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36 A B S T R A C T37

38

The reconstruction of three-dimensional (3D) multiphase microstructures is essential for under-39

standing the physical properties of porous materials. In this study, we evaluate the performance40

of Denoising Diffusion Probabilistic Models (DDPMs) and Generative Adversarial Networks41

(GANs), specifically WGAN-GP and iWGAN, in generating 3D representations of multiphase42

materials with varying degrees of heterogeneity: homogeneous illite clay, heterogeneous Boom43

Clay, and highly complex concrete. Our findings demonstrate that DDPMs outperform GANs44

in capturing the intricate spatial statistics and multiphase structures of these materials. While45

GAN-generated samples exhibit mode collapse and structures that do not resemble the ground46

truth, DDPMs produce microstructures that better preserve phase distributions and morpholog-47

ical characteristics. These results highlight the potential of diffusion models for realistic 3D48

microstructure synthesis, paving the way for improved simulations in subsurface and construc-49

tion material applications.50

51

CRediT authorship contribution statement52
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giers: Conceptualization, Methodology, Formal analysis, Writing - review and editing. Christophe De Vleeschouwer:55

Conceptualization, Methodology, Formal analysis, Writing - review and editing.56

1. Introduction57

The accurate reconstruction of three-dimensional (3D) multiphase microstructures is fundamental to understand-58

ing and predicting the physical properties of heterogeneous materials such as clays and concrete. These microstruc-59

tures influence key material behaviors, including permeability and gas diffusivity, making them critical in various60

fields, including geoscience and materials science. While experimental imaging techniques such as Focused Ion Beam61

Scanning Electron Microscopy (FIB-SEM) provide high-resolution images of these structures, they remain costly,62

time-consuming, and constrained by sample preparation limitations (Gaboreau et al. (2016); Sezen (2016)). Conse-63

quently, computational methods for synthetic microstructure generation would provide a valuable alternative to obtain64

high-fidelity 3D representations with controllable properties (Luo et al. (2024), Feng et al. (2019a)).65

Some early efforts in microstructure generation relied on simulated annealing, to iteratively optimize spatial ar-66

rangements (Lemmens et al. (2019a); Cherkasov et al. (2021); Chen et al. (2022a); Karsanina and Gerke (2023)).67

Other works such as Chen et al. (2022b) applied simulated annealing to generate three-phase sandstone microstruc-68

tures, successfully reconstructing basic spatial patterns but with limited applicability to heterogeneous materials (Chen69

ORCID(s): 0009-0004-1820-9707 (.A. Aouf)
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et al. (2022b); Lemmens et al. (2019b)).70

Deep generative models (Mosser et al. (2017); Feng et al. (2019b); Henkes and Wessels (2022); Feng et al. (2020);71

Jung et al. (2020); Luo et al. (2024)) have been successfully applied to binary microstructures, effectively learning72

spatial correlations and pore structures. Convolutional GANs for instance were employed to generate 2D multi-phase73

images, achieving promising results in simple and homogeneous materials such as silica and Li-ion cathodes/SOFC74

anodes (Feng et al. (2019a), Gayon-Lombardo et al. (2020)). Despite these advancements, GAN-based methods remain75

constrained by challenges such as mode collapse, unstable training dynamics, and limited generalization to highly76

heterogeneous 3D structures.77

An alternative generative approach that rapidly became the state-of-the-art image generative model is Denoising78

Diffusion Probabilistic Models (DDPMs). Unlike Generative Adversarial Networks (GANs), which employ an adver-79

sarial learning process where a generator competes against a discriminator, DDPMs adopt a probabilistic denoising80

approach. Instead of directly building a direct mapping between a latent space and the image space, a DDPM starts81

with pure Gaussian noise and gradually refines it through a series of denoising steps, ultimately producing a sample in82

the image space (Ho et al. (2020a); Nichol and Dhariwal (2021); Dhariwal and Nichol (2021)). This iterative refine-83

ment process allows DDPMs to avoid common pitfalls of GANs. In our previous work (Aouf et al. (2025)) we showed84

that DDPM outperforms classical GANs for the generation of a binary clay microstructure. However, the capability85

of DDPMs for multi-phase 3D microstructure generation—especially for highly heterogeneous materials—remains86

largely unexamined.87

A particularly relevant development in diffusion-based multi-phase microstructure generation is the Latent Diffu-88

sion Model (LDM) proposed by Baishnab et al. (2025). Their work introduced conditioning on phase fraction, allowing89

the model to generate structures with controlled phase distributions (Baishnab et al. (2024)). While this represents an90

important advancement, their approach has two key limitations: (1) it was not tested on heterogeneous microstructures,91

and (2) it relied on an autoencoder, meaning that the generated quality depends on both the autoencoder’s ability to92

compress and reconstruct latent data and the diffusion model’s ability to learn meaningful representations.93

In this study, we evaluate the performance of DDPMs (Ho et al. (2020a)) and two popular GAN-based approaches,94

namely WGAN-GP (Gulrajani et al. (2017)) and iWGAN (Chen et al. (2021)), in generating clay and cement paste95

3D multiphase microstructures. We focus on three materials with increasing structural complexity: compacted illite96

clay, which is relatively homogeneous; Boom Clay, which exhibits a higher level of heterogeneity; and cement paste,97

which shows the highest level of heterogeneity. By comparing these models across structural fidelity, phase distribution98

accuracy, and training stability, this study provides new insights into the applicability of generative models for realistic99

multi-phase 3D material reconstruction.100

The remainder of this paper is structured as follows. Section 2 describes the methodology and implementation101

A.Aouf: Submitted preprint Page 2 of 18



Reconstruction of 3D multiphase microstructures using denoising diffusion models

aspects, detailing the datasets, preprocessing steps, model architectures, and training procedures. Section 3 presents102

a comparative evaluation of the GAN and diffusion-based generative models based on qualitative and quantitative103

analyses. Section 4 discusses the results, including key observations, limitations, and potential applications of the104

proposed approach. Finally, Section 5 concludes the paper by summarizing the key findings and outlining directions105

for future research.106

2. Methodology and Implementation Aspects107

3. Methodology108

To compare GANs and DDPMs, we implement two GAN variants and a U-Net-based DDPM. All models are109

trained using identical datasets and preprocessing pipelines to ensure fair comparison.110

3.0.1. Generative Adversarial Networks (GANs)111

Generative adversarial networks (GANs) are a class of deep generative models originally introduced by Goodfellow112

et al. (Goodfellow et al. (2014)). They consist of two competing neural networks: a generator that learns to produce113

synthetic samples and a discriminator that attempts to distinguish real samples from generated ones. Through this114

adversarial process, both networks continuously improve, leading to the generation of increasingly realistic outputs.115

GANs have been widely adopted for image synthesis and microstructure generation.116

In this study, we adapt two advanced GAN variants—Wasserstein GAN with Gradient Penalty (WGAN-GP) and117

Inferential Wasserstein GAN (iWGAN)—to work with 3D volumetric data for multi-phase microstructure generation.118

These architectures were chosen for their improved training stability compared to a regular GAN.119

3.0.2. Wasserstein GAN with Gradient Penalty (WGAN-GP)120

Instead of a traditional discriminator, WGAN employs a critic Gulrajani et al. (2017), which assigns a realness score121

to generated samples rather than classifying them as “real” or “fake”. Specifically, the critic must be 1-Lipschitz—i.e.122

satisfy123

‖∇xD(x)‖2 ≤ 1 ∀ x,

in order to meet the Kantorovich–Rubinstein dual requirement for the Wasserstein-1 distance.Weight clipping was124

originally applied to enforce this by bounding each critic weight within a compact interval, but at the cost of reduced125

capacity and training pathologies.The gradient penalty in WGAN-GP instead softly penalizes deviations of ‖∇x̂D(x̂)‖2126

from unity, leading to more stable critic behavior and better sample diversity Gulrajani et al. (2017).127
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For WGAN-GP, the critic loss function is defined as:128

LD = Ex∼Pr
[D(x)] − Ez∼Pz

[D(G(z))] + �Ex̂∼Px̂

(
‖∇x̂D(x̂)‖2 − 1

)2

(1)

where D(x) is the critic output, G(z) is the generator output, Pr represents the real data distribution, Pz is the129

prior over the latent space, and � is a penalty coefficient applied to reduce the gradient related to the training of the130

discriminator when its magnitude becomes larger than 1. This situation (large discriminator gradient) is likely to occur131

switching from training the generator to training the discriminator.132

3.0.3. Inferential Wasserstein GAN (iWGAN)133

While WGAN-GP improves training stability, mode collapse (where the generator produces only a limited subset134

of possible structures) remains a concern. To address this, Inferential Wasserstein GAN (iWGAN) (Chen et al. (2021))135

extends the WGAN framework by incorporating an encoder network, which maps samples to latent representations.136

This mapping helps improve latent space organization. The iWGAN process can be seen in figure 1.137

Unlike traditional GANs, where the generator maps latent vectors to synthetic samples, iWGAN introduces an138

encoderQ that estimates the latent code z from real data samples x, ensuring that the generator can faithfully reconstruct139

training distributions. The iWGAN training objective consists of three loss components:140

1. Critic Loss (Wasserstein Distance):141

LD = Ex∼Pr
[D(x)] − Ez∼Pz

[D(G(z))] (2)

2. Generator Loss (Minimizing Critic Score for Generated Samples):142

LG = −Ez∼Pz
[D(G(z))] (3)

3. Encoder Loss (Ensuring Consistency in the Latent Space):143

LQ = Ex∼Pr
[‖x − G(Q(x))‖2] (4)

where Pr denotes the real–data distribution and Pz denotes the prior distribution over latent vectors z.144

The total iWGAN loss function combines these components:145

LiWGAN = LD + �GLG + �QLQ (5)
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where �G and �Q are weighting factors that balance the contributions of each term. The encoder network is only146

used during training to enhance the quality of the learned latent space; inference remains identical to a standard GAN.147

3.0.4. Denoising Diffusion Probabilistic Models (DDPMs)148

Denoising Diffusion Probabilistic Models (DDPMs), introduced by Ho et al. (2020b), provide a powerful frame-149

work for generating high-fidelity synthetic data by learning a gradual denoising process. Unlike adversarial approaches150

such as GANs, which generate samples in a single pass, DDPMs iteratively refine an initial Gaussian noise sample151

through a series of denoising steps, progressively reconstructing complex structures. The diffusion process is formu-152

lated as a Markov chain of T steps, where Gaussian noise is incrementally added to a real data sample until the original153

structure is entirely obscured. This forward process is adopted to generate the training samples that will be considered154

to learn the denoising model, i.e. a model that is able to generate novel samples from arbitrary noise. The forward155

process works as follows:156

q(xt|xt−1) =  (xt;
√
1 − �txt−1, �tI) (6)

where xt is the noised image at timestep t, xt−1 is the previous timestep, and �t controls the amount of noise added.157

The sequence {�t}
T
t=1

determines the rate of information loss throughout diffusion. The schedule refers to the specific158

way in which the noise levels �t are arranged over time, shaping the difficulty and dynamics of both the forward and159

reverse processes. The two commonly used schedules are:160

• Linear schedule: �t = �0 + t(�T − �0)∕T161

• Cosine schedule:162

�t =
f (t)

f (0)
where f (t) = cos

(
t∕T + s

1 + s
∗
�

2

)2

(7)

163

�t = 1 −
�t

�t − 1
(8)

where t is the current timestep and T is the total number of timesteps (Nichol and Dhariwal (2021)). These schedules164

determine how rapidly the real structure is corrupted during the diffusion process.165

In the reverse diffusion process, a deep neural network is trained to denoise the corrupted data, progressively166

reconstructing the original microstructure. We employ a 3D U-Net-based architecture (Ronneberger et al. (2015)) that167
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predicts the noise component �, to learn the inverse function p�(xt−1|xt), formulated as:168

p�(xt−1|xt) =  (xt−1;��(xt, t),Σ�(xt, t)) (9)

where �� and Σ� are the predicted mean and variance of the noise distribution. The network is trained using a mean169

squared error (MSE) loss between the predicted noise and the actual noise added during the forward diffusion process:170

171

 = Ex0,�,t

[
||� − ��(xt, t)||2

]
(10)

where � ∼  (0, I) represents Gaussian noise.172

The DDPM training and sampling pipelines are described in Algorithms 1 and 2. The training phase consists of173

learning to predict the added noise, while the sampling phase generates 3D microstructures by iteratively reversing the174

noise addition process. Figure 2 illustrates the noising and denoising processes.175

Algorithm 1 Training a Diffusion Model

Require: Training dataset X, noise schedule {�t}
T
t=1

1: for each training iteration do

2: Sample a mini-batch x0 ∼ X

3: Sample t ∼ Uniform({1,… , T })

4: Sample noise � ∼  (0, I)

5: Compute noised data xt =
√
�tx0 +

√
1 − �t�, where �t = 1 − �t

6: Update model parameters by optimizing the loss:

 = Ex0,�,t

[
||� − ��(xt, t)||2

]

7: end for

Algorithm 2 Sampling from a Diffusion Model

Require: Trained model �� , noise schedule {�t}
T
t=1

1: Initialize xT ∼  (0, I)

2: for t = T , T − 1,… , 1 do

3: Sample noise � ∼  (0, I) if t > 1, else � = 0

4: Compute:

xt−1 =
1

√
�t

(
xt −

1 − �t√
1 − �̄t

��(xt, t)

)
+
√
�t�

where �̄t =
∏t

s=1
�s

5: end forreturn x0

A.Aouf: Submitted preprint Page 6 of 18



Reconstruction of 3D multiphase microstructures using denoising diffusion models

3.0.5. Known limitations of GANs and DDPMs176

Both GANs and DDPMs come with inherent challenges that impact their effectiveness.177

Despite their ability to generate high-resolution samples efficiently, GAN-based models face several critical issues:178

• Training instability: The adversarial nature of GANs can lead to highly unstable training, requiring careful179

hyperparameter tuning to prevent oscillating loss dynamics or generator-discriminator imbalances.180

• Mode collapse: GANs sometimes fail to represent the full diversity of the training data, generating only a181

limited subset of possible structures. While iWGAN partially mitigates this, underrepresentation of certain182

phases remains an issue in multi-phase materials.183

These challenges motivated the need for alternative generative approaches, such as DDPMs, which offer a more184

structured, progressive generation process.185

DDPMs provide several advantages over GANs, including training stability and better long-range consistency.186

However, their iterative nature introduces several drawbacks:187

• Computational Cost: Unlike GANs, which generate images in a single step, DDPMs require iterative denoising188

over thousands of steps, making them significantly slower and more computationally expensive.189

• Sampling Latency: The multistep sampling process makes DDPMs impractical for real-time applications, es-190

pecially for high-resolution 3D microstructures, though, this is not important in our application.191

In summary, GANs offer faster sample generation but suffer from training instability and artifacts presence (Noguchi192

and Inoue (2021); Borji (2021)), while DDPMs provide an easier training process and cleaner generated images at the193

cost of higher computational demands and longer sampling times.194

4. Experimental validation195

4.1. Dataset and Preprocessing196

To train and evaluate the considered generative models, we use three datasets with increasing levels of heterogene-197

ity. The datasets consist of one 3D scan per material acquired using Focused Ion Beam Scanning Electron Microscopy198

(as thoroughly explained Sezen (2016)), which captures 2D slices of the samples that can be stacked to obtain the 3D199

image. The considered images are:200

• Compacted Illite Clay: This image is of 1096x1095x182 dimensions and voxel size of 15nm x 15nm x 5nm.201

This microstructure is made of three phases (pore, clay matrix, minerals) and is relatively homogeneous and202

isotropic, with a subvolumes having very close phase proportions (Gaboreau et al. (2016)) (See figure 3a).203
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• Boom Clay: Boom Clay is a natural geological formation with a complex pore network (Honty et al. (2021);204

Zeelmaekers et al. (2015); Yu et al. (2013); Hemes et al. (2013)). The image dimensions are 670x670x670 with205

a voxel size of 5nm x 5nm x 5nm, and it also consists of three phases (pore, clay matrix, minerals) (See figure206

3b).207

• Cement paste: The image of size 887x1114x1519 and voxel size of 5nm x 5nm x 5nm and exhibits complex208

structure and artifacts from imaging, with four phases: pore, hydrated cement, unhydrated cement, and minerals.209

Figure 3c shows the full image. It is worth noting that due to the very minimal presence of the minerals phase,210

we decided to omit it since it negatively impacted the quality of the generated images.211

Each image undergoes the same preprocessing pipeline to construct the training and validation datasets. However,212

due to the limited number of available horizontal 2D slices per 3D image and the fact that their sizes are below the213

Representative Elementary Volume (REV), both training and validation samples are extracted from the same original214

image. This validation dataset allows us to evaluate the models’ ability to faithfully reconstruct the microstructural215

patterns observed in the provided images, without implying performance on other scans. Validation against external216

scans will be pursued in future work. The preprocessing pipeline is as follows:217

1. Segmentation: Multi-threshold segmentation was applied to the SEM images to distinguish between multiple218

phases. By selecting representative points from each phase, the method enabled phase-specific clustering based219

on grayscale intensity.220

2. Downsampling: The images are downsampled by a factor of two using averaging. The downampling is done to221

reduce voxel sparcity and include more structures in the extracted blocks.222

3. Multi-phase Encoding: The multi-phase data is represented as a one-hot encoded tensor, allowing generative223

models to learn distinct phase distributions. This process augments the memory requirements, since a three-224

phase image is then represented as two cubes.225

4. 3D Cropping: To ensure coverage over the full-size scans, we extract random 3D patches of size 643. We226

avoided using rotation, stretching, and skewing to preserve the microstructures and their orientation.227

4.2. Evaluation Methods228

To assess the quality of the generated 3D multi-phase microstructures and compare the performance of different229

generative models, we employ a combination of visual analysis, statistical descriptors, phase-fraction comparison,230

Minkowski fonctionals, and deep-learning-based similarity measures. The evaluation methodology are explained as231

follows:232
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4.2.1. Visual Inspection233

A first qualitative assessment is conducted by visualizing the generated samples in multiple formats, allowing for234

direct comparison of their spatial organization, phase distribution, and overall structural coherence, among the tested235

generative methods.236

• A series of renders of 3D generated samples.237

• A series of 2D slices cut through the generated volumes.238

4.2.2. Quantitative metrics239

To comprehensively evaluate generation quality, a set of different quantitative criteria are used to complement240

visual inspection.241

Structural Descriptors We implemented three key statistical descriptors commonly used in microstructure charac-242

terization (see Torquato and Haslach (2002)):243

• Two-Point Probability Function S
(i)

2
(r): This function quantifies the probability that two points, separated by a244

distance r, belong to the same phase i.245

• Lineal Path Function L(i)(r): This function measures the probability that a linear segment of length r remains246

entirely within phase i, capturing phase connectivity and continuity.247

• Connectivity Function Ck(r): This function calculates the probability that two points, separated by a distance r,248

belong to the same connected cluster, providing insights into phases’ cluster sizes.249

These metrics are computed for randomly selected slices from the generated and ground truth samples, on all250

orientations (XY, XZ, and YZ) to capture anisotropic features. A lag distance of 32 voxels is used to analyze phase251

correlations over spatial scales. To optimize computation time, a 1D vector approximation method is applied, where252

we flatten any selected 2D slice into a 1D vector.253

Minkowski Functional Analysis We employ Minkowski functionals, which are robust, additive, and translation-254

invariant morphological descriptors (See Mecke (2000); Ohser and Mücklich (2000); Michielsen and de Raedt (2001)).255

We implemented four functionals:256

• Volume: Quantifies the total amount of space occupied by a given phase. It provides a basic measure of material257

composition.258

• Surface Area: Measures the total interfacial area between different phases. It is particularly important for259

understanding surface-driven phenomena such as diffusion, reaction kinetics, or phase interactions.260
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• Integrated Mean Curvature (Mean Breadth): Captures the average curvature and roughness of the phase261

interfaces. This functional is sensitive to the morphology of the microstructure, such as the presence of rounded262

or sharp features.263

• Euler Characteristic: Describes the topological complexity of the structure, including the number of isolated264

regions, tunnels, and voids. It provides insight into the connectivity and percolation behavior of phases.265

A single threshold measurement is insufficient for capturing the multiscale nature of complex microstructures.266

Therefore, we perform a morphological sweep by dilating the binary image with a spherical structuring element (ball)267

of increasing radius r. This generates a family of Minkowski functional curves,268

F (r) (with F ∈ {Volume, Surface Area, Mean Breadth, Euler Characteristic}),269

which reveal:270

• Scale-Dependent Geometry or how the microstructural features evolve with r.271

• Connectivity Transitions as reflected by changes in the Euler characteristic indicating percolation or isolation.272

• Interface Complexity as shown by variations in surface area and curvature that distinguish smooth from rough273

boundaries.274

Phase Fraction Analysis The phase fractions of the generated and real microstructures are compared using ternary275

diagrams. Ternary diagrams, also known as triangular plots, are graphical representations that display the proportions276

of three components in a system that sum to a constant value, typically 100% or 1.0. Each point within the triangle277

represents a specific compositional mixture of the three phases, with the distance from each side proportional to the278

fraction of the corresponding component. These plots are valuable for visualizing and comparing the multi-phase279

compositional distributions between ground truth and generated microstructures.280

Deep Learning-Based Similarity Metrics To further measure the similarity between real and generated mi-281

crostructures, we employ deep-learning-based feature embeddings extracted using InceptionV3 (Szegedy et al. (2015)),282

a convolutional neural network trained on the ImageNet (Deng et al. (2009)) dataset. These embeddings capture high-283

level descriptions of structural characteristics as observed by a neural-network, enabling statistical comparisons be-284

tween real and synthetic distributions. We used two methods to calculate the similarity between the generated samples285

and the ground truth:286

• The Fréchet Inception Distance (FID) score quantifies the distance between the feature distributions of real and287
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generated images (Heusel et al. (2017)):288

FID = ‖�r − �g‖2 + Tr(Σr + Σg − 2(ΣrΣg)
1∕2), (11)

where �r,Σr are the mean and covariance of feature embeddings from real microstructures, and �g ,Σg are the289

same statistics computed for generated samples. Lower FID scores indicate a closer resemblance between real290

and synthetic data.291

• The cosine similarity between two feature vectors A and B is given by:292

Cosine Similarity =
A ⋅ B

‖A‖‖B‖
. (12)

This metric ranges from -1 to 1, where 1 indicates identical feature orientations, 0 indicates orthogonality, and -1293

indicates completely dissimilar structures. By constructing a Cosine Similarity Matrix, we analyze the pairwise294

relationships between real and generated microstructures.295

Whereas the FID score captures both mean (first-order) differences and covariance (second-order) differences in296

the feature space, cosine similarity directly evaluates the alignment between individual feature vectors, focusing on the297

direction of feature embeddings rather than their magnitude or distribution. By combining both metrics, we should298

obtain a comprehensive evaluation of the generated samples quality.299

5. Results and Discussion300

This section presents and analyzes the results of the multi-phase 3D microstructure generation using our considered301

GANs (WGAN-GP, iWGAN) and DDPMs. As written above, the performance of each model is evaluated using visual302

inspection together with a series of qualitative metrics related to structural fidelity, phase distribution accuracy and303

statistical similarities between real and generated samples.304

5.1. Visual Inspection305

Figures 4, 5, and 6 illustrate a 3D side-by-side comparison between the real and generated samples for compacted306

illite, Boom Clay, and cement paste, respectively. Each column presents a set of samples produced in the same way307

(either by cropping the real sample, or by sampling using one specific generative model with different input noise z).308

As a consequence, the similarity should be envisioned across set of samples. From visual assessement, it is observed309

that DDPM samples more closely resemble the ground truth sample across the three tested microstructures, compared310

to the GAN based models. WGAN-GP samples though looking noisy, tend to also show some resemblance to the311
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ground truth structures, albeit with some samples being total noise. While the iWGAN realizations look less noisy,312

their structures resemble the ground truth structures the less among the tested models.313

Figures 7, 8, and 9, compare ground truth illite, Boom Clay, and cement paste image slices to generated ones.314

The DDPM-generated slices (b) across the three tested lithologies capture much of the large-scale structure and con-315

nectivity, though we observe a less frequent appearance of medium to small size pores and minerals in the boom316

clay samples compared to the ground truth. In contrast, WGAN-GP (c) often introduces higher noise levels, yielding317

speckle-like artifacts and fragmentations that obscure finer features, yet, its slices resemble the ground truth better than318

those produced by the iWGAN. Indeed, the iWGAN (d) results display low fidelity across all microstructures, with319

phases forming smaller pores or subtle grains in illite and boom clay samples, and unrealistic structures for cement320

paste.321

5.2. Structural descriptors analysis322

The structural descriptors provide quantitative information about spatial organization and phase connectivity ob-323

served in the qualitative analysis. Figures 10, 11, and 12 present the two-point probability function, lineal path function,324

and connectivity function for each considered material.325

The results indicate that DDPMs structural descriptors align with that of the ground truth in most cases, indicating326

a preserved phase continuity across all materials. The two-point probability function analysis reveals that DDPM-327

generated microstructures honors phase spatial correlation better than their GAN-generated counterparts. The lineal328

path function shows that continuous pathways are more frequently preserved in DDPM samples, especially for the329

pore phase. WGAN-GP and iWGAN samples, on the other hand, display a decent alignment in some cases but with330

some inconsistencies and divergences for compacted illite and cement paste, where lineal paths were occasionally331

interrupted by artifacts in phase transitions. Furthermore, we notice that iWGAN consistently shows lower alignment332

with the ground truth.333

5.3. Minkowski functionals analysis334

Overall, the Minkowski functional curves (Figures 13, 14, 15) reveal that each generative model reproduces differ-335

ent aspects of the microstructure with varying degrees of fidelity, but the DDPM appears to capture bulk morphological336

characteristics (such as overall porosity and average pore size) more consistently across most dilation radii. This is337

evident from the “Volume vs. Radius” and “Mean Breadth vs. Radius” plots, where DDPM’s curves remain closer to338

the ground truth for both the pore phase and solid phases, indicating a more accurate replication of large-scale features339

and connectivity. The WGAN and IWGAN methods, while often competitive, show more pronounced deviations in340

specific radius ranges, suggesting either over or under-estimation of fine-scale pore throats or interface roughness.341
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5.4. Phase Fraction analysis342

A key requirement for generating realistic microstructures is accurately reproducing phase fractions. Figure 16 uses343

ternary diagrams to compare phase distributions for compacted illite, Boom Clay, and cement paste across different344

generative models. The ternary plots reveal distinct performance patterns for each approach. DDPM consistently gen-345

erates phase compositions that cluster closest to the ground truth across all three materials. While maintaining similar346

density and distribution patterns, DDPM exhibits increased variance compared to ground truth, particularly noticeable347

in compacted illite and Boom Clay samples. Despite this deviation, DDPM demonstrates the strongest compositional348

fidelity overall. WGAN-GP shows variable performance across materials. For compacted illite, it achieves decent349

overlap with ground truth data, though with noticeably wider scatter. In Boom Clay samples, some WGAN-GP points350

fall within the ground truth cluster, but the center of mass shifts away from the reference distribution. Cement paste re-351

sults of were dispersed extensively across the ternary space, indicating poor compositional control. iWGAN displays a352

strong bias toward clay matrix generation in clay-based materials, failing to capture the compositional diversity present353

in ground truth samples. For cement paste, iWGAN produces distributions nearly as scattered as WGAN-GP, indicat-354

ing similar difficulties in maintaining realistic phase relationships. These ternary comparisons demonstrate that, while355

accurately replicating the characteristics of multi-phase materials remains challenging for all generative approaches,356

DDPMs clearly outperform GAN-based methods in reproducing realistic phase distribution.357

5.5. Similarity assessment using deep learning embeddings358

A feature-based similarity assessment was conducted using deep-learning embeddings from InceptionV3. Table 1359

presents the Fréchet Inception Distance (FID) and Cosine Similarity scores for each model.360

The results indicate that DDPMs consistently achieved the lowest FID scores across all material strucutres, con-361

firming that the generated microstructures closely align with the real data distribution. Lower FID scores suggest that362

the overall feature statistics of DDPM-generated samples resemble those of the real microstructures more closely than363

those of GAN-based models. Cosine similarity analysis further supports this observation, with DDPMs achieving the364

highest similarity scores to real samples, followed by iWGAN and WGAN-GP.365

The relatively higher FID scores of GANs indicate that they introduce greater variation in structural features com-366

pared to DDPMs. This variation may stem from the artifacts in the generated samples or misalignment in their struc-367

tures compared to the ground truth data.368

6. Conclusions369

This study evaluats the performance of generative models(DDPMs, WGAN-GP, and iWGAN) in reconstructing370

3D multi-phase microstructures of compacted illite, Boom Clay, and cement paste. Our results demonstrate that, for371
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Table 1

Comparison of DDPM, WGAN-GP, and iWGAN on FID Score and Cosine Similarity across different materials. Lower
FID scores indicate better structural similarity, while higher Cosine Similarity scores (closer to 1) suggest greater feature
alignment.

Material Model FID Score ↓ Cosine Similarity ↑

Compacted Illite

DDPM 2.8 0.998

WGAN-GP 4.7 0.975

iWGAN 5.9 0.978

Boom Clay

DDPM 12.9 0.99

WGAN-GP 15.7 0.99

iWGAN 21.6 0.89

Cement Paste

DDPM 2.09 0.998

WGAN-GP 11.7 0.984

iWGAN 4.4 0.994

the considered materials, DDPMs consistently outperform GANs in preserving structural fidelity, phase connectivity,372

and statistical similarity to real microstructures. The diffusion-based approach effectively maintains long-range spa-373

tial correlations and accurately reproduces phase fractions, making it particularly suitable for complex heterogeneous374

materials.375

While the tested GANs, particularly WGAN-GP, produced sharp phase boundaries, they also exhibited phase376

discontinuities and inconsistencies in highly heterogeneous systems.377

Overall, DDPMs appears to be the most reliable option for generating realistic 3D multi-phase microstructures,378

particularly for applications requiring detailed structural preservation. Future research could explore hybrid approaches379

that integrate the accuracy of diffusion and the flexibility of adversarial training to further enhance generation quality380

and efficiency.381
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Code availability section382

All models are trained on an NVIDIA A100 Tensor Core GPU, the software packages used are:383

• Source code: https://github.com/40uf411/3DMPDDPM384

• Python 3.10 as a programming language.385

• Training time of about 24h.386

• PyTorch for models implementation, training, and sampling.387

• Numpy for samples representation.388

• scikit-image and OpenCV for image processing.389

• CherryMSA for samples analysis and visualization.390

Statements and Declarations Christophe De Vleeschouwer is a Research Director of the Fonds de la Recherche391

Scientifique – FNRS.392
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Figure 1: This figure depicts the iWGAN framework, where an encoder maps ground truth data to an embedding, a
generator reconstructs it, and a discriminator evaluates the realism score to improve generation quality.
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Figure 2: Illustration of the DDPM process. The forward diffusion gradually corrupts an image by adding noise at each
step, while the reverse process reconstructs the original structure by denoising in multiple stages.
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(a) Original 3D sample of compacted il-
lite

(b) Original 3D sample of Boom Clay

(c) Original 3D sample of Cement paste

Figure 3: The original 3D samples of compacted illite (Left sub-figure) and Boom Clay (Middle sub-figure) and Cement
paste (Right sub-figure).
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(a) Ground Truth (b) DDPM (c) WGAN-GP (d) iWGAN

Figure 4: Visual comparison of ground truth compacted illite samples to DDPM, WGAN-GP, and iWGAN generated
samples. Black represents the play matrix, white are the minerals, and gray are the pores.
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(a) Ground Truth (b) DDPM (c) WGAN-GP (d) iWGAN

Figure 5: Visual comparison of ground truth Boom Clay samples to DDPM, WGAN-GP, and iWGAN generated samples.
Black represents the play matrix, white are the minerals, and gray are the pores.
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(a) Ground Truth (b) DDPM (c) WGAN-GP (d) iWGAN

Figure 6: Visual comparison of ground truth cement paste samples to DDPM, WGAN-GP, and iWGAN generated samples.
Black represents the play matrix, white are the minerals, and gray are the pores.
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(a) Ground truth multi-phase slices of compacted illite (b) Multi-phase slices of DDPM-generated compacted illite

(c) Multi-phase slices of WGAN-GP-generated compacted
illite

(d) Multi-phase slices of iWGAN-generated compacted il-
lite

Figure 7: Comparison of multi-phase grid-slices of ground truth compacted illite to DDPM, WGAN-GP, and iWGAN
generated ones.
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(a) Ground truth multi-phase slices of Boom Clay (b) Multi-phase slices of DDPM-generated Boom Clay

(c) Multi-phase slices of WGAN-GP-generated Boom Clay (d) Multi-phase slices of iWGAN-generated Boom Clay

Figure 8: Comparison of multi-phase grid-slices of ground truth Boom Clay to DDPM, WGAN-GP, and iWGAN generated
ones.
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(a) Ground truth multi-phase slices of cement paste (b) Multi-phase slices of DDPM-generated cement paste

(c) Multi-phase slices of WGAN-GP-generated cement
paste (d) Multi-phase slices of iWGAN-generated cement paste

Figure 9: Comparison of multi-phase grid-slices of ground truth cement paste to DDPM, WGAN-GP, and iWGAN generated
ones.

A.Aouf: Submitted preprint Page 29 of 18



Reconstruction of 3D multiphase microstructures using denoising diffusion models

Connectivity function Lineal path function Probability function
P
o
re

C
la

y
M

in
e
ra

l

Figure 10: Comparison of structural descriptor functions for the three phases of multi-phase compacted illite. Each row
shows one phase; top to bottom: Pores, Clay, Mineral; and each column one descriptor; left to right: Connectivity,
Lineal path, Probability. Within each subplot, the curves represent the ground truth sample (green), and realizations
generated by DDPM (orange), iWGAN (blue), and WGAN-GP (pink), plotted the frequencies (y-axis) as a function of
spatial lag distance (x-axis). The dashed lines show the means, while the dotted lines and shaded areas represent the
spread (variability).
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Figure 11: Comparison of structural descriptor functions for the three phases of multi-phase Boom Clay. Each row shows
one phase; top to bottom: Pores, Clay, Mineral; and each column one descriptor; left to right: Connectivity, Lineal

path, Probability. Within each subplot, the curves represent the ground truth sample (green), and realizations generated
by DDPM (orange), iWGAN (blue), and WGAN-GP (pink), plotted the frequencies (y-axis) as a function of spatial
lag distance (x-axis). The dashed lines show the means, while the dotted lines and shaded areas represent the spread
(variability).
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Figure 12: Comparison of structural descriptor functions for the three phases of multi-phase cement paste. Each row
shows one phase; top to bottom: Pores, Unhydrated cement, Hydrated cement; and each column one descriptor; left to
right: Connectivity, Lineal path, Probability. Within each subplot, the curves represent the ground truth sample (green),
and realizations generated by DDPM (orange), iWGAN (blue), and WGAN-GP (pink), plotted the frequencies (y-axis)
as a function of spatial lag distance (x-axis). The dashed lines show the means, while the dotted lines and shaded areas
represent the spread (variability).
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(a) Minkowski functional curves for pores phase.

(b) Minkowski functional curves for minerals phase.

(c) Minkowski functional curves for clay matrix.

Figure 13: Multiscale Minkowski Functional Analysis of compacted illite. The figure presents the evolution of four
Minkowski functionals—volume, surface area, integrated mean curvature (mean breadth), and Euler characteristic—as a
function of the dilation radius applied to binary microstructure data. The curves are obtained by performing a morphological
sweep (using spherical dilation) on each 3D sample (averaged over 150 samples per source) and computed separately for
individual phases. Within each subplot, the curves represent the ground truth sample (green), and realizations generated
by DDPM (orange), iWGAN (blue), and WGAN-GP (pink).
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(a) Minkowski functional curves for pores phase.

(b) Minkowski functional curves for minerals phase.

(c) Minkowski functional curves for clay matrix.

Figure 14: Multiscale Minkowski Functional Analysis of Boom Clay. The figure presents the evolution of four Minkowski
functionals—volume, surface area, integrated mean curvature (mean breadth), and Euler characteristic—as a function of
the dilation radius applied to binary microstructure data. The curves are obtained by performing a morphological sweep
(using spherical dilation) on each 3D sample (averaged over 150 samples per source) and computed separately for individual
phases. Within each subplot, the curves represent the ground truth sample (green), and realizations generated by DDPM

(orange), iWGAN (blue), and WGAN-GP (pink).
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(a) Minkowski functional curves for pores phase.

(b) Minkowski functional curves for hydrated phase.

(c) Minkowski functional curves for unhydrated matrix.

Figure 15: Multiscale Minkowski Functional Analysis of cement paste. The figure presents the evolution of four Minkowski
functionals—volume, surface area, integrated mean curvature (mean breadth), and Euler characteristic—as a function of
the dilation radius applied to binary microstructure data. The curves are obtained by performing a morphological sweep
(using spherical dilation) on each 3D sample (averaged over 150 samples per source) and computed separately for individual
phases. Within each subplot, the curves represent the ground truth sample (green), and realizations generated by DDPM

(orange), iWGAN (blue), and WGAN-GP (pink).
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Figure 16: Ternary diagrams of materials composition. Each row shows one material; top to bottom: Compacted Illite, Boom Clay, Cement Paste. Within
each ternary diagram, the points represent compositional distributions of the three phases, with colors indicating different data sources: ground truth samples
(green), and microstructures generated by DDPM (orange), WGAN-GP (pink), and iWGAN (blue). The position of each point within the triangle represents the
relative proportions of the three phases, with clustering patterns revealing how accurately each generative model reproduces the compositional constraints of the
reference materials.
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