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G R A P H I C A L  A B S T R A C T

H I G H L I G H T S

A diffusion-based generative workflow is developed for virtual porous granular media generation.
PCA-guided preprocessing standardizes orientation and enables consistent micro-CT slice datasets for training.
Stable v-prediction DDPM training achieves high-fidelity reconstruction and unconditional generation.
A series of morphological descriptors with KDE–JS divergence validation confirm strong statistical agreement.
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 A B S T R A C T

The morphology of porous granular media governs transport processes and effective mechanical response in 
a wide range of particulate and porous materials. X-ray micro-computed tomography (micro-CT) provides 
direct access to internal architectures, yet experimental sampling remains limited and the resulting datasets are 
often insufficient for numerical simulations and parametric studies. In this work, an end-to-end diffusion-based 
generative framework is proposed for virtual porous media generation from image data. Within this framework, 
a denoising diffusion model is trained to learn the microstructure distribution and to synthesize diverse 
realizations through controlled sampling. This is a fundamentally different approach in that microstructures 
are generated by sampling from a learned distribution, rather than being constructed through handcrafted 
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reconstruction rules. The framework is demonstrated using coral sand as a representative example of a highly 
heterogeneous porous granular material. Quantitative evaluation shows that generated samples reproduce key 
descriptors, including porosity, pore size statistics, spatial correlation measures, and pore topology indicators. 
These results indicate that diffusion-based generation provides an effective and efficient route to construct 
statistically consistent virtual porous granular media. The proposed workflow is general and applicable to a 
broad class of particulate and porous materials, providing statistically consistent digital microstructures for 
subsequent transport modeling and mechanical analysis.
1. Introduction

Porous granular media are ubiquitous in natural and engineered 
systems, including soils, sediments, rocks, and biogenic particulate ma-
terials [1]. Their macroscopic mechanical and hydraulic responses are 
controlled by particle-scale morphology, including external grain ge-
ometry, internal pore architecture, and surface roughness [2–4]. Coral 
sand is a representative porous geomaterial in tropical and subtropical 
marine environments and is widely used in offshore infrastructure, 
such as reclaimed islands, breakwaters, submarine pipelines, and wind 
turbine foundations [5–7]. In contrast to terrigenous quartz sand, coral 
sand originates from fragmented skeletal remains and therefore ex-
hibits irregular boundaries, rough surfaces, intra-granular porosity, and 
multiscale heterogeneity. These features lead to high compressibility, 
stress-dependent stiffness, crushability, and complex hydraulic conduc-
tivity [8–10]. Accurate characterization that accounts for both external 
geometry and internal pore structure is thus essential for understanding 
its micromechanical behavior.

X-ray micro-computed tomography (micro-CT) serves as a robust 
tool for visualizing the internal architecture of coral sand, allowing 
for the precise quantification of morphological features such as surface 
roughness, intra-granular voids, and pore connectivity [11,12]. Despite 
these capabilities, the widespread application of micro-CT is frequently 
impeded by prohibitive scanning costs, extensive acquisition and post-
processing durations, and restricted scanning volumes [13,14]. Fur-
thermore, the inherent logistical challenges associated with sample 
collection and high-resolution imaging inevitably limit the number of 
available particle samples. Consequently, existing micro-CT datasets 
are often too sparse to support rigorous statistical analyses, large-
scale computational particle mechanics simulations, or the calibration 
of data-driven constitutive models. This prevailing data scarcity un-
derscores the urgent necessity for generating large-scale, statistically 
representative populations of virtual coral sand particles to augment 
limited experimental databases and facilitate advanced particle-scale 
numerical modeling.

To address these challenges, computational reconstruction strategies 
for porous media have been widely explored [15–17]. Process based 
models attempt to mimic biological accretion or mechanical fragmen-
tation, but they often depend on idealized rules and struggle to recover 
the multiscale pore topology typical of bioclastic grains [18,19]. In par-
allel, data driven generative models have become an active direction for 
microstructure synthesis, with generative adversarial networks (GANs) 
being among the most widely adopted [20–23]. For example, Zhang 
et al. [23] developed a three dimensional multiscale pattern GAN with 
scaling transformation and multiscale discrimination to enable super 
resolution reconstruction of porous media from limited training images. 
Despite these advances, GAN training can be sensitive to hyperpa-
rameters and may suffer from instability and mode collapse, which 
reduces reliability for quantitative engineering use [24]. In addition, 
adversarial objectives may under resolve fine scale geometric details, 
such as narrow pore throats, sharp angularities, and highly non convex 
voids, even though these features strongly control hydromechanical 
response in porous granular media.

More recently, denoising diffusion probabilistic models (DDPMs) 
have emerged as a state-of-the-art alternative to adversarial gener-
ation [25–27]. They learn the data distribution by reversing a pro-
gressive noising process, which leads to stable training and strong 
2 
representation capacity for complex, multi modal geometries [28,29]. 
In materials microstructure modeling, Zhang et al. [30] developed 
a stable diffusion based generator and demonstrated reconstruction, 
inpainting, and property guided inverse design via ControlNet fine 
tuning. In porous media reconstruction, Naiff et al. [31] introduced 
a controlled latent diffusion framework that couples a variational au-
toencoder with diffusion sampling, and showed that conditioning on 
porosity can improve consistency across permeability and correlation 
statistics. While these studies establish diffusion models as a promising 
direction for microstructure synthesis, porous granular media introduce 
practical constraints that are rarely addressed in generic generative 
frameworks. First, individual grains exhibit strong pose variability and 
geometric anisotropy; consequently, direct learning from raw scans can 
be confounded by non-physical discrepancies associated with orien-
tation and alignment. Second, the complex morphology of bioclastic 
grains requires a coupled generation of irregular external contours 
and internal pore networks, ensuring their spatial consistency. Third, 
for engineering applications, the generated ensembles must be rigor-
ously validated at the population level using morphology, topology, 
and correlation-based statistics relevant to mechanics and transport 
phenomena. To address these challenges, this study presents a spe-
cialized, end-to-end framework tailored for porous granular media, 
rather than proposing a modification to the fundamental diffusion 
architecture. We leverage the robustness of the standard 𝑣-prediction 
diffusion formulation but integrate it into a domain-aware workflow.

Specifically, this workflow incorporates PCA-guided orientation 
standardization to eliminate non-physical variability, ensuring the
model focuses on learning intrinsic morphological features. This is 
combined with a comprehensive quantitative evaluation suite that em-
ploys descriptor distributions and Jensen–Shannon divergence to verify 
statistical fidelity. By bridging the gap between advanced generative 
models and geomechanical requirements, this approach provides a 
reliable tool for augmenting microstructural datasets. The remainder 
of this paper is organized as follows. Section 2 presents the proposed 
framework and implementation details. Section 3 reports quantitative 
results on a synthetic benchmark and the representative micro CT 
dataset of real coral sand. Section 4 discusses implications, limita-
tions, and extension pathways. Finally, Section 5 summarizes the main 
conclusions.

2. Methodologies

This section describes the workflow used in this study. It includes 
micro-CT dataset construction and preprocessing, diffusion-model for-
mulation, and training and sampling settings. The methodology is 
designed to support stable learning and generation while preserv-
ing pore-scale geometry for subsequent quantitative evaluation and 
physics-relevant analysis.

2.1. Micro-CT dataset and preprocessing

As aforementioned, this study adopts natural coral sand grains as 
a representative example of porous granular media. Coral sand is a 
biogenic, highly porous granular material formed by the fragmenta-
tion of marine skeletal remains, and it is characterized by irregular 
external boundaries, rough surfaces, and complex intra-granular pore 
networks. These features make coral sand a representative yet challeng-
ing example for image-based microstructure learning. Fig.  1 illustrates 
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Fig. 1. Representative morphological features of natural coral sand grains and schematic illustration of two classical generation approaches [32–35].
Fig. 2. Workflow for constructing the microstructural dataset from micro-CT scans of coral sand grains.
typical morphological characteristics reported in the literature, high-
lighting the multiscale heterogeneity that must be retained during data 
preparation.

The objective of dataset construction and preprocessing is to pro-
duce a standardized, orientation-consistent microstructural dataset suit-
able for diffusion model training. Because coral sand grains exhibit 
pronounced geometric anisotropy and large particle-to-particle vari-
ability, direct use of raw micro-CT volumes may introduce artificial 
variability associated with pose, cropping, and segmentation incon-
sistencies. Dedicated preprocessing is therefore performed to reduce 
non-physical variability while preserving intrinsic morphological infor-
mation, especially fine-scale pore geometry. The overall preparation 
procedure is summarized as a workflow consisting of the following 
steps, as also instructed in Fig.  2.

(1) Micro-CT acquisition and voxel-based segmentation.
The microstructural dataset employed in this study is derived from 

high-resolution X-ray micro-CT imaging of natural coral sand grains. A 
total of 152 individual particles were selected from a larger experimen-
tal database previously established by the authors [32]. The scans were 
performed at a voxel resolution of 40 μm, which is sufficient to resolve 
both the external particle boundaries and the internal pore systems. 
The raw CT volumes were denoised, thresholded, and segmented to 
generate binary voxel representations of individual particles, where a 
voxel value of 1 denotes the solid phase and 0 represents the void 
space [36]. This binarization procedure effectively removes intensity-
related artifacts while preserving the authentic geometry of particle 
surfaces and intra-granular cavities.

(2) PCA-based orientation standardization and slice extraction.
To ensure rotational consistency across different particles and to 

avoid artificial variability introduced by random grain orientations, 
3 
Principal component analysis (PCA) is employed to characterize the 
dominant geometric orientation of each particle [37]. Considering the 
voxelized point cloud 𝐩𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) for 𝑖 = 1,… , 𝑁 , the covariance 
matrix is computed as 

𝐂 = 1
𝑁

𝑁
∑

𝑖=1
(𝐩𝑖 − 𝐩̄)(𝐩𝑖 − 𝐩̄)T, 𝐩̄ = 1

𝑁

𝑁
∑

𝑖=1
𝐩𝑖 (1)

The eigenvector 𝐞1 corresponding to the largest eigenvalue defines 
the principal geometric axis of the particle. Instead of rotating the 
entire voxelized volume, a series of slicing planes orthogonal to 𝐞1 is 
constructed according to 
(𝐩 − 𝐩̄) ⋅ 𝐞1 = 𝑑 (2)

where 𝑑 denotes the signed distance along the principal axis. This 
strategy ensures that all two-dimensional slices are extracted along 
a consistent direction that maximizes the exposure of internal pore 
networks while maintaining geometric comparability among different 
particles.

(3) Slice rasterization, spatial standardization, and normalization.
Each extracted slice is rasterized using nearest-neighbor interpola-

tion to preserve the sharp solid-void interfaces characteristic of coral 
sand microstructures. As the cross-sectional domain 𝛺slice varies among 
particles, all slices are embedded into a fixed 128 × 128 grid using a 
zero-padding strategy: 

𝐼square(𝑥, 𝑦) =

{

𝐼(𝑥, 𝑦), (𝑥, 𝑦) ∈ 𝛺slice,
0, (𝑥, 𝑦) ∉ 𝛺slice.

(3)

This approach avoids geometric distortions associated with image re-
sizing and ensures uniform input dimensions required by the neural 
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Fig. 3. Illustration of the U-Net architecture, consisting of a multi-level encoder–decoder structure with skip connections for feature fusion.
network. Finally, all voxel values are linearly scaled to the range 
[−1, 1] to conform to the normalized input space commonly adopted 
in diffusion-based generative models. The resulting dataset preserves 
the essential morphological characteristics of coral sand, including 
irregular particle outlines, multiscale pore clusters, and complex pore 
connectivity, thereby providing a robust foundation for the diffusion 
model formulation described in the subsequent section.

2.2. Diffusion model implementation

In this study, we employ the DDPM [26,28] to learn the generative 
distribution of coral sand microstructures. To ensure numerical stability 
and accurately capture high-frequency geometric detail, such as sharp 
particle boundaries and irregular pore edges, we adopt the 𝑣-prediction 
parameterization [38] rather than the standard 𝜺-prediction. The net-
work is optimized by minimizing the mean squared error between the 
predicted and target velocity terms. Detailed mathematical formula-
tions of the forward diffusion process and the reverse denoising kernels 
are provided in Appendix  A.

The denoising network 𝑓𝜃 is parameterized using a U-Net architec-
ture (Fig.  3), which is particularly effective for resolving the multiscale 
features of porous media [39]. The network employs a multi-level 
encoder–decoder structure: the encoder pathway extracts coarse-scale 
morphological context (e.g., particle elongation), while symmetric skip 
connections transfer high-frequency spatial details directly to the de-
coder to preserve fine pore boundaries. To incorporate temporal in-
formation, sinusoidal timestep embeddings are injected into each con-
volutional block, enabling the network to adaptively modulate feature 
extraction according to the noise level 𝑡.

2.3. Training and sampling

Model training is governed by the 𝑣-prediction objective, which has 
been shown to provide improved numerical stability and reconstruc-
tion accuracy, especially at large diffusion timesteps. Given a noisy 
microstructural slice 𝐱𝑡 and its corresponding timestep 𝑡, the network 
predicts the velocity variable 𝐯𝑡. Model parameters are optimized by 
minimizing the mean squared error between the predicted and target 
velocities, 
 = E

[

‖

‖

𝑓𝜃(𝐱𝑡, 𝑡) − 𝐯𝑡‖‖
2
2

]

. (4)

Optimization is performed using the AdamW optimizer, which is 
widely adopted for training diffusion-based generative models due to 
its robustness under noisy gradients [40]. In this work, the initial 
4 
Table 1
Training hyperparameters used for the diffusion model.
 Category Parameter Value/Description  
 Dataset Image resolution 128 × 128 (grayscale)  
 Input normalization [−1, 1]  
 Data split 90% Training/10% Validation 
 Optimization Optimizer AdamW  
 Initial learning rate 1 × 10−4  
 Learning-rate schedule Cosine decay  
 Batch size 128  
 Weight decay Default  
 Training epochs 100  
 Diffusion process Timesteps (𝑇 ) 1000  
 Noise schedule Cosine  
 Prediction target 𝑣-prediction  
 Loss function MSE (𝑣)  
 Stability Precision Mixed precision (AMP)  
 Max gradient norm 1.0  
 EMA decay 0.9995  
 Environment Hardware NVIDIA RTX 3090 (24GB)  
 Framework PyTorch 2.x  

learning rate is set to 1.0 × 10−4, and a cosine learning-rate decay 
schedule is applied to achieve smooth and stable convergence. All 
microstructural slices are normalized to the range [−1, 1]. To rigorously 
assess generalization and monitor overfitting, the complete dataset of 
38,651 slices was randomly partitioned into a training set (90%) and 
a held-out validation set (10%). The model is trained on the training 
subset with a batch size of 128. The baseline training run spans 100 
epochs. The diffusion horizon is fixed at 𝑇 = 1000, consistent with the 
cosine noise schedule adopted in the forward diffusion process.

To improve computational efficiency and numerical robustness, 
automatic mixed-precision (AMP) training is enabled [41]. Gradient 
clipping is applied with a maximum norm of 1.0 to mitigate occa-
sional instabilities during optimization. An exponential moving average 
(EMA) of model parameters is maintained throughout training with a 
decay factor of 0.9995, and the EMA weights are used for sampling, 
as they typically produce more stable generation and sharper mi-
crostructural details. The main hyperparameters and numerical settings 
adopted in this work are summarized in Table  1.

After training, synthetic microstructural slices are generated by 
executing the reverse diffusion process from Gaussian noise. Sampling 
is carried out using the standard DDPM procedure, and an accelerated 
DDIM sampler is also employed to reduce the number of reverse steps 
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Table 2
Morphological and pore-related descriptors used for quantitative evaluation of porous microstructures.
 Descriptor Mathematical definition Symbol description  
 Group I: Global shape descriptors
 Area 𝐴 𝐴 =

∑

𝑥,𝑦 𝐼(𝑥, 𝑦) 𝐼(𝑥, 𝑦): binary image (1 for solid, 0 for pore). 
 Perimeter 𝑃 𝑃 =

∑

(𝑥,𝑦)∈𝜕𝛺 𝛥𝑠 𝜕𝛺: particle boundary.  
 Roundness   = 4𝜋𝐴

𝑃 2 𝐴: area; 𝑃 : perimeter.  
 Aspect ratio AR AR = 𝜆max

𝜆min
𝜆max , 𝜆min: inertia eigenvalues.  

 Group II: Boundary and morphological complexity
 Convexity Conv Conv = 𝑃convex

𝑃
𝑃convex: convex hull perimeter.  

 Fractal dimension 𝐷𝑓  [43] 𝑁(𝑠) ∼ 𝑠−𝐷𝑓 𝑁(𝑠): box count at scale 𝑠.  
 Skeleton complexity 𝐶𝑠 [44] 𝐶𝑠 =

∑

𝑥,𝑦 𝑠𝑘(𝑥, 𝑦) 𝑠𝑘(𝑥, 𝑦): skeletonized pixels.  
 Group III: Pore size and abundance
 Porosity 𝜙 𝜙 = 𝑁void

𝑁total
𝑁void: pore pixels.  

 Pore count 𝑁pore 𝑁pore = numCC(imf ill(𝐼) − 𝐼) Connected pore regions.  
 Mean pore area 𝐴𝑝 𝐴𝑝 =

1
𝑁pore

∑

𝐴𝑝,𝑖 𝐴𝑝,𝑖: area of 𝑖th pore.  
 Equivalent pore diameter 𝑑eq 𝑑eq =

√

4𝐴𝑝

𝜋
Circular-equivalent pore size.  

 Group IV: Topology and spatial statistics
 Euler number 𝜒 [45] 𝜒 = 𝐶cc −𝐻 𝐶cc: components; 𝐻 : holes.  
 Mean power spectrum 𝑃𝑆 𝑃𝑆 = 1

𝑁pix

∑

|FFT(𝐼)| Frequency-domain complexity.  
 Two-point correlation 𝑆2 [46] 𝑆2 =

1
𝑁𝑟

∑

𝑟 𝑆2(𝑟) Spatial correlation at distance 𝑟.  
when needed [42]. Training progression is monitored by synthesiz-
ing a fixed panel of 36 samples after each epoch, which provides 
a consistent qualitative reference for tracking reconstruction fidelity 
and the emergence of representative pore morphology. These qualita-
tive inspections are complemented by quantitative evaluations using 
morphology descriptors.

2.4. Quantitative evaluation metrics

Quantitative evaluation is performed at the descriptor level, using 
a set of morphology- and pore-related measures that are applicable to 
general porous granular microstructures. Each microstructural slice is 
represented as a binary image 𝐼(𝑥, 𝑦), where 𝐼 = 1 denotes the solid 
phase and 𝐼 = 0 denotes the pore space. The descriptors are computed 
on each slice to characterize global shape, boundary complexity, pore 
abundance and size, and topology or spatial statistics. The full set of 
descriptors and their definitions are summarized in Table  2.

Distribution-level agreement between real and generated samples 
is assessed by comparing the empirical distributions of each descrip-
tor. For a given descriptor, the real-sample distribution 𝑃  and the 
generated-sample distribution 𝑄 are estimated using kernel density 
estimation (KDE) from the corresponding descriptor samples [47]. The 
Jensen–Shannon divergence (JS-D) is then used as a bounded and 
symmetric measure of distribution discrepancy [48], 

JS(𝑃 ∥ 𝑄) = 1
2
KL(𝑃 ∥ 𝑀) + 1

2
KL(𝑄 ∥ 𝑀), 𝑀 = 1

2
(𝑃 +𝑄), (5)

where KL(⋅ ∥ ⋅) denotes the Kullback–Leibler divergence. JS-D is 
computed for each descriptor, and group-level scores are reported by 
averaging JS-D over the descriptors within each group. This protocol 
evaluates both fidelity (matching of descriptor distributions) and di-
versity (coverage of the descriptor support) in a manner that is directly 
relevant to subsequent mechanics- or transport-oriented analyses.

3. Results and analysis

This section presents the performance of the proposed diffusion-
based framework. Results are reported for a synthetic benchmark and 
a representative micro-CT coral sand dataset. The analysis focuses on 
fidelity and diversity based on morphology descriptors and distribution-
level metrics, with emphasis on implications for subsequent mechanics 
and transport simulations.
5 
3.1. Preliminary validation: synthetic porous disk

Prior to applying the proposed framework to the complex mi-
crostructures of coral sand, a preliminary validation study was con-
ducted using synthetic porous disks. This phase was designed to achieve 
two primary objectives: (i) to verify the numerical implementation 
of the forward and reverse diffusion kernels; and (ii) to evaluate the 
model’s capacity to capture geometric probability distributions from 
stochastically generated data under controlled conditions. To establish 
a controlled ground truth, a synthetic dataset was constructed using a 
procedural generation algorithm. Each sample comprises a standard-
ized circular domain enclosing a variable number of circular pores 
(ranging from 6 to 12) with randomized radii and spatial positions, as 
shown in Fig.  4(a). This configuration maintains a consistent external 
envelope while enforcing significant internal variability. Consequently, 
every image constitutes a unique geometric realization, thereby com-
pelling the model to generalize the underlying generative laws rather 
than merely memorizing specific training exemplars.

The generative fidelity of the trained model is first evaluated 
through a qualitative visual comparison between the synthetic training 
dataset and the generated samples, as shown in Fig.  4. The left panel 
presents representative ground-truth porous disks from the training 
set, while the right panel displays samples generated by the diffusion 
model upon convergence. The generated microstructures exhibit a high 
degree of visual similarity to the training data, accurately reproducing 
sharp solid–void interfaces and capturing the stochastic variability in 
pore size, quantity, and spatial arrangement. Particularly, the gener-
ated samples do not simply replicate the training instances; instead, 
they exhibit novel pore configurations, indicating that the model has 
successfully learned the underlying geometric probability distribution 
rather than memorizing the dataset.

Beyond the final outputs, the internal dynamics of the diffusion 
process are illustrated in Fig.  5, which visualizes the trajectories for 
forward diffusion, deterministic reverse denoising, and unconditional 
generation. The first row depicts the forward diffusion process, where 
Gaussian noise is progressively injected into a reference porous disk. 
As the diffusion steps increases, morphological features are gradu-
ally obscured until the image converges to an isotropic noise field, 
confirming that the forward process effectively transitions the data 
distribution toward the prescribed Gaussian prior. The second row 
illustrates the deterministic reverse denoising trajectory, in which the 
model iteratively reconstructs the underlying structure from a cor-
rupted state. The gradual re-emergence of the circular boundary and 
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Fig. 4. Visual comparison between (a) the ground truth training samples and (b) the synthetic samples generated by the diffusion model. 
Fig. 5. Forward diffusion, reverse denoising, and unconditional generation trajectories demonstrated using the synthetic porous disk model.
pore locations demonstrates that the network has learned an accurate 
approximation of the reverse transition probability 𝑝𝜃(𝐱𝑡−1 ∣ 𝐱𝑡). Finally, 
the third row presents unconditional generation, where the reverse 
diffusion process is initialized from pure Gaussian noise. Despite the 
absence of an explicit structural prior, the trajectory converges to a 
physically plausible porous disk with a well-defined boundary and 
randomly distributed pores. This result confirms that the model has 
acquired a robust generative prior over the manifold of porous-disk 
microstructures.

The influence of dataset size on training stability and convergence 
behavior was further investigated. Two synthetic datasets were con-
structed, containing 2000 and 20,000 unique porous-disk images, re-
spectively. Fig.  6 compares the evolution of generated samples across 
selected training epochs for these two cases. For the smaller dataset 
(2000 samples), early-stage generations (epochs 1, 100, and 200) are 
6 
dominated by noise and degenerate artifacts; distinct porous morpholo-
gies do not consistently emerge until approximately 300–400 epochs. 
In contrast, the model trained on the larger dataset (20,000 samples) 
exhibits accelerated convergence in terms of the number of epochs. 
Since each epoch represents a full pass through the dataset, the model 
trained on the larger dataset performs ten times more gradient updates 
per epoch than the smaller one. Consequently, coherent disk geometries 
with well-defined, randomly distributed pores appear as early as epochs 
30–50. This indicates that while the computational cost per epoch is 
higher for the larger dataset, the model requires significantly fewer 
epochs to capture the underlying geometric rules.

Collectively, the results from the synthetic porous-disk experiments 
confirm that the proposed diffusion-based framework achieves high-
fidelity microstructure generation and maintains robust learning sta-
bility amidst stochastic geometric variability. This validation serves as 
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Fig. 6. Visual comparison between the ground truth training samples and the synthetic samples generated by the diffusion model. 
a controlled and interpretable benchmark, establishing a solid method-
ological foundation for the subsequent application to the more complex 
and heterogeneous microstructures of coral sand.

3.2. Generative performance on real coral sand microstructures

Following the training phase, the generative capability of the pro-
posed diffusion model to represent complex natural morphologies is 
systematically investigated using real coral sand microstructures. Prior 
to evaluating the generative quality, a numerical stability check was 
performed to verify the inversion consistency of the diffusion process; 
these verification results are detailed in Appendix  B. With the numerical 
robustness of the sampling process confirmed, we proceed to evaluate 
the morphological fidelity and diversity of the generated ensembles.

The unconditional generative capability of the model is showcased 
in Fig.  7. Each row corresponds to an independent reverse diffu-
sion trajectory initialized from pure Gaussian noise, capturing the 
gradual emergence of structural features throughout the denoising 
process. Across different realizations, the generated samples exhibit 
substantial variability in particle morphology, pore density, and spatial 
arrangement. Yet, despite this diversity, all samples consistently re-
produce the defining morphological characteristics of coral sand, such 
as highly non-convex particle boundaries and complex intra-granular 
porosity. These results indicate that the model has successfully acquired 
a robust generative prior over the microstructural manifold of coral 
sand, generalizing well beyond the memorization of specific training 
examples.

To further evaluate the visual fidelity of the generated microstruc-
tures, a direct qualitative comparison between real and synthetic coral 
sand slices is presented in Fig.  8. The left panel displays a representative 
selection of real micro-CT slices, while the right panel presents an 
equivalent number of samples generated by the trained diffusion model. 
The synthetic samples faithfully reproduce the defining characteristics 
of coral sand, including rough, irregular particle boundaries, multiscale 
pore systems, and intricate internal topologies. Moreover, the observed 
sample-to-sample variability in the generated dataset closely mirrors 
that of the physical micro-CT data, indicating that the diffusion model 
has successfully captured the essential geometric distributions and 
pore-scale statistics. These visual results provide compelling qualita-
tive evidence that the proposed framework is capable of synthesizing 
realistic and diverse coral sand microstructures, thereby establishing 
a robust foundation for the quantitative morphological analysis in the 
subsequent section.
7 
3.3. Training convergence and parameter analysis

To assess training convergence and numerical stability, model per-
formance is monitored using a set of complementary metrics during 
training. The diffusion model is optimized with the 𝑣-prediction objec-
tive, and the corresponding loss 𝑣 is therefore the primary indicator 
of convergence. In addition, two auxiliary metrics are tracked for 
diagnostic purposes rather than optimization. Specifically, an 𝓁1 re-
construction error is used to quantify pixel-level recovery of the clean 
image, and an SSIM-based loss is used to evaluate structural fidelity that 
is sensitive to pore geometry and connectivity [49]. The definitions and 
interpretations of these metrics are summarized in Table  3.

The qualitative evolution of generated samples during the early 
training stage (Epochs 2–20) is shown in Fig.  9. At Epochs 2–6, the 
outputs are dominated by high-frequency noise, indicating that the 
denoiser has not yet learned a coherent solid-void representation. 
Between Epochs 8 and 14, continuous grain boundaries begin to emerge 
and the overall granular morphology becomes recognizable, whereas 
the intra-granular pore structure remains blurred. By Epochs 16–20, 
particle outlines become sharp and pore cavities become increasingly 
well defined, suggesting that the model has learned to represent both 
global geometry and fine-scale pore patterns. This visual transition is 
consistent with stable learning under the 𝑣-prediction parameterization 
for geometrically complex porous microstructures.

The quantitative evolution of the model is reported in Fig.  10, 
which tracks the metrics for both the training and validation datasets 
to assess generalization capability. The primary training objective, 𝑣-
prediction loss (Fig.  10(a)), exhibits a sharp decline within the first 
10 epochs and stabilizes after approximately 40 epochs. Particularly, 
the validation loss tracks the training loss closely with a minimal gap, 
indicating that the model generalizes well to unseen microstructures 
without suffering from significant overfitting. A similar trend is ob-
served in the noise consistency loss (Fig.  10(b)), which serves as a proxy 
for the stability of the reverse diffusion trajectory. The convergence 
of the validation curve suggests that the learned denoising dynamics 
are statistically robust across the dataset. Finally, the SSIM-based loss 
(Fig.  10(c)) exhibits a monotonic decrease, stabilizing at approximately 
0.3 for both datasets. The strong alignment between the training and 
validation curves confirms that the model effectively minimizes struc-
tural dissimilarity, thereby capturing the morphological fidelity of coral 
sand—such as pore connectivity and grain boundaries—rather than 
merely memorizing pixel-level noise patterns.
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Fig. 7. Visualization of unconditional generation trajectories for coral sand microstructures. Each row depicts an independent reverse diffusion process initialized 
from standard Gaussian noise (left). As the denoising steps progress from left to right, the random noise is iteratively refined into structured features.
Fig. 8. Visual comparison between real micro-CT slices and randomly generated synthetic slices.
Table 3
Loss functions and monitoring metrics used for training and evaluation of the diffusion model.
 Metric Mathematical definition Interpretation  
 𝑣-prediction loss 𝑣 = ‖

‖

𝑓𝜃 (𝐱𝑡 , 𝑡) − 𝐯𝑡‖‖
2
2 ,

𝐯𝑡 =
√

𝛼̄𝑡 𝜺𝑡 −
√

1 − 𝛼̄𝑡 𝐱0
Primary optimization objective; measures accuracy 
of the learned reverse dynamics under the 
𝑣-parameterization.

 

 Inversion consistency loss inv = ‖

‖

𝜺𝑡 − 𝜺̂𝑡‖‖
2
2 (noise domain)

inv =
‖

‖

‖

𝐱0 − 𝐱̂(inv)0
‖

‖

‖1
(image domain) Diagnostic measure of forward-reverse 

compatibility; lower values indicate that denoising 
predictions remain consistent with the imposed 
corruption statistics.

 

 SSIM-based loss SSIM = 1 − SSIM(𝐱, 𝐲)
SSIM(𝐱, 𝐲) = (2𝜇𝑥𝜇𝑦+𝐶1 )(2𝜎𝑥𝑦+𝐶2 )

(𝜇2
𝑥+𝜇2

𝑦+𝐶1 )(𝜎2
𝑥+𝜎2

𝑦+𝐶2 )
Structural fidelity measure based on local statistics; 
sensitive to pore boundary sharpness and 
connectivity patterns.
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Fig. 9. Visual evolution of generated microstructures during the early stages of training (Epochs 2–20).
Fig. 10. Evolution of training and reconstruction metrics during diffusion model optimization.
3.4. Statistical comparison of morphological descriptors

Quantitative similarity between real and generated microstructures 
is assessed through statistical comparisons of morphological and pore-
related descriptors. To provide a definitive answer regarding the fi-
delity of the generated geometry, we established a rigorous validation 
framework encompassing a total of 14 descriptors. These descriptors 
cover global particle geometry, boundary complexity, pore-scale statis-
tics, and higher-order spatial organization. The complete descriptor set 
and mathematical definitions are provided in Table  2. The analysis 
includes 38,651 two-dimensional slices extracted from the real micro-
CT dataset and an equal number of 38,651 slices synthesized by the 
diffusion model, which ensures a balanced and unbiased comparison 
representative of the population statistics.

Group I focuses on global shape descriptors, including area 𝐴, 
perimeter 𝑃 , roundness , and aspect ratio AR. As shown in Fig.  11, the 
generated distributions reproduce the overall range and the dominant 
modes of the real data, but non-negligible shifts are also observed. In 
particular, 𝐴 and 𝑃  exhibit moderate divergence (JS-D = 0.0665 and 
0.2464), and  shows the largest discrepancy within this group (JS-
D = 0.2565). The generated slices tend to populate lower roundness 
values and exhibit a distributional shift that is consistent with more 
tortuous particle outlines. In contrast, AR is matched more closely (JS-D 
= 0.0257), indicating that the model captures the first-order elongation 
statistics while still exhibiting bias in compactness-related measures.

Group II characterizes boundary roughness and morphological com-
plexity using convexity Conv, fractal dimension 𝐷𝑓 , and skeleton com-
plexity 𝐶 . These descriptors probe complementary aspects of boundary 
𝑠

9 
irregularity, including non-convexity, multiscale roughness, and topo-
logical branching. As shown in Fig.  12, 𝐶𝑠 displays a close match (JS-D 
= 0.1065), suggesting that the model preserves the overall level of 
boundary branching complexity. However, both Conv and 𝐷𝑓  show 
larger discrepancies (JS-D = 0.1958 and 0.1065). The generated samples 
shift toward lower convexity, indicating an increased prevalence of 
concave features, while the shift in 𝐷𝑓  suggests that the multiscale 
roughness spectrum is not reproduced with the same fidelity. Taken to-
gether, the results indicate that the diffusion model captures boundary 
complexity in a global sense, but still exhibits bias in how irregularity 
is distributed across scales.

Group III evaluates pore-scale statistics, including porosity 𝜙, pore 
count 𝑁pore, mean pore area 𝐴𝑝, and equivalent pore diameter 𝑑eq. 
As shown in Fig.  13, the agreement is strong for 𝐴𝑝 (JS-D = 0.0885), 
whereas 𝜙 and 𝑁pore exhibit more pronounced divergence (JS-D =
0.0687 and 0.1455). The generated slices tend to shift toward higher 
porosity and higher pore counts, suggesting that the model slightly 
over-represents the prevalence of voids. At the same time, 𝑑eq shows 
only a moderate discrepancy (JS-D = 0.1056), which indicates that 
the characteristic pore-size scale is largely retained. This combination 
implies that the discrepancy is driven more by pore multiplicity and 
void allocation than by a systematic inflation of pore size.

Group IV examines higher-order spatial characteristics through the 
Euler number 𝜒 , mean power spectrum 𝑃𝑆, and two-point correlation 
function 𝑆2. As shown in Fig.  14, 𝜒 is reproduced with close agree-
ment (JS-D = 0.1195), supporting that connectivity-related topology 
is broadly consistent at the slice level. The match for 𝑃𝑆 is also 
reasonable (JS-D = 0.1360), indicating comparable frequency-domain 
content. In contrast, 𝑆  exhibits a larger discrepancy (JS-D = 0.0733), 
2
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Fig. 11. Comparison of global shape descriptors (Group I).
reflecting residual differences in long-range spatial organization. This 
gap suggests that, while local geometry and topology are captured 
effectively, the model has a weaker constraint on correlation struc-
ture over larger spatial separations, which is particularly relevant for 
transport-representative reconstruction.

Overall, the descriptor-level comparisons indicate that the diffusion 
model reproduces the principal statistical characteristics of the real 
microstructures across geometry, boundary complexity, pore statistics, 
and spatial organization. The remaining discrepancies are not uniform 
across descriptors and are mainly concentrated in compactness- and 
non-convexity-related measures (e.g.,  and Conv) and in long-range 
spatial correlation (e.g., 𝑆2). These deviations suggest that local pore 
geometry and slice-level topology are captured with higher fidelity 
than correlation structure at larger spatial separations, which motivates 
further physics-oriented validation and targeted model refinement.

4. Discussions

4.1. Generative mechanism and comparative superiority

To better interpret the performance of the proposed framework, 
it is instructive to examine its underlying generative mechanism in 
relation to established alternatives, particularly GANs. GAN-based mod-
els formulate generation as a competitive zero-sum game between 
a generator and a discriminator. While conceptually appealing, this 
adversarial optimization is well known to be challenging in practice, 
frequently suffering from training instability, vanishing gradients, and 
10 
mode collapse, where only a limited subset of the data distribution is 
reproduced [50,51]. In contrast, DDPMs recast the generation task as 
a sequential likelihood-based learning problem. By explicitly learning 
to reverse a gradual noise corruption process, diffusion models avoid 
the saddle-point optimization intrinsic to GANs and typically achieve 
more stable training behavior together with improved coverage of 
distribution modes [26,52].

To empirically assess these conceptual differences in the context 
of porous granular media, a standard deep convolutional GAN (DC-
GAN) [53] was implemented as a baseline and trained on the same 
coral sand dataset. The model was intentionally configured without 
additional stabilization strategies in order to provide a direct and 
transparent comparison. Input images were binarized and linearly nor-
malized to the range [−1, 1] to match the hyperbolic tangent output 
of the generator. The generator mapped a 128-dimensional Gaussian 
latent vector to 128 × 128 single-channel images through a sequence 
of upsampling deconvolutional blocks with Batch Normalization and 
ReLU activations. The discriminator adopted a symmetric architecture 
composed of strided convolutions and LeakyReLU activations, produc-
ing scalar validity scores. Training was performed using the Adam 
optimizer (𝛼 = 2 × 10−4, 𝛽1 = 0.5, 𝛽2 = 0.999) with a batch size of 
64 over 50 epochs.

The results of the adversarial baseline are shown in Fig.  15. Al-
though the DCGAN is capable of generating granular-like morphologies 
that visually resemble the training samples, the training process ex-
hibits pronounced oscillations in discriminator confidence, reflecting 
the inherent instability of adversarial optimization. Moreover, while 
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Fig. 12. Comparison of boundary and morphological complexity descriptors (Group II).
individual generated slices may appear plausible, the ensemble dis-
plays noticeable pattern repetition and limited ability to resolve the 
highly irregular and non-convex grain boundaries characteristic of coral 
sand. This behavior is largely attributable to the one-step generation 
paradigm of GANs, in which the complex mapping from latent space 
to image space must be learned directly, in contrast to the progressive, 
multistep refinement employed by diffusion-based models.

This behavior contrasts with the diffusion model adopted in this 
study, which is trained using a stable regression-based objective and 
naturally induces a multiscale, hierarchical generation process. Unlike 
the direct latent-to-image mapping employed by GANs, the forward 
diffusion process progressively attenuates high-frequency information, 
such as thin pore throats and sharp boundaries, while low-frequency 
components associated with the global grain geometry persist over 
longer noise horizons. As a result, the reverse sampling process follows 
a complementary coarse-to-fine trajectory. As illustrated in Fig.  16, the 
reconstruction of global geometry dominates the early denoising stages 
(large 𝑡), ensuring that the overall particle shape is established before 
finer-scale details emerge. Subsequent denoising steps progressively 
refine pore-scale textures and connectivity as the noise level approaches 
zero. This hierarchical dynamic contributes to the robustness of the 
diffusion model: under severe corruption, sampling is guided by the 
learned prior to generate plausible global morphologies without col-
lapsing to a single mode, while at higher signal-to-noise ratios the 
model effectively resolves complex local and topological features. By 
combining data-driven learning with statistically consistent synthe-
sis across multiple scales, the diffusion framework mitigates several 
11 
structural limitations commonly encountered in adversarial generative 
approaches.

4.2. Numerical stability and parameter analysis

The choice of prediction target (𝜺-prediction v.s. 𝑣-prediction) and 
noise schedule (linear v.s. cosine) is critical for learning the complex 
topology of porous granular media. To investigate the stability of the 
proposed framework, we conducted comparative ablation studies fo-
cusing on the parameterization objective and the model’s sensitivity to 
noise schedules. Initial experiments utilizing the standard noise predic-
tion (𝜺-prediction) objective revealed significant instability. As shown 
in Fig.  17, models trained with this objective fail to converge to mean-
ingful microstructures, producing only unstructured high-frequency 
noise artifacts even after 100 epochs. This failure persists regardless of 
whether a linear or cosine noise schedule is employed. These empirical 
results corroborate the theoretical derivation provided in Appendix  A.3, 
which indicates that the singularity of the scaling factor 1∕√𝛼̄𝑡 as 𝑡 → 𝑇
leads to severe variance. Consequently, the 𝜺-prediction formulation 
proves unsuitable for the binary-like, high-contrast nature of the porous 
media data used in this study.

In contrast, adopting the 𝑣-prediction parameterization resolves this 
instability effectively. As illustrated in Fig.  18, the model successfully 
synthesizes coherent coral sand particles with sharp boundaries and 
complex internal voids under the same training duration. This confirms 
that the geometric rotation formulation (Eq. (A.6)) provides a numer-
ically stable learning gradient throughout the entire diffusion horizon, 
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Fig. 13. Comparison of pore-scale descriptors (Group III).
allowing the network to recover structural details that are otherwise 
lost due to numerical precision issues in the standard formulation. With 
the stability of the prediction target established, we further compared 
the efficacy of linear versus cosine noise schedules. Fig.  18(c) presents 
a radar chart of the JS-D for 14 morphological descriptors. The perfor-
mance curves for the linear (blue) and cosine (orange) schedules exhibit 
substantial overlap and closely track the center, indicating comparable 
generative fidelity. Unlike findings in natural image synthesis where 
schedule choice can drastically alter texture quality, our results suggest 
that for porous granular media, the generative performance is largely 
insensitive to the specific noise variance progression, provided that 
the stable 𝑣-prediction objective is used. While the linear schedule 
shows a marginal advantage in specific shape descriptors such as 
roundness, both schedules achieve statistically satisfactory alignment 
with real data. This robustness implies that the proposed framework 
is not hyperparameter-dependent and can reliably reconstruct complex 
pore topologies under standard settings.

4.3. Sources of discrepancy, limitations, and future directions

Descriptor-level evaluation indicates good agreement for most
geometry- and pore-size-related statistics, while the remaining discrep-
ancies are concentrated in measures that are sensitive to compactness,
non-convexity, and long-range spatial organization. In particular, de-
viations in roundness and convexity suggest that the generated slices 
12 
exhibit a modest bias in boundary tortuosity, whereas the larger dis-
crepancy in the two-point correlation function indicates residual dif-
ferences in spatial correlation at larger separations. These gaps are 
consistent with the fact that long-range correlation and topology are 
weakly constrained by local pixel-wise denoising objectives and can 
be sensitive to small perturbations in binary interfaces. In addition, 
connectivity-related measures computed on 2D slices may not fully 
reflect the underlying three-dimensional pore network, and slice-to-
slice variability can amplify apparent differences even when local 
pore-size statistics are matched.

These limitations also clarify practical directions for extending 
the present framework. First, topology- and correlation-sensitive fi-
delity can be strengthened by incorporating additional physics- or 
descriptor-informed constraints during training or sampling, for exam-
ple by augmenting the objective with correlation-aware regularization 
or by adopting conditional generation that controls selected global 
statistics. Second, the transition from two-dimensional slices to three-
dimensional volumes is necessary for applications where permeability, 
tortuosity, and connectivity govern macroscopic behavior. A natural 
extension is to employ three-dimensional diffusion models directly or 
latent diffusion strategies to reduce computational cost while preserv-
ing three-dimensional structure. Finally, the most stringent validation 
for engineering usage is physics-relevant verification. Coupling the 
generated microstructures with downstream mechanics or transport 
simulations would quantify whether descriptor-level agreement trans-
lates into consistent effective properties, and would provide guidance 
on which descriptors require tighter control for specific applications.
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Fig. 14. Comparison of higher-order spatial descriptors (Group IV).
5. Summary

This study developed a diffusion-based generative framework for 
reconstructing and synthesizing porous granular media, using coral 
sand micro-CT images as a representative case. The workflow com-
bines PCA-guided orientation standardization with a 𝑣-prediction dif-
fusion model to learn reverse denoising dynamics from high-resolution 
data, enabling both reconstruction from corrupted inputs and uncondi-
tional generation from Gaussian noise. The results show stable training 
and effective recovery of multiscale features, including irregular grain 
boundaries and intra-granular pore networks, across different noise 
levels. Particularly, a rigorous statistical evaluation based on 14 mor-
phological and pore-related descriptors confirms that the generated 
geometries accurately mimic the real-world samples. Good agreement 
is observed between real and generated datasets in terms of global 
geometry, pore-size characteristics, and solid-void organization, while 
the remaining discrepancies are mainly associated with topology- and 
correlation-sensitive measures. These outcomes support diffusion mod-
els as a robust and scalable tool for augmenting limited microstructural 
datasets and facilitating subsequent geomechanical analyses. Future 
work will extend the framework to three-dimensional generation, in-
troduce conditioning for property-guided synthesis, and integrate the 
generated microstructures into discrete element method- and compu-
tational fluid dynamics-based simulations to assess mechanical and 
hydraulic responses.
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Fig. 15. Comparison between real micro-CT slices and randomly generated synthetic slices using DCGAN: (a)–(b) results for the idealized circular dataset, and, 
(c)–(d) results for the real coral sand dataset.
Appendix A. Formulations of the diffusion framework

This appendix provides the detailed mathematical formulation of 
the diffusion framework employed in this study. It covers the defi-
nitions of the forward and reverse processes, the mathematical spec-
ification of the noise schedules, and the algebraic derivation of the 
reconstruction formulas that justify the stability of the 𝑣-prediction 
parameterization.

A.1. Forward diffusion process and noise schedules

As illustrated in Fig.  A.19, the forward diffusion process is defined 
as a fixed Markov chain that gradually corrupts the clean data 𝐱0 by 
adding Gaussian noise. The transition kernel at each timestep 𝑡 is given 
by [54]: 

𝑞(𝐱𝑡 ∣ 𝐱𝑡−1) = 
(

𝐱𝑡;
√

1 − 𝛽𝑡 𝐱𝑡−1, 𝛽𝑡𝐈
)

(A.1)

where 𝐱𝑡 ∈ R𝑑 denotes the vectorized image state, 𝐈 is the identity 
matrix, and 𝛽 ∈ (0, 1) represents the variance schedule. A key property 
𝑡
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of this process is that the marginal distribution at an arbitrary timestep 
𝑡 can be sampled in closed form: 

𝑞(𝐱𝑡 ∣ 𝐱0) = 
(

𝐱𝑡;
√

𝛼̄𝑡 𝐱0, (1 − 𝛼̄𝑡)𝐈
)

, with 𝛼̄𝑡 =
𝑡

∏

𝑖=1
(1 − 𝛽𝑖) (A.2)

The choice of the noise schedule 𝛽𝑡 governs the rate of infor-
mation destruction. In this study, we compare the standard linear 
schedule with the cosine schedule [29] to analyze their impact on 
microstructural preservation. The linear schedule defines 𝛽𝑡 via linear 
interpolation: 
𝛽𝑡 = 𝛽min +

𝑡
𝑇
(𝛽max − 𝛽min) (A.3)

where the parameters are typically set with 𝛽min = 10−4 and 𝛽max = 0.02. 
While standard for natural images, this schedule tends to destroy fine-
scale geometric details too rapidly in the early stages. In contrast, the 
cosine schedule is defined directly on the cumulative signal variance 𝛼̄𝑡
to ensure a smoother degradation profile: 

𝛼̄𝑡 =
𝑓 (𝑡)
𝑓 (0)

, 𝑓 (𝑡) = cos2
(

𝑡∕𝑇 + 𝑠
1 + 𝑠

⋅
𝜋
2

)

(A.4)

where 𝑠 = 0.008 is a small offset to prevent singularities near 𝑡 =
0. While our ablation study (discussed in Section 4.2) suggests that 
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Fig. 16. Multiscale coarse-to-fine evolution of porous grain morphology during diffusion sampling.
Fig. 17. Visual demonstration of training instability using the standard noise prediction (𝜺-prediction). Regardless of the noise schedule, the model fails to 
converge, producing only high-frequency noise artifacts.
̂

the linear schedule is also effective for this specific dataset, the co-
sine schedule provides a smoother degradation of information in the 
theoretical limit and remains the standard choice in the literature. 
Therefore, to ensure broad applicability and align with established 
baselines, the cosine schedule is adopted as the default configuration 
for the primary results in this study.

A.2. Reverse denoising process

The reverse process aims to invert the corruption chain and is 
modeled as a parameterized Gaussian transition: 
𝑝𝜃(𝐱𝑡−1 ∣ 𝐱𝑡) = 

(

𝐱𝑡−1;𝝁𝜃(𝐱𝑡, 𝑡),𝜮𝑡
)

(A.5)

To enhance numerical stability, particularly for geometries with sharp 
interfaces, we adopt the 𝑣-prediction parameterization [38]. The train-
ing target 𝐯𝑡 is defined as a rotation of the clean signal and the noise 
in the spherical latent space: 
𝐯𝑡 ≡

√

𝛼̄𝑡 𝜺𝑡 −
√

1 − 𝛼̄𝑡 𝐱0 (A.6)

The neural network 𝑓𝜃 is trained to predict this velocity vector, i.e., ̂𝐯𝑡 =
𝑓 (𝐱 , 𝑡), by minimizing the mean squared error.
𝜃 𝑡
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A.3. Derivation of reconstruction formulas

This subsection provides the algebraic derivations for recovering 
the clean image estimate ̂𝐱0 from the network output, highlighting the 
numerical characteristics of different parameterizations.

Instability of noise prediction (𝜺-prediction)
In the standard formulation [26], the forward state is expressed as 

𝐱𝑡 =
√

𝛼̄𝑡 𝐱0 +
√

1 − 𝛼̄𝑡 𝜺𝑡. Rearranging this to solve for 𝐱0 given a noise 
prediction ̂𝜺𝑡 yields: 

𝐱0 =
𝐱𝑡 −

√

1 − 𝛼̄𝑡 𝜺̂𝑡
√

𝛼̄𝑡
(A.7)

From a numerical perspective, as 𝑡 → 𝑇 , the signal-to-noise ratio 
approaches zero and 𝛼̄𝑡 → 0. Consequently, the scaling factor 1∕√𝛼̄𝑡
in Eq. (A.7) becomes unbounded. This singularity amplifies any small 
prediction errors in 𝜺̂𝑡, leading to significant variance and training 
instability in the terminal diffusion stages.
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Fig. 18. Quantitative and qualitative comparison of noise schedules under the stable v-prediction: (a) linear schedule and (b) cosine schedule; and (c) radar chart 
of JS-D (lower is better).
̂

̂

Stability of velocity prediction (𝑣-prediction)
For the 𝑣-prediction parameterization, let 𝑐𝑡 =

√

𝛼̄𝑡 and 𝑠𝑡 =
√

1 − 𝛼̄𝑡. 
The relationship between the observation 𝐱𝑡 and the target 𝐯𝑡 forms a 
linear system: 
{

𝐱𝑡 = 𝑐𝑡𝐱0 + 𝑠𝑡𝜺𝑡 (Observation)
𝐯𝑡 = 𝑐𝑡𝜺𝑡 − 𝑠𝑡𝐱0 (Definition)

(A.8)

To solve for 𝐱0, we eliminate 𝜺𝑡 by multiplying the first equation by 𝑐𝑡
and the second by 𝑠𝑡, then subtracting: 

𝑐 𝐱 − 𝑠 𝐯 = (𝑐2 + 𝑠2)𝐱 = 𝐱 (A.9)
𝑡 𝑡 𝑡 𝑡 𝑡 𝑡 0 0

16 
Thus, the reconstruction formula is: 
𝐱0 =

√

𝛼̄𝑡 𝐱𝑡 −
√

1 − 𝛼̄𝑡 𝐯𝑡 (A.10)

Similarly, the noise component is recovered as: 
𝜺𝑡 =

√

1 − 𝛼̄𝑡 𝐱𝑡 +
√

𝛼̄𝑡 𝐯𝑡 (A.11)

These derivations confirm that 𝑣-prediction allows for the recovery 
of the clean signal via a pure geometric rotation (linear combination), 
avoiding the division by zero inherent in 𝜺-prediction. This property 
ensures consistent numerical behavior across all noise levels, mak-
ing it particularly suitable for learning the complex, high-frequency 
boundaries of porous granular media.
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Fig. A.19. Schematic illustration of the forward (noise addition) and reverse (denoising) processes in the diffusion model.

Fig. B.20. Visualization of forward noise corruption and conditional reverse reconstruction trajectories. The vertical axis represents increasing noise levels, while 
the horizontal axis shows the denoising progress.
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Appendix B. Inversion consistency check

This appendix presents the validation of the diffusion model’s 
forward-reverse consistency. Fig.  B.20 presents a matrix visualization 
illustrating the relationship between forward noise corruption and 
conditional reverse reconstruction for a representative two-dimensional 
coral sand slice. The first column depicts the forward diffusion process. 
Starting from the original microstructure (upper-left corner), Gaussian 
noise is progressively added according to the cosine noise schedule, 
resulting in the gradual obscuration of particle boundaries and intra-
granular pore networks. For each corruption level shown in the vertical 
axis, the corresponding reverse denoising trajectory is computed and 
visualized along the horizontal direction.

At low-to-moderate corruption levels, the conditional reverse tra-
jectories exhibit high-fidelity reconstruction. In these cases, irregular 
particle outlines and major intra-particle voids are recovered with high 
accuracy, closely matching the reference slice. Intermediate denoising 
steps reveal a hierarchical reconstruction behavior, where large-scale 
geometric features are first re-established, followed by the gradual 
refinement of fine-scale pore structures. As the initial corruption level 
increases, the reconstruction behavior shifts. While the reverse trajec-
tories still converge toward physically realistic coral sand particles, 
the final pore configurations do not exactly replicate the reference 
microstructure. This deviation reflects the intrinsic stochastic nature of 
diffusion models: when the original signal is dominated by noise, mul-
tiple microstructural realizations become statistically compatible with 
the corrupted state. In such instances, the model relies on its learned 
generative prior to synthesize plausible morphological details rather 
than performing an exact inversion. Overall, the result demonstrates 
that the proposed model achieves stable and accurate conditional re-
construction under moderate noise levels while maintaining physically 
meaningful generative behavior under severe corruption.

Data availability

Data will be made available on request.
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