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ARTICLE INFO ABSTRACT
Keywords: Accurate assessment of the three-dimensional (3D) pore characteristics within porous materials
Porous media and devices holds significant importance. Compared to high-cost experimental approaches, this

3D reconstruction
Microstructure characterization
Generative adversarial networks
Deep learning

study introduces an alternative method: utilizing a generative adversarial network (GAN) to
reconstruct a 3D pore microstructure. Unlike some existing GAN models that require 3D images as
training data, the proposed model only requires a single cross-sectional image for 3D recon-
struction. Using porous ceramic electrode materials as a case study, a comparison between the
GAN-generated microstructures and those reconstructed through focused ion beam-scanning
electron microscopy (FIB-SEM) reveals promising consistency. The GAN-based reconstruction
technique demonstrates its effectiveness by successfully characterizing pore attributes in porous
ceramics, with measurements of porosity, pore size, and tortuosity factor exhibiting notable
agreement with the results obtained from mercury intrusion porosimetry.

1. Introduction

Porous materials can be found in nature or can be synthesized for specific needs. Porous materials possess various applications due
to their distinctive properties like high surface area, selective permeability, and customizable pore characteristics. They find uses in
fields such as electrochemical devices [1,2], catalysis [3,4], gas storage [5-71, purification and filtration [8-10], drug delivery [11,12],
thermal insulation [13-15], biomedical implants [16], energy storage [17], and more. They are crucial for addressing challenges
related to environmental sustainability, energy efficiency, and advanced technology development. It is well established that the
functionalities of porous materials and the performance of porous devices can be engineered and customized by manipulating porosity
[18], pore size [19], and pore orientation [20] within the materials.

Accessing the pore characteristics is of great interest for understanding, predicting, and boosting the performance and durability of
porous materials and devices. Depending on the accuracy and pore size range to measure, there are a number of measures to char-
acterize the pore characteristics of porous materials. The gas adsorption method, also known as the Brunauer-Emmett-Teller (BET)
method [21], is widely used to determine specific surface area, pore volume, and pore size distribution of porous media. Mercury
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intrusion porosimetry (MIP) [22] involves immersing a sample in mercury and measuring the amount of mercury intruded into the
pores as pressure increases. It provides information about pore size distribution and total pore volume; the pore size that can be
measured usually ranges from a few nanometers to thousands of microns. Optical microscopy (OM) and scanning electron microscopy
(SEM) [23] provide morphological images of the cross-sectional or surface microstructures of porous materials and can give qualitative
information about pore size, pore size distribution, and pore morphology. However, the 2D pore information does not accurately
reflect the 3D spatial percolation of the pores and potential anisotropy of the pores. X-ray computed tomography (X-ray CT) [24,25] is
widely used to visualize the internal microstructure of porous materials. It provides detailed 3D images that reveal pore sizes, shapes,
and connectivity. X-ray CT can also be combined with other techniques, like image segmentation and analysis software, to quantify
pore characteristics. Focused ion beam-scanning electron microscopy (FIB-SEM) tomography [26,27], is an alternative 3D recon-
struction technique used to visualize and analyze the 3D microstructure of materials at the nanoscale. 3D images provide a
comprehensive view of the internal microstructure of the material, allowing accurate characterization of pore size, shape, distribution,
and connectivity. 3D images enable more accurate and reliable quantitative analysis of pore parameters, leading to a better under-
standing of the material’s properties. Combined with 3D microstructures, numerical methods such as computational fluid dynamics
(CFD) [28,29] and lattice Boltzmann method (LBM) [30,31] can be used to simulate the mass and heat transfer and electrochemical
reactions in porous materials such as the porous electrodes in fuel cells. Liu et al. [32] utilized finite element method (FEM) to predict
mechanical properties of porous ceramics based on their 3D microstructures. Zhang et al. [33] investigated the permeability of C/SiC
porous ceramics using simulations based on 3D microstructures obtained via X-ray CT. However, acquiring 3D images often requires
more time and specialized equipment, such as an X-ray transmission microscope (with an X-ray irradiation source) or a FIB-SEM
system, making it less suitable for rapid analysis.

Alternatively, some algorithms have been developed to reconstruct the 3D pore information from 2D porous microstructures.
Stochastic reconstruction of porous materials is a computational technique used to generate realistic 3D representations of porous
structures based on statistical information obtained from experimental data or theoretical models using a simulated annealing algo-
rithm [34]. This approach involves numerically synthesizing porous materials with similar statistical properties to the real materials of
interest. Stochastic reconstruction is particularly valuable when there is limited access to tomography facilities. Although the sto-
chastic reconstruction method can be applied to reconstruct various types of porous media, its low efficiency and massive calculation
limit its application.

With the advent of machine learning and deep learning, the reconstruction of 3D porous materials using deep learning techniques
like generative adversarial networks (GANSs) is an exciting area of research that leverages deep learning to generate realistic and
complex porous structures. Mosser et al. [35] firstly introduced a GAN-based approach to generate 3D porous media which relies on 3D
images as training dataset. Ma et al. [36] built a conditional GAN to reconstruct the 3D image of Berea sandstone porous material. With
the porosity as a controlling condition, porous microstructure with different porosities and more diversities can be generated for
further analysis. Similarly, Kishimoto et al. [37] utilized a conditional GAN to reconstruct 3D microstructure of porous composite
anode materials of solid oxide fuel cells (SOFCs) with controlled volume fraction of different phases. Shams et al. [38] coupled a GAN
and an auto-encoder (AE) neural network to reconstruct 3D multi-scale porous media enabling reconstruction of the inter-grain and
intra-grain pore space. In this model, the input dataset also requires 3D images. Later on, Shams et al. [39] proposed a novel statistical
and conditional GAN (ST-GAN) to reconstruct 3D porous microstructure from 2D cross-section. The coupled method can efficiently
reconstruct heterogeneous porous media with pre-processed statistical metrics as constraints. The model training necessitates a large
computational effort and network adjustment. Zhang et al. [40] firstly proposed a recurrent neural network (RNN)-based model,
3D-PMRNN, for 3D reconstruction of a porous structure layer-by-layer. In this model, the morphological features of a 2D image were
learned by the CNN, while the spatial correlation between adjacent layers was learned by the RNN. Once the model was trained, the
reference image was input into the model, and sequential images could be generated to reconstruct a 3D image. However, this method
will lose accuracy when the 3D microstructure is anisotropic along the Z direction. This model was later improved by integrating a GAN
with the RNN-based model to improve the randomness and diversity along the Z direction. Zheng et al. [41] proposed a new framework
combining VQ-VAE and conditional GPT, to synthesize 3D microstructure based on a single 2D slice. In this model, the VQ-VAE was
utilized to compress the sequence of continuous rock slices to discrete latent vectors. Then a conditional GPT was employed to model
these discrete latent vectors in an autoregressive manner while incorporating conditional information, such as given 2D slices, rock
type and porosity. Once the model was trained, it could produce multiple kinds of rocks simultaneously that also satisfy user-defined
properties. For these 2D-to-3D reconstruction models, continuous 2D slices of at least of one 3D microstructure of the sample was
required for training although a single 2D image was enough for 3D image synthesis. In practice, acquisition of 3D microstructures is
inconvenient or expensive. Thus, training a 2D-to-3D model which only requires cross-section images seems to be of cost-effectively
significant.

In this context, this study proposes a GAN framework to reconstruct a 3D pore microstructure from a single 2D microstructure of the
porous material, building on Ketch and Cooper’s original SliceGAN [42], without the need for 3D images as training data. We conduct a
comparative analysis between the microstructures reconstructed via GAN and those true microstructures achieved through FIB
reconstruction, thereby assessing the GAN-generated microstructures in terms of specific surface area, porosity, and tortuosity factors.
Moreover, the proposed approach is subject to validation by predicting the diverse pore characteristics within additional porous
ceramic samples. These predictions are then compared with outcomes obtained from mercury intrusion porosimetry experiments on
the same set of porous ceramic samples.
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2. Experimental and methods
2.1. FIB-SEM 3D reconstruction of porous ceramic materials

Two porous ceramic electrode materials for SOFCs (SOFC #1 and #2) were selected for the case study. The two samples were
impregnated with epoxy resin under vacuum for 24 h until the epoxy resin was fully cured. The samples were removed and ground
with sandpaper to expose the samples’ cross-section, and the cross-section was finely polished using an argon-ion beam cross-section
polisher (CP). A scheme using spherical particles as references to correct reconstruction distortion with the FIB-SEM reconstruction
technique was adopted in this study. Detailed sample preparation can be found in a previous publication [43]. The schematic of the
FIB-SEM is shown in Fig. 1. A dual-beam focused ion beam-scanning electron microscope (Crossbeam 540, Zeiss) used in this
experiment, with a lateral resolution of 24 nm (x, y direction) and a slice pitch of 24 nm (z-direction), was operated automatically for 8
h to obtain a continuous sequence of 2D images. According to an established image processing procedure involving alignment,
de-shading, filtering, and cropping in a previous publication [44] and correction with de-shearing treatment, we obtained the 3D
microstructures of the SOFC samples. As can be seen, there is no “pore back” effect and the pores are all black in the image, which
benefits from the resin impregnation under vacuum.

2.2. 2D microstructure acquisition with SEM

The resolution of the nowadays SEM can reach as high as a few nanometers which enables the capturing of the nanosized features of
the porous materials. However, for some porous materials, the pore features are quite diverse and the pore size ranges from a few
nanometers to hundreds of microns. In this case, the reconstructed volume by the FIB-SEM reconstruction will be too limited to be
representative of the entire microstructure as the nanometric features have to be captured with high magnifications. Although large
pores can be captured at low magnifications, FIB milling of large volumes can be another challenge for the FIB-SEM reconstruction
technique. By referring to the previous section, the same process of vacuum impregnation, grinding, and CP polishing was carried out
on two additional porous ceramics atomizer core samples provided by Shenzhen Geekvape Technology Co., Ltd, and cross-sections of
these two samples were obtained. Then, a backscattering electron (BSE) detector was used to obtain a 2D image of the cross-section of
the samples. In order to capture the large pores (hundreds of microns), the resolution of the SEM was set to 3.35 pm per pixel. That
means the features of the particles or the pores beyond this resolution were not captured on the images. Fig. 2 shows the original
grayscale SEM images of the samples GV #1 (Fig. 2 (a)) and GV #2 (Fig. 2 (¢)). It is seen that sharp contrast between the solid and pores
(filled by resin) can be achieved thanks to the resin impregnation treatment. By using the thresholding plugin in ImageJ, the solid and
pore phases can be segmented and the corresponding binarized images of samples GV #1 and GV #2 are shown in Fig. 2 (b) and (d),
respectively. The thresholding value was fine-tuned to ensure that the porosity measured from binarized images matches the porosity
by mercury intrusion porosimetry method (detailed in Section 3.5). It is seen that there are more fine pores in sample GV #1 than in
sample GV #2. The largest pores in the two samples are estimated to be a few hundred microns.
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Fig. 1. FIB-SEM 3D reconstruction of the porous ceramics: (a) Schematic of the dual beam FIB-SEM reconstruction; (b) Reconstructed 3D micro-
structure based on the sequence of original grayscale images; (c) Binarized 3D microstructures of sample SOFC #1; and (d) sample SOFC #2 with the
white phase as the solids and black phase as the pores.
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Fig. 2. SEM images of the porous ceramic atomizer core samples provided by Geekvape Technology: (a) and (b) are grayscale and binarized SEM
images of sample GV #1; (c) and (d) are grayscale and binarized SEM images of sample GV #2.

2.3. 3D reconstruction with generative adversarial network (GAN)

The principle of GANs involves the interaction of two neural networks, i.e., a generator network and a discriminator network, in a
competitive learning framework. The generator aims to create data that is indistinguishable from real data, while the discriminator’s
role is to differentiate between real data and data generated by the generator. As the training proceeds, GANs improve the generator’s
ability to produce increasingly realistic output by minimizing the discriminator’s ability to differentiate. This adversarial process
results in the generator producing highly convincing data, making GANs a powerful tool for tasks like image synthesis data
augmentation, and 3D reconstruction of objects [45,46]. A traditional GAN follows a min-max game with a loss function that is
formally defined as:

minmax{Ey-,,, 108 D(x)] + Ez-p,,.[log(1 — D(G(2)))]}, 2
where x is a real instance input in discriminator D, pgata is the data distribution of the training dataset, 2 is a latent vector randomly
sampled from noise distribution dataset ppoise, D (x) is the output scalar of D which stands for the possibility of x being sampled from the

training dataset. And G is trained to build a functional relationship between z and data space G(2), by minimizing the probability that D
distinguishes G(z) came from ppise rather than pqaea. In the original GAN method, the Kullback-Leibler divergence is minimized when
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Fig. 3. The GAN architecture adopted in this study.
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training the networks to generate fake data. Training deep networks with the gradient descent method tends to lead to unstable
learning. A recent study introduced a 3D improved Wasserstein GAN (3D-IWGAN) [47] to fix this drawback by minimizing the
Wasserstein distance between the data and generated distributions as below:

L=E, , [DX)] ~Exp, [D()] + 2By, [(|VxD(X)[, — 1)*], 3
where 1 is the gradient penalty, p, and p, are the generator and target distribution, and py is the distribution sampling uniformly on a
straight line between p, and p;.

In this study, we adopted a similar 3D-IWGAN deep learning algorithm for the 3D reconstruction of isotropic microstructure from a
single 2D microstructure. The architecture of the 3D-IWGAN adopted in the current study is shown in Fig. 3. As shown in Fig. 3, in the
generator network, a latent vector 2 (noise) is the only input parameter, and then multiple 3D transpose convolutions are performed to
unfold the one-dimension z vector to 64 x 64 x 64 x 2 output tensor, which can be expressed as G(2). The output corresponds to a 3D
microstructural image of a two-phase material. The 3D image generated from G(2) is sliced along three directions x, y, and z at one
voxel increment. In the discriminator, 2D real and fake images are as input data. For each fake 2D image input, a real 2D image is
randomly cut from the original 2D SEM image. The current model is similar to the SlicecGAN model described in Ref. [48]. The
reconstruction algorithm is demonstrated by the following pseudocode.

Algorithm 1. The 2D-to-3D GAN for 3D Microstructure Reconstruction

Require: The gradient penalty coefficient 4, the number of D iterations per G iteration np, the batch sizes mp and mg for D and G, respectively, Adam
hyperparameters a, f1, 2.
Require: initial critic parameters wy, initial generator parameters 6.
1: while 6 has not converged do
2: Generator training:
3:fort=1, ..., npdo
4: fori=1, ..., mpdo
5: Sample a latent vector from a normal distribution z ~ p(z)
6: X < Go(z) generate a 3D volume
7
8
9

: fora=1,2,3do
cford=1,..,1do
X24<2D slice of X at depth d along axis a
10: Sample an 1 x 1 image from the real dataset x ~ p,
111: Sample a random number ¢ ~U [0, 1]
12: Xe—ex+(1-eXx
13: Lp « Du(Xea) —Duw®) + M| Vi Du(®)|[2 — 1)
14: end for
15: end for

1 3 1
16: w < Adam (VW,,TDZa:l EdzlLD)

17: end for 18: Generator training:
19:forj=1, ..., mgdo

20: Sample a latent vector from a normal distribution z ~ p(z)
21: X < Go(z) generate a 3D volume

22: fora=1,2,3do

23:ford=1, ...,1do

24: Xoq < 2D slice of x at depth d along axis a
25: Lg < —Dy (2q)

26: end for

27: end for

29: end for

1 3 l
28: 0 « Adam (W,,Tcza:lzdzll“6>

30: end while

Table 1

The architecture of the 3D generator.
Layer Kernel size Stride Padding Output shape
z 4 2 2 4x4x4x64
1 4 2 2 6 x 6 x6x512
2 4 2 2 10 x 10 x 10 x 256
3 4 2 2 18 x 18 x 18 x 128
4 4 2 2 34 x 34 x 34 x 64
5 4 2 3 64 x 64 x 64 x 2

Softmax - - - 64 x 64 x 64 x 2
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The GAN used in this study is composed of a 6-layer generator and a 7-layer discriminator. The hyperparameters for the generator
and discriminator are listed in Tables 1 and 2, respectively. A batch size of 8 is adopted for both the generator and discriminator. The
Adam optimizer [49] was used, and the Adam optimizer parameters are: « = 0.0001, ; = 0.9, , = 0.999. The gradient penalty
coefficient is set to A = 10. The learning rates for both the generator and discriminator training were tuned within the range of 107 to
1073 to achieve a balance between accuracy and time efficiency. Ultimately, the learning rates for the generator and discriminator
were both set to 10™*. In this study, using the optimized neural network architecture detailed in Tables 1 and 2, the training process
took approximately 30 min on two NVIDIA GeForce RTX 3090 GPUs. Once the model was trained, it took only a few seconds to
reconstruct a 3D image with dimensions up to 128 x 128 x 128 voxels.

2.4. Pore analysis based on images

To quantify the pore microstructures, a few important microstructural metrics, such as volumetric (areal) fraction of phases,
specific surface area, pore size, pore size distribution, and tortuosity factor are calculated. These metrics are compared for the FIB
reconstructed and the GAN reconstructed 3D microcultures of the same samples to evaluate the reliability of the GAN-based 3D
reconstruction.

2.4.1. Volumetric/areal fraction
Volumetric fraction (3D) or areal fraction (2D) of the solid or pore phase is defined as the ratio of the total voxels (3D) or pixels (2D)
of the phase of interest to the total voxels or pixels of the entire image which represents the microstructure.

2.4.2. Specific surface area

The volume-specific surface area is also known as the surface-area-to-volume ratio, defined as S, = S/V (ym? pm %), where S is the
total surface area of solids, and V is the total volume of both solid and pore phases. In the present study, the surface area S was
calculated using a marching cube method [50]. This advanced algorithm allows the surface curvatures to be considered even if the
microstructures are represented in voxels.

2.4.3. Pore size analysis

An image-based SNOW algorithm was used to separate the 3D pore networks into individual pore regions such that each pore can
be analyzed. The SNOW algorithm [51] uses a marker-based watershed segmentation algorithm to partition an image into regions
belonging to each phase. The main contribution of the SNOW algorithm is to find a suitable set of initial markers in the image so that
the watershed is not over-segmented. Suitable initial markers can be controlled by varying the marker size and Gaussian filter pa-
rameters: r and sigma values. Fig. 4 shows the pore segmentation of 2D porous microstructure as a demonstration using the SNOW
algorithm. Fig. 4(a) and (b) display samples SOFC #1 and SOFC #2, respectively, while Fig. 4 (c) and (d) depict samples GV #1 and GV
#2. Note that the SNOW algorithm applies to both 2D and 3D images.

After pore segmentation, the pore size and pore size distribution can be calculated based on all segmented pores. The pore size of
each separated porous region is measured using the volume equivalent diameter. The Pore Network Model [52] (PNM) is used to
visualize the pore network which is imposed onto the original image as shown in Fig. 5. It is seen that for the samples SOFC #1 (Fig. 5
(a)) and #2 (Fig. 5(b)), the porosities are low, and the pores are just locally connected but disconnected globally. For samples GV #1
(Fig. 5(c)) and #2 (Fig. 5(d)), the porosities are relatively high, and the pores are fully percolated from one side to the opposite side.
Fig. 6 shows the FIB-SEM reconstructed 3D microstructures and the PNM within the 3D microstructures of samples SOFC #1 and #2. It
shows that the pore networks in the samples SOFC #1 and #2 are actually well connected in the 3D space although the pores are not
percolated in the 2D microstructures.

2.4.4. Tortuosity factor

For the 3D microstructure, the tortuosity factor reflects the resistance of the transport of the specific species in a specific phase. For
example, the electrical conductivity in the conducting solid phase is correlated to the tortuosity factor of the conducting solid phase in
an SOFC electrode; and the gas diffusivity in the pore phase is correlated to the tortuosity factor of the pores in the SOFC electrode. The
tortuosity factor can be calculated by a random walker method [43] or Lattice Boltzmann simulations [53]. In this study, the tortuosity
factor of the solid phase and pore phase are calculated using the Taufactor libraries [54]. The Taufactor is an open-source MATLAB
application for efficiently calculating the tortuosity factor, as well as volume fractions, and specific surface areas, from image based

Table 2

The architecture of the 2D discriminator.
Layer Kernel size Stride Padding Output shape
Input - - - 64 x 64 x 2
1 4 2 1 32 x 32 x 64
2 4 2 1 16 x 16 x 128
3 4 2 1 8 x 8 x 256
4 4 2 1 4 x 4 x 512
5 4 2 0 I1x1x1
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Fig. 4. Demonstration of SNOW-based pore segmentation of 2D porous images: (a) sample SOFC #1; (b) sample SOFC #2; (c) sample GV #1; and
(d) sample GV #2. During the segmentation of all these images, the r is set to 2 pixels, and the sigma is set to 0.1.
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Fig. 5. Pore percolation in 2D microstructures with the Pore Network Model: (a) sample SOFC #1; (b) sample SOFC #2; (c) sample GV #1; and (d)
sample GV #2. During the segmentation of all these images, the r is set to 2 pixels, and the sigma is set to 0.1.
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Solid+Pore Solid Pore Pore Network

SOFC #1

SOFC #2

Fig. 6. Pore percolation in 3D microstructures and the sphere-stick network in Pore Network Model.

microstructural data. This tool calculates tortuosity factor using an over relaxed finite-different approach, allowing a fast computation
for typical modern tomographic datasets as well as synthesized digital 3D image stacks.

2.5. Pore analysis with mercury intrusion porosimetry (MIP)

The mercury intrusion porosimetry (MIP) method is used to determine the pore size distribution and tortuosity factor of porous
samples GV #1 and #2. Mercury is non-wetting to most solids, which means it does not wet solid surfaces. However, under pressure,
mercury can intrude into the pores of a porous material. The relationship between the pressure and capillary diameter is described by
Washburn [55] as:

SOFC#1
FIB-recon.

GAN-recon.

SOFC#2
FIB-recon.

GAN-recon.

Fig. 7. 3D microstructure reconstruction of SOFC porous ceramic samples with the FIB-SEM and GAN methods.



X. Lietal Heliyon 10 (2024) e39185

_ —4ycosd

P
D

@
where P is the applied intrusion pressure, y is the surface tension of the liquid, 0 is the contact angle of the liquid, and D is the diameter
of the capillary. In the formula, y and 0 are set to 0.480 N/m and 140°, respectively, in the mercury intrusion experiment. By measuring
the volume of mercury intruded at different pressures, it is possible to determine the pore size distribution of the porous material.
Larger pores will fill at lower pressures, while smaller pores will fill at higher pressures. The total volume of mercury intruded at a
sufficiently high pressure is equal to the total pore volume of the material. This includes the volume of all the interconnected pores
within the sample.

An AutoPore IV 9500 automatic mercury porosimeter (Micromeritics Instruments Co., GA, UAS) was used for the MIP experiment.
The maximum mercury infiltration pressure is up to 414 MPa, and the range of pore diameter measurement is from 3 nm to about 350
pm.

3. Results and discussion
3.1. 3D reconstruction with FIB-SEM and GAN

Fig. 7 shows the 3D visualization of the reconstructed subvolumes of 64 x 64 x 64 voxels for samples SOFC #1 and #2 based on the
FIB-SEM and the GAN reconstruction methods. It can be observed that there is no noticeable difference between the microstructures
obtained with the two methods for both samples.

Although Fig. 7 only shows the subvolumes of 64 x 64 x 64 voxels of GAN reconstructed microstructures, much larger volumes can
be generated with the trained generators G(2) as long as the computational source permits. Fig. 8 shows GAN-generated cubic volumes
with an edge length increasing from 64 voxels to 320 voxels using the trained generator based on 2D image data of sample SOFC #2
(see Fig. 9).

With the same GAN architecture for the SOFC samples, GANs were trained using the 2D images of Geekvape (GV) samples GV #1
and GV #2. Fig. 8 shows the GAN-generated 3D two-phase microstructures of samples GV #1 and GV #2. It can be seen that the GAN
method can capture the diverse pore features in porous ceramics GV #1 and #2 which have a wide size distribution range and the
volume equivalent spheres of the pores are displayed by the PMN model with the openPMN package [45].

In order to make a fair comparison between the FIB-SEM and GAN reconstructed 3D microstructures, microstructural metrics such
as volume fraction, specific surface area, and tortuosity factor should be calculated based on the suitable representative volume of the
sample. To this end, the size of the representative volume element (RVE) was analyzed first by evaluating the abovementioned
microstructural metrics while varying the edge length of the sub-volume from 32 pixels to 192 pixels. The edge length is limited to a
maximum of 192 pixels due to the limited volume obtained with the FIB-SEM reconstruction in the current study. Fig. 10 shows the
statistics of the microstructural metrics for subvolumes with varied edge lengths for two SOFC samples which have different porosities
and pore distributions. It is observed that for sample SOFC #1, an RVE size of 128 voxels allows the measurement of the volume
fraction of solid and pore phases to be representative of the entire sample with an acceptable relative standard deviation within 5 %
(Fig. 10(a)). For measurement of the specific surface area, it requires about 160 voxels for samples SOFC #1 to estimate the specific
surface area with a relative standard deviation of about 5 % (Fig. 10(b)). For tortuosity factor measurements, an RVE size of 160 voxels
allows the tortuosity factor of both the solids and pores of sample SOFC #1 (Fig. 10(c)) to be measured accurately.

For sample SOFC #2, it requires an RVE size of 96 pixels to allow the measurement of the volume fraction and specific surface area
to be representative with an acceptable relative standard deviation within 5 % (Fig. 10 (d) and 10 (e)). For the tortuosity factor of the
pores, it is forecasted that a larger RVE size of over 192 voxels is needed to represent the true value for the entire sample (Fig. 10(f)).
Although the porosity in SOFC #2 is higher than that in SOFC #1, the pores in SOFC #2 are more likely isolated, causing a large

Fig. 8. GAN-reconstructed 3D microstructure of sample SOFC #2 with different volumes.
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uncertainty of tortuosity factor measurement. This explains that a larger RVE size is required for SOFC #2 to analyze the tortuosity
factor of pores.

In the current study, an RVE size of 192 voxels is determined suitable to evaluate all the microstructural metrics of the micro-
structures obtained by the FIB-SEM reconstruction and the GAN reconstruction methods for the two samples. Except for the mea-
surement of the tortuosity factor of the pores in SOFC #2, all the other microstructural metrics of the two samples can be reliably
represented.

Spatial correlation functions are widely used to characterize the heterogeneity of porous materials. In this study, the two-point
correlation function [56], Sa(r), was employed to compare the porous microstructure reconstructed using the GAN method with the
real microstructure obtained from FIB-SEM reconstruction. The S,(r) values were calculated based on 20 random subvolumes, each of
size 192 x 192 x 192 voxels, from both the FIB and GAN-reconstructed volumes. For the FIB reconstructed volumes, the 20 sub-
volumes are cut from the entire sample without overlapping volumes between two subvolumes, except for some small overlapping for
subvolumes with an edge length larger than L = 64 pixels. Meanwhile, for the GAN-generated subvolumes, the 20 subvolumes are
randomly generated from the same generator G(2). As shown in Fig. 11, the pore characteristics of the GAN-reconstructed micro-
structures are in good agreement with those of the real microstructure in terms of So(r) for samples SOFC #1 (Fig. 11(a)) and #2
(Fig. 11(b)).

Fig. 12 shows the boxplots of the five microstructural metrics’ statistics carried out for the same 20 distinct subvolumes of 192 x
192 x 192 voxels of FIB and GAN reconstructed volumes previously used for the So(r) measurements for samples SOFC #1 (Fig. 12(a))
and #2 (Fig. 12(b)). It is observed that for the two different samples, the volume fraction of the phases, specific surface area, and
tortuosity factor of the solid phase of the 3D microstructures obtained with the two methods are in good consistency. For the tortuosity
factor of the pores, there is a significant discrepancy. This discrepancy is possibly caused by the fact that the current RVE size is not
sufficiently large for accurate statistics of the tortuosity factor of pore phase.

Fig. 13 shows the radar plot for the error analysis for the five microstructural metrics for the GAN-generated microstructure, with
the measurement based on the FIB-SEM reconstructed microstructure as the ground truth. It is seen that the volume fraction of solids
and pores, the specific surface area, and the tortuosity factor of the solid phase can be reproduced within errors of less than 5 % for the
sample SOFC #1 and the tortuosity factor of pores is reproduced within an error of about 7.5 %. For the sample SOFC #2 only the
volume fraction of solids and pores, the specific surface area, and the tortuosity factor of the solids can be reproduced within an error of
2.5 %. But for the tortuosity factor of the pores, the error is about 17.5 %. Again, by the definition of the error, this is simply because of
the large deviation due to the limited RVE size for analysis. So, by and large, the GAN-generate microstructures have a very good
quantitative agreement with the realistic microstructure which can be obtained from FIB-SEM reconstruction.

3.2. Analysis of pores based on 2D and 3D microstructures

Based on 2D images (20 slices of FIB-SEM cross-sections) and FIB reconstructed 3D image, the SNOW algorithm, with marker size
controlling parameters r = 2 pixels and sigma = 0.2, was applied to both the 2D and 3D images for samples SOFC #1 and #2. Statistics
in pore size distribution were carried out based on the volume-equivalent pore diameter of all segmented pores. The volume fraction
and cumulative volume fraction distribution curves of the pore sizes measured on 2D and 3D images of samples SOFC #1 (Fig. 14(a))
and #2 (Fig. 14(b)) are shown in Fig. 14 for samples. It is seen that for both samples, the volume fraction and cumulative volume
fraction distribution curves of the pore size distribution for 3D microstructure shift in the right direction (larger pore size) compared to
those for the 2D microstructure. This means the D50 values of the pore size measured on the 2D microstructures are underestimated
compared to those measured on the 3D microstructures. Yang et al. [57] measured the pore size of a die-cast AM60 material based on
2D and 3D microstructures by X-ray CT and also found the pore size peak of the 3D measurement was shifted to a larger size compared
to that of the 2D measurement. The main reason for this size shift is the sectioning effect. For example, if we randomly section a sphere
with a plane, the average diameter measured on the sectioned circle is about 2/3 of the sphere diameter. In practice, when researchers
measure the grain size from 2D cross-sectional SEM images, the true 3D grain size is usually corrected by multiplying a scaling factor of
1.5 [58]. In addition, in 3D space, the pores are more likely to percolate than in a 2D cross-section and extra smaller pores can be

Sample SOFC #1 Sample SOFC #2
1.0 1.0
(a) —— Mean of FIB reconstruction (b) —— Mean of FIB reconstruction
—— Mean of GAN reconstruction —— Mean of GAN reconstruction
0.8} Range of FIB reconstruction 0.8 Range of FIB reconstruction
Range of GAN reconstruction Range of GAN reconstruction

0.6 0.6

04 0.4

02 0.2

Two-point correlation function Sz(r)
Two-point correlation function S(r)

0'00 20 40 60 80 100 0'00 20 40 60 80 100

Distance [pixels] Distance [pixels]

Fig. 11. Comparisons of the two-point correlation function of the FIB and the GAN reconstructed microstructures for (a) sample SOFC #1 and (b)
sample SOFC #2.
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Fig. 13. Accuracy analysis on the GAN-based 3D reconstruction.

resulted after sectioning. As a consequence, in addition to the sectioning effect, 2D characterization can overestimate the pore pop-
ulation of small pores. Thus, the small pores count for a larger volume fraction of pores, resulting in a smaller D50 size for the 2D
characterization. In other words, the characterization of pore sizes in 3D is believed to be more accurate than 2D characterization.

Besides the discrepancies in the microstructural metrics based on 2D and 3D microstructures, the actual diffusion behavior can also
differ significantly. To demonstrate the necessity of considering 3D microstructures for diffusion problems, diffusions in solid and pore
phases in 2D and 3D microstructures were conducted using the Taufactor libraries. It is evident that, for the two SOFC samples, only the
solid phase percolates (Fig. 15 (b) and (h)), and the flux density along the solid phase in the 2D plane (Fig. 15 (c) and (h)) is very weak.
In contrast, there is no percolation of the pores (black regions in Fig. 15 (a) and (f)) and no flux density in the pore phase at all. In the
case of the 3D microstructures, there are higher flux densities for both the solids (Fig. 15 (d) and (i)) and pores (Fig. 15 (e) and (j))
compared to the 2D simulations. Hu et al. [59] performed direct comparisons between the transfer coefficient based on 2D and 3D
porous models of packed beds which were obtained by X-ray CT scanning. They found that the overall mass transfer coefficient was
higher in the 3D-packed bed under Darcy flow conditions. Similarly, Stec et al. [60] calculated the permeability of 2D and 3D mi-
crostructures and they significantly differed. They found that the permeability calculated for 2D models strongly depended on the 2D
slice chosen for the calculation. The more reliable results were obtained when several 2D slices were investigated.
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Fig. 14. Pore size distribution in two porous ceramic samples based on the 2D and 3D microstructures: (a) Sample SOFC #1 and (b) sample
SOFC #2.

Fig. 15. The simulated flux densities in the 2D and 3D microstructures of samples SOFC #1 and SOFC #2: (a) and (f) microstructures with white
regions as solids and the black as pores; (b) and (g) the effectively percolated solid phase; (c) and (h) the simulated flux density in the solid phase of
the 2D microstructures; (d) and (i) projections of the flux densities in the solid phase of the 3D microstructures; (e) and (j) projections of the flux
densities in the pore phase of the 3D microstructures.

For sample GV #1, with a porosity of 0.60 measured from the binary image (Fig. 16(a)), which is significantly higher than that of
samples SOFC #1 and #2, the pores are shown to be percolated in the 2D plane, as illustrated in Fig. 16(b). The diffusion simulation
reveals a very weak flux density in the pore phase within the 2D plane, as depicted in Fig. 16(c). However, in the GAN-reconstructed 3D
microstructure (Fig. 16(d)), the pore phase displayed in the 2D plane is effectively interconnected in 3D space (Fig. 16(e)), resulting in
significantly higher flux density in the 3D space (Fig. 16(f)). Similarly, in sample GV #2 (Fig. 17), with a porosity of approximately
0.50, the pores in the 2D plane are also interconnected from one side to another (Fig. 17(a) and (b)), leading to flux within the 2D plane
(Fig. 17(c)). In the GAN reconstructed 3D microstructure, the pore percolation (Fig. 17(d) and (e)) and flux (Fig. 17(f)) density are both
increased. The percolation of the solid phase is very similar to those in the samples SOFC #1 and #2 and is not discussed here.

Based on the flux simulations using both 2D and 3D microstructures of porous media with varying densities and pore character-
istics, as seen in typical SOFC electrode materials (SOFC #1 and #2) and ceramic atomizer core materials (GV #1 and GV #2), the
conclusions drawn from 2D and 3D results can be significantly different. For materials with critical porosity, pores may appear
disconnected in 2D images, while they are actually interconnected in the 3D space. Consequently, image-based simulations relying
solely on 2D microstructures can lead to unreliable predictions of physical properties, such as permeability, mechanical strength,
electrical, or thermal conductivity. Therefore, it is essential to access the full 3D microstructure of porous media to accurately
investigate these material properties. The proposed GAN method can recover missing information by reconstructing the 3D micro-
structure from 2D microstructures and may be beneficial for predicting macroscopic properties of materials from 2D images.

3.3. Comparison with the MIP method
Although the MIP method can measure pore sizes in the range of 3 nm-350 pm, the measurement of nanometric pores is, in fact, not

13
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Fig. 16. The simulated flux densities in the 2D and GAN-generated 3D microstructures of the sample GV #1: (a) the 2D binary microstructure from
SEM and (d) 2D slice from GAN-generated 3D microstructures with white regions as solids and the black as pores; (b) and (e) the effectively
percolated solid phase in 2D and 3D microstructures; (c) and (f) the simulated flux density in the pore phase of the 2D and 3D microstructures.

(©)

Fig. 17. The simulated flux densities in the 2D and GAN-generated 3D microstructures of the sample GV #2: (a) the 2D binary microstructure from
SEM and (d) 2D slice from GAN-generated 3D microstructures with white regions as solids and the black as pores; (b) and (e) the effectively
percolated solid phase in 2D and 3D microstructures; (c) and (f) the simulated flux density in the pore phase of the 2D and 3D microstructures.

accurate. This inaccuracy arises because, in order to access the fine pores, mercury needs to be subjected to high intrusion pressure,
causing the collapse of the smaller pores and resulting in measured values that deviate from the actual values. As shown in Fig. 18, the
volume fraction and cumulative volume fraction curves of the pore size distribution in samples GV #1 (Fig. 18(a)) and #2 (Fig. 18(b))
exhibit a log-normal distribution. For GV #1, the D50 size of the pores is approximately 10 pm, while for GV #2, the D50 size of the
pores is slightly larger, measuring around 20 pm.

In this study, the pore analysis of GAN-reconstructed samples GV#1 and GV#2 is sensitive to the SNOW segmentation algorithms,
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Fig. 18. Pore size distribution in two porous ceramic samples based on the MIP method: (a) Sample GV#1 and (b) sample GV#2.
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Fig. 19. Pore size distribution (accumulative probability density) in two porous ceramic samples based on the MIP method: (a) Sample GV#1 and
(b) sample GV#2.

particularly the marker size (parameter r) and Gaussian filtering levels (parameter sigma). In the previous section on the SEM char-
acterization of microstructures GV#1 and GV#2, the image resolution is approximately 3 pm per pixel, effectively capturing pore sizes
at the scale of a few microns. In the case of GV samples, the smallest pore size, as determined by the SNOW segmentation algorithm, is
approximately 20 pm. To compare the pore size distribution obtained by the image-based method and the MIP method, pores in the
size range of 20-350 pm are considered, and the distribution density function is recalculated for the MIP results for samples GV #1
(Fig. 19(a)) and GV #2 (Fig. 19(b)).

It is observed that as the marker size (r values) increases, the pore networks are consolidated into fewer regions, resulting in a
smaller volume ratio of small pores and a larger volume ratio of larger pores. This indicates that pore size statistics based on the SNOW
algorithm depend on segmentation parameters and require experimental data for calibration. For both samples, a SNOW-based pore
segmentation with a marker size parameter of r = 4 pixels approximates the MIP results for larger pores (100-350 pm). However, for
smaller pore segmentation, a marker size parameter of r = 4 pixels appears to cause under-segmentation of the pores, resulting in
insufficient separation of the network of smaller pores and leading to discrepancies in the pore size distribution within the range of
20-100 pm. This suggests that the SNOW algorithm has limitations when being applied to porous microstructures which have a wide

Table 3
Comparison of microstructural metrics measurements based on 2D, and 3D microstructures and based on the MIP experiments. 3D microstructures of
the SOFC samples and the GV samples are FIB-SEM reconstructed and GAN reconstructed, respectively.

Samples and Volume fraction of pores ~ Volume fraction of Specific surface area Tortuosity factor of pores Tortuosity factor of solids
methods o(p)/- pores ¢(s)/- Sa/pm ! tau(p)/- tau(s)/-
SOFC 2D 0.182 + 0.017 0.818 + 0.017 - INF 1.748 £ 0.276
#1 3D 0.185 + 0.003 0.815 + 0.003 3.628 + 0.136 4.961 + 0.090 1.265 + 0.016
SOFC 2D 0.268 + 0.018 0.732 £ 0.018 - INF 1.777 £+ 0.159
#2 3D 0.266 + 0.002 0.734 £ 0.002 3.163 £+ 0.035 11.422 + 2.161 1.272 + 0.008
GV #1 2D 0.593 + 0.003 0.407 + 0.004 - 22.6 +£5.349 INF
3D 0.597 + 0.005 0.403 + 0.005 0.170 + 0.001 2.044 + 0.018 3.120 + 0.056
MIP  0.598 0.402 - 1.554 -
GV #2 2D 0.487 £+ 0.007 0.513 £ 0.007 - 21.846 + 3.723 INF
3D 0.491 + 0.003 0.509 + 0.003 0.109 + 0.024 2.245 + 0.032 2.482 + 0.026
MIP  0.488 0.512 - 1.678 -
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distribution of pore size and may require a variable marker size parameter.

Alternatively, researchers have developed numerical mercury intrusion porosimetry (MIP) based on 3D porous microstructures. In
this study, one ongoing challenge is the wide range of pore size distribution, spanning from a few nanometers to hundreds of microns.
High-resolution microstructure acquisition presents challenges for the current experimental techniques with FIB-SEM and X-ray to-
mography. Another remaining issue is that even if high-resolution 2D microstructures are attainable, training the GAN model requires
large input images, leading to computational challenges.

Finally, we compared the measurement results of the microstructural metrics based on 2D microstructures from SEM, the results
based on 3D microstructures with FIB-SEM and GAN reconstruction, as well as the results obtained through the MIP experiment
method (only available for samples GV #1 and #2). A summary is presented in Table 3.

For the volume fraction of the pores (also known as porosity), the 2D and 3D measurements, along with MIP data, provide very
close results. However, specific surface area cannot be directly measured from the 2D microstructures. Technically, the tortuosity
factor of a specific phase can be calculated based on both 2D and 3D images. Nevertheless, the 2D results cannot represent the true
values, particularly when the volume/areal fraction is lower than the critical percolation value, resulting in an infinite tortuosity
factor.

For samples SOFC #1 and #2, where the porosity is very low and the pores in 2D planes are not percolated, the tortuosity factor
becomes infinite. Similarly, for samples GV #1 and #2, where the porosity is high and the pores are percolated, the tortuosity factor
can be calculated, while the solid phase is not percolated, resulting in an infinite tortuosity factor of solids. However, for both the SOFC
and GV samples, the tortuosity factors of the pores and solids can be calculated based on 3D microstructures.

Furthermore, through the direct comparison of the tortuosity factor of pores based on the GAN-generated 3D microstructure and
the MIP-measured data for samples GV #1 and #2, good agreement is observed, demonstrating the promise of tortuosity factor cal-
culations based on GAN-generated microstructures. Nevertheless, caution should be exercised when evaluating the tortuosity factor or
transportation phenomena in porous ceramic devices solely based on 2D microstructural metrics. If these metrics are used for further
modeling, such as multiphysics modeling of electrochemical reactions in SOFC electrodes, the final predictions can be highly
questionable.

4. Conclusions

In this study, we employed a GAN-based deep learning method to reconstruct the 3D microstructures of porous ceramic materials
from 2D cross-sectional microstructures. Quantitative comparisons between the GAN-reconstructed and FIB-SEM-reconstituted real-
istic porous samples demonstrate excellent agreement in capturing parameters such as volume fraction, specific surface area, and
tortuosity factors. Our 2D and 3D study underscores the necessity of utilizing 3D microstructures to access certain critical micro-
structural metrics, including tortuosity factors, pore size, and pore size distribution, although the volume fraction of phases can be
recovered accurately from the 2D microstructures. These microstructural metrics hold significant importance when addressing nu-
merical simulations for porous devices, such as electrochemical reactions and heat and mass transfer in the porous electrodes of fuel
cells and other energy conversion and storage devices. By combining the GAN reconstruction and numerical simulations, pore size, and
tortuosity information can be estimated as an alternative to the mercury intrusion porosimetry method.
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