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techniques such as micro-Computed Tomography (micro-CT) and Scanning Electron Microscopy
(SEM), but such methods are costly. As an alternative, digital reconstruction offers a way to
generate synthetic microstructural images. Traditional reconstruction methods provide geometric
control but lack flexibility and generality. In contrast, Computer Vision (CV) approaches offer
strong generative capabilities, but often lack interpretability and material-specific constraints.
Conditional generation introduces descriptors as labels, yet struggles with control during training.
In this work, we enhance conditional generation by decomposing the loss into two parts: an
implicit CV-based component and an explicit, descriptor-driven component inspired by traditional
methods. The explicit loss includes a targeted loss for individual inputs and a distribution loss
for overall output quality, ensuring both accuracy and diversity. To support fast training, a rapid
descriptor regression model is developed and integrated into our digital reconstruction workflow.
We validate our method on Fontainebleau sandstone, Polytetrafluoroethylene (PTFE), and SOFC
electrodes, demonstrating improved reconstruction performance compared to the current state-
of-the-art 2D-to-3D method. Our approach accurately captures statistical descriptors, even for
complex geometries, and maintains strong consistency across multiple 2D slices representing 3D
structures.

1. Introduction

Heterogeneous materials such as soil, rock, composites, and alloys are widely used in engineering fields such as construction,
aerospace, and automotive industries due to their unique physical and structural properties [1,2]. Understanding how macroscopic
properties (e.g., strength, elasticity, durability) relate to microscopic features (e.g., grain size, phase distribution, porosity) is key to
optimizing performance and designing new materials [3]. This relationship is often quantified using statistical descriptors, which cap-
ture essential microstructural details and enable the prediction of material behaviour [4,5]. Accurate microstructural representations
are typically obtained through imaging techniques like micro-Computed Tomography (micro-CT) [6-10], X-ray imaging [11,12],
or Scanning Electron Microscopy (SEM) [13-15]. However, these methods are costly and limited by sample size and condition. To
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address these challenges, digital reconstruction algorithms offer an effective alternative. They enable the generation of realistic mi-
crostructures, evaluation of descriptor variability, and estimation of material properties, while overcoming experimental constraints
related to imaging, segmentation, and sample preparation.

Traditional digital reconstruction methods include statistical methods, field transformation methods [16-18], multi-point statistics
methods [19], and particle-based approaches [20,21], among others. Statistical methods reconstruct microstructures by explicitly
characterizing images of real materials and stochastically generating synthetic ones based on these characteristics. Among these,
Stochastic Optimization Algorithms (SOA) are the most widely used. SOA works by randomly generating candidate structures and
iteratively optimizing them to match the target’s statistical features. This approach relies on two key components: statistical descriptors
and reconstruction algorithms. The process begins with a random structure, which is refined through optimization to reproduce the
desired statistical properties. Descriptors quantify morphological features such as topological connectivity, spatial correlation, and
orientation. Optimization techniques such as simulated annealing [22,23], particle swarm optimization [24], and genetic algorithms
[25] are used to adjust the structure until it closely matches the target. Descriptors serve as criteria in the objective function, guiding
the reconstruction. SOA is popular for its flexibility, accuracy, and controllability due to its explicit use of statistical descriptors.
However, it is computationally intensive, making it inefficient for large-scale 3D reconstructions.

In recent years, Computer Vision (CV) methods have gained traction for digital reconstruction, offering several advantages over
traditional statistical approaches. These methods leverage neural networks to generate images and use tailored loss functions for
feedback-driven accuracy improvement. Unlike statistical methods, CV-based approaches are rooted in image processing rather than
statistical descriptors, though their “black-box” nature often draws criticism for lacking interpretability. Deep learning methods
include Variational Autoencoders (VAEs) [26,27], transfer learning [28,29], Recurrent Neural Networks (RNNs) [30,31], Multi-
layer Perceptrons (MLPs) [32-34]. Recently, with the rise of denoising diffusion probabilistic models (DDPMs) in the field of im-
age generation, an increasing number of studies have introduced diffusion models [35-41] and flow-based approaches [42-44]
into microstructure reconstruction. Among these, Generative Adversarial Networks (GANs) are the most widely used. GANs con-
sist of two competing networks - a generator and a discriminator - that iteratively improve each other, allowing for the genera-
tion of highly realistic synthetic data. Unlike other models, GANs were first applied to 3D reconstruction using full 3D datasets
[45,46]. However, due to the difficulty in acquiring 3D training data, recent studies now focus on reconstructing 3D microstruc-
tures from more readily available 2D cross-sectional images [47]. This approach has proven practical for material science ap-
plications. Several GAN variants have been employed, including VAE-GAN [48], BicycleGAN [49], StyleGAN [50], and WGAN
[51]. Architectures like SliceGAN [52] offer the flexibility to model various material types without requiring changes to training
parameters.

CV-based methods often lack interpretability, offering little insight into what features are learned or why certain optimizations
occur. To address this, Conditional GANs (CGANSs) introduce auxiliary information to guide the generation process [53]. In het-
erogeneous material reconstruction, two primary strategies are used to incorporate such information: CV-based and statistics-based
approaches. In the CV-based approach, similarity is evaluated using deep learning networks. For example, Li et al. [54] used a fine-
tuned VGG-16 model with Gram-matrix loss to capture microstructure texture features alongside standard GAN losses. Yin et al. [55]
trained a network to ensure edge texture consistency between generated and reference images. The statistics-based approach uses
physical descriptors as constraints. Laloy et al. [46] applied checker functions to calibrate volume fraction and two-point correlation
curves, improving accuracy. Du et al. [56] trained a CNN to predict effective thermal conductivity and used it as a performance
evaluator for the generator, bypassing the discriminator entirely. Some studies combine both strategies. Shams et al. [57] employed
statistical descriptors in CGANs. Feng et al. [58] integrated standard GAN loss with pixel-wise, pattern distribution, and porosity
losses. Cao et al. [59] used porosity as part of the latent space in a hybrid InfoGAN-StyleGAN model, enforcing distribution con-
straints with a classifier. Chi et al. [60] implemented a conditional VAE-GAN incorporating porosity in the encoder, decoder, and
discriminator. Zhou and Wu [61] conditioned on porosity, tortuosity, surface area, and fractal dimension. Recently, there has been
some reconstruction research based on diffusion generative models [35-41] and flow-based models [42-44]. In conditional diffusion
models, for instance, Lyu et al. [41] embedded permeability as a feature encoding into diffusion-based generative models, enabling
the generation of three-dimensional microscopic results for random porous materials with controllable permeability. Conditions are
typically introduced as feature vectors during the synthesis stage to guide the generation of microstructures that align with specific
physical properties [38-41]. While this emerging area shows significant promise, it remains in an early stage, and further research is
required to improve model generalizability.

Despite recent efforts to improve the interpretability of CV-based reconstruction methods, several key challenges persist. Cur-
rent approaches often use descriptors as labels for the discriminator, allowing only implicit optimization - unlike SOA, which uses
descriptors as explicit objective functions. Moreover, these methods are typically limited to simple scalar descriptors (e.g., volume
fraction) or physical properties (e.g., thermal conductivity), failing to capture the complex morphological characteristics of heteroge-
neous microstructures. Additionally, most conditional CV-based methods are confined to either 2D-to-2D or 3D-to-3D reconstruction,
restricting practical applicability. To address these limitations, this work proposes a bi-directional descriptor-microstructure linked
CGAN framework that reconstructs 3D microstructures from 2D slice descriptors. The training data consists solely of 2D microstruc-
ture images and their corresponding descriptors. We introduce the Statistical-Aware Generative Adversarial Network (SAGAN), which
includes: a generator that transforms slice descriptors into 3D microstructures; a discriminator that evaluates 2D slices extracted from
the generated 3D structure using CV metrics; a ResNet-like descriptor regression model that rapidly estimates descriptors from 2D
slices, enabling explicit optimization during training. This bidirectional architecture allows descriptors to both guide and validate the
generated microstructures, ensuring alignment between input and output and efficient convergence during training. The proposed
SAGAN primarily introduces an explicit descriptor constraint and conditional input into CV methods, functioning as a plug-and-play
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Table 1

The full legend of the 41 microstructure descriptors reproduced from Cui et al. [S]. These descriptors
were systematically derived through fractal dimension analysis, physical interpretations and other fields
across different categories. This integrated approach enables comprehensive microstructural character-

ization.
No. Descriptor No. Descriptor
1 Volume Fraction 21 Nearest-neighbor Distribution Function (1)_ep
2 Specific Internal Surface Density 22 Nearest-neighbor Distribution Function (2)_ev
3 Grain-size Distribution Function 23 Nearest-neighbor Distribution Function (3)_hp
4 Pore-size Distribution Function 24 Nearest-neighbor Distribution Function (4)_hv
5 Core Distribution Probability 25 Nearest-neighbour Orientation Distribution Function
6 Directional Growth Probability 26 Ripley’s K Function
7 Orientation Distribution Function 27 Coarseness
8 Two-point Correlation Function 28 Contiguity
9 Two-point Cluster Correlation Function 29 Point/qg-particle Correlation Function
10 Lineal-path Function 30 Surface-particle Correlation Function
11 Chord-length Density Function 31 Surface Correlation Function (1)_SSC
12 Aspect Ratio Distribution Function 32 Surface Correlation Function (2)_SVC
13 Radial Distribution Function 33 Maximum Grain Radius
14 Integral Correlation Function 34 Minimum Grain Radius
15 Topological Entropic Descriptor 35 Mean
16 Microcanonical Entropic Descriptor 36 Variance
17 Local Percolation Probability 37 Standard Deviation
18 Local Porosity Distribution Function 38 Autocovariance
19 Tortuosity 39 Autocorrelation Function
20 Voronoi Polygon Area 40 Power Spectral Density Functions

41 Margin Distribution Function

module that can be integrated with other CV-based approaches to enhance SOTA methods such as SliceGAN [52] and diffusion models
[62]. Key features of SAGAN include:

1. Explicit Training with Dual Loss Functions: SAGAN integrates both SOA-style descriptor loss and CV-based fusion loss into the
GAN training. This enables real-time monitoring and explicit optimization of descriptor accuracy. The loss function considers:
individual-view loss to ensure each generated output accurately reflects its input descriptor; and distribution-view loss to ensure
diversity across a batch by matching the statistical distribution of the reference dataset.

2. Fast Descriptor Estimation via ResNet Regression: Traditional graphics-based descriptor computation is slow. To enable fast,
GPU-friendly training, SAGAN uses a ResNet-style regression network to quickly compute descriptors from generated slices, al-
lowing real-time optimization.

3. Descriptor-Driven Generator with Injection Mechanism: Unlike conventional generators that rely solely on random noise,
SAGAN incorporates a descriptor injection mechanism to integrate multiple statistical descriptors directly into the transpose CNN
pipeline. This enables precise control over the generation process, linking 2D slice descriptors to 3D outputs.

2. Reconstruction methodology

This section presents the SAGAN algorithm and network architecture. We begin by highlighting the importance of statistical
descriptors in characterizing microstructures and explaining the selection of descriptors for comprehensive representation. Next, we
detail the reconstruction algorithm for isotropic materials, including the network design and loss functions. Finally, we extend the
approach to accommodate anisotropic materials.

2.1. Descriptors criteria and data process

Statistical descriptors are essential for microstructure analysis, enabling explainable predictions of physical properties [63] and
accurately capturing spatial patterns, randomness, and distributions. They provide a detailed statistical representation of a material’s
heterogeneity and serve as quantitative metrics for evaluating reconstruction quality. Incorporating the explicit descriptor-based
characterization from SOA methods into CV-based approaches can improve accuracy and predictability. A central challenge, however,
is selecting appropriate descriptors, as they capture different aspects - geometric, statistical, or topological - each offering unique
insights into microstructural features.

A comprehensive correlation analysis of 41 statistical descriptors was conducted [5], as listed in Table 1, with their interrela-
tionships shown in Table 2. By selecting well-suited descriptors, key morphological information can be captured with high accuracy
and efficiency using a limited set. Balancing these factors, we chose five descriptor groups as input: Two-Point Correlation Func-
tion (TPCF), Pore Size Distribution (PSD), Core Distribution Probability (CDP), Lineal-Path Function (LPF), and Two-Point Cluster
Correlation Function (TPCCF).

For each image in the data set, five descriptors are computed as corresponding labels to describe critical morphological features.
First, the original descriptors are calculated using an in-house simulation code based on their mathematical definitions. Based on

3



X. Geetal Computer Methods in Applied Mechanics and Engineering 448 (2026) 118469

Table 2

Correlation graph of all 41 descriptors in [5]. Cui et al. employed a clustering algorithm to analyze the correlations among 41 descriptors. Taking
the fifth row in the table as an example, the descriptors were divided into five groups (A, B, C, D, and E). Within each group, any descriptor overlaps
more strongly with the others, enabling a sufficiently comprehensive characterization of a material’s microstructural characteristics by using just
five descriptors.
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Fig. 1. Data processing for slice statistical descriptor points. Take TPCF as an example. The selected descriptor key point is transformed from normal
distribution into a standard normal distribution using Box-Cox transformation followed by Z-score normalization.

the Central Limit Theorem, descriptors exhibit fundamental bell-shaped distribution characteristics when the number of random
samples is sufficiently large. However, since each descriptor contains distinct geometric and/or physical information, they do not
conform to a standard normal distribution. Therefore, data processing is required to transform them into a tractable standard normal
distribution (zero mean and unit variance) suitable for training purposes. Box-Cox transformation and Z-score normalization are
applied to transform each key point set into a standard normal distribution. This not only enables the use of Kullback-Leibler (KL)
divergence in the loss function, but also accelerates network convergence and improves the robustness of the regression model.
The data processing procedure is illustrated in Fig. 1. These points with a standard normal distribution are used for descriptor loss
calculation.

After data processing, each slice descriptor is represented by its mean and standard deviation, which are incorporated into the
generator as conditional labels alongside random noise. This design is inspired by the SOA-like method and reparameterization process
from VAE, where descriptors guide the generation process to ensure that the statistical properties of the generated microstructures
closely match those of real samples. To reinforce this explicit descriptor control, we introduce a dual-component descriptor loss
into the generator: one component evaluates the numerical similarity of individual descriptor values, while the other assesses the
overall statistical distribution of descriptors, effectively measuring the statistical descriptor discrepancy between generated and real
microstructures. By integrating slice descriptors as conditional inputs and custom descriptor-based losses, our model achieves explicit
control over the GAN generation process. This not only enhances the fidelity of generated structures but also accelerates training
convergence and improves overall generation quality.
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Fig. 2. Workflow of isotropic material reconstruction using conditional generative adversarial network (CGAN), two-dimension to three-dimension
generative adversarial network (GAN) and statistical-aware generative adversarial network (SAGAN). (A) Two-dimension to two-dimension isotropic
reconstruction using the standard CGAN method. (B) Two-dimension to three-dimension isotropic reconstruction using GAN method(SliceGAN). (C)
Two-dimension to three-dimension isotropic reconstruction using SAGAN.

2.2. Isotropic reconstruction algorithm

The isotropic reconstruction algorithms for CGAN, 2D-to-3D GAN, and SAGAN are illustrated in Fig. 2. The standard CGAN
algorithm is shown in Fig. 2(A), where 2D or 3D microstructure images and their corresponding descriptor or physical property labels
are used as a supervised task. The generator takes real descriptors and noise to produce 2D or 3D images, which are then fed into
the discriminator along with the descriptors used in the generator for training. However, during training, the descriptors are implicit
and cannot be used to solve for the descriptors of the generated images. The descriptors inputted into the generator are only used as
labels for the discriminator. Additionally, extending this approach from 2D to 3D reconstruction presents significant challenges. Since
cross-section micrographs can contain sufficient information to statistically reconstruct 3D samples [52], the standard 2D-to-3D GAN
takes noise as generator input and slices the 3D synthetic microstructure into 2D cross-sectional slices in three principal directions.
The discriminator takes all fake 2D cross-sectional slices without distinguishing directions and is trained with 2D references, as shown
in Fig. 2(B). Despite this, there remains a gap between slice descriptors and 3D microstructure images. To directly address this in our
framework, we have implemented an explicit descriptor-constrained training paradigm that explicitly anchors morphological feature
learning to quantifiable microstructure descriptors. Rather than relying on opaque latent representations, our approach imposes dual
descriptor loss mechanisms: (1) an individual descriptor loss that penalizes deviations between generated image descriptors and
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target labels during each training step, ensuring precise replication of specified quantitative features; and (2) a distributed descriptor
loss that statistically matches the feature distributions of generated microstructures (sampled from an image buffer) to the original
dataset, guaranteeing holistic morphological fidelity. This design fundamentally shifts optimization from implicit “black-box” learning
to explicit descriptor-driven control - where decreasing loss values directly correlate with measurable improvements in capturing
predefined characteristics (five descriptors mentioned in Section 2.1. Consequently, the model’s interpretability derives not from
deciphering network internals, but from verifiable convergence of physically meaningful descriptors, as illustrated in our quantitative
analyses. Fig. 2(C) depicts the isotropic SAGAN algorithm. SAGAN consists of a descriptor-aware generator with a descriptor injection
mechanism, a purely CV-based discriminator for optimization, and an explicit descriptor-based optimizer.
The reconstruction process for isotropic materials is as follows:

e Data preparation: The training input data for SAGAN should consist of 2D microstructure images and their corresponding slice
descriptors. Since isotropic heterogeneous materials do not exhibit geometric pattern differences among different directions, the
dataset can be sampled from large 2D scan slices. Random sampling is used to obtain a large number of 2D slice images, and five
statistical descriptors for each slice are computed. The resulting microstructure images and descriptors then form the database.

e Descriptor ResNet training: The input consists of 2D microstructure images and the corresponding descriptor points as labels.
These label points are first processed to follow the standard normal distribution. After the feature extraction and regression by
the ResNet-style network, the predicted descriptor results are compared with the ground truth labels through the Mean Square
Error (MSE) loss function to guide the optimization and convergence of the model. The well-trained descriptor model closely
matches the input descriptor points, where the individual prediction error is controlled within 2 %. This is sufficiently accurate
for the comparison of descriptor loss on Generator, enabling rapid and accurate characterization with statistical descriptors. This
descriptor training is completed before the training of generator and discriminator.

¢ SAGAN training: The training procedure of SAGAN follows a conventional CGAN framework, alternating between generator train-
ing with a fixed discriminator and discriminator training with a fixed generator. The key distinctions lie in the reparameterization
of conditional descriptor variables and the incorporation of descriptor loss. The specific workflow proceeds as follows:

(a) Discriminator training: Fix the generator parameters and train the purely CV-based discriminator. For 2D microstructure images
read from the database, encourage the discriminator to give higher scores to cross-sectional slice images from the reference
dataset. Reparameterize synthetic descriptors y based on the mean y and standard deviation ¢ of each descriptor in the database
and input these into the generator to obtain 3D synthetic images. The reparameterization process can be expressed as

J=u+oxXe, (€8]

where ¢ is the independent auxiliary random variable. Slice the 3D images into 2D images and ensure that the discriminator
gives lower scores to these synthetic 2D slice images.

(b) Generator training: Fix the discriminator parameters and train the generator. The generator produces 3D synthetic images. Slice
the 3D images into 2D images and input them into the discriminator to obtain the purely CV-based score. Simultaneously, input
the slices into the Descriptor ResNet to obtain the corresponding descriptors, and compare these with the input reparameterized
descriptors and the database distribution to obtain the explicit descriptor loss. Sum these two loss functions to optimize the
generator, resulting in outputs that are more realistic in terms of CV and more closely aligned with the descriptors.

» Synthetic image inference: Once all the loss of generator and discriminator converged to a sufficiently small value, all the param-
eters of generator is fixed and saved for image inference. In reconstruction process, descriptor variables are reparameterized and
fed to the saved generator to get synthetic images.

2.3. Network architecture

This section introduces the network structure parameters for each component, starting with the generator that includes the De-
scriptor Injection Mechanism and the CV-based discriminator, followed by the regression model of the Descriptor ResNet.

2.3.1. Descriptor-aware generator and discriminator

The generator in SAGAN is designed to synthesize 3D microstructures from a combination of a random noise vector and 2D
statistical descriptor variables. Unlike conventional conditional GANs, which inject conditioning information only at the input layer,
our generator employs a descriptor injection mechanism that integrates descriptor features into both the first and second convolutional
layers via learned fully connected mappings. To ensure computational efficiency while maintaining expressiveness, the injection
is limited to these two early layers, which has been empirically found sufficient to guide the generation process. As illustrated in
Fig. 3(A), the generator consists of a sequence of transposed 3D convolutional layers with progressively decreasing feature dimensions
(from 1024 to 32 channels), each with a kernel size of 4, stride of 2, and padding of 2. Batch normalization and ReLU activation
are applied after each transposed convolutional layer, except for the final one. Following the convolutional stack, the feature map
is upsampled via trilinear interpolation and passed through a final 3D convolutional layer with a kernel size of 3 and no padding.
A voxel-wise softmax activation is then applied to produce a multi-phase probability volume with the same spatial resolution as the
target microstructure.

The discriminator adopts a conventional 2D convolutional architecture. It takes as input either real- or generated- 2D slices
of microstructures and produces a scalar output indicating their authenticity. The network consists of five 2D convolutional lay-
ers with progressively increasing channel sizes (from 32 to 512), each with a kernel size of 4, stride of 2, and padding of 1, en-
abling gradual spatial downsampling. Each layer is followed by a ReLU activation function. The final layer outputs a single scalar
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Fig. 3. Overview of the proposed statistical-aware generative adversarial network (SAGAN). (A) Descriptor-aware generator that synthesizes 3D
microstructure images from noise and statistical descriptors. The generator uses a stack of transposed 3D convolutions with descriptor injection
after the first two layers. (B) 2D discriminator that receives real or generated microstructure slices and outputs a probability score. (C) Descriptor
ResNet-based characterization network, composed of an SE (Squeeze-and-Excitation) module and a multi-scale ResNet backbone, which predicts the
statistical descriptor values from 2D slices. 1.Convolutional layers are annotated as "conv type, channels, kernel size, stride, padding". 2. FC: Fully
connected layer 3. Avg pool: Average pooling.

score that reflects the likelihood of the input slice being real. The Wasserstein GAN with Gradient Penalty (WGAN-GP) framework
[64] is adopted to stabilize training and enforce the Lipschitz continuity constraint. The gradient penalty term effectively prevents
mode collapse and enhances convergence behavior, leading to more interpretable loss metrics. The full architecture is provided in
Fig. 3(B).

2.3.2. ResNet-based microstructure characterization

To enhance the accuracy of descriptor estimation, a characterization network is constructed based on a 2D ResNet architecture
[65]. The network takes a 2D microstructure slice as input and first applies a Squeeze-and-Excitation (SE) module [66] to capture
channel-wise attention, thereby improving sensitivity to descriptor-relevant features. The SE module consists of a global average
pooling layer followed by two 1 x 1 convolutional layers and a sigmoid activation.

After the SE block, the input is processed through four residual stages, each comprising four residual blocks with increasing
channel dimensions: 128, 256, 512, and 1024, respectively. Each block adopts a bottleneck structure, and spatial downsampling is
performed via convolutional layers with stride 2. A global average pooling layer is applied to the final feature map, and the resulting
feature vector is passed through a fully connected layer to regress the target descriptor values. The details are illustrated in Fig. 3(C).

In contrast to the generator and discriminator, which are jointly optimized during adversarial training, the descriptor ResNet is
pretrained on a paired dataset of 2D microstructure slices and their corresponding descriptors. Once trained, its weights are frozen
and the model is used as a fixed feature evaluator in SAGAN. As for the anisotropic microstrucutre reconstruction, three separate
descriptor ResNets are trained to characterize statistical features along the X, Y, and Z directions, respectively.

7
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2.4. Loss functions of isotropic reconstruction

Two types of loss functions are employed: the CV loss, which is a generator-conditional variation of WGAN-GP, and the descriptor
loss, which incorporates both individual and distribution perspectives.

As discussed earlier, we utilize WGAN-GP due to its ability to address the mode collapse issue common in traditional GANs. It
provides a more stable training process and ensures meaningful gradients during training. The gradient penalty component enforces
a Lipschitz constraint, mitigating vanishing or exploding gradient problems and enhancing the overall robustness and quality of the
generated samples. To integrate descriptors as labels in the descriptor injection mechanism, we use the CGAN method. The generator
loss for this part is defined as follows:

Lg_cy = =Esnp, D)7, )

where % is the synthetic images, P, is the generator’s distribution. The discriminator is not conditional because we employ a descriptor-
based optimization method as an alternative to the conditional part. The CV loss of the discriminator is defined as follows:

Lp =Esp [DEIF] - Exp,, [DO]+ AE;p [(IV s Dl = D], 3)

where % represents points sampled uniformly along straight lines between pairs of points from the real data distribution P,,,, and
the generator’s distribution, and 4 is the weight of gradient penalty.

The descriptor-based optimization process begins by taking 2D cross-section slices from 3D synthetic images and computing
descriptors using the descriptor ResNet. The foundation for using descriptor-based optimization in generative model training is
twofold: individual evaluation and dataset-wide evaluation. From an individual perspective, the MSE measures the difference between
the input and realization descriptors. During each training iteration, the slice descriptors of each 3D synthetic image are compared
with the input real descriptors. The individual descriptor loss is defined as:

n
- 1 -
Lindividua = MSEG.0) = — ¥ (5 =y’ (4)
i=1

where j is the descriptor from synthetic images. Secondly, from a distribution perspective, a pool of generated images is created
during training. This pool is progressively updated, and the average and variance of the descriptors in the pool are compared with
the distribution of the whole input database using Kullback-Leibler (KL) divergence. Since the reference descriptors are consistent
with the standard normal distribution, the holistic descriptor loss function can be defined as:

2 2

o5\ 0y + (Hy = Hy)

Zyp oy 1 (5)
20% 2

Ldistribution = DKL(P(y)”P(J;)) = lOg <O‘
y
where P(y) and P(y) are distributions of reparameterized descriptors and descriptors from synthetic images, respectively. Here x and
o are the distributions’ mean value and standard deviation.
Therefore, the loss function of the SAGAN generator can be written as:

Ltoml = LG—CV(G’ D) +Ax Lindividua/ +Ax Ldistriburion’ (6)

where 4 is the weight of descriptor loss. A dynamic weight scheme helps the generator balance the loss from the discriminator and the
descriptors. In the early epochs of the training process, the generator is more influenced by the discriminator’s direction than by the
descriptor losses. This is because the descriptor ResNet is trained on real microstructure datasets and can only effectively contribute
when the generator is capable of synthesizing analogous microstructure images. Since we supplemented the CV loss with a descriptor
loss that has dynamic weights, we can achieve explicit control over the optimization process, ensuring a faster optimization of the
generated results in terms of descriptors. Based on parameter-tuning experience across different materials, taking the reconstruction
of Fontainebleau sandstone (Case 1) as an example, the weight of descriptor loss A is set near 0 during the first 1000 batches of the
initial epoch. After this stage, 4 is immediately set to 1. For all subsequent epochs, A increases by 0.2 per epoch according to:

A© = 2D 4 02, )

where e denotes epoch index (e > 1). This specific configuration is not universally applicable and requires adjustment of hyperpa-
rameters for different materials and descriptors.

2.5. Anisotropic reconstruction algorithm

Unlike isotropic material reconstruction, directional consistency is not maintained in anisotropic materials. Consistency in a fixed
direction for isotropic materials requires more consecutive cross-section slices in that direction to provide sufficient spatial geometric
characteristics. Instead of simulating descriptors and physical properties from 2D images without distinguishing direction, we took
slices from the X, Y, and Z directions and simulated the corresponding descriptors for each direction. Descriptors from the three
directions are merged and injected into the generator along with noise. Consequently, three discriminators and three descriptor
ResNets are applied to cross-section slices in each of the three directions. The loss function is a composite of three scores from the
three discriminators, three MSEs, and three KL divergences from the three descriptor ResNets. The algorithm is illustrated in Fig. 4.
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Fig. 4. Workflow of anisotropic material reconstruction.

The loss function for anisotropic reconstruction is a combination of three directional loss functions from the isotropic reconstruction
algorithm and can be expressed as follows:

Ltotal = Lx + Ly + Lz = Z [LG—CV(G’ D) + j'indiuidut/ll X Lindiuidual + ’ldistribution X Ldistribution] ®)
X0,z
Similar to isotropic materials, the addition of descriptor loss to the CV loss constrains the slice descriptors in all three directions
during the reconstruction process. This explicit optimization of the generated results leads to higher optimization efficiency.

3. Results and discussion

The performance of the proposed digital reconstruction method is examined in this section by applying to different types of het-
erogeneous materials and comparing with recent machine learning approaches, including the SliceGAN and the Statistics-Informed
Neural Network (SINN) methods. SliceGAN is a purely CV-based method where the generator improves solely based on the dis-
criminator scores. SINN is a hierarchical characterization approach and a multi-level reconstruction approach suitable for two-phase
materials [33]. We designed three distinct experiments to comparatively validate from different aspects:

¢ Case 1: An isotropic two-phase material Fontainebleau sandstone is considered. In this scenario, we compare the accuracy evo-
lution of SliceGAN and SAGAN across multiple training epochs to validate the stable convergence property of SAGAN’s accuracy
improvement with increasing training volume, attributable to its explicit optimization strategy. Additionally, comparative evalu-
ation against SINN demonstrates the superiority of our proposed method.

e Case 2: An anisotropic two-phase material polytetrafluoroethylene (PTFE) is considered. The PTFE sample features multiple
straight fibers aligned in the yz-plane. The spatial anisotropy inherent in three-dimensional domains poses significant challenges for
both SAGAN and SliceGAN, which rely solely on two-dimensional planar information as input. In this scenario, we systematically
assess the impact of varying statistical descriptors on SAGAN’s reconstruction accuracy through controlling the input variations
of descriptor number.

e Case 3: A complex ternary material, Solid Oxide Fuel Cell (SOFC) cathode, is considered, which contains both large tortuous
connected particles and very small isolated particles. This complexity imposes significant challenges on the 2D discriminator.
Through comparative analysis of SAGAN and SliceGAN reconstruction outcomes, we demonstrate that SAGAN’s explicit descriptor
control mechanism achieves enhanced accuracy while effectively mitigating mode collapse and phase-specific over-generation
phenomena on multiple-phase materials.

To ensure the accuracy of comparison for each method, all three experiments generated 3D microstructure volumes of size 128 x
128 x 128. SliceGAN, as an earlier method, was originally trained on smaller images of size 64 x 64. Leveraging the enhanced memory
and computational power of modern GPUs, we conducted a fair comparison between the two reconstruction methods by using
identical generator architectures and increasing the training image size to 128 x 128. The discriminator architecture was also kept
consistent. For SINN, the three-level reconstruction sizes were modified to 32 x 32 x 32, 64 x 64 x 64, and 128 x 128 x 128. For the
isotropic materials in Case 1 and Case 3, the training set comprises 28,800 images. For the anisotropic material in Case 2, 28,800
images are extracted from each of the three orthogonal directions (X, Y, and Z). Each image has a resolution of 128 x 128 as input
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Fig. 5. Three-dimensional microstructure and cross-sections along the three principal axes of Fontainebleau sandstone reference and reconstruction
results. (A) Reference. (B) Synthetic result from SAGAN on epoch 2. (C) Synthetic result from SliceGAN on epoch 10. (C4) The best synthetic result
from SINN at 17h.

for SAGAN and SliceGAN. The number of training samples for three levels of SINN are 90000, 60000 and 30000. All experiments were
performed on an NVIDIA A5000 GPU with 16 GB of RAM.

3.1. Case 1 - Fontainebleau sandstone

Fontainebleau sandstone is a common porous rock whose microstructure is generally considered as isotropic. The reference is
segmented into two phases: O for solid and 1 for pore. Following the algorithm explained in Section 2.2, SAGAN reconstructed this
case using one discriminator and one descriptor ResNet for all three directions.

SAGAN was trained for 1 to 3 epochs, with wall-clock training times of 5, 10, and 15 h, respectively. SliceGAN was trained
for 1 to 50 epochs, with results extracted at epochs 5, 10, 15, and 50, corresponding to training times of 5, 10, 15, and 50 h. It
should be noted that the training of the accompanying Descriptor ResNet required an additional 5 h, which should be accounted
for in the total reconstruction time. For SINN, we compared its optimal 17-h training result. Here we present: (1) SAGAN at epoch
2 (10 h), (2) SliceGAN at epoch 10 (10 h), and (3) SINN’s benchmark. Quantitative comparisons of relative error, KL divergence,
and variance across training stages demonstrate the superiority of our explicit descriptor control paradigm. The three-dimensional
structures and cross-sectional slices along the three principal directions are shown in Fig. 5. Visually comparing the images, both
SAGAN and SliceGAN effectively capture the geometric characteristics of the structures from the early training process. We provide
a quantitative evaluation of accuracy based on descriptors, specifically focusing on the slice descriptors used as inputs for SAGAN
and the voxel descriptors that were not considered. Furthermore, physical simulations were performed to examine the percolation
properties of Fontainebleau sandstone samples in Case 1.

Although the purely CV-based SliceGAN can effectively learn the geometric patterns of microstructures, this learning process
is implicit and cannot meaningfully control descriptors like SOA methods. The optimization process does not explicitly converge
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Fig. 6. Fontainebleau sandstone slice Two-Point Correlation Function (TPCF) results. (A) Reference. (B) SAGAN, epoch 2. (C) SliceGAN, epoch 10.
(D) SINN.

towards the descriptors, resulting in potentially prolonged training epochs without necessarily improving accuracy beyond the initial
epochs. Our proposed SAGAN explicitly controls the descriptor loss by solving descriptors, constraining the generation of planar
microstructures during training. Additionally, by incorporating KL divergence, the diversity of generated samples is ensured. Since
the accuracy of the 3D reconstruction can be controlled by the quality of consecutive 2D slices, SAGAN achieves optimization of 3D
descriptors even without considering 3D statistical descriptors as constraints, thanks to the explicit optimization algorithm.

3.1.1. Slice descriptor verify

As discussed in Section 2.1, we compare five kinds of slice descriptors and divide them into three groups for analysis: Two-Point
Correlation Function (TPCF), short-range pore information using Pore Size Distribution (PSD) and Lineal-Path Function (LPF), and
long-range solid information using Core Distribution Probability (CDP) and Two-Point Cluster Correlation function (TPCCF). Due to
the uncertainty of SINN’s generated results, the descriptor results of its generated images are much worse than those of SAGAN and
SliceGAN, so they are not used to measure various relative error with SAGAN and SliceGAN.

TPCF is a commonly used statistical measure to describe the spatial distribution of points within a given space. It quantifies the
probability of two separate points belong to the same phase, thereby capturing the material’s length scale and clustering arrange-
ment. Here we present results for SAGAN at epoch 2, SliceGAN at epoch 10, and SINN, as shown in Fig. 6. Both SAGAN and SliceGAN
successfully capture the planar characteristics of the original training data, whereas SINN exhibits significant deviations. In practical
applications, SINN outputs require post-reconstruction filtering after extended computation. Comparatively, GAN-based reconstruc-
tion methods demonstrate superior accuracy over SINN. Due to SINN’s low accuracy, it is excluded from subsequent relative error
comparisons.

The explicit optimization of descriptors across training durations is shown in Fig. 7. In terms of relative error, SAGAN maintains
stable error reduction over time due to descriptor loss constraints. Although SliceGAN shows error reduction between epochs 5-10,
its errors increase at epochs 15 and 50, indicating that pure CV losses cannot guarantee stable convergence of slice descriptors.
Similar patterns are observed in KL divergence and variance metrics representing distribution characteristics: SAGAN achieves stable
convergence in accuracy throughout training owing to its distribution loss mechanism.

For short-range void phase information, the comparative results of different metrics in terms of relative error, variance and KL
divergence were analysed on Pore Size Distribution (PSD) and Lineal Path Function (LPF). The results are shown in Figs. 8 and 9. The
PSD measures the frequency and size of pores within a porous material, providing insights into the material’s porosity and perme-
ability. The LPF describes the probability that a randomly chosen line segment of a given length lies entirely within the pore space,
characterizing connectivity and transport properties. The relationship between PSD and LPF lies in their complementary roles: PSD
quantifies the size of the pores, while LPF captures the spatial arrangement and connectivity of these pores within the material. Both
reconstruction methods demonstrate good accuracy at short-range scales, with relative errors below 2 % and KL divergence/variance
values closely aligned with the original training data distribution. However, when examining the training timeline, SAGAN shows
stable accuracy improvement, whereas SliceGAN exhibits accuracy divergence after epoch 10 in slice PSD results and accuracy degra-
dation after epoch 15 in slice LPF results. The slice PSD results and the slice LPF results of each method are shown in Figs. A.1 and
A.2 in the Appendix.

For long-range information, we estimate CDP and TPCCF. CDP refers to the likelihood of a solid phase point being distributed
within a given space in a porous medium. It is used to quantify the spatial distribution and connectivity of the solid matrix within the
material. TPCCF measures the probability that two points, separated by a certain distance, belong to the same cluster of connected
pores within a porous medium. It is related to the TPCF but focuses specifically on connected regions rather than the overall spatial
distribution. Although 2D slices may fail to fully reflect 3D cluster continuity, since connected regions in 3D may appear fragmented in
2D, we mitigate this by extracting sequential slices along three orthogonal directions. These multi-view slices provide complementary
structural information. When the Sliced-TPCCF distributions of generated and target structures closely match, we infer that the 3D
connectivity has been effectively preserved. CDP results are shown in Fig. 10. Both methods can achieve accurate representations
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Fig. 7. Fontainebleau sandstone comparison results of different metrics on slice TPCF. (A) Relative errors for SAGAN and SliceGAN at different
epochs. (B) Kullback-Leibler (KL) divergence for SAGAN and SliceGAN at different epochs. (C) Variance for SAGAN and SliceGAN at different epochs.

during training, where SAGAN converges in training accuracy and SliceGAN exhibits fluctuations, resulting in greater distribution
differences by the 50th epoch. The TPCCF comparison results of different metrics are similar to the TPCF results, with SAGAN
demonstrating a faster learning speed. Which is shown in Fig. 11. In terms of relative error, SAGAN’s highest error in the first epoch
is only 80 %, significantly lower than SliceGAN’s in the fifth epoch. Throughout the training process, SAGAN’s slice TPCCF explicitly
and steadily approaches the reference, while SliceGAN shows fluctuations. SliceGAN achieves its optimal solution at the 10th epoch.
However, at the 15th and 50th epochs, the relative error increases and continues to diverge. In terms of variance and KL divergence,
SliceGAN shows fluctuations around the optimal result after the 10th epoch, but it does not significantly worsen.

Compared to SliceGAN, which uses a purely CV loss function, SAGAN achieves better accuracy early in the training process due
to the consideration of planar descriptors. While SliceGAN can capture the size and connectivity information of the pore phase after
10 h, the lack of descriptor constraints leads to poorer results in the later stages of training.

3.1.2. Voxel descriptor verify

Although introducing slice descriptors as additional constraints does not directly constrain voxel descriptors, the geometric infor-
mation in three-dimensional space can be accurately described by multiple consecutive two-dimensional slices in various directions.
The slice descriptor loss leads to the generation of more accurate two-dimensional microstructures, and through the integration of
multiple directions, the resulting three-dimensional microstructures are also more accurate. This accuracy is reflected in the voxel
descriptors. To validate the reconstruction quality of voxel descriptors, we used TPCF to measure global void phase information,
PSD to assess short-range void phase size information, and the Surface Void Correlation Function (SVCF) to evaluate the relationship
between the two phases.

The voxel TPCF results are shown in Fig. 12. Similar to the slice descriptors mentioned above, SAGAN captures 3D geometric
patterns and statistical information faster than SliceGAN. In Fig. 12(C), SliceGAN again overestimates the spatial density and exhibits
more regular distribution characteristics in the void phase. Comparing Fig. 12(E) and (F), the relative error of SliceGAN is about three
times larger than that of SAGAN. Throughout the training process, SAGAN shows a steady convergence toward the reference, while
SliceGAN reaches its best solution at epoch 10 but fluctuates in the later epochs, becoming over-optimized by epoch 50.

The results for short-range pore size information are shown in Fig. 13. Similar to the slice descriptor results, both methods capture
the void phase geometry pattern from the early stage of training. However, the pore phase in SliceGAN’s 10-h reconstruction results
exhibits a greater quantity and larger sizes compared to SAGAN outputs with equivalent training duration. Temporally, SAGAN
maintains its characteristic accuracy convergence in voxel descriptors throughout training, while SliceGAN demonstrates significant
deviation divergence at epoch 15. SINN’s results remain substantially different from both methods and are consequently excluded
from comparative metrics analysis.

The SVCF results are shown in Fig. 14 for the interactive information between the void and solid phases. This function provides
statistical information about the surface structure and uniformity of void distribution. Distribution analysis of reconstruction results
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Fig. 9. Fontainebleau sandstone comparison results of different metrics on slice LPF. (A) Relative errors for SAGAN and SliceGAN at different epochs.
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Fig. 10. Fontainebleau sandstone CDP results. The training accuracy of both methods is similar except for SINN, but SliceGAN exhibits larger errors
towards the end of the training period.
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Fig. 11. Fontainebleau sandstone comparison results of different metrics on slice two-point cluster correlation function (TPCCF) results. (A) Relative
errors for SAGAN and SliceGAN at different epochs. (B) Variance for SAGAN and SliceGAN at different epochs. (C) Kullback-Leibler (KL) divergence
for SAGAN and SliceGAN at different epochs.

reveals that SINN still requires post-processing filtration due to significant accuracy discrepancies. While both SAGAN and SliceGAN
outputs conform to the training images’ distribution, SAGAN demonstrates progressive accuracy convergence with increased training
duration through its descriptor loss mechanism. In contrast, although SliceGAN achieves relatively high accuracy at epochs 10 and
15, it exhibits a large error at epoch 50, indicating insufficient constraint capability in objectives when using pure CV loss functions.

The microstructure determines the physical properties of heterogeneous materials. At the macroscopic scale, permeability is a
critical mechanical property that dictates the fluid transport efficiency of Fontainebleau sandstone as a reservoir rock, playing a key
role in hydrocarbon and groundwater extraction. At the microscopic scale, the permeability of Fontainebleau sandstone is intrinsically
linked to the uniform cementation of quartz grains and a highly interconnected pore network, which collectively contribute to the
rock’s superior mechanical strength and stability.

To examine the impact on physical properties, we employed OpenFOAM as the simulation solver for the images produced by the
three methods, with tetrahedral meshes count approximately 2 million. The x = 0 surface was uniformly set as the fluid inlet, and the
x = 128 surface as the outlet, with a pressure difference of 1000 Pa between them. Water was used as the fluid medium for steady-state
permeability analysis. The absolute permeability of the original sample (based on simulation and volume fraction correction for using
only the inlet-outlet interconnected region) was 1.00972E + 5 milliDarcy. In comparison, SliceGAN yielded an absolute permeability
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Fig. 12. Fontainebleau sandstone voxel Two-Point Correlation Function (TPCF) results. During the training process of SAGAN, the accuracy of the
reconstructed 3D descriptors progressively improves. SliceGAN, lacking explicit constraints, starts to diverge in its results after 10 h of training. (A)
Reference. (B) SAGAN, epoch 2. (C) SliceGAN, epoch 10. (D) SINN. (E) Relative errors of SAGAN at different epochs. (F) Relative errors of SliceGAN
at different epochs.
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Fig. 13. Fontainebleau sandstone voxel Pore Size Distribution (PSD) results. SAGAN achieves good accuracy in the first epoch, whereas SliceGAN is
less efficient, achieving good accuracy only by the 50th epoch. (A) Reference. (B) SAGAN, epoch 2. (C) SliceGAN, epoch 10. (D) SINN. (E) Relative
errors of SAGAN at different epochs. (F) Relative errors of SliceGAN at different epochs.
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Fig. 14. Fontainebleau sandstone voxel Surface Void Correlation Function (SVCF) results. SAGAN achieves good accuracy in the first epoch, with
training results progressively optimizing. In contrast, SliceGAN starts to diverge after the 10th epoch. (A) Reference. (B) SAGAN, epoch 2. (C)
SliceGAN, epoch 10. (D) SINN. (E) Relative errors of SAGAN at different epochs. (F) Relative errors of SliceGAN at different epochs.
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Fig. 15. The fluid velocity fields at steady state obtained from OpenFOAM simulations: (a) Original microstructure; (b) The representative mi-
crostructure from SAGAN; (c) The representative microstructure from SliceGAN.

of 1.5007E+5 milliDarcy (relative error: 48.63 %), while SAGAN resulted in 8.9377E+ 4 milliDarcy (relative error: —11.48 %). The
results are recorded in Fig. 15.

For the voxel descriptor verification, since the descriptor loss processes consecutive two-dimensional slices of the three-dimensional
microstructure along the three principal axes, the geometric structure of the two-dimensional slices is closer to the two-dimensional
reference. Therefore, compared to SliceGAN, SAGAN demonstrates faster learning and more explicit, stable descriptor accuracy,
especially for long-range information. This stable accuracy improvement with training duration holds significant practical value in
engineering applications. SAGAN ensures progressive accuracy enhancement without mode collapse as training progresses, while
SliceGAN lacks deterministic predictability regarding which training epoch yields optimal reconstruction accuracy.

3.2. Case 2 - Polytetrafluoroethylene

An anisotropic two-phase microstructure is considered in the second case. PTFE is a synthetic fluoropolymer of tetrafluoroethylene,
widely used due to its chemical inertness. As shown in Fig. 16, it consists of fibre (the white phase) and air (the black phase) in a
two-phase segmented anisotropic microstructure image. Generally speaking, reconstructing anisotropic 3D microstructures from 2D
slices is challenging. We follow the anisotropic reconstruction algorithm introduced in Section 2.5, using three discriminators and
three descriptor ResNets from three orthogonal cross-sections. YZ cross-section slices appear as multiple long, connected fibre lines on
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Fig. 16. Three-dimensional microstructure and cross-sections along the three principal axes and three diagonal slices of Polytetrafluoroethylene
(PTFE) reference and reconstruction results. (A) Reference. (B) Synthetic results from SAGAN on epoch 2. (B) Synthetic results from SliceGAN on
epoch 50. (D) Synthetic results from SAGAN-short on epoch 2.

Table 3

Comparison of the Mean Absolute Error (MAE) between the average, maximum,
and minimum curves of the slice two-point correlation function (TPCF) for different
reconstruction methods and the corresponding curves from the training dataset in

Case 2.
MAE
Min Mean Max
SAGAN 6.10x 1073 9.23x 1073 437 x 1072
TPCF in Y-Z cross-section SliceGAN 5.34x 1073 1.82x 1072 1.65x 107!
SAGAN_ short  5.92x 1073 127%x1072  7.46x 1072
SAGAN 7.70 x 1073 2.79 x 1073 4.40 x 1072
TPCF in X-Z cross-section  SliceGAN 1.12%x 1072 1.01x1072  1.69x 107!
SAGAN_short 7.92% 1073 3.64x 1073 6.69 x 1072
SAGAN 6.10x 1073 3.86x 1073 2.77x 1072
TPCF in X-Y cross-section SliceGAN 9.16 x 10™* 1.31x1073 5.51 %1072

SAGAN short 5.87x 1073 256 x 1073 4.87 %1072

the plane, while XZ and XY cross-section slices show the same fibre cross-sections as multiple small, discrete fibre dots or connected
sections of fibre bundles. The geometric features of these two cross-sections are significantly different, posing a substantial challenge
for reconstruction. In Case 1, we have already verified that the training process efficency of SAGAN is faster than that of SliceGAN.
In this test, we compare the SAGAN results from epoch 2 with the SliceGAN results from epoch 50. The training time for epoch 2 of
SAGAN is 27 h in total, which includes 12 h for the core SAGAN training and an additional 15 h for the descriptor ResNet training (5
h per orthogonal direction). In comparison, training epoch 50 with SliceGAN requires 48 h. There is no significant difference in visual
comparison between the three-dimensional microstructure and the two-dimensional slices. Additionally, to examine the superiority
of the five descriptors selected in this paper, we reduce them to three descriptors as conditional inputs to the SAGAN network for
training and compared with SAGAN and SliceGAN. This method is named SAGAN-short.
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Fig. 17. Polytetrafluoroethylene (PTFE) slice Two-Point Correlation Function (TPCF) comparison results on different metrics. (A) Relative errors
of TPCF for the Y-Z cross-section slices. (B) Variance of TPCF for the Y-Z cross-section slices. (C) KL divergence of TPCF for the Y-Z cross-section
slices. (D) Relative errors of TPCF for the X-Z cross-section slices. (E) Variance of TPCF for the X-Z cross-section slices. (F) KL divergence of TPCF
for the X-Z cross-section slices. (G) Relative errors of TPCF for the X-Y cross-section slices. (H) Variance of TPCF for the X-Y cross-section slices. (I)
KL divergence of TPCF for the X-Y cross-section slices.

Introducing three Descriptor ResNets for explicit control in the reconstruction of anisotropic materials still results in better accuracy
compared to the purely CV-based SliceGAN. By controlling the KL divergence of the generated distribution, the results more closely
match the real distribution of the training database. Due to the explicit training process, SAGAN demonstrates higher time-to-accuracy
performance than SliceGAN within the 10-h training period. For SAGAN-short with only three descriptor inputs (TPCF, PSD, LPF),
its 2D slice results are similar to SAGAN results on the descriptors used as input conditions, and the results on unused descriptors
are not as good as SAGAN. It is noted that both SAGAN results are better than the SliceGAN result. In the comparison of 3D voxel
descriptors, SAGAN has a better overall effect than SAGAN-short, confirming the superiority of the five descriptors selected in this

paper.

3.2.1. Slice descriptor verify

In this case, the TPCF comparison results analyze the fibre phase with different metrics and are shown in Fig. 17 and the Mean
Absolute Error (MAE) of verage, maximum, and minimum curves are compared in Table 3. Regarding Y-Z slice comparisons, both
SAGAN variants demonstrate superior accuracy in relative error, variance, and KL divergence metrics compared to SliceGAN, thanks
to their explicit descriptor constraints during training. Between the two SAGAN implementations, the version incorporating more
descriptor groups achieves higher accuracy. In limit curve analysis, SliceGAN shows closer alignment only with minimum value
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Fig. 18. Polytetrafluoroethylene (PTFE) comparison metric results on the cumulative density function of Pore Size Distribution (PSD). (A) Relative
errors of PSD for the Y-Z cross-section slices. (B) Variance of PSD for the Y-Z cross-section slices. (C) KL divergence of PSD for the Y-Z cross-section
slices. (D) Relative errors of PSD for the X-Z cross-section slices. (E) Variance of PSD for the X-Z cross-section slices. (F) KL divergence of PSD for
the X-Z cross-section slices. (G) Relative errors of PSD for the X-Y cross-section slices. (H) Variance of PSD for the X-Y cross-section slices. (I) KL
divergence of PSD for the X-Y cross-section slices.

curves, though all three methods exhibit satisfactory accuracy on average curves. This performance hierarchy (SAGAN > SAGAN-
Short > SliceGAN) persists in X-Z and X-Y slices, with a notable exception: SAGAN-Short marginally outperforms standard SAGAN
in variance metrics for X-Z slices and KL divergence for X-Y slices, albeit by negligible margins. All methods maintain good accuracy
in curve MAE comparisons. Additionally, the slice TPCF results of each method are shown in Fig. A.3 at Appendix.

In terms of the connectivity and size of the fibre phase, both methods demonstrate better accuracy for the short-range geomet-
ric characteristics of the fibre phase’s PSD and LPF compared to the long-range geometric characteristics. The comparative results
measured by PSD are shown in Fig. 18 and the comparison in terms fo LPF are shown in Fig. 19. Firstly, in the results of the Y-Z
cross-section slices, both SAGAN and SAGAN-short perform better than SliceGAN, and SAGAN-short achieves the best results in rela-
tive error and KL divergence. Secondly, for the X-Z cross-section slices, SliceGAN has a smaller relative error, SAGAN and SAGAN-short
get similar performance on variance and KL divergence. On the X-Y cross-section, all methods have the same level of KL divergence,
but the sliceGAN shows worse performance on relative error and variance. This is because SliceGAN exhibited greater variability,
with anomalous generated results showing very large pore sizes, as reflected in the maximum limit, which can be found in Figs. A.4
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Fig. 19. Polytetrafluoroethylene (PTFE) comparison metric results on the probability density function of Lineal Path Function (LPF). (A) Relative
errors of LPF for the Y-Z cross-section slices. (B) Variance of LPF for the Y-Z cross-section slices. (C) KL divergence of LPF for the Y-Z cross-section
slices. (D) Relative errors of LPF for the X-Z cross-section slices. (E) Variance of LPF for the X-Z cross-section slices. (F) KL divergence of LPF for
the X-Z cross-section slices. (G) Relative errors of LPF for the X-Y cross-section slices. (H) Variance of LPF for the X-Y cross-section slices. (I) KL
divergence of LPF for the X-Y cross-section slices.

and A.5 in the Appendix. Although the SAGAN variants incorporating short-range descriptors show diminished advantage in X-Z
slice results compared to previous benchmarks, they demonstrate marked accuracy improvements in both X-Y and Y-Z slices, yield-
ing an overall accuracy enhancement. Comparative analysis confirms that expanding the descriptor set - utilizing more independent
descriptor groups as inputs and within the loss function - significantly elevates reconstruction accuracy in the SAGAN framework.

For the global CDP information shown in Fig. 20, both methods produce accurate results except for SliceGAN in the Y-Z cross-
section slices, where the probability of fibre generation is relatively high. In the TPCCF results shown in Fig. 21, SAGAN and SAGAN-
short demonstrate significantly better accuracy than SliceGAN in terms of relative error, and show slightly better variance and KL
divergence accuracy than SliceGAN. SAGAN performs better than SAGAN-short because TPCCF is not an input condition of SAGAN-
short.

For the slice descriptor verification of the anisotropic material, SliceGAN tends to generate more fibre sections in all three direc-
tions, with greater distribution variability. Both methods achieve good results in short-range size and connectivity of the fibre phase,
but SliceGAN tends to produce smaller and less connected fibres. However, neither method can replicate the high clustering observed
in the reference. In summary, the purely CV-based SliceGAN tends to capture finer details, but it lacks the ability to learn long-range
and global information as effectively as SAGAN and SAGAN-short, which is constrained by slice descriptors. Regarding descriptor
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Fig. 20. Polytetrafluoroethylene (PTFE) comparison metric results on the slice Core Distribution Probability (CDP). (A) Y-Z cross-section slices. (B)
X-Z cross-section slices. (C) X-Y cross-section slices.

Table 4
Mean Absolute Error (MAE) of voxel Two-Point Correlation
Function (TPCF) Curves for Polytetrafluoroethylene (PTFE).

TPCF

SAGAN SliceGAN SAGAN short

Min 1.38x 1072 3.20x 1072 1.90 x 1072

MAE  Mean  3.14x1073 1.54%x1073  3.70% 1072

Max 1.80x 1072 9.75x 1072 2.10x 1072

group configurations, the five-group variant demonstrates superior precision across most reconstruction criteria, with particularly
evident advantages in global feature characterization as manifested by Two-Point Correlation Function (TPCF) metrics.

3.2.2. Voxel descriptor verify

For anisotropic materials, the geometric shapes in three-dimensional space are more complex than those of isotropic materials,
making it more challenging to constrain them through a large number of two-dimensional plane descriptors. Theoretically, slice
descriptors in the three principal directions can sufficiently constrain the spatial geometric patterns, leading to better accuracy in
voxel descriptors. In the voxel descriptor verification part, we use TPCF to evaluate global information and LPF to assess short-range
information.

As shown in Fig. 22, both SAGAN and SAGAN-short perform better than SliceGAN on voxel TPCF. Among them, SAGAN performs
best. There are significant differences in the distribution: SAGAN’s results have smaller variance, while SliceGAN tends to generate
results with larger variance. This is also reflected in the relative error; although all methods produced more fiber phase, SAGAN
has a smaller relative error and higher accuracy in KL divergence. Additionally, we quantified the differences between the three
reconstruction methods and the reference curves using the Mean Absolute Error (MAE) for the minimum, mean, and maximum value
curves of the TPCF. The results are shown in Table 4.

For voxel LPF results shown in Fig. 23, all three reconstruction methods exhibit primary error concentrations in short-range
regions (voxel < 8). Regarding relative error, the incorporation of descriptors significantly enhances reconstruction accuracy, with
the five-group comprehensive descriptor configuration demonstrating superior constraint effectiveness compared to the three-group
variant. This advantage extends consistently to variance and KL divergence metrics as well.

Thermal conductivity is a critical macroscopic parameter determining the insulation and heat resistance of PTFE, directly in-
fluencing its thermal stability and energy efficiency in high-temperature environments. At the microscopic scale, the low thermal
conductivity is intrinsically linked to PTFE’s weak crystallinity and disordered molecular structure, which restricts heat transfer
while enhancing its dielectric strength and chemical inertness. Here, we validate the accuracy of the reconstruction methods through
thermal conduction simulation. Comparing SliceGAN and SAGAN with five descriptor inputs, the results are presented in Fig. 24. In
our simulations, heat transfer occurs solely through the solid phase with a thermal conductivity of A, = 1.0W /(m - K), while the pore
space filled with air is treated as thermally insulating. Tetrahedral meshes with approximately 2 million elements were generated
for the solid phase of the three methods. Using OpenFOAM, steady-state thermal conduction simulations were performed with an
inlet temperature of 300 K at x = 0 and an outlet temperature of 350 K at x = 128. The effective thermal conductivity was evaluated

21



X. Geetal Computer Methods in Applied Mechanics and Engineering 448 (2026) 118469

Y-Z Slices
10.0% | B
— orig 1.0
0.0% - SAGAN_short
0 —— SAGAN o 081
£ -10.0% - o 6x1073 — sliceGAN E
u 2 S 0.6
v o [
2 -20.0% - E g
© o
2 5 4x1073 g %]
& -30.0% SAGAN_short ¥ SAGAN_short
| = sAGAN 0.2 —— SAGAN
~40.0% 1 —— gliceGAN 3x1073 — SliceGAN
0 20 40 0 20 40 60 80 0 20 40 60
Distance (PIXElS) Distance (pixels) Distance (pixels)
(A) (B) ©
X-Z Slices
140.0% SAGAN_short — orig
120.0% 4 —— SAGAN SAGAN_short 0.8
" . | — sliceGAN 1073 4 — SAGAN °
5 100.0% o — sliceGAN 2 0.6
& 80.0% - g &
g kS g
= of | - = -
£ 60.0% & Z 04
[} oz | o
& 40.0% 1o+ X 024 SAGAN_short
20.0% ) — SAGAN
i — SliceGAN
00% T T T T T T T T T T 00 1 T T T T
0 20 40 60 80 0 20 40 60 80 0 10 20 30
Distance (pixels) Distance (pixels) Distance (pixels)
(D) (E) (F)
X-Y Slices
60.0% B
SAGAN_short — orig 1.0
w0.0% 1 — SAGAN SAGAN_short
" — sliceGAN 10-3 1 SAGAN o 087
S ° — sliceGAN 2
& 20.0% o S 0.6
v ] @
2 = 2
B 00%- 2 S 0.4+
« ¥ SAGAN_short
-20.0% 107 5 021 — SAGAN
— SliceGAN
T T T T T T T T T T 0.0 4 T T T T
0 20 40 60 80 0 20 40 60 80 0 10 20 30
Distance (pixels) Distance (pixels) Distance (pixels)

(6) (H) U]

Fig. 21. Polytetrafluoroethylene (PTFE) slice Two-Point Cluster Correlation Function (TPCCF) results. (A) Relative errors of TPCCF for the Y-Z
cross-section slices. (B) Variance of TPCCF for the Y-Z cross-section slices. (C) KL divergence of TPCCF for the Y-Z cross-section slices. (D) Relative
errors of TPCCF for the X-Z cross-section slices. (E) Variance of TPCCF for the X-Z cross-section slices. (F) KL divergence of TPCCF for the X-Z cross-
section slices. (G) Relative errors of TPCCF for the X-Y cross-section slices. (H) Variance of TPCCF for the X-Y cross-section slices. (I) KL divergence
of TPCCF for the X-Y cross-section slices.
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Fig. 22. Polytetrafluoroethylene (PTFE) voxel Two-Point Correlation Function (TPCF) results on different metrics. (A) Relative errors. (B) Variance.
(C) KL divergence.
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Fig. 24. The temperature fields of thermal conductivity from OpenFOAM simulation: (A) Original microstructure; (B) The representative microstruc-
ture from SAGAN; (C) The representative microstructure from SliceGAN.

3D volume YZ slices 1 ' XZ slices ’ XY slices o D

(A)
Original

© A\
SliceGAN

Fig. 25. Three-dimensional microstructure and cross-sections along the three principal axes and three diagonal slices of cathode materials for Solid
Oxide Fuel Cell (SOFC) reference and reconstruction results. (A) Reference. (B) synthetic results from SAGAN on epoch 2. (C) synthetic results from

SliceGAN on epoch 50.

based on Fourier’s law. The effective thermal conductivity of the original sample was 8.285E-2 W /(m - K). In comparison, Slice-
GAN yielded an effective thermal conductivity of 9.831E-2 W /(m - K) (relative error: 18.64 %), while SAGAN resulted in 7.812E-2
W /(m - K) (relative error: —5.72 %).

For the voxel descriptor verification results, introducing slice descriptors provides better constraints on geometric information,
and overcomes the overgeneration and undergeneration issues present in purely CV-based methods. A purely CV-based discriminator
cannot comprehensively account for both details and global information. SAGAN achieves better overall accuracy by constraining the
geometric patterns with planar descriptors. However, this constraint also results in slightly less variability in the generated results
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Fig. 26. First synthetic of epoch 50 from SliceGAN. The black phase exhibits an overgeneration problem, with an excessively large amount of

(A) 3D microstructure

connected black phase present in the middle part of the Z direction.
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Fig. 27. Relative error and variance of the TPCF on cathode material for SOFC. (A) Relative error of phase 1. (B) Relative error of phase 2. (C)
Relative error of phase 3. (D) Relative error of phase 1 and phase 2. (E) Relative error of phase 1 and phase 3. (F) Relative error of phase 2 and
phase 3. (G) Variance of phase 1. (H) Variance of phase 2. (I) Variance of phase 3. (J) Variance of phase 1 and phase 2. (K) Variance of phase 1 and
phase 3. (L) Variance of phase 2 and phase 3.
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Fig. 28. Relative error and variance of slice Pore Size Distribution (PSD) and Lineal-Path Function (LPF) on cathode material for SOFC. (A) Relative
error of PSD in phase 1. (B) Relative error of PSD in phase 2. (C) Relative error of PSD in phase 3. (D) Relative error of LPF in phase 1. (E) Relative
error of LPF in phase 2. (F) Relative error of LPF in phase 3. (G) Variance of PSD in phase 1. (H) Variance of PSD in phase 2. (I) Variance of PSD in
phase 3. (J) Variance of LPF in phase 1. (K) Variance of LPF in phase 2. (L) Variance of LPF in phase 3.

compared to the reference. At the same time, the results of SAGAN-short demonstrate the advantages of the five selected descriptors.
When the number of descriptors is reduced, the overall effect of the generation will be compromised. Similar to the isotropic results
in Case 1, both methods demonstrate good learning capabilities for short-range information. However, considering that SAGAN’s
training time is only 27 h(12 h SAGAN training and 15 h training for 3 ResNets), it has an unparalleled advantage in time-to-accuracy
performance.

3.3. Case 3 - Cathode materials for solid oxide fuel cell(SOFC)

3.3.1. Slice descriptor verify
The third dataset is an isotropic three-phase material, the SOFC cathode. In this test, the microstructure consists of three phases:

(La, Sr) MnO3 (LSM), yttria-stabilized zirconia (YSZ), and the gas pore phase. We compared the original image with the second epoch
results from SAGAN, which takes around 15 h to train plus another 15 h ResNet training, and the 50th epoch results from SliceGAN,
which takes around 50 h. A visual inspection can be seen in Fig. 25. From the representative 2D slices, all three phases exhibit
very complex geometric characteristics. Even within the same slice, large areas of complex interconnected phases, medium-sized
blocks, and very small particles exist. The randomness of this case makes it challenging for the pure CV-based method to reconcile
different geometric patterns in one reconstruction result. Though the 3D synthetic images from SliceGAN are similar to the reference,
some reconstructed results severely overgenerate certain features. This issue is even more pronounced in the 2D slices, where some
features are overgenerated while others are undergenerated. For example, the first synthetic images of epoch 50 from SliceGAN
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Fig. 29. CDP and the relative error on TPCCF of cathode material for SOFC. (A) Relative error of TPCCF in phase 1. (B) Relative error of TPCCF in
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phase 2. (C) TPCCF in phase 3. (D) CDP in phase 1. (E) CDP in phase 2. (F) CDP in phase 3.
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Fig. 30. Relative error and variance of the voxel Two-Point Correlation Function (TPCF) of Cathode materials for SOFC. (A) Relative error of TPCF
in phase 1. (B) Relative error of TPCF in phase 2. (C) Relative error of TPCF in phase 3. (D) Relative error of TPCF in phase 1 and phase 2. (E)
Relative error of TPCF in phase 1 and phase 3. (F) Relative error of TPCF in phase 2 and phase 3. (G) Variance of TPCF in phase 1. (H) Variance of
TPCF in phase 2. (I) Variance of TPCF in phase 3. (J) Variance of TPCF in phase 1 and phase 2. (K) Variance of TPCF in phase 1 and phase 3. (L)
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Fig. 31. The relative errors and variances on voxel Pore Size Distribution (PSD) on cathode material for SOFC. SAGAN’s accuracy is superior to
SliceGAN’s. (A) Phase 1. (B) Phase 2. (C) Phase 3.

overemphasized the connectivity in the x and y directions in the central part, which is a typical mode collapse problem from cross-
section slices in GANs and can be seen in Fig. 26. However, most of the synthetic results match the reference, as shown in the quality
verification.

Since the material analyzed in this case is three-phase, the slice TPCF will be divided into results for each single phases and results
between two different phases. TPCF between two phases in a multiphase material measures the probability of finding a point in one
phase at a certain distance from a point in the other phase. It provides insights into the spatial distribution and interaction between
the two phases. The distribution analysis of relative error and variance is shown in Fig. 27. In the single-phase results, SAGAN’s
results have significantly lower errors in terms of relative error than SliceGAN and are closer to the reference in variance. For the
TPCF between phases, SAGAN is more accurate for the inter-phase, both for relative error and variance. And the slice TPCF results
of each method are shown in Fig. A.6 in the Appendix.

For the PSD and LPF results of the multiphase material, the distribution analysis of relative error and variance is shown in Fig. 28.
In terms of relative error and variance on PSD, SAGAN is significantly more accurate than SliceGAN. As for the relative error of LPF,
SliceGAN has a smaller error for the second phase. But in terms of the connectivity of the other two phases, SAGAN is more accurate.
The slice PSD and slice LPF results are shown in Fig. A.7 in the Appendix.

The CDP results and the relative errors of TPCCF are shown in Fig. 29. Similar to the TPCF results, SAGAN’s TPCCF results have
smaller relative errors compared with SliceGAN. In the CDP results, SAGAN’s outcomes are more accurate, while SliceGAN exhibits
greater variability. Particularly in the third phase, SliceGAN shows a lower distribution and weaker connectivity.

For the slice descriptor section, the purely CV-based SliceGAN shows severe overgeneration issues in the first and second phases
of the cross-section slices, resulting in large areas of highly connected regions. However, the generation results for the third phase are
relatively accurate. In contrast, the SAGAN method, which incorporates slice descriptors as constraints, produces results that more
closely match the reference due to the explicit constraints of the five descriptors. Although some descriptor distributions have smaller
variances compared to the reference, the accuracy is already very good. Additionally, SAGAN’s training time is much shorter than
SliceGAN’s, making it highly efficient. (Fig. 30)

3.3.2. Voxel descriptor verify

In the voxel descriptor section, we compared the TPCF relative errors and variance results. In terms of relative error and variance in
single phase, SAGAN’s accuracy is significantly better than SliceGAN’s. However, in the inter-phase results, the advantage of SAGAN
becomes lost, especially when the distance is longer for the relative error, but the variance is still smaller than SliceGAN.

For the voxel PSD relative error in Fig. 31, although the results are not ideal, SAGAN’s accuracy is significantly better than
SliceGAN’s.

For the voxel descriptor section, the purely CV-based SliceGAN exhibits both overgeneration and undergeneration of extreme
samples in the first phase, overgeneration in the second phase, and undergeneration in the third phase. It tends to generate large
contiguous areas in terms of phase generation size. Compared to the mode collapse observed in slice descriptor verification, the issue
is not as severe, but localized over-connectivity still exists. In contrast, SAGAN, which incorporates descriptor control, can manage
the geometric distribution on the plane through descriptors on the cross-section slices, thereby influencing the 3D microstructure’s
geometric structure. This explicit control intuitively and significantly improves reconstruction accuracy. Additionally, considering
the training time, SAGAN’s training-time effectiveness is high. To summarize, the purely CV-based method tends to focus excessively
on the size and local connectivity of certain phases when generating such complex geometric distributions in multiphase materials.
In contrast, the introduction of multiple independent descriptors can control planar generation and result in more accurate spatial
outcomes.

4. Conclusion

Unlike traditional algorithms, CV-based reconstruction algorithms have struggled to achieve explicit and controllable reconstruc-
tions informed by morphological descriptors. In this study, we introduce SAGAN that explicitly incorporate hybrid descriptor loss
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criteria during training to address complex geometric pattern reconstruction problems. Reconstruction experiments on three hetero-
geneous materials have demonstrated SAGAN’s generality, high-fidelity, and time-effective training performance. SAGAN represents
a robust and descriptor-driven framework for efficient and accurate microstructure reconstruction, offering clear advantages in both
reconstruction quality and training-time performance for heterogeneous material systems.

First, SAGAN has a smart descriptor loss mechanism that includes both individual and distribution views. The individual descriptor
loss function ensures consistency between each generated sample and the input descriptor, while the distribution descriptor loss
function ensures high accuracy in the overall distribution of the slice descriptors. Secondly, a ResNet-like microstructure descriptor
regression neural network is used to replace the traditional label judgment used in CGAN methods. This network facilitates explicit
optimization of the generated results during training by quickly generating slice descriptors. Finally, a new descriptor injection
mechanism is designed for the generator that allows the injection of reparameterized descriptors.

These innovations lead to substantial improvements in both reconstruction quality and training-time efficiency. Specifically, al-
though SAGAN incurs higher computational cost per epoch due to the use of deep descriptor networks and multiple loss components,
it achieves high-quality reconstructions in significantly less wall-clock training time compared to existing SOTA methods such as
SliceGAN. The explicit descriptor loss also ensures more stable convergence and avoids the descriptor accuracy fluctuations observed
in traditional CV-based approaches. Moreover, SAGAN yields superior accuracy. The explicit slice descriptor constraint leads to higher
fidelity in 2D cross-sectional descriptor validation and, by extension, improved accuracy in reconstructed 3D voxel descriptors. Since
the geometric properties of 3D microstructures can be characterized through multiple directional 2D slices, this approach enhances
the overall 3D structure fidelity. Finally, the use of multiple descriptor types enables SAGAN to better capture complex geometric
features. In contrast to conventional CV-based methods that may overemphasize certain patterns and suffer from overgeneration, our
method maintains a more balanced and interpretable learning process.

However, our research is not without limitations. Due to the restriction that the training data’s microstructure must be two-
dimensional images, the descriptor loss can only consider slice descriptors. In three-dimensional reconstruction, voxel descriptors
are naturally more important. Although multi-directional consecutive two-dimensional geometric information can reflect three-
dimensional geometric information, we currently cannot achieve the mapping from slice descriptors to voxel descriptors, as it is
not possible to simultaneously impose explicit constraints on voxel descriptors. Additionally, the descriptor ResNet used by SAGAN
is pre-trained for each specific material and cannot be trained simultaneously with the discriminator like in traditional CGANSs. In
future work, we plan to investigate an descriptor ResNet that maps slice descriptors to voxel descriptors and reduces the pre-training
component. This will improve SAGAN by enabling reconstruction methods that simultaneously consider slice descriptors and voxel
descriptors for dimension enhancement.
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Appendix A.
A.1. The descriptor results of case 1 - Fontainebleau sandstone

Fig. A.1 shows the individual PSD distribution for each method, and Fig. A.2 shows the individual LPF distribution. Both SAGAN
and SliceGAN achieved good results within similar training time, among which the SAGAN model is closer to the reference value,
and the divergence of the SINN model is the largest, which is caused by the uncertainty of its generative model.
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A.2. The descriptor results of case 2 - Polytetrafluoroethylene

For the results of PSD and LPF in differernt methods, SliceGAN exhibited greater variability in Fig. A.4(A) and Fig. A.5, with
anomalous generated results showing very large pore sizes, as reflected in the maximum limit. Compared to SAGAN’s and SAGAN-
short’s generated results, SliceGAN tends to produce smaller pores overall but occasionally generates anomalously large pores.

A.3. The descriptor results of case 3 - Cathode materials for solid oxide fuel cell (SOFC)

The TPCF results are shown in Fig. A.6. First, both methods capture the correct geometry pattern on the mean value curve, with
SAGAN demonstrating unparalleled accuracy in distribution. In the single-phase results, SliceGAN exhibits a significant overgen-
eration problem in the first and second phases, with its maximum limit curve far exceeding the results generated by SAGAN and
the reference. Additionally, its minimum limit curve shows lower bounds at short distances compared to the reference. Without the
constraint of descriptor loss, SliceGAN, relying solely on CV loss, severely overgenerates the first and second phases. However, in
the third phase, neither method can express the individual’s extremely high proportion of samples in the reference. Both SAGAN and
SliceGAN have maximum limit curves lower than the reference’s maximum limit curve. Although such high TPCF samples are rare in
the reference, both methods show weaker generation capabilities for these less common sample types. For the TPCF between phases,
due to the overgeneration of the first and second phases by SliceGAN, there are instances where the minimum limit is zero across all
inter-phase results. Overgeneration of one phase reduces the contact surface in the generated results, leading to a lack of intercon-
nectivity in the planar space. While SAGAN’s maximum limit is close to the reference, its minimum limit is higher, overemphasizing
the connectivity between phases.

For the PSD and LPF results of the multiphase material, shown in Fig. A.7, we only calculate the considered phase rather than the
void phase as in two-phase materials. The PSD section of reference reveals that all three phases have distributions of both large and
small sizes. SliceGAN overgenerates both large and small size distributions for the first and second phases, reflected in the excessively
high maximum limit and low minimum limits. Both methods exhibit some overgeneration of large-sized phases for the third phase,
but this is not significantly higher than the standard. In the LPF section, SliceGAN’s generated distribution is more dispersed for the
first and second phases, showing greater differences in phase connectivity compared to SAGAN. However, SliceGAN shows slightly
better connectivity for the third phase than SAGAN.
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Fig. A.1. Fontainebleau sandstone slice Pore Size Distribution (PSD) results. (A) Reference. (B) SAGAN, epoch 2. (C) SliceGAN, epoch 10. (D) SINN.
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Fig. A.2. Fontainebleau sandstone slice Lineal Path Function (LPF) results. (A) Reference. (B) SAGAN, epoch 2. (C) SliceGAN, epoch 10. (D) SINN.
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Fig. A.3. Polytetrafluoroethylene slice Two-Point Correlation Function (TPCF) results for different directions. (A) The TPCF results comparisons on
Y-Z slices. (B)The TPCF results comparisons on X-Z slices. (C) The TPCF results comparisons on X-Y slices.
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Fig. A.4. Polytetrafluoroethylene slice Pore Size Distribution (PSD) results for different directions. (A) The PSD results comparisons on Y-Z slices.
(B) The PSD results comparisons on X-Z slices. (C) The PSD results comparisons on X-Y slices.
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Fig. A.5. Polytetrafluoroethylene slice Lineal Path Function (LPF) results for different directions. (A) The LPF results comparisons on Y-Z slices. (B)
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Fig. A.6. Slice the TPCF of Cathode materials for SOFC. SAGAN’s accuracy is significantly better than SliceGAN’s. (A)Phase 1. (B) Phase 2. (C)
Phase 3. (D) Phase 1 and phase 2. (E) Phase 1 and phase 3. (F) Phase 2 and phase 3.
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Fig. A.7. Slice Pore Size Distribution (PSD) and slice Lineal-Path Function (LPF) of Cathode materials for SOFC. (A) PSD of phase 1. (B) LPF of
phase 1. (C) PSD of phase 2. (D) LPF of phase 2. (E) PSD of phase 3. (F) LPF of phase 3.
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