.  
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A B S T R A C T   

CO2 injection has become the effective and potential means to enhance shale gas recovery and realize CO2 
geological sequestration because of the CO2-CH4 competitive adsorption. However, the clarification on CO2-CH4 
competitive adsorption behaviors is mainly limited to molecular simulations based on single nanoscale pore size, 
and it is difficult to carry out large-scale calculations based on pore-scale simulations. In this study, a new 
methodology coupling with molecular simulation, lattice Boltzmann method and machine learning is proposed to 
accurately simulate and rapidly predict the CO2-CH4 competitive adsorption in kerogen and illite three- 
dimensional nanoporous media under different CO2 molar fractions. From the features of pore structure and 
the accurate database of competitive adsorption behaviors from pore-scale simulations which are modified by 
molecular simulations, the Artificial Neural Network is then trained to be able to predict CO2-CH4 competitive 
adsorption capacity in arbitrary large-scale porous media. The above method overcomes the limitation of 
computing resource consumption of molecular simulation and pore-scale simulation, and provides research ideas 
and basic models for simulation and prediction of fluid adsorption behaviors in large-scale porous media.   

1. Introduction 

Shale gas, as a kind of clean energy, plays an indispensable role in the 
world's energy system [1,2]. In shale nanopores, because the sizes of the 
pore and fluid molecule are on the nanometer scale, the non-negligible 
and strong CH4-surface interactions can result in the presence of a large 
amount of adsorbed gas [3,4], and the low fluidity of adsorbed gas has 
an important negative effect on shale gas production. Thanks to the 
greater adsorption capacity, the injected CO2 can adsorb on different 
mineral surfaces and replace CH4 from the adsorbed phase [5–11], thus 

becoming an effective means to enhance shale gas recovery, leading to 
an increase of more than 20% in shale gas production. Meanwhile, about 
60% of the injected CO2 is trapped in shale reservoirs [12], then, it is a 
potential way to reduce CO2 emission and realize CO2 geological 
sequestration [13]. Therefore, competitive adsorption is a dominant 
factor in enhancing shale gas recovery and realizing carbon geological 
sequestration through CO2 huff-n-puff [14–16]. 

At present, the microscopic competitive adsorption mechanisms 
between hydrocarbons and CO2 in different mineral nanoscale spaces 
have been investigated in detail through molecular dynamics simulation 
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(MDS) [16–21]. Shale rocks are composed of minerals such as kerogen 
with different maturity, quartz, and clay, and the nanoscale space con
tributes to the CH4 and CO2 adsorptions [22–26]. The adsorption ca
pacity of CO2 on the mineral surface is generally 2–10 times that of CH4 
[27–29]. The CO2-CH4 competitive adsorption behaviors are influenced 
by many factors such as mineral type, kerogen maturity, pore size, 
pressure, temperature, CO2 content, CO2 injection velocity/pressure, 
pore structure, and water [10,11,30–33]. However, the current mo
lecular simulations are mostly limited to single pore structures to 
qualitatively analyze the influence mechanisms of different factors. At 
the corner of special pore structures or when the pore size is small, the 
fluid density is greater than that near the flat wall owing to the super
position of fluid-solid forces [34,35]. Mu et al., 2022 studied the effects 
of pressure and pore size on the sorption distribution of gas on shale 
minerals, the results show that the near-wall density can increase with a 
smaller pore size because of the superposition of interactions from both 
sides of pore walls [36]. Therefore, the complicated pore structures in 
porous media have a nonnegligible effect on adsorption behaviors, 
which is difficult studied and characterized by molecular simulations. 

Alternatively, pore-scale simulations can effectively capture the 
physical and chemical behaviors of multiphase and multicomponent 
fluids in complex pore structures [37–41]. At present, the lattice 
Boltzmann method (LBM), as a popular pore-scale simulation method, is 
modified and adopted to investigate the fluid adsorption behaviors in 
nanoscale space [42–44]. Guo et al., 2016 presented and validated a 
new Shan-Chen lattice Boltzmann (LB) model for physisorption [43], 
and only the fluid in the first lattice space near the wall was considered 
for adsorption behavior. Zhang et al., 2019 presented the convection- 
diffusion types LB considering dynamics sorption to model the fluid 
absorption in the solid matrix [42]. However, LB simulation cannot 
spontaneously simulate the real gas-solid interaction force, so some 
scholars have carried out pore-scale simulation by coupling molecular 
simulations. By modifying the gas-solid interaction forces through 
coupling MDS in the LB model, Zhao et al., 2016 studied the adsorption 
effects on gas storage and recovery [45]. Zhang et al., 2020 incorpo
rated water-surface molecular interactions into Shan-Chen LB equations 
to capture the exponential change density distribution, and this model 
can also be extended for single-phase adsorption simulation [46]. Liu 
et al., 2021 adopted the velocity and density profiles simulated by MDS 
as reference data, and applied LB simulation to model the shale gas flow 
in nanopores [47]. However, the present researches are mainly limited 
to the adsorption characteristics of single-component fluid, without 
considering the competitive adsorption of multi-component fluids, such 
as shale gas and CO2 on solid surfaces after CO2 injection. Recently, Wu 
et al., 2023 modeled the CO2 displacement of CH4 in nanoporous media 
considering the CO2 adsorption, however, it is the exchange of methane 
in the solid with CO2 in the pore space, rather than the classical 
adsorption characteristic on shale mineral surfaces [48]. Liu et al., 2023 
applied LBM to simulate the adsorption behavior of CH4-CO2 binary 
mixture by coupling multi-component GCMC simulations, however, this 
model is not suitable for adsorption behavior in complex pore structures 
[49]. In our previous study, we constructed a novel LBM to model oil- 
CO2 competitive adsorption in two-dimensional (2D) porous media 
[34], in this work, this model will be extended to the competitive 
adsorption simulations in three-dimensional (3D) porous media. 

LB simulations mainly focus on the qualitative research of physical 
and chemical behaviors in 2D porous media, while the quantitative 
research based on 3D porous media is still limited by the large resource 
consumption and calculation scale. At present, some scholars coupled 
direct simulation, indirect simulation, and machine learning to accel
erate the calculation and prediction of fluid transport behaviors in 
porous media [50]. Rabbani et al., 2019 modeled fluid flow in a large 
number of pore-throat structures and calculated permeability, and then 
trained an Artificial Neural Network (ANN) to predict the conductance 
of fluid flow in arbitrary pore-throat structure in pore network model 
(PNM), and finally realize the fast and accurate calculation of porous 

media permeability [51]. Then, Zhao et al., 2020 extended the 
improved PNM into the two-phase flow and predicted relative perme
ability [52]. Afterward, Zhao et al., 2021 coupled the advantages of the 
lower computational cost of the PNM by considering the real pore 
structures and the accurate calculation of LBM, by calculating the 
conductance of fluid flow through different pore throat structures in the 
PNM by LBM, and then the permeability of porous media can be rapidly 
and accurately calculated [53]. Jiang et al., 2021 applied LB simulation 
to study the three-phase flow, and then used machine learning tech
niques to predict the permeability from the LB simulation database 
[50]. Aslannejad et al., 2022 coupled a LB-smoothed model and ANN to 
accurately simulate and predict the colloid transport [54]. The above 
researches mostly focus the conventional scale flow simulation and 
permeability prediction, which can be easily extended to the prediction 
of fluid flow behaviors in nanoscale space by coupling boundary slip, 
fluid-fluid slip, heterogeneous viscosity, and other properties in LBM. 
However, the above models are not suitable for extending to the simu
lation and prediction of competitive adsorption behaviors. 

In this work, a coupled methodology of molecular simulation, LB 
simulation and machine learning is proposed to accurately simulate and 
rapidly predict CO2-CH4 competitive adsorption in 3D nanoporous 
media, and the different CO2 molar fractions are considered. Firstly, 
several nanoporous media containing 2096 pore structures are 
randomly constructed, and the characteristic parameters of each pore 
structure are extracted. Subsequently, by fitting the density results from 
molecular simulations, LBM is modified and applied to accurately model 
the CO2-CH4 competitive adsorption in nanoporous media considering 
different CO2 molar fractions and minerals, and the competitive 
adsorption capacity in each pore structure is calculated. Finally, based 
on the above simulation results, machine learning is used to rapidly 
predict the competitive adsorption capacity in arbitrary pore structures 
by a trained ANN. 

2. Methodology 

2.1. Construction of porous media and pore structures 

The 14 random nanoporous media models with different pore 
structures are first constructed [55–57], and the pore space is divided 
into 2096 pore structures by the watershed segmentation algorithm. The 
lattice size of the 14 nanoporous media is 150 × 150 × 150, and the 
corresponding physical size is 30 × 30 × 30 nm3. The solid matrix and 
storage space of a nanoporous media are shown in Fig. 1, and there are 
two pore-throat structures in the storage space while each includes two 
divided pore structures. Then, based on the grid number of each pore 
structure, the volume, solid surface area, and pore-throat surface area of 
2096 pore structures can be calculated, which are regarded as the fea
tures for the following machine learning. The solid surface is the contact 
region between the gas and the solid mineral, and the pore-throat 
interface is the contact region of the fluid in different pore structures. 

The three parameters of the volume, solid surface area, and pore- 
throat surface area are selected mainly for the following two reasons. 
The first reason is that the adsorption behavior is caused by the gas-solid 
molecular interaction force, so the solid surface area determines the 
region of the gas-solid force; The second reason is that compared with 
the slit nanopores used in molecular simulation, the pore structure in 
porous media is complex, and there are areas such as corners, which will 
cause the superposition of gas-solid molecular interaction forces and 
enhance the adsorption capacity [35]. While the pore structure volume 
and pore structure area (sum of solid surface and pore-throat surface 
area) reflect the complexity of the pore structure, that is, the smaller the 
ratio of pore structure volume to pore structure area, the more complex 
structures such as corners. Therefore, the above three parameters can 
fully reflect the effect of pore structure on competitive adsorption. 
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2.2. Lattice Boltzmann simulation based on molecular simulation 

Then, a multiphase and multicomponent Shan-Chen LBM coupling 
modified CO2/oil-solid interaction force, proposed in our previous work 
[34], is extended to capture the CO2-CH4 competitive adsorption in 3D 
nanoporous media. The governing equation is given by 

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=0,1,2,…,18(x, t) is the density distribution of σ component 
(represents CO2 and CH4) at direction α, position x, and time t; eα is unit 
velocity; δt is the time step; τ is the relaxation time; f eq

σ,α is the equilibrium 
density distribution. 

The adsorption behaviors for a single component can be captured 
through modifying the gas-solid force, which can be defined as [46,58]. 

Fσ,ads(x, t) = − Gσsψ(x, t)
∑

α
e− xα/λeα, (2)  

where xα is the distance from the wall in direction α; Gσs is the parameter 
of gas-solid force; λ is the parameter controlling the trend of the density 
distribution curve. Then, the competitive adsorption behaviors can be 
achieved by applying Eq. (2) to CO2 and CH4 at the same time, and 
different Gσs and λ values can be used to obtain different competitive 
adsorption capacities and adsorption trends with distance from the solid 
wall. Based on the above model, the competitive adsorption in nano
porous media can be simulated. However, LB simulation cannot spon
taneously simulate the real liquid-solid interaction force, and it is 
necessary to assign the interaction force parameter manually. The 
challenge is how to select accurate parameter of gas-solid interaction 
force. Molecular simulation can accurately capture the intermolecular 
force, and characterize the CO2-CH4 competitive adsorption behavior. 
Therefore, the shortcomings of LB simulation can be effectively solved 
by fitting gas-solid interaction force parameters through molecular 
simulations. 

The Grand Canonical Monte Carlo (GCMC) method is then adopted 
to simulate adsorption behaviors in kerogen and illite slit nanopores, 
respectively. The kerogen surfaces are constructed by compressing some 
kerogen units with a moveable graphene piston during an annealing 
simulation process. On the other hand, the illite models are created by 
replicating the unit cell in x and y directions. In addition, K+ is added to 
balance the negatively charged surfaces due to isomorphic substitution 
when building illite nanopores. The detailed construction procedure of 
these two nanopores and parameter settings of GCMC simulations can be 
found in our previous simulation work [59]. The consistent valence 
force field (CVFF) force field [60] is used to model kerogen molecules, 
and illite is simulated by CLAYFF force field [61]. Both CH4 and CO2 
molecules are described by the TraPPE force field [62,63]. Then the 
adsorption behaviors of CO2 and CH4 in the 4 nm slit kerogen and illite 
pores are simulated. 

Based on the total mass of CO2 and CH4 in the 4 nm slit pore of 
molecular simulation, the initial density of CO2 and CH4 in LB 

simulation can be determined. Then, by perfectly fitting the density 
distributions from molecular simulations, the interaction force param
eters of CO2-solid GCO2 , and CH4-solid GCH4 in LB simulation are ob
tained, and the fitting results are illustrated in Fig. 2(A). In order to 
ensure that the fitting parameters in 4 nm pore can well capture the 
competitive adsorption behavior in the pores with different pore sizes in 
nanoporous media, the same fitting parameters are used to carry out the 
competitive adsorption behavior in the 2 nm pore, and the successful 
fitting process can be found in our previous work [64]. Then, based on 
the fitting parameters, the competitive adsorption in 14 nanoporous 
media is accurately simulated. Figs. 2(B) and 2(C) show the CO2-CH4 
density distributions in kerogen and illite nanoporous media. The gas 
density near the solid surface is greater than that in the bulk region, and 
the result is in accordance with the density profile from molecular 
simulations. Additionally, in the corner area of solid minerals (marked 
in a circle), or as the pore size is small (marked in a square), the 
adsorption density increases because of the superimposed effect of the 
gas-solid interaction force. Based on the density distributions in 14 
nanoporous media, the CO2-CH4 adsorption capacity in 2096 pore 
structures of 14 nanoporous media can be calculated. The CO2-CH4 
adsorption capacity is the CO2-CH4 molar content in the adsorption re
gion, and the thickness of CO2-CH4 adsorption region equals 1.6 nm and 
1.4 nm respectively according to the density distribution in Fig. 2(A). In 
LB simulation, the length scale L0 = 2× 10− 10 m, mass scale M0 = 8 ×

10− 27 kg and time scale T0 = 4 × 10− 15 s are applied to conduct the unit 
conversion between lattice units and physical units. Therefore, accord
ing to the lattice CO2-CH4 density ρlattice at each grid, the physical mass 
Mphysial of CO2 and CH4 at each grid can be calculate by Mphysial =

ρlatticeL3
0M0, and then the total molar content of the gas in each pore 

structures by summing the mass of all grids and molar mass. In addition, 
for CO2 and CH4 to be miscible, the CO2-CH4 interaction force parameter 
equals to 0, and the lattice viscosity all equal to 0.1 which will not affect 
the competitive adsorption. 

2.3. Machine learning 

Based on the database from LB simulations, machine learning is used 
to accurately and rapidly predict the CO2-CH4 adsorption capacity in 
arbitrary pore structures to reduce computational resources. According 
to the features of the volume, solid surface area, and pore-throat inter
face area of 2096 pore structures, the dependency of the CO2-CH4 
adsorption capacity on these features is statistically analyzed. Fig. 3 
shows the dependence of different features on adsorption capacity in 
kerogen nanoporous media, and the CO2 molar fraction in CO2-CH4 
mixtures equals 0.5, and there are certain correlations between the 
adsorption capacity and these features. Then, the stepwise regression 
coefficients (SRC) are calculated, which are given in Table 1, the higher 
the stepwise regression coefficient, the stronger the correlation between 
the adsorption capacity and these features. The results show that the 
relationship between adsorption capacity and these characteristics is 
great, and the solid surface area is the best-correlated variable, mainly 

Fig. 1. Schematic diagram of nanoporous media, and the volume and surface region of pore structures.  
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because the adsorption behaviors are mainly caused by the strong gas- 
solid interaction force. 

Then, the ANN with ReLu activation function, performed by the 
Neural Fitting Toolbox of MATLAB, is trained to be able to predict CO2- 
CH4 adsorption capacity in arbitrary pore structures. The ANN is trained 
with a single hidden layer and ten neurons in the hidden layer. The pore- 
structure volume, solid surface area, and pore-throat interface area are 

Fig. 2. CO2 and CH4 density distributions in kerogen and illite nanoporous media based on fitting molecular simulation results. (A) Parameters of adsorption in LB 
simulation are fitted by the density profiles from molecular simulations, and all simulations are conducted at a certain pressure (20 MPa) and temperature (333.15 K). 
(B) LB simulation on CO2-CH4 competitive adsorption in kerogen nanoporous media and pore structures, and the CO2 molar fraction is 0.5. (C) LB simulation on CO2- 
CH4 competitive adsorption in illite nanoporous media and pore structures, and the CO2 molar fraction is 0.5. 

Fig. 3. Scatter diagrams of the relationship between features and adsorption capacity. (A) solid surface area, (B) pore-throat area, (C) Volume of pore structure.  

Table 1 
Stepwise regression coefficients between the features and adsorption capacity.  

Feature SRC of CH4 SRC of CO2 

Solid area, nm2 0.132 0.476 
Pore-throat area, nm2 0.091 0.332 

Pore-throat volume, nm3 0.043 0.157  
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input parameters, and CO2-CH4 adsorption capacity is the output 
parameter. The 5-fold cross validation is applied to guarantee the ac
curacy of ANN, and the mean squared error (MSE) and coefficient of 
determination (R2) are used to evaluate the accuracy of the training. As 
given in Fig. 4, the results show that the ANN is able to predict 
adsorption behaviors with a small mean squared error (MSE = 0.0038) 
and high coefficient of determination (R2 = 0.9974). We then recon
structed a new nanoporous media model with lattice size 150 × 150 ×
150 and compared the ANN prediction with the pore-scale simulation. 
The results are shown in Fig. 5, which indicate the accuracy and reli
ability of the ANN predictions. Note: the above simulation results are 
used under the kerogen nanoporous media and CO2 molar fraction 
equaling 0.5. In Section 3, we further conducted pore-scale simulations 
and neural network predictions for different minerals and different CO2 
molar fractions. 

3. Results and discussion 

3.1. Workflow of the competitive adsorption prediction 

Molecular simulation, LB simulation, and machine learning are 
coupled to rapidly predict the CO2-CH4 competitive adsorption capacity 
in 3D nanoporous media. The main ideas of the coupled methodology 
are shown in Fig. 6 and as follows. 1). Simulating the competitive 
adsorption of CO2-CH4 mixtures in slit nanopores by molecular simu
lation, and calculating the density profiles. 2). Modifying the CH4-solid 
and CO2-solid interaction force parameters in LB simulation by fitting 
the competitive adsorption density profiles from molecular simulation. 
3): Simulating the CO2-CH4 competitive adsorption in 3D nanoporous 
media with fitted gas-solid force parameters, and eventually obtaining 
the spatial density distributions of CO2-CH4 mixtures. 4): Dividing 
multiple 3D nanoporous media into 2096 pore structures by watershed 
segmentation algorithm, and calculating pore structure volume, solid 
surface area, and pore-throat surface area. Then, based on the spatial 
competitive adsorption density distribution, calculating the CO2-CH4 
adsorption capacity in 2096 pore structures. 5): Building the databases 
of 2096 pore-structure features and CO2-CH4 adsorption capacity, and 
training ANN to predict the CO2-CH4 adsorption capacity in arbitrary 
pore structures. The above methodology can be well extended to the 
different shale reservoirs with different mineral composition and pore 
structures. 

To highlight the computational efficiency of the proposed method
ology, the computational time between the LB simulation and the ANN 
prediction is compared. The computational time of different LB pro
gramming methods is very different, in this work, Matlab is adopted to 
compile simulation programs without considering parallel calculation, 
and the program convergence takes about 5 h for the adsorption in one 
nanoporous media with lattice size 150 × 150 × 150. Regardless of the 
database preparation time, the prediction time based on the proposed 

methodology is less than 5 s. However, before the ANN prediction, a 
large number of simulations need to be carried out to conduct the 
database preparation. On the premise of ensuring sufficient pore struc
ture, the different mineral types, CO2 molar fractions, temperatures and 
pressures need to be considered, which greatly increases the workload. 
Moreover, the competitive adsorption behavior in large-scale porous 
media can be predicted, which is impossible to be directly simulated 
with current computing resources. 

3.2. Machine learning considering mineral types and CO2 molar fraction 

Based on the above methodology, the competitive adsorption in 14 
kerogen and illite nanoporous media with CO2 molar fractions equaling 
0.5, 0.4 and 0.3 are simulated, and the CO2-CH4 density distributions in 
5 kerogen nanoporous media with CO2 molar fractions equaling 0.3 and 
increasing pore size are shown in Fig. 7. Then, from the density distri
butions under the conditions of the different minerals (kerogen and 
illite), different CO2 molar fractions (0.5, 0.4 and 0.3) and different pore 
structures (2096 samples), we build a database composed 12,576 entries 
for the CO2-CH4 adsorption capacity to train ANN to predict the 
competitive adsorption capacity in arbitrary pore structures with 
different minerals and CO2 molar fractions. For the training, the mineral 
type, CO2 molar fraction, the volume of pore structure, the solid surface 
area and pore-throat interface area are input parameters, and CO2-CH4 
adsorption capacity is taken as output parameter. Fig. 8 indicates the 
training results of the CO2-CH4 adsorption capacity, and a reasonably 
high coefficient of determination (R2

CO2
= 0.99, R2

CH4
= 0.99) indicates 

the ANN has the ability to accurately predict the CO2-CH4 adsorption 
capacity in arbitrary pore structures. 

3.3. Effect of pore size, CO2 molar fraction and mineral type on 
competitive adsorption 

Based on the predicted results, the influences of pore size, CO2 molar 
fraction and mineral type on the CO2-CH4 adsorption capacity are dis
cussed. First, the 10 nanoporous media models with monotonically 
increasing aperture and the same porosity are established, and some 
nanoporous media models are given in Fig. 9. The lattice size of nano
porous media model is 300 × 300 × 300, and the corresponding physical 
size is 60 × 60 × 60 nm3, in addition, the porosity is constant and equals 
to 0.5. Then, through the watershed segmentation algorithm, the 
nanoporous media models are divided into a large number of pore 
structures, and the training results in section 3.2 are applied to predict 
the CO2-CH4 adsorption capacity in pore structures. The predicted re
sults in kerogen nanoporous media with average pore diameter equaling 
3.6 nm, 4.6 nm and 5.4 nm are indicated in Fig. 10. The results indicate 
that with increasing pore size, the volume and solid surface area of pore 
structures increase, resulting in the increase of CO2-CH4 adsorption 
capacity. 

Fig. 4. The capability of ANN to predict CO2-CH4 adsorption capacity.  
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The dependence of average pore size and CO2 molar fraction on CO2- 
CH4 adsorption capacity in kerogen nanoporous media is indicated in 
Fig. 11. The increasing pore size makes for the decreasing specific sur
face area, and thus the decreasing gas-solid contact area which domi
nates the adsorption. Additionally, in the pore structure with a small 
pore size, the superposition of gas-solid interaction force leads to more 

adsorption such as that at the corner of the pore. For this reason, when 
the pore size increases, the CO2-CH4 adsorption capacity decreases. It is 
consistent with the adsorption capacity in nanoporous media in Fig. 10, 
with the increase of CO2 molar fraction, the adsorption capacity of CO2 
increases while that of CH4 decreases. 

The effects of mineral types on the CO2-CH4 adsorption capacity are 

Fig. 5. The comparation of adsorption capacity between ANN prediction and LB simulation. (A) The comparation of adsorption capacity; (B) Density distribution in 
nanoporous media from LB simulation; (C) Total adsorption capacity in each pore structure in nanoporous media from ANN prediction, and the color from blue to red 
indicates a gradual increase in the total adsorption capacity in pore structures. (For interpretation of the references to color in this figure legend, the reader is referred 
to the web version of this article.) 

Fig. 6. Workflow of methodology.  

Fig. 7. CO2-CH4 density distribution in kerogen nanoporous media with different pore sizes.  

H. Wang et al.                                                                                                                                                                                                                                   



Applied Energy 370 (2024) 123638

7

shown in Fig. 12. As the pore size increases, the CO2 adsorption capacity 
in kerogen and illite nanoporous media is a bit different under different 
CO2 molar fractions. The CH4 adsorption capacity in kerogen media is 
greater than that in illite media, and the difference decreases with the 
increase of CO2 molar fraction. 

4. Conclusions 

In this work, a coupled methodology of molecular simulation, LB 
simulation and machine learning is proposed to accurately and rapidly 
predict the CO2-CH4 competitive adsorption capacity in nanoporous 
media under different CO2 molar fractions and shale mineral types. First, 
based on the accurate CO2-CH4 competitive adsorption behaviors 

calculated by molecular simulation, the CH4-solid and CO2-solid force 
parameters in LB simulation are modified, and the competitive adsorp
tion simulations in 3D kerogen and illite nanoporous media under 
different CO2 molar fractions are carried out. Then, the several 3D 
nanoporous media are divided into a large number of pore structures by 
watershed segmentation algorithm, and the different features and 
competitive adsorption capacity of pore structures are obtained statis
tically for training the ANN to be able to predict CO2-CH4 adsorption 
capacity in arbitrary pore structures. Finally, based on training results, 
the effects of pore size, CO2 molar fraction, and mineral types on 
competitive adsorption capacity are discussed. The results show that the 
proposed methodology can accurately and quickly capture the 
competitive adsorption behavior in complex pore structures compared 

Fig. 8. The capability of ANN to predict CO2-CH4 adsorption capacity in kerogen and illite nanoporous media under different CO2 molar fractions.  

Fig. 9. Nanoporous media with different pore diameters. The average pore diameters are 3.6 nm, 4.6 nm, 5.4 nm, 6.2 nm and 7.0 nm respectively.  

Fig. 10. Prediction of total CO2-CH4 competitive adsorption capacity. (A)xCO2 = 0.5, (B)xCO2 = 0.3.  
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with the molecular simulation based on single nanopore. Because of the 
increasing specific surface area and the superposition of gas-solid 
interaction force, the CO2-CH4 adsorption capacity increases with 
decreasing pore size. With the increase of CO2 molar fraction, the CO2 
adsorption increases while the CH4 adsorption capacity decreases. The 
CO2 adsorption capacity in kerogen and illite nanoporous media is a bit 
different while the CH4 adsorption capacity in kerogen media is greater 
than that in illite media. 

The above methodology overcomes the limitation of computing 
resource consumption based on single nanopore molecular simulation 
and porous media pore-scale simulation. Based on this methodology, we 
can predict the competitive adsorption behavior in a large number of 
porous media and then study the effects of coordination number, 
porosity, average pore size and other parameters on the competitive 
adsorption behaviors, to provide new phenomena that cannot be 
captured by molecular and pore-scale simulations. In addition, the 
reservoir can be divided into several porous media grids, and then the 
occurrence of CO2-CH4 in each porous media is predicted to eventually 
obtain the macroscopic spatial distribution of CO2-CH4 in reservoir. 
Therefore, this methodology can not only explain the competitive 
adsorption behavior from the microscopic aspect, but also be scaled up 
to the reservoir scale, which provides certain guiding significance for the 
formulation of CO2 huff-n-puff to enhance shale gas recovery. As a basic 
model, this methodology can be extended to calculate CO2 geological 
sequestration and underground hydrogen storage in shale nanoporous 
media accurately and rapidly (introduced in Appendix A). By coupling 
PNM, the proposed method can also be extended to quickly calculate the 
permeability of nanoporous media considering the adsorption effect 
(introduced in Appendix B). 
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Fig. 11. The dependence of pore size and CO2 molar fraction on the CO2-CH4 adsorption capacity in kerogen nanoporous media.  

Fig. 12. CO2-CH4 adsorption capacity vs mineral types under different CO2 molar fractions.  
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Appendix A. CO2 sequestration and hydrogen storage 

Underground hydrogen storage has been identified as an effective solution for hydrogen storage, and due to the great adsorption capacity of 
hydrogen on mineral surface, shale reservoir is a potential carrier for hydrogen storage. Recently, Zhang et al., 2024 studied the hydrogen adsorption 
behaviors in shale kerogen and montmorillonite (MMT) nanopores through molecular simulation, and calculated the density distribution of pure 
hydrogen, as given in Fig. A1 [65]. Based on the proposed methodology, the parameters in pore-scale simulation can be fitted by hydrogen density 
distribution, and then coupling machine learning, the storage characteristics and storage quality of hydrogen in the shale porous media can be 
accurately and rapidly predicted.

Fig. A1. LB and molecular simulation density distributions of pure hydrogen in kerogen and MMT nanopores.  

Appendix B. Calculation of permeability 

As shown in Fig. B1, the shapes of kerogen pores are diverse according to SEM images [66], however, unlike circle, square and slit pores, the 
physical behavior of fluid in irregularly shaped pores is difficult to characterize theoretically, and it is difficult to obtain physical models of pores with 
different shapes in molecular simulations. To overcome the above difficulties, the methodology presented in this paper can be used to rapidly predict 
competitive adsorption and flow behaviors. 

First, the competitive adsorption behavior of CO2 and CH4 in a large number of pores with different shapes can be simulated, and the CO2 density in 
kerogen nanopores with CO2 molar fraction equaling 0.5 is shown in Fig. B2. Then, the nanoscale LBM [35,67] can be used to simulate the flow 
behaviors and calculate the permeability in the pores with different shapes, and the velocity distribution in the pores is shown in Fig. B2. Based on the 
database of competitive adsorption capacity and permeability obtained by direct simulations, the PNM and machine learning method can then be 
coupled to rapidly predict the competitive adsorption behavior and permeability in arbitrary nanoporous media at the same time.

Fig. B1. SEM images of kerogen pores with arbitrary shapes of pore cross-section [66].   
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Fig. B2. Density (A) and velocity (B) distributions in nanopores with different pore shapes.  
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