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A B S T R A C T

Porous media is widely distributed in nature, found in environments such as soil, rock formations, and plant 
tissues, and is crucial in applications like subsurface oil and gas extraction, medical drug delivery, and filtration 
systems. Understanding the properties of porous media, such as the permeability and formation factor, is crucial 
for comprehending the physics of fluid flow within them. We present a novel fusion model that significantly 
enhances memory efficiency compared to traditional convolutional neural networks (CNNs) while maintaining 
high predictive accuracy. Although the CNNs have been employed to estimate these properties from high- 
resolution, three-dimensional images of porous media, they often suffer from high memory consumption when 
processing large-dimensional inputs. Our model integrates a simplified CNN with a graph neural network (GNN), 
which efficiently consolidates clusters of pixels into graph nodes and edges that represent pores and throats, 
respectively. This graph-based approach aligns naturally with the porous medium structure, enabling large-scale 
simulations that are challenging with traditional methods. Furthermore, we use the GNN Grad-CAM technology 
to provide new interpretability and insights into fluid dynamics in porous media. Our results demonstrate that 
the accuracy of the fusion model in predicting porous medium properties is superior to that of the standalone 
CNN, while its total parameter count is nearly two orders of magnitude lower. This innovative approach high
lights the transformative potential of hybrid neural network architectures in advancing research on fluid flow in 
porous media.

1. Introduction

Fluid flow in porous media plays a crucial role in various natural and 
engineered processes, including contaminant transport in groundwater, 
subsurface nuclear waste disposal, and geological carbon sequestration 
(R. Guo et al., 2021; McCarthy and Zachara, 1989; Teng et al., 2023). 
Recent advancements in imaging technologies, such as X-ray 
micro-computed tomography, have made it possible to visualize the 
internal structures of porous media in three-dimensional (3D) space. 
These technologies facilitate the characterization of their physical 
properties, such as permeability, through numerical simulations (D. 
Zhang et al., 2000; Zhao et al., 2019).

Traditional approaches for predicting permeability from these digital 
images involve direct numerical simulations (DNS) based on solving 

governing equations, such as Darcy’s law or the Navier-Stokes equa
tions, to model fluid flow through porous materials. DNS methods, 
including the finite element method (Karim et al., 2014), finite volume 
method (Jaganathan et al., 2008), and the lattice Boltzmann (LB) 
method (R. Guo et al., 2020; Z. Guo et al., 2002; Kang et al., 2007), are 
known for their high computational cost, particularly when applied to 
high-resolution 3D images. To make computations more efficient, 
upscaling techniques, such as pore network modeling (PNM) (Blunt, 
2001; Blunt et al., 2013; Joekar-Niasar and Hassanizadeh, 2012), have 
been developed. PNM simplifies the complex pore structure into a 
network of interconnected pores and pore throats, allowing efficient yet 
approximate predictions of permeability. However, these methods often 
rely on simplifying assumptions, which can impact the accuracy of the 
permeability prediction.

* Corresponding author.
E-mail address: cchen6@stevens.edu (C. Chen). 

Contents lists available at ScienceDirect

Advances in Water Resources

journal homepage: www.elsevier.com/locate/advwatres

https://doi.org/10.1016/j.advwatres.2024.104881
Received 13 September 2024; Received in revised form 26 November 2024; Accepted 20 December 2024  

Advances in Water Resources 195 (2025) 104881 

Available online 24 December 2024 
0309-1708/© 2024 Elsevier Ltd. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

https://orcid.org/0000-0003-0070-609X
https://orcid.org/0000-0003-0070-609X
https://orcid.org/0000-0002-0815-0228
https://orcid.org/0000-0002-0815-0228
mailto:cchen6@stevens.edu
www.sciencedirect.com/science/journal/03091708
https://www.elsevier.com/locate/advwatres
https://doi.org/10.1016/j.advwatres.2024.104881
https://doi.org/10.1016/j.advwatres.2024.104881
http://crossmark.crossref.org/dialog/?doi=10.1016/j.advwatres.2024.104881&domain=pdf


The recent advancements in neural network models have signifi
cantly propelled research in pattern recognition and image segmenta
tion (LeCun et al., 2015; Nguyen et al., 2023). Deep learning 
technologies, particularly convolutional neural networks (CNNs), offer a 
promising method for efficiently and accurately estimating porous me
dium properties (Alqahtani et al., 2021; Hong and Liu, 2020; Kamrava 
et al., 2020; Liu et al., 2023; Mudunuru et al., 2022; Tembely et al., 
2020). Previous studies have demonstrated the potential of CNNs as 
surrogates for image-based predictions of porous medium properties. 
Modifications to the model architecture and the incorporation of phys
ical information have been employed to enhance the accuracy of the 
predictions (Al-Zubaidi et al., 2023; Fu et al., 2023; Kang et al., 2024; 
Marcato et al., 2022; Tang et al., 2022; Y. D. Wang et al., 2021; Zhai 
et al., 2024a). For example, J. Wu et al. (2018) utilized a CNN with 
physical parameters for permeability predictions, achieving better re
sults than regular CNNs. Elmorsy et al. (2022) designed a CNN archi
tecture with an inception module featuring two parallel paths, 
improving the model’s generalizability by using different kernel sizes in 
the parallel paths to predict unseen rock samples with high accuracy. H. 
Zhang et al. (2022) developed an autoencoder-based CNN for 
low-resolution permeability prediction, demonstrating significantly 
better results than lattice Boltzmann simulations when using 
low-resolution images as the input. Kamrava et al. (2021) developed a 
deep CNN for estimating the dispersion coefficient in flow through 
heterogeneous porous media, showing rapid and accurate predictions of 
porous medium properties. Other methods like generative adversarial 
networks (GANs) have also been applied to data-driven research in 
porous media (Ershadnia et al., 2024; Ferreira et al., 2022; Qian et al., 
2024). Umanovskiy (2022) applied a GAN architecture to model 
two-phase flow in porous media, achieving results comparable to 
traditional numerical simulations with data output rates two to three 
orders of magnitude faster. Z. Wang et al. (2022) utilized a conditional 
GAN for pore-scale modeling of two-phase flow in porous media, 
effectively predicting fluid saturation and spatial distribution across 
varying wetting conditions and particle shapes.

In addition to the direct use of data-driven models, physics-informed 
neural networks (PINNs) have also been applied to porous medium 
property prediction (Ebadi et al., 2021; Kashefi and Mukerji, 2023; Xu 
et al., 2023). Elmorsy et al. (2023) developed a CNN model equipped 
with a physics-informed module that achieves excellent accuracy, even 
with unseen porous media samples. Almajid & Abu-Al-Saud (2022)
utilized a PINN to predict the physics of fluid flow in porous media, 
showing high accuracy when coupled with observed data. Additionally, 
attempts have been made to utilize neural networks for the prediction of 
flow fields in porous media, which can offer more comprehensive in
sights than upscaling porous medium properties (Da Wang et al., 2020; 
Kamrava, Sahimi, et al., 2021; Ko et al., 2023; Santos et al., 2020, 2021; 
X.-H. Zhou et al., 2022). Kashefi & Mukerji (2023) introduced a 
physics-informed PointNet (PIPN) to predict Stokes flows in porous 
media, which improved memory efficiency and reduced computational 
costs. Yan et al. (2022) introduced a gradient-based deep neural network 
model that integrated differential operators from governing partial dif
ferential equations to simulate multiphase flows in porous media, 
achieving high accuracy in predicting nonlinear flow dynamics while 
leveraging physics-informed regularization.

While CNNs can effectively identify geometric features, they may 
lose certain details during the convolution process with activation 
functions (Tang et al., 2022). Moreover, CNNs are primarily designed for 
regular Euclidean data, such as images (two-dimensional (2D) grids) and 
text (one-dimensional sequences). Adapting CNNs to non-Euclidean 
domains presents challenges, particularly in defining localized con
volutional filters and pooling operators. Additionally, CNNs can be 
memory intensive when processing 3D images. Prior approaches using 
CNN for 2D image recognition problems often struggled to scale up to 
large 3D domains required for a representative elementary volume 
(REV). This limitation caused many studies to focus on homogeneous 

samples with smaller REVs, where the global nature of fluid flow could 
be neglected and the memory bottleneck could be bypassed (Santos 
et al., 2021). To overcome these challenges, geometric deep learning, 
particularly deep learning on graphs, has gained significant attention as 
an emerging research area (Bronstein et al., 2017).

One advancement in addressing these challenges is the development 
of graph neural networks (GNNs), a specialized neural network designed 
for graph data structures (Chen et al., 2016; Hamilton et al., 2018; Kipf 
and Welling, 2017; Vashishth et al., 2020; J. Zhou et al., 2020). GNNs 
were developed to address the limitations of traditional CNNs in 
handling the irregular sizes and complex structures of graphs. GNNs are 
adept at capturing the complex relationships between nodes in a graph, 
leading to significant advancements in graph analysis research. Their 
applications include a wide range of tasks, such as graph classification, 
link prediction, community detection, and graph embedding (Z. Wu 
et al., 2021). Recently, GNNs have risen in popularity across various 
domains, from social networks and recommender systems to life sci
ences and biomedical engineering. In molecular property predictions, 
for example, the graph architecture is naturally aligned with the input 
representations of molecules and materials, which can be viewed as 
chemical graphs of atoms and bonds (Jones et al., 2021). This alignment 
allows GNNs to access comprehensive atomic-level material represen
tations (Li et al., 2022). By incorporating physical laws and large-scale 
phenomena, GNNs can develop detailed material representations that 
are useful for specific tasks, such as predicting material properties 
(Reiser et al., 2022). As a result, GNNs offer a promising alternative to 
traditional feature representations commonly used in the natural 
sciences.

Despite the potential of GNNs, their application in predicting porous 
medium properties has not been extensively explored in previous 
research. Alzahrani et al. (2023) presented a hybrid deep learning 
framework that combines GNNs with CNNs to predict porous medium 
properties. They treated each sample as a node in the training graph. 
Jiang & Guo (2024) constructed surrogate models based on graph con
volutional networks to approximate the spatial-temporal solutions of the 
multi-phase flow and transport processes in porous media with un
structured meshes. The results demonstrated that the surrogates accu
rately predicted the evolutions of pressure and saturation states. 
Different from prior studies, we directly represent pore structures using 
graphs extracted from digital rock images through PNM, enabling an 
efficient approach to capturing intricate relational data between pores. 
Our study aims to develop and evaluate a novel GNN–CNN fusion 
model that leverages the strengths of both CNNs and GNNs for enhanced 
multiscale feature extraction and efficient predictions of porous medium 
properties. The GNN component consolidates clusters of pixels into 
nodes and edges that represent pores and pore throats, respectively, 
which align naturally with the porous medium structure and enhance 
computational efficiency. Furthermore, we employ the GNN Grad-CAM 
technology to provide interpretability and novel insights into fluid dy
namics within porous media. By integrating these approaches, our 
model not only achieves improved prediction accuracy but also enables 
more scalable simulations of complex structures. This work represents a 
pioneering effort in digital rock physics, showcasing the transformative 
potential of hybrid neural network architectures in property predictions 
and modeling of porous media.

2. Methods

2.1. Data extraction and structure

The majority of research on the implementation of deep learning 
technologies for the prediction of digital rock properties is based on the 
CNN models (Y. D. Wang et al., 2021). CNNs are well-suited to address 
issues related to spatial correlations, given their capacity to recognize 
shift-invariance, local connectivity, and compositionality of image data 
(Bronstein et al., 2017). As illustrated in Fig. 1a, a CNN framework for 
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the analysis of digital rock data typically uses images as the inputs, 
represented as regular grids in Euclidean space. In this way, CNNs can 
extract meaningful local features that are shared with the entire data sets 
for the analysis of porous media images. However, a significant chal
lenge for CNNs is the increased computational and memory demands 
during training, especially for large 3D images, where the escalating 
number of pixels significantly increases memory usage, consequently 
diminishing the model’s computational speed. Numerous studies have 
highlighted the constraints of current computational resources in fore
casting rock characteristics via CNNs (Elmorsy et al., 2022; Y. D. Wang 
et al., 2021).

Our dataset was sourced from the DeePore framework (Rabbani 
et al., 2020), consisting of 17,700 semi-realistic 3D microstructures of 
porous geomaterials, each with dimensions of 2563 voxels. The original 
core of this dataset was derived from 60 real microtomography images 
collected from various geological formations. Detailed information 
about the sampling locations and characteristics of these geological 
formations can be found in Appendix A of the DeePore study (Rabbani 
et al., 2020). To generate a comprehensive and diverse dataset, several 
data augmentation techniques were employed, such as elastic defor
mation, image mixing, and cross-correlation-based simulation. To 
ensure the quality and relevance of the data, rigorous data cleaning and 
pre-processing steps were carried out. Non-physical or outlier geome
tries, such as samples without percolating pathways, which can result in 
zero hydraulic permeability or infinite formation factors, were filtered 
out. Additionally, normalization was applied to the Euclidean distance 
transforms to scale the values between − 1 and 1, ensuring uniformity 
across the dataset.

To address the computational limitations of processing full 3D im
ages, DeePore dataset transformed the 3D images into 2D representa
tions. Specifically, three perpendicular mid-planes, in the x-y, y-z, and x- 
z directions, were extracted from each 3D volume. The resulting 2D 
images were then formatted into the standard CNN input dimensions, 
where the three planes served as separate input channels.

Porous media can be considered a kind of graph due to their pore- 
throat-pore connection relationship. While CNNs have proven to be 

effective in capturing hidden patterns in Euclidean data, the inherent 
complexity of graph data has posed significant challenges to the existing 
machine learning algorithms. In contrast to the CNN model, GNNs 
employ distinct methodologies for data analysis. In the context of digital 
rock studies, GNNs facilitate the conversion of digital rock images into 
graph formats that represent the pore and throat structure as nodes and 
edges (Fig. 1b). This approach contrasts with the CNN approach of 
examining digital rock images at the pixel level. Our study employed a 
watershed segmentation algorithm, as implemented in PoreSpy (Gostick 
et al., 2019), to generate the PNM from the images. The PNM is a widely 
utilized conceptual framework in the study of porous media, offering a 
simplified representation of the intricate microscopic architecture 
(Blunt, 2001). This method uses the Euclidean distance transformation 
to segment the microstructure, identifying individual pores and throats, 
which are then represented as graph nodes and edges, respectively. 
Properties such as pore volume and throat diameter are computed 
during this process and then assigned to the nodes and edges, respec
tively. This transformation allows for the scaling up of the input data 
from the pixel level to the pore level, which has the effect of significantly 
reducing memory usage and accelerating the training process. It should 
be noted that graphs may be irregular in structure, with each graph 
potentially comprising a different number of nodes. Furthermore, the 
number of neighbors that individual nodes possess may vary within a 
given graph. Such a flexible data structure endows the GNN with a more 
adaptable data input dimension, eliminating the need for fixed input 
data dimensions as seen in CNNs. This representation enables GNNs to 
concentrate on the interconnectivity and interrelationships within the 
data, which is of significant importance for comprehending the in
tricacies of the pore structure.

The features of each node and edge in the graph are summarized in 
Table 1. Using various diameter measurements, such as inscribed, 
equivalent, and extended diameters, is a significant advantage of our 
GNN-based approach. A realistic pore structure cannot be accurately 
represented by a single type of diameter measurement. By incorporating 
multiple types of diameters, our GNN approach captures the complex 
geometry of the porous media more effectively. Another essential 

Fig. 1. Illustration of data extraction from digital rock images utilizing the CNN and GNN. (a) Pixel extraction from a digital rock image. (b) Graph extraction from a 
PNM, with the node and edge features sourced from PNM calculations.

Q. Zhao et al.                                                                                                                                                                                                                                    Advances in Water Resources 195 (2025) 104881 

3 



feature of our model is the bi-directionality of the edges, ensuring that 
information is not just passed in a single direction but can flow both 
ways between nodes. This bi-directional flow facilitates a more robust 
and comprehensive understanding of the interconnectedness and in
teractions within the porous media.

The variability of the pore and throat properties is illustrated in 
Figs. 2 and 3, which present the average value distributions for each 
graph feature across the dataset. These figures provide a representative 
overview of the data, capturing central tendencies and general patterns 
for each property. The variability observed in these distributions reflects 
the diverse geometric characteristics of the porous media samples.

The 2563 voxels images from dataset DeePore were utilized as the 
inputs to CNNs, and their extracted graphs were subsequently employed 
as the inputs to the GNN. The DeePore dataset features 30 physical 
properties of each sample calculated using physical simulations on the 
corresponding PNMs. In our study, we utilized the permeability and 
formation factor values from the physical property dataset as the ground 
truth for our deep learning models. The lengths within this dataset are 
measured in the unit of pixel (px). As a result, permeabilities for all 
synthetic geometries are reported in the unit of pixel squared (px2). The 
rescaled permeability value can be determined by multiplying the re
ported permeability in px2 by the square of the spatial resolution.

2.2. Physics of porous media

In this study, we utilized two porous medium properties, perme
ability and formation factor as the ground truth for training the neural 
network models. Both permeability and formation factor are highly 
influenced by the structures of the porous media.

Permeability is a property of porous materials that indicates the 
ability of fluids (gas or liquid) to flow through them. Fluids can more 
easily flow through a material with high permeability than through one 
with low permeability. The permeability of a medium is related to 
porosity, but also to the shapes of the pores in the medium and their 
level of connectivities. It can be described by Darcy’s law: 

Q =
kAΔP

μL
(1) 

where Q is the volumetric flow rate, k is the permeability of the medium, 
A is the cross-sectional area perpendicular to the flow direction, ΔP is 
the pressure drop across the medium, μ is the dynamic viscosity of the 
fluid, L is the length of the medium in the flow direction. To calculate 
permeability, we rearrange Darcy’s law as follows: 

k =
QμL
AΔP

(2) 

The formation factor quantifies the impact of pore space on the 
resistance of the sample. It helps describe the electrical behavior of a 
porous medium saturated with a conductive fluid. The formation factor 
is a dimensionless number that represents the ratio of the electrical 
resistance of the fully saturated porous media to the electrical resistance 
of the pure fluid. For clean (clay-free) sandstones and similar materials, 
Archie’s law (Adler et al., 1992) provides a relationship between for
mation factor, porosity, and the properties of the porous medium: 

F = a⋅∅− m (3) 

where F is the formation factor, a is the tortuosity factor, ∅ is the 
porosity of the medium, and m is the cementation exponent (a constant 
that depends on the rock type). Both permeability and formation factor 
are critical parameters of porous media and are highly related to porous 
media structure (Rabbani et al., 2020). Therefore, we used these two 
porous medium properties in this study for the model evaluation.

2.3. Deep learning models

We implemented and compared two CNN architectures: the 2D CNN 
and the 3D CNN. The primary distinction between the two CNN models 
lies in their input data dimensions. For the 3D CNN, we utilized the 
original images having 2563 voxels. In contrast, the 2D CNN model 
transformed the 3D images into 3 three-channel 2D images. In our study, 
the 2D CNN, 3D CNN, and hybrid GNN-2D CNN models share a struc
turally similar hierarchical design, with the primary differences being 
the input dimensions and the integration of graph-based features. All 
models are constructed using the PyTorch framework and incorporate 
alternating convolutional layers and pooling operations, culminating in 
fully connected layers for the output. The detailed architectures of these 
models are presented in Tables 2, 3, and 4.

Our GNN model is specifically designed to process graphs extracted 
from the 3D images. In GNNs, each node v in a graph G = (V, E) is 
represented by a feature vector hv ∈ RF, where F is the number of node 
features. Each edge e ∈ E has an associated feature vector euv ∈ RE. 
The relationships between nodes are captured by an adjacency matrix 
A ∈ RN×N, where Auv = 1 if there is an edge between nodes u and v, and 
Auv = 0 otherwise. To include self-loops and ensure numerical stability, 
we add the identity matrix I to the adjacency matrix A: 

Ã = A + I (4) 

We then compute the normalized adjacency matrix: 

Â = D̃
−

1
2ÃD̃

−
1
2 (5) 

where D̃ is the degree matrix for Ã: 

D̃ii =
∑

j
Ãii (6) 

The degree matrix D̃ is a diagonal matrix where each diagonal 
element D̃ii represents the degree of node i, i.e., the number of edges 
connected to node i (including self-loops). This matrix is crucial for 
normalizing the adjacency matrix, which helps prevent numerical 

Table 1 
Summary of graph input features.

Feature 
type

Properties Description

Node 
feature

​ ​

​ Pore volume The space or void within the pore, calculated 
from the pore diameter assuming a spherical 
pore body

​ Pore equivalent 
diameter

A calculated diameter representing pore size 
based on volume, determined as the diameter of 
a sphere

​ Pore inscribed 
diameter

The diameter of the largest sphere that can fit 
inside the pore

​ Pore extended 
diameter

Accounts for extensions or irregularities in the 
pore shape

​ Pore surface area The internal surface area of pore bodies, 
calculated by assuming a circular shape and 
subtracting the area of neighboring throats

Edge 
feature

​ ​

​ Throat inscribed 
diameter

The largest circle diameter that can fit within 
the throat

​ Throat total 
length

The entire length of the throat

​ Throat direct 
length

The shortest path or straight-line distance 
within the throat

​ Throat perimeter The boundary length of the throat, calculated 
assuming a circular, square, or rectangular 
cross-section

​ Throat cross- 
sectional area

The area available for flow within the throat

​ Throat equivalent 
diameter

A diameter based on the throat’s cross-sectional 
area
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instabilities and ensures the stability of the training process. GNN uti
lizes a message passing mechanism to aggregate information from 
neighboring nodes and edges. The message passing process can be 
mathematically represented as: 

m(l)
v =

∑

u∈N(v)

σ
(

W(l)
1 h(l)

u +W(l)
e euv +b(l)

1

)
+ σ

(
W(l)

2 h(l)
v

)
(7) 

h(l+1)
v = σ

(
W(l)

3 m(l)
v +b(l)

2

)
(8) 

where m(l)
v ∈ RFʹ represents the aggregated message for node v at layer l 

and h(l)
v ∈ RF represents the updated feature vector of node v at layer l. 

W(l)
1 , W(l)

2 ∈ RF×Fʹ W(l)
e ∈ RE×Fʹ, and W(l)

3 ∈ RF×Fʹ are the layer- 

Fig. 2. Distributions of pore properties of the dataset: (a) Pore volume, (b) pore equivalent diameter, (c) pore inscribed diameter, (d) pore extended diameter, and (e) 
pore surface area. The histograms are normalized to represent frequency distributions.
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specific trainable weight matrices. b(l)
1 , b(l)

2 ∈ RFʹ are the bias vectors. σ 
is a non-linear activation function; in this work, we utilize ReLU.

Based on the message passing mechanism, a multi-layer GNN model 
is built to capture higher-order relationships between nodes. The input 
to the first GNN layer is X ⊆ RN×d. The output is the intermediate node 
embeddings H1 ⊆ RN×d1 , where d1 is the first embedding dimension: 

H1 = σ
(
ÂXW(1)) =

[
h1

i

]N
i=1 ⊆ Rd1 (9) 

where W ∈ RF×Fʹ is the weight matrix for the convolution operation. 
This process is repeated for the subsequent layers: 

Fig. 3. Distributions of throat properties of the dataset: (a) Throat inscribed diameter, (b) throat total length, (c) throat direct length, (d) throat perimeter, (e) throat 
cross-sectional area, and (f) throat equivalent diameter. The histograms are normalized to represent frequency distributions.

Q. Zhao et al.                                                                                                                                                                                                                                    Advances in Water Resources 195 (2025) 104881 

6 



Hl+1 = σ
(
ÂHlW(l+1)) =

[
hl+1

i

]N

i=1
⊆ Rdl+1 (10) 

After L layers, the output is HL ⊆ RN×dL , where dL is the final 
embedding dimension. To predict the output y directly from the final 
node embedding HL, we apply a fully connected layer to the aggregated 

node embeddings. The prediction ŷ can be represented as: 

ŷ = σ
(
WoutHL +bout

)
(11) 

where Wout ∈ RdL×1 is the weight matrix for the output layer; bout ∈ R1 is 
the bias term.

The total loss for the model is defined as: 

J(ŷi, yi) =
1
N

∑N

i=1
(ŷi − yi)

2 (12) 

where ŷi is the predicted porous medium property from the last layer, 
and yi is the ground truth porous medium property. In GNN, the back
propagation algorithm is utilized to update the weights by computing 
gradients of the loss function J with respect to the parameters θ. The 
weight update rule for gradient descent is given by: 

θ(t+1) = θ(t) − η ∂J
∂θ

(13) 

where t represents the iteration number in the optimization process 
during gradient descent; η is the learning rate. The gradients for the 
weights are computed using the chain rule: 

∂J
∂W(l) =

∂J
∂hv

(l+1)
∂hv

(l+1)

∂W(l) (14) 

Thus, we have: 

∂J
∂θ

=
∑

l

∂J
∂W(l) (15) 

where W(l) are the weights at the layer l.
Following the development of the GNN and 2D CNN models, we 

introduced a fusion model, named the GNN-2D CNN, which seamlessly 
integrates the capabilities of both architectures (Fig. 4). Fusion models, 
which merge multiple input sources or different feature representations, 
have made significant impacts in computer vision applications, espe
cially in scenarios involving multimodal images or different image 
sensors (Jones et al., 2021). Such fusion techniques exploit the com
plementary nature of multiple feature representations, thereby 
providing a more comprehensive insight into the data. Furthermore, by 
merging different representations or modalities, fusion models increase 
robustness and reduce the uncertainties inherent in each individual 
representation. Based on these advantages, we propose a hybrid neural 
network that merges feature representations from the separately trained 
GNN and 2D CNN models. While the GNN is designed to handle node 
and edge features of graphs, the 2D CNN specializes in processing 
pixel-level information. After processing their respective inputs, the 

Table 2 
3D CNN model architecture.

Layer type Input dimension Kernel 
size

Activation 
function

Output dimension

Convolutional 256×256×256×1 3 × 3 
× 3

ReLU 256×256×256×3

Max-Pooling 256×256×256×3 2 × 2 
× 2

– 128×128×128×3

Convolutional 128×128×128×3 3 × 3 
× 3

ReLU 128×128×128×6

Max-Pooling 128×128×128×6 2 × 2 
× 2

– 64×64×64×6

Convolutional 64×64×64×6 3 × 3 
× 3

ReLU 64×64×64×12

Max-Pooling 64×64×64×12 2 × 2 
× 2

– 32×32×32×12

Flatten 32×32×32×12 – – 393,216
Dropout 393,216 – ​ 393,216
Fully 

connected
393,216 – ReLU 128 nodes

Fully 
connected

128 nodes – ReLU 64 nodes

Output 64 nodes – – 1 node

Table 3 
GNN model architecture.

Layer type Input dimensions Operation details Output 
dimensions

GNNLayer 
(conv1)

node features = 6, 
edge features = 6

Linear transformation, 
message passing, ReLU 
activation

hidden 
features1 = 12

GNNLayer 
(conv2)

hidden features1 
= 12, edge 
features = 6

Linear transformation, 
message passing, ReLU 
activation

hidden 
features2 = 12

Global Mean 
Pool

hidden features2 
= 12

Aggregates features 
across graph nodes

hidden 
features2 = 12

BatchNorm hidden features2 
= 12

Batch normalization hidden 
features2 = 12

Fully 
Connected

hidden features2 
= 12

Linear transformation, 
ReLU activation

predictor 
hidden features 
= 128

Fully 
Connected

predictor hidden 
features = 128

Linear transformation output = 1

Table 4 
Hybrid GNN-2DCNN model architecture.

Component Layer type Input dimensions Operation details Output dimensions

GNN Component Refer to Table 3 Refer to Table 3 Refer to Table 3 hidden features2 (128)
2D CNN Component ​ ​ ​ ​
​ Convolutional 128×128×3 3 × 3 kernel, ReLU activation 128×128×6
​ Max-Pooling 128×128×6 2 × 2 pooling 64×64×6
​ Convolutional 64×64×6 3 × 3 kernel, ReLU activation 64×64×12
​ Max-Pooling 64×64×12 2 × 2 pooling 32×32×12
​ Convolutional 32×32×12 3 × 3 kernel, ReLU activation 32×32×24
​ Max-Pooling 32×32×24 2 × 2 pooling 16×16×24
​ Flatten 16×16×24 – 6144
​ Dropout 6144 – 6144
​ Fully Connected 6144 Linear transformation, ReLU activation 128
​ Fully Connected 128 Linear transformation, ReLU activation 64
Fusion & MLP ​ ​ ​ ​
​ Concatenate GNN (128) + CNN (64) – 192
​ Fully Connected 192 Linear transformation, ReLU activation 64
​ Fully Connected 64 Linear transformation, ReLU activation 32
​ Output 32 Linear transformation 1
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resulting outputs from both models are concatenated and then passed 
through dense layers for the final porous medium property predictions.

2.4. Gradient-Weighted class activation mapping

The gradient-weighted class activation mapping (Grad-CAM) tech
nique (Selvaraju et al., 2017) is employed to identify the influential 
regions in porous media images for the significant nodes that affect 
porous medium property predictions in the GNN model. Grad-CAM is a 
technology designed to provide visual explanations for decisions made 
by deep learning models, particularly for CNNs. For the GNN model, an 
adapted version of Grad-CAM was employed, focusing on the signifi
cance of individual nodes within a graph (Fig. 5). It resulted in the 
creation of a “node map”, highlighting the pivotal nodes influencing the 
porous medium property predictions. First, we performed a forward pass 
through the model while keeping track of the node embeddings and 
enabling gradient computation for the input features. Then, a backward 
pass was conducted from a target node. The gradient of the node 

embeddings was computed and utilized to derive importance weights for 
each node. These importance weights were then visualized to identify 
which parts of the graph (or which nodes) were crucial for the model’s 
predictions. For visualization purposes, the pore network was plotted 
and overlaid onto the original image. The GNN Grad-CAM scores were 
set as different colors for each pore, providing a clear visual indication of 
the nodes that significantly influenced the porous medium property 
predictions.

3. Results and discussion

3.1. Comparison of the model performance

To evaluate the performance of different deep learning models — the 
2D CNN, 3D CNN, GNN, and the GNN-2D CNN fusion model, we utilized 
two porous medium properties: permeability and formation factor, from 
a testing dataset comprised of 1770 rock images (Rabbani et al., 2020). 
We utilized R2 score, mean absolute error (MAE), and root mean square 

Fig. 4. Schematic diagram of the fusion model integrating GNN and 2D CNN for porous media property prediction. The upper panel shows the GNN pathway, where 
a 3D pore structure is transformed into a graph that represents pores (nodes) and throats (edges). The lower panel illustrates the 2D CNN pathway, where the 3D 
image is sliced into 2D cross-sections to capture local details. The outputs of the GNN (green bar) and CNN (orange bar) are concatenated through a fully connected 
layer (FC), enhancing prediction accuracy by leveraging both structural and spatial information.

Fig. 5. Workflow of the Grad-CAM adapted for GNNs, emphasizing the nodes in the graph crucial for the model’s predictions. FC indicates fully connected layers.
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error (RMSE) as the model metrics to quantify the model accuracy. Fig. 6 
and 7 show the porous medium properties predictions. For permeability 
predictions, the GNN demonstrated superior performance compared to 
the 2D CNN. The 2D CNN had the lowest prediction accuracy among the 
four models presented. This is because only limited compressed infor
mation is extracted from the original 3D images, which results in a 
considerable loss of information. The comparison between the 2D CNN 
and GNN highlights that the use of a graph data structure for image 
simplification is an effective approach, as the GNN captures relational 
features between pores and throats that are directly relevant to 
permeability.

Given that both models use simplified representations of porous 
media images as inputs, the GNN and 2D CNN models exhibited lower 
accuracy than the 3D CNN, which utilized the complete images as in
puts. The 3D CNN demonstrated robust performance for porous medium 
permeability predictions, indicating that the information from the full- 
size image is crucial for deep learning prediction accuracy. However, 
the GNN showed better prediction performance for larger permeability 
values. This discrepancy likely arises because CNNs are more sensitive to 
the skewness of the data distribution, where the long tail toward higher 
values poses a challenge. The CNN models tend to optimize accuracy for 
the more densely populated middle-range values, sacrificing the pre
diction performance for the extreme values.

The GNN-2D CNN fusion model demonstrated prediction accuracy 
comparable to the 3D CNN, highlighting the complementarity of these 
two approaches. By integrating detailed 2D image features from CNNs 
with the relational and topological insights provided by GNNs, the 
hybrid model captures both fine-scale spatial details and large-scale 
network structures. This combination enables efficient and accurate 
predictions by leveraging CNNs’ ability to extract detailed, pixel-level 

features and GNNs’ strength in representing complex, large-scale re
lationships, such as the connectivity between pores and throats that is 
highly correlated with permeability. The hybrid approach illustrates 
that multimodal, reduced-dimensional models can achieve performance 
comparable to full 3D models while being more computationally effi
cient, making it a promising tool for predicting properties in complex 
porous media.

Table 5 presents a comparative overview of existing neural network 
models used for predicting permeability of digital rock images. Although 
these models were trained and validated on different datasets, which 
makes direct comparisons challenging, the table highlights general 
trends in performance improvements over time. Notably, many recent 
models have achieved high R2 scores, reflecting advances in neural 
network architectures and training methodologies. Our proposed hybrid 
model, which integrates GNNs with 2D CNNs, achieves a R2 score of 
0.95. This performance is comparable to state-of-the-art 3D CNN models 
while benefiting from reduced memory requirements. By leveraging the 
complementary strengths of GNNs for capturing relational features and 
2D CNNs for efficient image processing, our approach demonstrates that 
hybrid models can offer a balance between accuracy and computational 
efficiency. This makes our model particularly attractive for applications 
where memory resources are limited.

Fig. 7 illustrates the models’ predictions on formation factors. As 
with the prediction of permeability, the performance of the model ex
hibits a comparable trend. The hybrid model exhibits the highest degree 
of accuracy among the four proposed models. Nevertheless, the pre
diction accuracy for the formation factor is inferior to that for perme
ability when the same model structures are employed, consistent with 
the findings of the DeePore framework (Rabbani et al., 2020). This 
reduced accuracy can be attributed to the complex and less direct 

Fig. 6. Performance and efficiency comparisons between (a) GNN, (b) 2D CNN, (c) GNN-2D CNN, and (d) 3D CNN in permeability predictions. The MAE and RMSE 
are calculated by converting the predicted permeability from pixel² to millidarcy (mD), assuming a resolution of 1 µm/pixel.
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relationship between the formation factor and the pore structure fea
tures captured in the images. Unlike permeability, which is strongly 
correlated with pore and throat diameters, the formation factor depends 
more intricately on the connectivity and tortuosity of the pore network, 
making it harder to infer from image-based features alone. The inherent 
variability and sensitivity of the formation factor to small-scale struc
tural heterogeneities further complicate accurate predictions.

In contrast to the performance observed in permeability predictions, 
the hybrid model demonstrated superior performance in formation 
factor predictions, outperforming the 3D CNN model. The improved 
performance of the hybrid model suggests that combining multiscale 
features from both graph-based and image-based representations can 
effectively capture more complex structural attributes influencing the 

formation factor. However, the single GNN and 2D CNN models 
exhibited considerably lower prediction accuracy than the 3D CNN 
model. This indicates that although features extracted from a simplified 
model cannot match the performance of the full-information 3D CNN 
model, multiscale feature fusion technology can significantly enhance 
the simplified model’s capability. Overall, the prediction results 
emphasize the need for models that can integrate detailed connectivity 
and tortuosity features to further improve formation factor predictions.

3.2. Interpretability of the hybrid model for porous medium property 
predictions

GNNs offer a high degree of interpretability, which is advantageous 
for predicting the properties of porous media. The pore network inher
ently resembles a graph structure, with nodes representing individual 
pores and edges representing the connections between them. Each node 
is characterized by features such as pore diameter and pore volume. To 
illustrate the interpretability of GNNs for porous medium property 
predictions, we utilized Grad-CAM. This technique enabled us to effec
tively visualize the contribution of various pores to the prediction 
outcomes.

Fig. 8a shows the GNN Grad-CAM results for the GNN permeability 
prediction with graphs extracted from 3D image data. As shown in the 
figure, the Grad-CAM assigns different scores to different pores. These 
scores represent the gradients of node features concerning the prediction 
results, indicating the importance of each node in the predictions. Node 
features, such as pore diameter, pore volume, and pore surface area, are 
directly used in the gradient calculation. Furthermore, the features of 
connected edges of the nodes are also considered in the node features by 
our GNN model structure, by concatenating the edge features and node 
features before graph convolution. Edge features, including edge 
diameter, edge length, and other important parameters, are included in 

Fig. 7. Performance and efficiency comparisons between the (a) GNN, (b) 2D CNN, (c) GNN-2D CNN, and (d) 3D CNN in formation factor predictions.

Table 5 
Overview of neural network models for image-based permeability predictions.

Method R2 MAE 
(mD)

RMSE 
(mD)

Current model GNN, 2D 
CNN

0.95 126.13 222.79

J. Wu et al. (2018) 2D CNN 0.92 N/A N/A
Hong & Liu (2020) 3D CNN 0.92 N/A 761.1174
Tembely et al. (2020) 3D CNN 0.91 N/A N/A
Kamrava, Sahimi, et al. 
(2021)

3D CNN 0.91 N/A N/A

Alqahtani et al. (2021) 3D CNN 0.87 40 N/A
Tang et al. (2022) 3D CNN 0.99 N/A N/A
H. Zhang et al. (2022) 2D CNN 0.9 N/A N/A
Elmorsy et al. (2023) 3D CNN 0.95 N/A N/A
Alzahrani et al. (2023) GNN, 3D 

CNN
0.91 45.1 N/A

Liu et al. (2023) 3D CNN 0.99 N/A N/A
Zhai et al. (2024b) 2D CNN 0.97 N/A N/A
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the model training process. Another crucial factor of porous media is 
connectivity, which denotes the number of adjacent pores to a given 
pore. Higher average pore connectivity generally leads to higher 
permeability (Alhashmi et al., 2016; Blunt, 2001; Rabbani et al., 2020). 
In this study, the connectivity between these pores is accounted for 
implicitly within the node features. By using sum aggregation during the 
convolutional process, as shown in Eq. (7), the intrinsic connectivity 
information within the graph structure was preserved.

In contrast to traditional CNNs, GNNs offer a more interpretable 
framework for this specific application. As CNN layers deepen, inter
preting the resulting feature maps becomes increasingly challenging due 
to the abstracted and high-dimensional nature of the learned features. 
However, GNNs maintain a fixed graph size during the aggregation 
process, facilitating consistent visualization of gradients across different 
parts of the porous media.

Our approach did not involve any graph pooling, thereby preserving 
the original graph structure throughout the network. This decision was 
crucial for maintaining the interpretability of the model, as graph 
pooling could obscure the direct relationships between individual pores 
and their contribution to the overall prediction. By applying Grad-CAM, 
we generated heatmaps that highlight the regions within the pore 
network that are most influential in predicting permeability. These 
heatmaps provided clear visual insights into which pores play a 

significant role in the model’s predictions. The fixed graph size ensured 
that these visualizations remained consistent and readily interpretable, 
regardless of the depth of the GNN layers. The ability to directly observe 
and analyze the importance of different pores within the network un
derscores the advantage of using GNNs for this task. This method not 
only improves prediction accuracy but also facilitates a deeper 
comprehension of the underlying factors influencing permeability of the 
porous media.

Although the 3D graph in Fig. 8a provides a clear relationship be
tween each pore and the permeability prediction, interpreting the model 
in a 2D paper remains challenging. This difficulty arises because a 2D 
slice of the 3D graph cannot be perfectly aligned with the porous me
dium image. As illustrated in the right figure of Fig. 8a, some nodes may 
exhibit elevated Grad-CAM scores despite exhibiting reduced connec
tivity and pore volume. This observation can be attributed to the fact 
that some pores oriented in a direction parallel to the plane of the paper 
are not visible. The existence of these "invisible" pores in three- 
dimensional space has the potential to disrupt the interpretation of the 
model. To circumvent this issue, we generated 2D Grad-CAM results for 
the GNN model, as illustrated in Fig 8b.

In practice, “died pore” is a common phenomenon in porous media, 
where fluid flow is impeded due to the absence of a direct connection to 
the main body of the porous media. It is possible that neural networks 

Fig. 8. Grad-CAM-based analysis of the GNN’s accuracy in predicting permeabilities across diverse pore geometries from (a) 3D image, (b) 2D image.
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can not distinguish the “died pores” explicitly. To address this issue, the 
disconnected pores were removed to ensure a fully connected pore 
network during the PNM extraction process. The GNN’s Grad-CAM 
result in Fig. 8b displays no nodes in the top-right corner, where these 
pores are isolated from the main body of the 2D porous medium. This 
method ensures that the GNN can accurately identify and consider only 
the effective, connected pores, thereby enhancing the prediction 
precision.

We then investigated which specific regions the GNN model focused 
on while making predictions. For a more detailed analysis, we focused 
on the top-left section of Fig. 8b. The zoom-in GNN’s Grad-CAM pro
vides a clear relationship between the pore connectivity and the in
tensity of the importance. In this detailed representation, six nodes were 
specifically selected for the examination. Upon closer inspection, Node 1 
stands out with the highest intensity. It is surrounded by five neigh
boring nodes, of which three have an intensity of no <0.4. The node 
intensity accounts for the connectivity of the pore, its inherent proper
ties such as the pore size, and the unique properties of its adjacent pores. 
Nodes 5 and 6, despite being similar to Node 1 in size, have less intensity 
than it. This is attributed to the fact that Node 5 is connected to only two 
neighbors, and the neighbors of Node 6 have a less significant role than 
those of Node 1. In addition, Nodes 2, 3, and 4 have intermediate in
tensities, which is due to their smaller dimensions and other intrinsic 
properties.

Even though the six pores circled by boxes in Fig. 8b have similar 
pore volume and connectivity, their colors are different, implying that 
the GNN model assigns different levels of importance to them for the 
prediction. This certifies that GNN is able to evaluate the contributions 
of different pores on the prediction, depending on the pore’s connec
tivity and the properties of the connected pores. This process enables 
GNN to comprehend the relationships between each pore and its 
neighbors, thereby facilitating the understanding of flow pathways, 
connectivity, and pore interactions.

3.3. Efficiency of GNNs for porous medium property predictions

By upscaling information from the pixel level to the pore network 
level, the graph structure provides a more efficient way to represent 
porous media. The training time per epoch and the total number of 
trainable parameters for each proposed model were calculated and are 
presented in Table 6. The GNN has the fewest total trainable parameters, 
but a higher training time per epoch compared to the 2D CNN. This 
difference may be attributed to the data structure and different model 
mechanisms. The 3D CNN has the greatest training time per epoch and 
the highest total number of trainable parameters due to the extensive 
input data dimension and the 3D convolution layers necessitated by 3D 
data. Fig. 9 illustrates the accuracy and total number of parameters for 
the proposed models. Additionally, the utilization of GPU memory is 
presented and denoted by the size of the circles. It is evident that the 
GNN provides relatively high accuracy among all models, with only 
negligible GPU memory usage and a small number of total parameters. 
The GNN-2D CNN fusion model, which integrates the 2D CNN and GNN 
input features, exhibits performance comparable to that of the 3D CNN 
in permeability predictions, yet with considerably lower GPU memory 
usage and total parameter count. The GPU memory usage and total 
number of parameters of the fusion model are nearly identical to those of 
the 2D CNN model, yet its accuracy is demonstrably superior. This 

suggests that the GNN is a vital component of the hybrid model for 
porous medium permeability predictions. This plot highlights the 
outstanding efficiency of the GNN model for predicting porous medium 
properties. This efficiency is primarily due to the natural representa
tional capabilities of graphs for porous media and the methodology 
employed for upscaling from high-resolution, memory-intensive images 
to low-resolution, memory-efficient graphs. The efficiency of the graph 
representation and the GNN model demonstrates promise for the larger- 
scale porous medium image prediction and generation tasks, which can 
be particularly time-consuming with existing numerical technologies.

To further illustrate the efficiency of the GNN model, we analyzed 
how trainable parameters scale with image size across different models, 
as illustrated in Fig. 10. For GNNs, the number of trainable parameters 
remains constant regardless of image or node size, as it depends solely 
on the number of node and edge features, not on the image dimensions. 
In the GNN model, each node and edge is associated with a constant 
number of features that are processed by neural networks. The nodes 
and edges that are situated within the same convolution layer share the 
same trainable parameters. This design allows the GNN to maintain a 
fixed parameter count even as the image size grows. In contrast, the 
parameters for CNN models, both 2D and 3D, increase significantly as 
image dimensions grow, resulting in high memory demands for large 
images. The GNN-2D CNN hybrid model has a nearly identical param
eter count to the 2D CNN alone because the additional parameter 
number from the GNN component is negligible.

4. Conclusions

We present a novel GNN approach that demonstrates significantly 
greater memory efficiency compared to traditional CNN models. This 
efficiency is achieved by consolidating clusters of pixels into nodes and 
edges representing pores and throats, respectively. The graph data 
structure is naturally aligned with the porous medium structure, 
rendering GNN a promising tool for the prediction of porous medium 
properties. By employing the innovative GNN Grad-CAM technology, we 
have provided insights into the mechanisms of GNN and their effec
tiveness in understanding fluid dynamics in porous media, offering 
interpretability that was previously lacking. Our work highlights the 
potential of GNN models for scalable simulations of fluid flow in porous 
media, addressing challenges that existing methods struggle with. 
Furthermore, the GNN model can be employed to generate large- 
dimensional porous media materials for applications in medicine and 
material design, with relatively lower memory demands. A key contri
bution of this study is the introduction of a fusion model, an innovative 
methodology that adeptly leverages the strengths of both CNN and GNN 
for multiscale feature extractions. This integration seamlessly combines 
the strengths of both the CNN and the GNN in handling intricate spatial 
details and relational data, respectively. The hybrid model’s efficient 
design enables high prediction accuracy with reduced computational 
resources, representing a pioneering effort in the field of property pre
dictions in porous media. The efficacy of this model underscores the 
potential of hybrid neural network architectures to exceed current limits 
in digital rock physics and related disciplines.
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