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ABSTRACT: The rapid prediction of seepage mass flow in soil is essential for understanding fluid transport in porous
media. This study proposes a new method for fast prediction of soil seepage mass flow by combining mesoscopic
modeling with deep learning. Porous media structures were generated using the Quartet Structure Generation Set
(QSGS) method, and a mesoscopic-scale seepage calculation model was applied to compute flow rates. These results
were then used to train a deep learning model for rapid prediction. The analysis shows that larger average pore
diameters lead to higher internal flow velocities and mass flow rates, while pressure drops significantly at the throats
of fine pores. The trained model predicts seepage mass flow rates with deviations within ±20%, achieving a root
mean square error of 0.24261 and an average deviation of –0.02197. Importantly, the method performs well even with
limited training data, though image-based deep learning approaches may yield better accuracy when larger datasets
are available.

KEYWORDS: Seepage flow; lattice Boltzmann method (LBM); multilayer perceptron (MLP); quartet structure
generation set (QSGS)

1 Introduction

Accurately evaluating fluid flow in saturated porous materials is critically important [1,2]. Soil, as
a typical porous medium, is widely distributed in nature. The investigation of seepage behavior in soil
is highly significant and has broad applications in areas such as water resources management and oil
exploration [3]. However, the pore structure of soil exhibits complex heterogeneous and anisotropic
characteristics [4], which lead to highly complicated fluid transport processes that are difficult to accurately
capture with theoretical models [5]. Although experimental methods for seepage analysis can provide
accurate predictions, they often involve drawbacks such as long durations, high costs, and limitations in
capturing spatial heterogeneity [6,7].

With the gradual advancement of computer technology, numerical simulation has achieved the
simulation of fluid flow in porous media at a very low cost, thereby revealing flow characteristics inside the
porousmedia [8,9]. In numerical studies of flow in porousmedia, the acquisition of pore structure is primarily
accomplished through CT scanning or stochastic generation methods [10,11]. CT scanning can capture the
morphology of real porous media, from which flow behavior under actual pore structures can be derived
via numerical simulation [12,13]. However, flow characteristics in porous media are strongly influenced
by pore structure and morphology [14,15]. To derive more generalizable conclusions, it is necessary
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to investigate a wide range of porous media. Thus, the approach of using randomly generated porous
structures to analogically represent various porous materials allows rapid and cost-effective generation
of numerous pore-scale models. Flow simulations can then be performed to obtain broadly applicable
findings [16,17]. There are various methods for random generation of porous media, including the Quartet
Structure Generation Set [18,19], the geology process-based method [20], Markov Chain Monte Carlo [21]
and Simulated Annealing [22]. Among them, the QSGS method enables rapid generation of porous
media with consistent statistical characteristics through macroscopic control parameters [23]. Studies
have demonstrated that QSGS is significantly faster than the SA algorithm for generating large-volume
3D porous structures, offering a feasible pathway for producing extensive datasets to enhance research
sampling [24,25]. Many researchers have employed the QSGS method to characterize various porous
materials, such as clays [26,27] or rocks [28,29]. Numerical methods for simulating fluid flow in porous
media can be categorized into three groups based on scale: macroscopic scale, mesoscopic scale and
microscopic scale [30,31]. Among them, the lattice Boltzmann method (LBM) is computationally efficient
due to its ability to handle complex geometries and avoid the high computational overhead of mesh-based
methods like the finite volume or finite element methods. When combined with graphics processing
unit (GPU) acceleration, which leverages the local computation features of LBM, the speed advantage
becomes even more pronounced [32]. Studies have reported that GPU-parallelized LBM simulation has
increased the overall computing speed by 7 to 15 times [33,34]. Therefore, the LBM calculation method
has been successfully applied in industrial simulations related to coal mines, natural gas extraction, and
ceramics [35,36].

With the rapid development of artificial intelligence, machine learning (ML) has achieved significant
progress in addressing various scientific and engineering problems, including flow analysis [37,38] and
mechanical property prediction [39–41]. In particular, seepage prediction methods that integrate pore-scale
numerical simulation with machine learning have emerged as a research hotspot, as they enable rapid
analysis and synthesis of diverse porous structures [42,43]. Convolutional neural network (CNN), which
utilizes convolutional and pooling layers to automatically extract key features from images, has shown
great potential for image-based parameter prediction [44,45]. By combining large datasets of porous media
samples generated by QSGS with CNN-based image recognition, it is possible to directly simulate and train
models for fluid flow through these structures, thereby predicting the seepage characteristics of real porous
materials [46]. For instance, Kamrava et al. [47] proposed a novel hybrid neural network architecture that
combines the strengths of deep learning (DL) and traditional artificial neural networks (ANN). Trained on
hundreds of randomly generated porous media samples produced by a reconstruction algorithm, their model
successfully established an accurate correlation between pore morphology and permeability. Liu et al. [48]
constructed a CNN capable of predicting permeability directly from structural images, and demonstrated its
successful application to Berea and Bentheimer sandstones. Sudakov et al. [49] systematically assessed the
applicability of machine learning technology for rock permeability prediction using a 3D image dataset of
Berea sandstone and corresponding pore-network simulated permeability values. Their work innovatively
integrated Minkowski functionals with deep learning-derived image descriptors, ultimately developing a
highly accurate 3D CNN prediction model.

As evidenced by the literature, it is feasible to accurately predict fluid flow through porous media with
realistic morphologies by training a CNN model using extensive soil-like porous structures generated via
the QSGS method, along with flow simulation results efficiently computed by the LBM model accelerated
with GPU parallel computing as the training dataset. However, the image-based CNN prediction method has
certain problems. It has a high demand for the sample size of the training dataset, which poses extremely
high requirements for computing resources. In the research of Sudakov et al. [49], 9261 samples were used
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for model training; while Zhang et al. [50] employed 25,000 samples in their dataset. The requirement for
such voluminous data not only increases the computational cost of machine learning-based predictions but
also prolongs the model preparation time, thereby diminishing the practicality and convenience of using
these methods for seepage prediction in porous media.

To improve the efficiency of the entire process training, this study proposes a novel prediction
method. The method begins by converting QSGS-generated porous structures into two primary control
parameters based on a statistical averaging principle. These two parameters, together with a key seepage
property—applied pressure difference, are used as input to establish a fully numerically operated deep
learning model for predicting seepage flow. Compared to image-based CNN prediction methods, the
proposed framework offers two main advantages: 1. This method firstly conducts specific feature extraction
on porous medium images through the statistical idea of volume averaging, which is more targeted
than the feature extraction of CNN. This helps to establish more accurate machine learning connection
relationships, improve prediction accuracy and decrease the amount of data required for training. 2. The
model utilizes a learning architecture based on numerical transformation, avoiding the loss of fine-grained
spatial information inherent in the pooling operations of typical CNNs. To validate the feasibility of
the proposed method in this study, this research first generated a set of porous media using QSGS, and
performed flow simulations via an established LBM approach. The obtained parameters were used as the
input parameters to train a deep learning model.

The following structure of this article includes the introduction of the established model, the
macroscopic control equations of the flow and seepage of porous media and their control equations
at the mesoscopic scale, the introduction of the process of generating porous media by QSGS, and the
all-digital transfer MLP machine learning model; Immediately following is the verification of the established
mesoscopic-scale seepage model. In this study, Poiseuille flow with analytical solutions was adopted for
verification. Finally, the flow behavior in porous media simulated by the model is analyzed, the influence of
QSGS parameters on flow characteristics and pore size is quantified, and the prediction accuracy of the
model is evaluated.

2 Methods

2.1 Porous Media Generation

During the generation process, each point in the computational domain is initially assigned a random
number. This value is compared with the preset core growth probability pcore: If the random number is
greater than the pcore, this point is designated as a solid phase; otherwise, it is marked as a liquid phase
point. Subsequently, one of the solid-phase points is randomly chosen as the basic point. The larger the
pcore is, the more solid phase blocks are generated, the more pores the formed porous medium has, and the
smaller the average pore size is. For adjacent points of this basic point, the random number and the growth
probability pD of this direction are determined: if the random number is greater than pD, the adjacent points
will change to the solid phase. If it is less than pD, the liquid phase is maintained. The larger the pD value is,
the more easily the surrounding points will turn into a solid state. This also leads to the formation of larger
and more compact solid blocks, and results in a larger average pore diameter of the porous medium. After
each growth cycle, the total number of solid-phase points is calculated and compared against the target
solid fraction. The process terminates when the desired proportion is reached. Otherwise, a new nucleation
seed is randomly chosen, and the growth steps repeat until the target is met. By carefully controlling the
growth target ratio, core formation probability pcore and growth probability pD in each direction of the two
composite materials, a wide range of composite microstructures can be effectively represented. Fig. 1b
depicts the example of the calculation domain for a porous medium structure generated by this method,
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with pcore being 0.05 and porosity being 0.5. During the LBM calculation, this porous media is divided into
Lx ∗ Ly lattices for collision and streaming calculations, with Ly = Lx + 20. To ensure that the flow within
the porous medium achieves a fully stable flow, 10 compartments of flow buffer zones are reserved at the
inlet and outlet, respectively.

Figure 1: Description of the generated porous media (a) and corresponding calculation domain (b).

2.2 Flow Simulation

2.2.1 The Macroscopic Governing Equation

The movement of water through soil is fundamentally governed by physical conservation laws. The
conservation of mass dictates the dynamic distribution of water, ensuring the balance among water inflow,
outflow and storage within the soil. During flow, water is driven by pressure gradients while being resisted
by viscous forces, which collectively determine the flow velocity and direction within the pore network.
The conservation of momentum requires that the kinetic energy, flow resistance, and pressure potential at
any location reach a state of equilibrium. When all these combinations reach equilibrium, flow changes to
steady state. Consequently, the flow of water in soil is determined by the simultaneous satisfaction of the
conservation of mass and momentum.

Mass conversion equation:

𝜕𝜌

𝜕𝑡

+ ∇ ⋅ (𝜌𝐮) = 0 (1)

Moment conversion equation:

𝜕(𝜌𝐮)

𝜕𝑡

+ ∇ ⋅ (𝜌𝐮𝐮) = −∇(P) + ∇ ⋅ (𝜌𝑣∇𝐮) (2)

where u denotes the tensor of the local velocity, 𝜌 and P are the local density and pressure, v represents
fluid kinematic viscosity.

2.2.2 The Mesoscopic Governing Equation

In this research, the governing equations for fluid flow (Eqs. (1) and (2)) were solved by converting
them into the mesoscopic LBM formulation, which describes particle collision and streaming processes.
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The two equations can be transformed into each other and have been proved by many scholars. However,
the mesoscopic-scale collision migration equation was chosen for subsequent calculations because it is
convenient to handle the complex boundaries of porous media and carry out GPU parallel computing
during the calculation process, which also greatly improves the calculation efficiency. Within the LBM
framework, macroscopic quantities such as density and velocity are represented by particle distribution
functions. The corresponding formula of the density distribution function varying with time is:

𝑓𝛼(𝑥 + 𝐞𝛼𝛿𝑡, 𝑡 + 𝛿𝑡) − 𝑓𝛼(𝑥, 𝑡) =

1

𝜏

[𝑓𝛼
𝑒𝑞
(𝑥 + 𝐞𝛼𝛿𝑡, 𝑡 + 𝛿𝑡) − 𝑓𝛼(𝑥, 𝑡)] (3)

where 𝛼 denotes the direction of all directions, 𝜏 is the relaxation factor with a value of 𝜏 =
𝜈

Δ𝑡𝑐
2

𝑠

+
1

2
= 1.2.

cs is lattice speed of sound with 𝑐
2

𝑠
=

1

3
. The 𝑓𝛼𝑒𝑞 is the density distribution function (DDF) in equilibrium

state, which is calculated as 𝑓𝛼𝑒𝑞 = 𝑤𝛼𝜌
[
1 −

𝐞𝛼 ⋅𝐮

𝑐
2

𝑠

+
(𝐞𝛼 ⋅𝐮)

2

2𝑐
4

𝑠

−
𝐮⋅𝐮

2𝑐
2

𝑠 ]
. The e𝛼 and 𝑤𝛼 are determined following
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⎪
⎪

⎨
⎪
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⎩

(0, 0, 0), 𝛼 = 0

(±1, 0)𝑐, (0, ±1)𝑐, 𝛼 = 1, 2, 3, 4

(±1, ±1)𝑐, (±1, ±1)𝑐, 𝛼 = 5, 6, 7, 8

, 𝑤𝛼 =

⎧
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⎪
⎪

⎨
⎪
⎪
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4/9, 𝛼 = 0

1/9, 𝛼 = 1, 2, 3, 4

1/36, 𝛼 = 5, 6, 7, 8

,

where c is the lattice velocity, determined as 𝑐 =
Δ𝑥

Δ𝑡
, with Δx = 1, Δt = 1. As each iteration of the

DDF is completed, the macroscopic quantities, including density and velocity are calculated following
𝜌 = ∑

𝛼

𝑓𝛼 , 𝜌𝑢 = ∑

𝛼

𝑒𝛼𝑓𝛼 . Based on the calculation of the above-mentioned equations, the iteration of density
and velocity is proceeded. A steady-state condition is considered to be achieved when the velocity residual
across the entire flow field falls below 10−6. The conversion between macroscopic and mesoscopic equations
is detailed in reference [51].

2.2.3 The Assumptions and Boundary Conditions

In simulation, fluids are assumed to be Newtonian fluids. The porous medium is assumed to be an
isotropic porous medium, and the fluid inside is assumed to be saturated liquid. Furthermore, the fluid is
also treated as incompressible, meaning its density remains constant regardless of local pressure variations.

Boundary conditions play a critical role in solving computational fluid dynamics problems. As shown
in the computational domain model in Fig. 1b, the left and right boundaries are set as pressure-boundary
conditions, implemented using the Zou–He boundary scheme [52]. The upper and lower boundaries are
set as periodic to ensure mass conservation within the domain. At the fluid–solid interfaces, a no-slip
boundary condition is applied, enforced via the half-way bounce-back method [53].

2.3 Deep Learning Model Formulation

This study proposes a new method for predicting seepage flow in porous media. The approach involves
manually extracting numerical features from porous media and then using a multi-layer perceptron model
with full numerical transfer to train the relationship between the extracted feature values and the seepage
flow. In this section, the model established for deep learning is described. A multilayer perceptron (MLP)
contains one input layer, one or more hidden layers and one output layer. The basic computational unit in
each layer is the neuron, which performs two main operations: a weighted summation and a nonlinear
transformation through an activation function. Within the neuron, the incoming parameters undergo
weighting followed by aggregation at the summation node. Specifically, each neuron receives inputs, applies
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weights, sums them along with a bias term, and passes the result through an activation function to produce
an output. This operational mechanism can be formally expressed mathematically as:

𝑦
𝑗

𝑖
= 𝜑(

𝑛

∑

𝑖=1

𝑤
𝑗

𝑖
𝑥𝑖 + 𝑏

𝑗

𝑖
) (4)

where bij is the bias of ith neuron in jth layer, wi
j is the weight of ith neuron in jth layer, yij denotes the

value of ith neuron in jth layer. In this research, two activation functions are the Sigmoid function and the
ReLU function. And the mathematical expression from the input to the output changes to:

𝑦𝑜𝑢𝑡𝑝𝑢𝑡 = Sigmoid(
𝑘

∑

𝑗=1

𝑤
2

𝑗
ReLU((

𝑛

∑

𝑖=1

𝑤
1

𝑖
𝑥𝑖𝑛𝑝𝑢𝑡) + 𝑏

1

𝑖
) + 𝑏

2

𝑗
) (5)

This study employs three input parameters for the MLP model: porosity, core growth probability, and
pressure difference. The hidden layer contains 15 neurons, which is five times the number of inputs. The
overall architecture of the constructed MLP model is illustrated in Fig. 2, which also outlines the prediction
workflow presented in this paper. A lot of porous media were generated by QSGS. Subsequently, the seepage
flow rate was calculated by the established LB model, and these values served as the predicted value of the
built deep learning. The LB simulation procedure includes the steps of initialization, collision, streaming, and
calculation of macroscopic quantities. The established model was trained using the statistical parameters for
generating the porous media—porosity and core growth probability—together with the seepage pressure as
inputs, to establish a high-accuracy prediction model. The MLP prediction model established in this study
has 6 hidden layer neurons, which were obtained through hyperparameter optimization comparison. The
study used the MSE error as the objective function and compared the prediction errors when the number of
neurons in the hidden layer was 3 to 10, as shown in Fig. 3a. The results show that a configuration with
6 neurons in the hidden layer achieved the best prediction performance. Then, a comparison of the learning
rates was conducted. The results showed that a learning rate of 0.01 yielded the best prediction accuracy,
as shown in Fig. 3b. Therefore, a learning rate of 0.01 was adopted for all subsequent predictions.

Figure 2: The structure of the established deep learning model and flow chart of the training.
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Figure 3: The hyperparameter optimization for hidden layer number (a) and learning rate (b).

2.4 Validation Strategy

The laminar flow of a fully developed incompressible Newtonian fluid in a long straight circular pipe
has an exact analytical solution, namely the Poiseuille flow solution. Under a constant pressure gradient,
the velocity profile follows a parabolic distribution along the radial direction, expressed as [54]:

𝑢𝑥(𝑦) =

Δ𝑃

2𝜇

𝑦(𝐷 − 𝑦) (6)

where y denotes the vertical position from the centerline, Δ𝑃 is the pressure difference between inlet and
outlet, 𝜇 represents the dynamic viscosity and D is the tube diameter. In this study, a computational domain
with a size of 49 × 200 was designed, as shown in Fig. 4a. The availability of an analytical solution makes
Poiseuille flow an ideal benchmark for validating numerical methods in computational fluid dynamics
under constant pressure boundary conditions. By quantitatively comparing the velocity obtained from
numerical simulation with analytical solution, the accuracy of the numerical algorithm in solving the
Navier-Stokes equation under constant pressure boundary conditions can be effectively evaluated. In
particular, the Poiseuille flow test provides a direct and rigorous means to verify the correct implementation
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of the pressure boundary condition and the proper coupling between pressure and velocity fields, thereby
enhancing the credibility of the numerical results. As shown in Fig. 4b, the numerical results agree well
with the analytical solution, confirming the accuracy of the present model.

 
(a) 

 
(b) 

-25 -20 -15 -10 -5 0 5 10 15 20 25
0.00

0.02

0.04

0.06

0.08

0.10

V
el

oc
ity

y / Δx

 Analytical results
 Numerical results

Maximum deviation: 1.89%

Figure 4: Schematic diagram of the calculation model (a) and comparison chart of result verification (b).

3 Data Reduction

After establishing the model, it is necessary to verify its accuracy. In addition, it is necessary to
introduce the processing methods of the data studied in the research to enable readers to understand better.

This study mainly explores the influencing factors of seepage flow and the establishment of its deep
learning prediction model. Seepage flow is simulated using a mesoscopic-scale flow model, with the primary
parameter of interest being the mass flow rate. The mass flow rate, defined as the mass of fluid passing
through a unit cross-sectional area per unit time, is of considerable practical importance in the study of
porous media seepage. Compared to permeability, this parameter more directly reflects the actual flow
capacity under specific operating conditions. The corresponding calculation formula is:

𝐹 =

𝐿𝑥

∑

𝑖

𝜌𝑢 (7)

where u and 𝜌 are the velocity and density at the outlet, respectively, and the Lx represents the length of
the outlet.

To evaluate prediction accuracy of deep learning model, commonly used RMSE, correlation coefficient
R, average relative deviation ARD and mean error are employed [55].

Correlation coefficient (R):

𝑅 =

𝑛

∑

𝑖=1

(𝑥𝑝𝑟𝑒𝑑,𝑖 − 𝑥𝑝𝑟𝑒𝑑)

𝑛

∑

𝑖=1

(𝑥𝑠𝑖𝑚,𝑖 − 𝑥𝑠𝑖𝑚)

√
𝑛

∑

𝑖=1

(𝑥𝑝𝑟𝑒𝑑,𝑖 − 𝑥𝑝𝑟𝑒𝑑)
2

𝑛

∑

𝑖=1

(𝑥𝑠𝑖𝑚,𝑖 − 𝑥𝑠𝑖𝑚)
2

(8)
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Root mean square error (RMSE):

RMSE =

√

1

𝑛

𝑛

∑

𝑖=1

(𝑥𝑝𝑟𝑒,𝑖 − 𝑥𝑠𝑖𝑚,𝑖)

2 (9)

Average relative deviation (ARD):

ARD =

1

𝑛

𝑛

∑

𝑖=1

|
|
𝑥𝑝𝑟𝑒,𝑖 − 𝑥𝑠𝑖𝑚,𝑖

|
|

(10)

Error mean:

Error mean =

1

𝑚
(𝑥𝑝𝑟𝑒,𝑖 − 𝑥𝑠𝑖𝑚,𝑖) (11)

4 Results and Discussions

This study mainly focuses on the seepage characteristics of porous media and establishes a deep
learning prediction model. Employing the QSGS algorithm for stochastic generation of porous structures
and the lattice Boltzmann method for mesoscopic flow simulation, the model’s performance is evaluated
through comparisons on both training and independent prediction datasets.

4.1 The Influence of the Porosity

4.1.1 The Effect of the Porosity on the Flow

Porosity is a fundamental parameter that significantly influences the seepage process and its outcomes.
Therefore, this study first conducts a comparative study on the seepage mass flow rates of the generated
porous media with different porosities. The results are shown in Fig. 5. As porosity gradually increases, the
seepage flow rate gradually increases. This trend can be explained theoretically: at lower porosities, the
pore space within the porous medium is limited, resulting in higher flow resistance and a lower seepage
mass flow rate. As the porosity gradually increases, the pressure difference that seepage needs to overcome
becomes smaller, and the mass flow rate of seepage will also become larger. This phenomenon has also
been revealed in the literature [56,57]. As the porosity gradual increases, the increasement of seepage mass
flow rate also gradually increases. Since the vertical coordinate in the figure is a logarithmic coordinate,
the increase in seepage mass flow rate becomes larger and larger with the increase in porosity. When the
porosity is at a relatively low level, it increases from 0.60 to 0.65, and the seepage mass flow rate increases
from 0.19 to 0.26, with an increase of 36.82%. When the porosity is at a relatively high level and increases
from 0.90 to 0.95, the seepage mass flow rate increases from 5.32 to 15.22, with an increase of 186.09%. To
further explore the influence of porosity on porous media, Fig. 5b analyzes the average pore size of the
random porous media. The average pore size is another key descriptor of porous structures. As porosity
increases, the average pore size also increases, and the rate of this increase accelerates. For instance, when
porosity increases from 0.55 to 0.60, the average pore diameter increases from 6.36 to 7.62, a growth of
19.81%. However, when porosity increases from 0.90 to 0.95, the average pore diameter increases from
26.89 to 45.40, a much larger relative increase of 68.84%.
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Figure 5: The influence of the porosity on the mass flow (a) and average pore diameter (b).

4.1.2 The Effect of the Porosity on the Streamlines

Fig. 6 compares the seepage flow diagrams of four porosities of 0.55, 0.65, 0.75, and 0.85. When the
porosity is 0.55, the generated porous medium contains a relatively large number of dispersed solid blocks,
resulting in a smaller average pore size. This increases the frictional resistance encountered by the fluid
during flow. As the porosity gradually increases, the number of solid blocks decreases, leading to a larger
average pore size and reduced flow resistance. Therefore, the velocity of the internal fluid flow will also
increase. A comparison of the flow fields clearly shows that the highest fluid velocity occurs in the porous
medium with a porosity of 0.85, while the lowest velocity is observed at a porosity of 0.55. As the porosity
gradually decreases from 0.85 to 0.55, the flow velocity of the seepage gradually decreases. By choosing
a porous medium with a certain porosity to conduct the analysis of fluid flow velocity, it can be found
that when the fluid passes through the porous medium and the pore size changes from large to small, the
flow velocity will increase, and the flow lines will become denser. This phenomenon is consistent with
the Bernoulli equation, that is, a reduction in flow cross-sectional area results in an increase in velocity to
maintain mass conservation for a constant mass flow rate.

Figure 6: The streamlines of seepage in porous media with different porosities.
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4.1.3 The Effect of the Porosity on the Pressure Distribution

Fig. 7 compares the pressure distributions for four porosities of 0.55, 0.65, 0.75, and 0.85 under constant
pressure. It can be found from the figure that for different porosities, the pressure will continuously decrease
as the fluid flows. Furthermore, the pressure drops more rapidly in media with smaller pores and denser
solid matrices. For the position of the pore throat of porous media, since the seepage fluid consumes a large
amount of pressure potential energy when passing through the narrow pore throat, this also leads to a
significant pressure drop. For the positions of porous media with larger pores, the pressure consumed by
internal seepage is relatively small. Therefore, the pressure drop at these positions is extremely low, and
the pressure of the fluid still maintains a relatively high level. By observing the cloud map of the seepage
pressure distribution in porous medium with a porosity of 0.85, the pressure remains high in the early flow
region due to the sparse solid structure and correspondingly low flow resistance.

Figure 7: The pressure distribution in porous media with different porosities.

4.2 The Influence of the pcore
4.2.1 The Effect of the Porosity on the Pressure Distribution

In the process of generating porous media by QSGS, there are two control parameters, namely porosity
and core growth probability, respectively. The core growth probability significantly influences the resulting
porous structure by determining the initial number of nucleation sites, which in turn affects the number of
solid aggregates. The overall manifestation is that the larger the core growth probability pcore is, the more
blocks the generated porous medium has, the more dispersed the solid blocks of the porous medium are,
and the smaller the average pore diameter of the generated porous medium is. Fig. 8a compares the seepage
mass flow of the porous medium with a porosity of 0.55 controlled by the core growth probabilities of 0.001,
0.005, 0.05, 0.1, 0.5, and 0.9, respectively. The gradual increase of the core growth probability leads to a
gradual decrease in the seepage mass flow rate of the porous medium, and the change ratio in the figure is
nearly a linear change. However, the logarithmic vertical scale indicates that the rate of decrease diminishes
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at higher values of pcore. When the core growth probability was at a relatively low level, the change from
0.001 to 0.005 led to a decrease in the mass flow rate of the porous medium from 3.280 to 0.409, resulting
in a reduction of 87.53%. When the core growth probability is at a relatively high level and increases
from 0.500 to 0.900, the seepage mass flow rate of the porous medium decreases from 0.026 to 0.017, which
leads to a decrease of 40.74%. According to the QSGS generation mechanism, variations in pcore also affect
the average pore size of the porous medium. As shown in Fig. 8b, the average pore diameter gradually
decreases as pcore increases, with the magnitude of reduction becoming smaller at higher probability levels.
A comparison of Fig. 8a,b reveals that the seepage mass flow rate and the average pore diameter exhibit
similar trends in response to changes in the core growth probability.
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Figure 8: The influence of the probability of the core growth on the mass flow (a) and average pore diameter (b).

4.2.2 The Effect of the pcore on the Streamline

Fig. 9 compares the seepage flow in six porous media generated with core growth probabilities pcore
of 0.001, 0.005, 0.05, 0.1, 0.5, and 0.9, respectively. While all six structures share the same porosity, they
differ significantly in pore size distribution. When the core growth probability is low, the generated porous
medium has a high pore size distribution. When the porous medium has a large core growth probability,
the generated porous medium has a low pore size distribution. Therefore, when the core growth probability
is 0.001, the porous medium has the largest pore size distribution and also the largest fluid velocity. As
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the core growth probability gradually increases, the pore size becomes smaller and smaller, and the flow
velocity of the internal fluid also becomes smaller and smaller. When pcore ≥ 0.5, the solid phase becomes
highly dispersed, resembling isolated particles, which significantly increases flow resistance and results in
an extremely low internal fluid velocity.

Figure 9: The streamlines of seepage in porous media with different probabilities of the core growth.

4.2.3 The Effect of the pcore on the Pressure Distribution

Fig. 10 compares the seepage pressure distributions in six porous media corresponding to the core
growth probabilities pcore of 0.001, 0.005, 0.050, 0.100, 0.500, and 0.900, respectively. In the case where
pcore = 0.001, the pore structure exhibits a clear influence of pore throats on the pressure distribution. The
upstream region, characterized by relatively large pores, shows minimal pressure loss. However, a sharp
pressure drop occurs as the fluid passes through a narrow pore throat. In contrast, for the porous medium
generated with pcore = 0.900, the pressure decreases rapidly throughout the flow domain. This accelerated
pressure loss is attributed to the highly dispersed solid phase, which significantly increases flow resistance
and dissipates pressure more quickly.

Figure 10: The pressure distribution in porous media with different probabilities of the core growth.
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4.3 The Influence of the Pressure Difference and Dynamic Viscosity

Seepage pressure provides the driving force for fluid flow, while dynamic viscosity represents the
flow resistance, and both parameters directly influence the seepage mass flow rate. To explore the effect of
pressure differences and different hydrodynamic viscosities on the seepage of porous media, this section uses
the established seepage model of porous media to calculate the seepage mass under different hydrodynamic
viscosities under different pressure differences. The porous medium considered in this section has a porosity
of 0.55. To isolate the individual effects of each parameter, the same porous structure was used across all
simulations. The research results are shown in Fig. 11. For a given dynamic viscosity, the seepage mass
flow rate increases linearly with the applied pressure difference. This behavior is consistent with Darcy’s
law, which states that the flow rate is proportional to the pressure gradient. Conversely, under a fixed
pressure difference, the seepage mass flow rate decreases as the dynamic viscosity increases, a trend also
reported in reference [58]. The reduction in flow rate is more pronounced at lower viscosity levels. Overall,
regardless of the fluid viscosity, the seepage mass flow rate exhibits a proportional relationship with the
pressure difference.
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Figure 11: The mass flow of seepage of fluid under different pressure differences.

4.4 The Prediction Results of Trained Model

Based on a dataset comprising various porous media structures generated via the QSGS method and
their corresponding seepage mass flow rates computed by the LBM, a deep learning model was trained to
accurately predict seepage flow behavior. Unlike the image-based CNN approaches commonly adopted
in previous studies, this work adopts a feature-based strategy using statistical control parameters. The
control parameters of the porous media, porosity and the core growth probability pcore, were taken as the
input parameters of the training model. At the same time, the applied pressure difference, which strongly
influences the seepage process, was also taken as an input parameter. The seepage mass flow rate calculated
by LBM is taken as the predicted value of the model to train the established deep learning model.

Based on the QSGS-generated porous media analogous to soil structures in terms of pore scale, this
study selected a porosity range of 0.55–0.75, representative of typical soil-based porousmedia. Since different
soil types can lead to inconsistent agglomeration sizes of soil-like porous media, thereby generating different
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pore sizes. The core growth probability in QSGS was varied between 0.01 and 0.07 to account for variations
in pore size. The applied pressure difference given in this study is from 0.001 to 0.004. Within the range of
this independent variable, 176 groups of porous media were formed. Due to the stochastic nature of QSGS
in generating porous media, two realizations were produced for each parameter set. The average seepage
mass flow from these two realizations was used as the target output for model training, resulting in a total
training dataset of 352 samples. While Sudakov et al. [49] used 9261 samples to train; Zhang et al. [50] used
25,000 as training data set. Compared with their work, which is conducted through image-based prediction
method, the training dataset is greatly saved and a relatively good accuracy is gained. Fig. 12a depicts
the prediction results of the trained model on the training dataset. The results indicate that the trained
model can predict all points well, and the prediction errors are almost all within the range of ±80%. A more
detailed view in Fig. 12b indicates that nearly all predictions lie within ±20% of the true values. There is a
point in the study where the prediction deviation exceeds 20%. This might be because the two results of the
random porous media generated by QSGS under this set of parameters are exactly very similar, failing to
effectively eliminate the influence of the randomly generated porous media by the QSGS method. Overall,
the model demonstrates a strong ability to accurately predict seepage mass flow rates for QSGS-generated
porous media under different applied pressure difference.
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Figure 12: The prediction results (a) and relative error of training dataset (b).
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After training the deep learning model, 30 additional samples generated by QSGS were calculated to
evaluate prediction accuracy. Fig. 13 shows the comparison between predicted and actual seepage mass
flow rates for the test dataset. The trained model can achieve very good prediction accuracy for predicting
the test dataset, with all data points falling within an error range of ±20%. A quantitative assessment of the
model performance is summarized in Table 1, which includes the correlation coefficient, root mean square
error, average relative deviation and mean error. The model achieves a correlation coefficient R of 0.98558,
indicating a strong relationship between the input parameters, porosity, core growth probability, applied
pressure difference and the seepage mass flow rate. The root means square error is 0.24261, which proves
that the predicted values are very close to the actual values and the deviation is small. The average relative
deviation is 0.14645, which also proves that the average deviation of all prediction points is acceptable.
Furthermore, the average error of –0.02197, being close to zero under an ARD of 0.14645, indicates that
the errors are evenly distributed and do not exhibit significant systematic bias, consistent with a roughly
normal distribution of prediction errors.
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Figure 13: The prediction results of testing dataset.

Table 1: The calculation of the correlation coefficient, root mean square error, average relative deviation and
mean error.

Correlation Coefficient (R) Root Mean Square Error
(RMSE)

Average Relative
Deviation (AVR) Error Mean

0.98558 0.24261 0.14645 −0.02197

5 Conclusions

In this study, soil-like porous media was generated using the QSGS method. The seepage mass flow
rate was then computed via a mesoscopic numerical model, and the results were employed as input-output
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pairs to train a deep learning model for rapid seepage prediction. The following conclusions were obtained
during the research process.
1. Porosity and core growth probability significantly influence the average pore diameter and seepage

mass flow rate. Higher porosity and core growth probability result in larger average pore sizes and
greater seepage flow. Moreover, the influence amplitudes of changing porosity and core growth
probability on mass flow rate decrease with the increase of the two parameters.

2. Flow velocity is higher in regions with larger pore diameters, where pressure loss remains relatively
small. In contrast, significant pressure drops occur at pore throats or constricted regions.

3. As applied pressure differences increase, the seepage flow rate exhibits a proportional rise for a given
fluid. Conversely, higher dynamic viscosity of the fluid leads to a reduction in the seepage flow rate
under the same pressure conditions.

4. The deep learning model based on full-numerical transfer achieved satisfactory predictive accuracy
for the seepage mass flow rate, with a root mean square error of 0.24261 and a mean error of −0.02197.
It should be noted that this research proposes a new seepage prediction approach suitable for situations

with limited training data. At this circumstance, the present method is better than that using image-based
deep learning model. However, when ample training data are available, image-based deep learning models
may yield better performance. Furthermore, to save time for calculating a large amount of training data, it
is suggested to incorporate the GPU-accelerated parallel numerical simulations.
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