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HIGHLIGHTS

+ Novel deep learning workflow for 3D characterization from 2D images.

« Precise segmentation and reconstruction of latex aggregates from in-situ imaging.
- Digital twin validated on synthetic data with 5% error on key features.

« Demonstrated feasibility on real industrial latex aggregate data.

+ Adaptable framework for real-time particle monitoring in various industries.

ARTICLE INFO

Keywords:

Aggregate

Convolutional Neural Network (CNN)
Deep learning

Generative Adversarial Network (GAN)
Image analysis

Morphological characterization

ABSTRACT

This paper presents a workflow for estimating the 3D morphological characteristics of latex aggregates from
2D in-situ images using deep learning and stochastic geometry models. The method includes automatic
image segmentation using a Convolutional Neural Network (CNN), 3D object generation using a Generative
Adversarial Network (GAN), and estimation of 3D characteristics. Validation with synthetic datasets shows
effective size, shape, and texture characterization, with the Mean Absolute Percentage Error (MAPE) for
morphological characteristics of generated objects being around 5% at most. Application to real in-situ images
demonstrates feasibility and consistency with experimental observations, successfully generating a digital
twin of the latex aggregate population. The method’s flexibility and efficiency make it suitable for real-time
industrial applications, offering potential for process monitoring and quality control. Future work will focus
on enhancing model performance and adapting to different particle types for broader applicability in various

industrial settings.

1. Introduction

The morphological characterization of aggregates, agglomerates,
and granular objects plays a crucial role in a wide range of scientific
and industrial applications. From the pharmaceutical industry, where
particle shape and size directly impact drug delivery and efficacy [1,2],
to the field of civil engineering, where aggregate morphology influences
the strength and durability of construction materials [3], understanding
the complex relationship between morphology and material properties
is of utmost importance. In the realm of food science, the size, shape,
and texture of food particles not only affect the sensory attributes of
products but also their processing behavior and shelf life [4,5]. Simi-
larly, in the chemical and petrochemical industries, the morphology of
catalysts and adsorbents determines their performance and efficiency in
various processes [6]. Beyond traditional applications, recent advances
in artificial intelligence have revolutionized materials characterization
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across diverse domains, from ultra-high-performance concrete compos-
ites to granular systems, demonstrating the universal importance of
morphological analysis in materials science [7,8].

Traditionally, the morphological characterization of aggregates has
relied on manual methods, such as sieve analysis and microscopy,
which are time-consuming, labor-intensive, and often subjective [9].
However, with the advent of digital imaging technologies and the
increasing computational power, automated image analysis techniques
have emerged as a promising alternative [10]. These techniques enable
the rapid and objective measurement of various morphological features,
such as size, shape, and texture, from two-dimensional (2D) images of
aggregates [11,12].

In recent years, machine learning algorithms, particularly deep
learning architectures like Convolutional Neural Networks (CNNs),
have revolutionized the field of image analysis [13]. This technological
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advancement is particularly crucial as industries increasingly demand
real-time, non-destructive characterization methods that can be in-
tegrated into automated production lines. CNNs have demonstrated
remarkable performance in tasks such as object detection, segmenta-
tion, and classification, making them well-suited for the morphological
characterization of aggregates [14,15]. For instance, Zhang et al. [16]
employed a CNN-based approach to segment and classify sand particles
from 2D images, achieving high accuracy and efficiency compared to
traditional methods. Similarly, Wu et al. [17] used a CNN to estimate
the size distribution of iron ore pellets from images captured during
the pelletizing process, enabling real-time monitoring and control of
the process.

Despite the success of CNN-based methods in characterizing aggre-
gates from 2D images, they often fail to capture the three-dimensional
(3D) nature of these objects. The 2D morphological characteristics
extracted from images are inherently limited and may not provide
a complete understanding of the aggregate’s true morphology [18].
To address this limitation, researchers have explored the use of 3D
imaging techniques, such as X-ray computed tomography (CT) and laser
scanning, to obtain volumetric data of aggregates [19-21]. However,
these techniques are often expensive, time-consuming, and not suitable
for in-situ characterization of aggregates in industrial settings, although
in-situ imaging is crucial since it allows for real-time monitoring of
particle aggregation without disrupting the sample, ensuring that the
physical characteristics of the aggregates, both in 2D and 3D, are
accurately captured without deformation or preferential orientation.
This accuracy is vital for understanding and controlling the aggregation
process in various industrial applications [22].

An alternative approach to bridging the gap between 2D and 3D
morphological characterization is the concept of “digital twins” [23].
A digital twin is a virtual representation of a physical object or system
that can be used for simulation, optimization, and prediction purposes.
In the context of aggregate characterization, a digital twin would be a
3D model of the aggregate population that accurately captures its mor-
phological characteristics and can be used to estimate the properties
and behavior of the real aggregate system [24,25].

This paper proposes a novel workflow to estimate the 3D mor-
phological characteristics of latex aggregates from 2D in-situ images
by combining deep learning techniques and stochastic geometry mod-
els [26,27]. The process begins with the automatic segmentation of
in-situ images using instance segmentation models. Next, 3D voxelized
objects are generated from the segmentation masks through a deep
learning generative model. Finally, the 3D morphological characteris-
tics of the aggregates are estimated from these generated objects. The
ultimate goal is to create a digital twin of the real aggregate population
for applications in process monitoring, quality control, and product
design.

The proposed workflow is validated using synthetic aggregate popu-
lations generated by a stochastic geometrical model and photorealistic
synthetic in-situ images of latex aggregates. The synthetic images are
used to train a deep learning model for instance segmentation, namely
Mask R-CNN [28]. The segmentation model is then applied to the
synthetic in-situ images, and the resulting segmentation masks are
used as input for a Generative Adversarial Network (GAN) [29] to
generate 3D voxelized objects. The morphological characteristics of the
generated objects are compared to the ground truth to evaluate the
performance of the method.

This work contributes to the field of aggregate characterization by
providing a comprehensive framework for estimating the 3D morpho-
logical properties of aggregates from 2D images, leveraging the power
of deep learning and stochastic geometry models. The proposed method
has the potential to be applied in various industrial settings, enabling
better process control, optimization, and product development. Fur-
thermore, the concept of digital twins introduced in this paper opens
up new possibilities for the virtual exploration and manipulation of
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aggregate systems, paving the way for more efficient and sustainable
manufacturing practices [30,31].

The remainder of this paper is organized as follows. Section 2
describes the experimental setup used for capturing the in-situ im-
ages and outlines the various morphological characteristics studied.
Section 3 elaborates on the proposed methodology and the overall
structure of the study. Section 4 details the segmentation model and the
procedure for generating synthetic images. Section 5 covers the training
process of the Generative Adversarial Network. Section 6 validates the
entire workflow using synthetic datasets. Section 7 demonstrates the
application of the workflow to real images, focusing on the creation of
a digital twin of a latex aggregate population. Section 8 discusses the
advantages and limitations of the proposed method. Finally, Section 9
presents the conclusions and suggests directions for future research.

2. Data acquisition & characterization
2.1. Data acquisition

To study the aggregation process of D-480 latex particles, a series of
in-situ images were captured using a specialized experimental setup as
shown by Fig. 1. The main components of this setup include a stirred
tank, a camera, a calibration grid, and a lighting system. The stirred
tank, with a capacity of 20 L, was used to mix the latex suspension and
induce aggregation by injecting a salt solution. The tank was equipped
with a curved three-blade impeller and a two-finger baffle to ensure
proper mixing under turbulent conditions.

Images were acquired using a pco.panda 26 DS sCMOS camera with
a resolution of 5120 x 5120 pixels, covering an area of 4.6 x 4.6 cm?
with a resolution of 8.9 um/pixel. The camera was positioned in front
of the tank, focusing on a vertical plane located 5.5 cm from the tank
wall and centered on the stirring shaft. A 2D calibration grid, placed
in the focal plane, was used to convert camera pixels to metric units.
Ilumination was provided by a continuous intensity 462 nm blue LED
light source, ensuring consistent lighting conditions throughout the
aggregation process.

Series of 2000 images were captured at different times during
the aggregation process. The acquired images, as shown in Fig. 2,
provide valuable information about the 2D and 3D characteristics of the
aggregates without causing any deformation or introducing preferential
orientation. It is assumed that within each series of images, the mor-
phological characteristics of the aggregates do not evolve significantly
due to the rapid acquisition of the images.

2.2. Morphological characterization

This article focuses on characterizing the morphology of aggregates
at both the 2D level, using in-situ images, and the 3D level, using
synthetic objects generated by a generative model. Morphometric char-
acterization involves performing 2D or 3D geometric measurements
to define various morphological characteristics, as presented in Table
1. These measurements allow for the quantification of different as-
pects of the objects’ morphology, following nomenclature established
by Théodon et al. [32]. The morphological characteristics can be
categorized into three main groups:

« Size-related characteristics: These include measurements such as
area and volume, which provide information about the overall
size of the objects. In 2D, the area is calculated from the seg-
mented images, while in 3D, the volume is determined from the
voxelized representation of the objects.

Shape-related characteristics: These characteristics describe the
overall shape of the objects, such as elongation and aspect ratio.
Elongation measures the degree to which an object is elongated or
stretched, while aspect ratio compares the length of the object to
its width. These characteristics are calculated using the principal
axes of the objects in both 2D and 3D.
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Fig. 1. Illustration of the experimental setup used to capture in-situ images of the D-480 latex aggregation process, showcasing the stirred tank, camera, LED light source, and

the calibration target.

(a) 3h (b) 7h

Fig. 2. Examples of in-situ images taken during the aggregation process after 3 h (a),
after 7 h (b), and after 10 h (c).

Table 1
List of morphological characteristics used in this paper.

Parameters Symbol Definition and equation

2D & 3D parameters

Feret diameter max. Frax Longest caliper (Feret) length
Feret diameter min. Frin Smallest caliper (Feret) length
Aspect ratio AR Frin/ Frnax

2D parameters

Projected area A Area of the object

Convex area A, Area of the convex hull
Perimeter P Length of the object outline
Equivalent circle diameter ECD 2x+/A/x

Convexity Co A/A,

Circularity C 4z x A/ P?

3D parameters

Volume 14 Volume of the object

Convex volume vV, Volume of the convex hull
Volume v, Volume of the closed pores
Surface area S Area of the object surface
Equivalent sphere diameter ESD 2XV/3XV /(4rn)

Elongation e Equivalent ellipsoid elongation
Solidity SLD Vv,

Sphericity Dy 67> XV /(\xS)

» Angularity and texture-related characteristics: These characteris-
tics, such as circularity and sphericity, provide information about
the surface roughness and angularity of the objects. Circularity
measures how close the object’s shape is to a perfect circle in
2D, while sphericity measures how close the object’s shape is to
a perfect sphere in 3D. These characteristics are calculated using
the perimeter and surface area of the objects in relation to their
size.

The morphological characterization of aggregates using these mea-
surements is crucial for understanding the evolution of the aggregation
process and for validating the performance of the generative model in
creating realistic 3D representations of the aggregates.

3. Methodology
The main objective of this article is to propose a method for esti-

mating the 3D characteristics of latex aggregates from in-situ images.
The proposed method consists of three steps:

(a) In-situ images are automatically segmented using instance seg-
mentation deep-learning models.

(b) For each object detected in the in-situ images, a 3D voxelized
object is generated from the corresponding segmentation mask
using a deep learning generative model.

(c) The 3D morphological characteristics of the aggregates visible
in the in-situ images can be estimated from the characteristics
measured on the objects generated from the segmentation masks.

Consequently, the following three sections are structured as follows:

1. Two synthetic aggregate populations A and B are generated
and then used to compose photorealistic synthetic images. These
images will be used to train an automatic segmentation model,
specifically a Mask R-CNN with a ResNet101 backbone.

2. A GAN-type model is trained on independent data. This model
allows the generation of 3D voxelized objects from a 2D
grayscale image of an aggregate.

3. The generator is used to generate object populations A’ and 5’
from the data obtained by automatic segmentation of the syn-
thetic images. The distributions of morphological characteristics
of populations .A and .A’ on one hand, and 5 and B’ on the other
hand, are compared to evaluate the performance of the method.

To ensure data independence and not attribute any potential good
results to over-fitting of the generative model, two different models will
be used to generate the synthetic images and to train the GAN.

This study specifically addresses compact aggregates characteristic
of the D-480 latex, representing a well-defined morphological class
relevant to numerous industrial applications, rather than attempting
universal coverage of all possible aggregate geometries.

4. Image segmentation
4.1. Overview

This section focuses on the creation of a training dataset consisting
of synthetic aggregates, which will be used to generate photorealistic
images that closely resemble the in-situ images captured during the real
aggregation process. The synthetic images will be used to train and
evaluate the performance of the selected image segmentation model,
which will be presented in this section.

To create the training dataset, two synthetic aggregate populations,
denoted as A and 5, are generated. The synthetic aggregates will then
be used to compose photorealistic images that simulate the in-situ
imaging conditions, incorporating various challenges present in the real
images, such as object overlap, varying degrees of focus, and significant
variations in image brightness, contrast, and gray balance.

Several state-of-the-art instance segmentation architectures were
considered for the segmentation task, as they are better suited for
handling overlapping objects compared to direct segmentation methods
or semantic segmentation [33]. The architectures evaluated include:

« Mask R-CNN (He et al. [28,34]) with ResNet50 and ResNet101
backbones.
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(e) 4 RGFs

(f) Lighting

(g) Noise & Blur

Fig. 3. Sequential generation of an aggregate using an extended version of the SPHERE model: From the basic shape (a) to the final rendering (g) with progressive deformations
using 1 to 4 random Gaussian fields (b—e), enhanced by lighting and shading effects (f), and finished with noise and blur effects (g).

« YOLOV8 (Jocher et al. [35]), known for its fast execution and
ability to accurately detect objects.

« SAM (Kirillov et al. [36]), a versatile multimodal model devel-
oped by Meta Al

After evaluating the performance of these models on the synthetic
dataset, the Mask R-CNN architecture with a ResNet101 backbone was
selected as it yielded the best results. The selection was based on
both classical machine learning metrics, such as accuracy and preci-
sion, and the similarity between the distributions of 2D morphological
characteristics measured on the segmentation masks and those of the
ground truth. It was further validated through comprehensive com-
parative analysis [37], which demonstrated that while different seg-
mentation architectures show varying individual performance metrics,
their impact on final 3D morphological estimation remains statistically
equivalent, confirming the robustness of our approach to segmentation
variations.

The following subsections will provide more details on the genera-
tion of the synthetic aggregate populations, the creation of photorealis-
tic images, and the training and evaluation of the selected Mask R-CNN
model.

4.2. Construction of the training dataset

4.2.1. Synthetic images generation

The SPHERE model [26], a stochastic geometric model that gener-
ates aggregates or granular objects by deforming star-shaped objects
using random Gaussian fields, is used to create synthetic images that
closely resemble the real in-situ images shown in Fig. 2. In this study,
an extended version of the SPHERE model is employed, which uses
four Gaussian random fields (RGFs) to deform the mesh of an ellipsoid,
resulting in more realistic-looking objects. Fig. 3 illustrates the process
of creating an aggregate that will be used to compose a synthetic image.

The synthetic images are generated using the following steps:

1. For each image, a number n of aggregates is generated using the
four-RGF version of the SPHERE model, where » is determined
by a Poisson distribution with parameter A.

2. The n aggregates are spatially distributed uniformly in the final
image, with successive applications of Gaussian blur and increas-
ing brightness to simulate a depth of field effect. The image
generator thus follows a Boolean model [38].

3. Post-processing techniques, such as the application of additional
Gaussian noise and Gaussian blur, are used to obtain a more
realistic rendering.

To create the training set, two synthetic populations of aggregates,
denoted as A and B, are generated using the SPHERE model with
different size distributions. Population A follows a monomodal size
distribution, while population B follows a bimodal size distribution.
These populations are then used to generate two subsets of synthetic
images, each containing 2000 images: Dataset. 1, which resembles the
in-situ images captured after 7 h (Fig. 2(b)), is created using population
A with 4 = 80, and Dataset. 2, which resembles the in-situ images
captured after 10 h (Fig. 2(c)), is created using population B with
A = 130. Examples of synthetic images with different lighting conditions

Table 2
Comparison of FID scores between synthetic datasets and real image sets captured at
different times.

Dataset. 1 (7 h) Dataset. 2 (10 h)
FID 83.1 45.3

and aggregate concentrations are presented in Fig. 4. In total, approxi-
mately 460,000 aggregates are distributed over 4000 synthetic images,
as illustrated in Fig. 5.

4.2.2. Validation of the training dataset

To ensure the quality of the training dataset, it is essential to gener-
ate synthetic images that closely resemble the real in-situ images. This
involves carefully adjusting the parameters of the aggregate generation
model and the 3D rendering engine. A metric is needed to evaluate the
similarity between the synthetic and real images and to ensure that the
results obtained from the training data are transferable to real images.

The Fréchet Inception Distance (FID), a measure commonly used
in GAN models (Heusel et al. [39]) to assess the similarity between
synthetic and real images, is chosen as the metric. FID can generally
be considered a criterion for similarity in terms of human vision. It
calculates the Fréchet distance (cf. Dowson and Landau [40]) between
high-level features of real and generated images, extracted by a specific
layer (the last layer) of the pre-trained Inception-v3 model (Szegedy
et al. [41]). A lower FID score indicates a closer similarity between
the feature distributions of the generated and real images, suggesting a
strong resemblance of the synthetic images to the real ones.

The FID is calculated as follows:

1. All real and generated images are processed by the Inception-
v3 model to extract the high-level features contained in the last
layer.

2. The means p and covariance matrices ¥ of the features are
calculated for both sets of images.

3. The Fréchet distance between the two sets of features is calcu-
lated using their means y, and covariance matrices %,.

The explicit formula for FID is:
FID = ||, — ugll® +Tr (2,+zg-2 z,zg) D

where 4, and p, are the mean feature vectors of the real and generated
images, respectively, and X, and X, are the covariance matrices of the
features of the real and generated images, respectively.

Table 2 shows the FID scores calculated by comparing Dataset. 1
and Dataset. 2 with the real images captured at 7 h (Fig. 2(b)) and
10 h (Fig. 2(c)) of the aggregation process, respectively. Both FID scores
are below 100, which is generally considered satisfactory. However,
FID scores can vary greatly depending on the context and type of
images studied. Therefore, to evaluate the quality of the FID scores
more objectively, the sets of real images at 7 h and 10 h were ran-
domly divided into subsets of 1000 images. The average FID calculated
between these subsets of 1000 real images at 7 h and 10 h was 66.6
and 26.7, respectively, which serves as a reference point for good FID
performance for these two sets of images.
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Fig. 4. Examples of synthetic images generated using the version of the SPHERE model with four random Gaussian fields.

(a) Dataset. 1, A1 = 80

(b) Dataset. 2, Ao = 130

Fig. 5. Illustration of the two sets of 2000 synthetic images generated using the
SPHERE model.

Table 3

Summary of training parameters.
Parameter Value
Dataset split 75%/12.5%
Epochs 50
Batch size 32
Learning rate 0.001

Fig. 6 illustrates the evolution of the average FID score obtained by
comparing subsets of real images of increasing size. As the sets of real
images contain 2000 images each, only subsets of up to 1000 images
can be compared. It can be observed that the rate of decrease in the
average FID scores slows down significantly as the subset size increases,
suggesting that the FID scores are converging towards a stable value.
The decreasing FID trend reflects statistical convergence as distribution
estimates stabilize with increasing sample size. The FID scores obtained
by comparing the sets of 2000 real images with 2000 synthetic images
are close to this stable value, indicating a strong resemblance between
the synthetic and real images. Thus, the global training set, consisting
of a total of 4000 synthetic images (2000 images from Dataset. 1 and
2000 from Dataset. 2), is confirmed to have a strong resemblance to
the real images, as evidenced by the low FID scores obtained. The
parameters of the SPHERE model and image processing pipeline were
systematically calibrated to minimize FID scores between synthetic and
real images, with detailed methodology described in [37].

4.3. Model training

The training dataset consists of all images from Dataset. 1 and
Dataset. 2, with the resolution reduced from 2048 x 2048 pixels to
1024 x 1024 pixels. This reduction aims to decrease the learning and
prediction time while maintaining a high level of detail. The dataset of
4000 images is divided into three parts: 3000 images (75%) for training
and 500 images (12.5%) each for the test and validation sets (in the
same proportions for Dataset. 1 and Dataset.2). The key parameters are
summarized in Table 3.

Furthermore, the segmentation model was initialized with weights
from pre-training on the COCO dataset (Lin et al. [42]) to leverage its
large diversity of images for improved feature extraction and to ensure
good training conditions.

Table 4
Different metrics calculated for the segmentation model on the test sets of Dataset. 1
and Dataset. 2.

AP Mean IoU Accuracy Precision Recall F1 score ARE

Dataset. 1  0.67 0.807 0.999 0.900 0.917  0.890 12%
Dataset. 2 0.76  0.853 0.999 0.900 0.953 0.918 33%

4.4. Performance evaluation

To evaluate the performance of the Mask R-CNN model with the
ResNet101 backbone, the global test set is divided based on the origin
of the images, distinguishing between Dataset. 1 and Dataset. 2. The
model is evaluated separately on the two test datasets due to significant
differences in how they were generated and the appearance of the
images they contain. Dataset. 1 has an average of 80 objects per
image, with very significant variations in brightness and contrast, while
Dataset. 2 has an average of 130 objects, with significantly higher
overall brightness and blur (Fig. 5). Additionally, the size distribution
of aggregates in Dataset. 1, which is composed of the synthetic aggre-
gates referred to as population .4, follows a beta law. In contrast, the
size distribution of aggregates in Dataset. 2, consisting of the synthetic
aggregates from population B, is bimodal, resulting from a sum of
beta laws. This distinction allows for evaluating the model’s ability to
accurately identify objects of different sizes within the same image. The
usual performance measures, defined below, are then calculated, with
the results detailed in Table 4.

« Macro metrics: In the case of single-class instance segmentation,
as is the case here where the only class is aggregate, macro-
metrics (accuracy, precision, recall, F1-score) calculated from a
confusion matrix [43] evaluate the performance by considering
each detected object individually and then averaging.

IoU (Intersection over Union): A measure of the overlap between
predicted segmentation masks and real objects, with higher IoU
indicating better segmentation accuracy.

AP (Average Precision): As defined by Gu et al. [44], this is a pop-
ular measure for evaluating the balance between precision and
recall across different IoU thresholds, calculated in increments of
0.05, ranging from an IoU of 0.5 to 0.95.

ARE (Absolute Relative Error): A measure of the accuracy of ob-
ject detection by comparing the number of detected objects to
the number of real objects, with a lower ARE indicating higher
counting accuracy.

The results presented in Table 4 show that the segmentation model
performs better on Dataset. 1 than on Dataset. 2. This difference can be
attributed to the lower contrast and higher level of blur in the images
of Dataset. 2, as well as the higher object density and overlap rate.
Moreover, the absolute relative error (ARE) shows a lower detection
rate for Dataset. 2, precisely due to the large number of objects over-
lapping each other and significant lens blur. Overall, the ARE and Fig. 8
highlight the effective object detection capabilities of the segmentation
model.

In general, given the imbalance between the proportion of surface
covered by objects and the background, accuracy proves to be a less
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the test sets of Dataset. 1 and Dataset. 2.

(a) Original image (b) ResNet101

Fig. 8. Example of segmentation of an image from the test set of Dataset. 2 by the
Mask R-CNN ResNet101 model, with object detection rates similar to those presented
in the last column (ARE) of Table 4.

suitable measure for evaluating model performance. Nevertheless, the
segmentation model turns out to be reliable when considering recall
measures, which are more appropriate in this context. These metrics are
significant because they are directly related to the quality and accuracy
of the predicted segmentation masks.

However, in the context of morphological characterization of aggre-
gates, the usual metrics, although essential in the field of deep learning
(cf. Tian et al. [45]), are not necessarily suitable for evaluating the

performance of the model. This is because these metrics do not directly
assess the accuracy of the estimated morphological characteristics. For
this reason, the distributions of morphological characteristics of the
detected objects are calculated and compared to the ground truth.

The results presented in Fig. 7 demonstrate that the segmentation
model performs reasonably well, particularly in terms of the estimated
2D morphological characteristic distributions, which closely match the
ground truth for size (ECD) and shape (AR). However, some differ-
ences are observed for angularity and texture characteristics such as
circularity and convexity. These discrepancies can be attributed to the
intentionally low quality of the images and the relatively small size
of the detected objects. In such cases, even a few pixels of difference
in the segmentation masks can lead to noticeable variations in these
characteristics [46,47].

Despite these minor limitations, the overall performance of the
segmentation model is satisfactory, providing a solid foundation for
the next stage of the analysis. Indeed, the instance segmentation ar-
chitecture handles overlapping particles, and spatial homogeneity of
aggregate distributions ensures that out-of-focus detections do not bias
population-level characterization [37]. Building upon these results, the
focus now shifts to the development of a generative model capable of
transforming the segmentation masks into 3D voxelized objects. This
approach aims to bridge the gap between the 2D segmentation outputs
and the desired 3D morphological characterization of the aggregates,
enabling a more comprehensive understanding of their properties and
behavior.
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Fig. 9. Illustration of the working principle of the GAN used to generate 3D voxelized structures from grayscale 2D images. The training data is generated by the VOX-STORM

model [27].
5. 3D object generation from 2D images

Having successfully segmented the 2D images and obtained sat-
isfactory results in terms of morphological characterization, the next
challenge is to generate 3D representations of the aggregates from the
2D segmentation masks. This step is crucial for achieving a more com-
prehensive understanding of the aggregates’ properties and behavior, as
3D morphological characteristics provide valuable insights that cannot
be fully captured by 2D analysis alone.

Recent advancements in deep learning have paved the way for
powerful generative models that can learn to create realistic 3D objects
from 2D input data. These models, such as Generative Adversarial
Networks (GANs) and Variational Autoencoders (VAEs), have shown
remarkable success in various domains [48], including computer vision,
graphics, and medical imaging [49-51]. Several approaches have been
proposed for generating 3D structures from 2D slices or projections,
such as 3D-R2N2 [52], GAN-based dimensionality expansion [53],
voxel-based 3D detection and reconstruction from a single image [54],
transformer-based single image voxel reconstruction [55], and image-
to-voxel model translation with conditional adversarial networks [56].

Many of these methods are designed for everyday objects such as
cars, bicycles, furniture, or humans, and may utilize multiple images of
the same object to achieve a visually realistic reconstruction. In cases
where the objects are similar to the aggregates studied in this work,
these methods often rely on binary images as input. For instance, Gi-
annis et al. [57] propose using Convolutional Neural Networks (CNNs)
with multiple binary images to reconstruct 3D objects, and they briefly
discuss the potential of GANs for single binary image reconstruction
without providing results.

However, acquiring multiple images of a single aggregate may not
be feasible in industrial settings, and binary images may not provide
sufficient information for accurate morphological characterization. In
contrast, this section explores the application of GANs for generating
3D voxelized objects from a single grayscale 2D image. By leveraging
the ability of GANs to learn the underlying distribution of 3D shapes
and textures from a single grayscale projection, the aim is to bridge
the gap between the 2D segmentation results and the desired 3D mor-
phological characterization of the aggregates, focusing on the accurate
representation of their morphological properties.

5.1. GANs for 3D object generation

Reconstructing a 3D object from a single 2D projection is a challeng-
ing problem, as multiple 3D objects can produce the same 2D projected
image. This is because the conversion of a 3D object to a 2D image
results in a loss of information, particularly depth, making the problem
ill-posed [58] and difficult to solve [59]. Hadamard’s criteria for well-
posed problems, namely the existence, uniqueness, and stability of

the solution (i.e., the solution depends continuously on the initial
data of the problem), are not satisfied in this case. While multi-view
projections could theoretically reduce this ambiguity, the originality
and practical relevance of our approach lies precisely in addressing
the single-view constraint imposed by industrial in-situ monitoring sys-
tems. In real latex aggregation processes, as in most industrial settings,
equipment accessibility, reactor geometry, and real-time processing
requirements limit imaging to single-view configurations. The proposed
method specifically targets this industrial reality, providing a practi-
cal solution for real-world applications where multiple camera angles
are not feasible. Given this inherent non-uniqueness, the proposed
approach focuses on generating statistically probable 3D objects for
population-level morphological characterization rather than attempting
impossible unique geometric reconstruction. This probabilistic strategy
is more aligned with industrial monitoring needs, where representative
population behavior provides actionable insights for process control.

To mitigate the loss of information during the 2D projection,
grayscale images are used instead of binary images [59]. This choice
not only aligns with the real-world conditions and the way in-situ
images are captured but also aims to preserve as much information as
possible that would otherwise be lost during binarization.

Given the ill-posed nature of the problem, the focus shifts from
faithfully reconstructing the geometry of a 3D object from multiple
2D projections to generating the most probable 3D object based on a
single known 2D projection. To address this challenge, a Generative
Adversarial Network (GAN) structure, proposed by Goodfellow et al.
[29], is employed to train the generative model. GANs consist of two
models trained in parallel: a generator and a discriminator.

GANs have proven to be highly effective in generating new data
from complex distributions, such as those encountered in image analy-
sis tasks. These distributions are often characterized by high variability,
diversity, sophisticated internal structures, and non-linear relation-
ships. In the context of this work, the generator takes a grayscale
2D projected image as input and outputs a 3D voxelized object. The
discriminator, on the other hand, takes a 3D voxelized object as input
and returns a probability p € [0; 1], indicating whether the object is
from the training set (p — 1) or generated by the generator (p — 0).
Fig. 9 illustrates the working principle of these two networks.

Generator architecture. The generator is designed to transform a 2D
projected image of size 64 x 64 into a 3D voxelized structure of size
32 x 32 x 32. Its architecture consists of several 3D convolutional
layers, each followed by non-linear activation functions, typically ReLU
and LeakyReLU [60], and batch normalization layers. The final layer
uses a sigmoid activation function to produce an output in the range
[0; 1], representing the probability of voxel presence or absence. The
detailed architecture of the generator is shown in Fig. 10.
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Fig. 11. Detailed diagram of the discriminator architecture used in the GAN to evaluate the resemblance of generated 3D voxelized structures from 2D projected images with 3D

voxelized structures from the training set.

Discriminator architecture. The discriminator is responsible for distin-
guishing between the 3D structures of size 32 x 32 x 32 generated by
the generator and the real 3D structures from the training set, which
are generated by the VOX-STORM model. It employs a convolutional
neural network architecture similar to that of the generator, but with
2D convolutional layers adapted to the projected images and activation
functions such as LeakyReLU to capture discriminative features. The
final layer uses a sigmoid activation function to produce an output in
the range [0; 1], representing the probability that the object is real or
fake. The detailed architecture of the discriminator is shown in Fig. 11.

The training, testing, and validation datasets are generated us-
ing the VOX-STORM model, a stochastic geometric model proposed
by Théodon et al. [27]. This model allows for the rapid generation
of synthetic aggregates or granular objects in the form of 3D vox-
elized structures. It has been successfully employed to estimate the 3D
morphological characteristics of latex aggregates from ex-situ images,
demonstrating its ability to generate representative datasets for the
objects studied in this article.

5.2. Training

The principle of GANs is to simultaneously train the discriminator
and the generator within the same training loop, with a total loss
function depending on the predictions of both networks. The main idea
is that the discriminator should be able to easily distinguish between
real objects and those produced by the generator, helping the latter to
improve and generate objects that increasingly resemble the training
data.

5.2.1. Loss function

The loss function used in this work is a combination of the classical
GAN loss (minimax loss) and the binary cross-entropy loss (BCE) to
ensure that the generated 3D structures are realistic and close to the
real structures. The GAN loss is defined as follows:

£GAN(D’ G)= IEx~pdam(1|() [lOg D(x)]
+ Epp,@llog(1 — D(G(2)))]

In this equation, Lgan(D, G) represents the total GAN loss, D and G
denote the discriminator and generator, respectively, x represents the
real 3D images from the data distribution p,,,(x), and z represents the
2D images from the distribution p,(z), which serves as the input to the
generator G. The term log D(x) represents the probability that the real
data is recognized as real by the discriminator, while log(1 — D(G(z)))
represents the probability that the generated data is recognized as
fake by the discriminator. The combination of the GAN loss and BCE
loss helps to balance the training of the generator and discriminator,
ensuring that the generated 3D structures are both realistic and closely
match the real structures from the training set.

@

5.2.2. Training data

The training data consists of 40,000 voxelized 3D objects of size
32 x 32 x 32 generated by the VOX-STORM model, each associated
with a grayscale 2D projected image of size 64 x 64. The parameters
used to generate this dataset were chosen to obtain a good diversity of
morphological characteristics. Fig. 12 shows an example of a 3D object
from the dataset, along with its associated grayscale 2D projection.
To prevent overfitting, different light intensities and noise levels were
applied to degrade the data.
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(a) 3D Object

(b) 2D Projection

Fig. 12. Example of a 3D object of size 32 x 32 x 32 generated by the VOX-STORM
model [27] with its associated 2D projection of size 64 x 64 (grayscale image).

Table 5

Summary of optimization and data configuration parameters.
Parameter Generator Discriminator
Optimizer Adam Adam
Learning rate 2x107° 1x107°
Betas (0.5, 0.99) (0.5, 0.99)
Number of epochs 5000
Dataset size 40,000
Training proportion 70%
Validation proportion 15%
Test proportion 15%
Batch size 2048

5.2.3. Training loop

The GAN training loop involves several steps and uses specific
parameters, as shown in Table 5. The dataset of 40,000 elements is
divided into training (70%), validation (15%), and test (15%) sets, with
a batch size of 2048. The training is performed for 5000 epochs using
the Adam optimizer [61] with the parameters specified in Table 5.
During each epoch, the discriminator is trained by generating fake data
samples from the grayscale 2D images using the generator, calculating
the discriminator’s predictions for both real and generated data, and
updating its parameters based on the GAN loss defined by Eq. (2).
The generator is then trained by generating fake data samples from
the 2D images, calculating the discriminator’s predictions for these
samples, and updating its parameters based on the BCE loss between
the predictions and the real labels. At the end of the training loop, the
generator is capable of generating 3D objects from grayscale 2D images
that closely resemble the training data generated by the VOX-STORM
model.

5.3. Validation

To validate the method, independent data from the test set is used.
These data points are unknown to the generator, as only the training
and validation sets are used during the learning phase. Fig. 13 shows
some examples of 3D objects produced by the generator from grayscale
2D images from the test set. It can be observed that these generated
objects, while not entirely identical to the original 3D objects, still
exhibit strong similarities.

It is important to note that the usual metrics (accuracy, recall,
etc.) are not used for validation in this case, as the focus is solely on
estimating 3D morphological characteristics rather than reconstructing
objects. Instead, the distributions of 3D morphological characteristics
are compared by calculating their Mean Absolute Percentage Error
(MAPE), which is a measure of accuracy often used to evaluate the
predictions of deep learning models.

The MAPE is defined as the average of the absolute errors in per-
centage of the actual values and is expressed by the following formula:

n A
MAPE:lZ'u|x100 3)
ni3 Vi
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(¢) Prediction

(a) Original Object

(b) 2D Projection

Fig. 13. Comparison of 3D objects produced by the generator from 2D images from
the test set with the original 3D objects.

where:

« n is the size of the dataset,
« y; is the actual value of the ith observation,
« J; is the predicted value of the ith observation.

In the context of evaluating predictions of 3D morphological char-
acteristics, the MAPE quantifies the average difference between the
characteristics of the test set population and the characteristics of the
population produced by the generator.

Fig. 14 compares the 3D morphological characteristics of the test
set objects generated by the VOX-STORM model with those of the
objects produced by the generator from grayscale 2D images using
histogram overlays. The mean values and MAPE values are indicated
for volume V, convex volume V,, solidity SLD, and elongation of the
equivalent ellipsoid e. The results obtained are particularly satisfactory,
with relatively low MAPE values (around 5% at most), and the distribu-
tions of 3D morphological characteristics correspond strongly. A clear
difference is visible in the convex volume, which is underestimated by
the generator, and consequently, the solidity is overestimated. This can
be easily explained by the fact that we are working from a single projec-
tion, and many concave areas may be hidden. Similarly, the elongation
of the equivalent ellipsoid is also slightly overestimated for the same
reason. In a sense, the fact that the distributions do not match perfectly
is rather reassuring, as it means that the good results obtained cannot
be attributed to overfitting of the model. The systematic underestima-
tion of convex volume (MAPE: 5.90%) and overestimation of solidity
(MAPE: 4.65%) can be attributed to the inherent information loss in
single-view projection, where concave regions may be occluded. This
bias is consistent across the dataset, suggesting systematic rather than
random errors, which can be partially compensated through statistical
calibration in industrial applications.

In the previous section, an image segmentation model was trained
using the SPHERE model. Now, a generative model has been trained
to generate 3D objects from 2D images. In the following section, the
segmentation masks will be used as input to the generative model
to generate synthetic object populations A’ and B’, and their 3D
morphological characteristics will be compared to those of the original
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Fig. 14. Comparison of 3D morphological characteristics distributions between the 6000 test set objects generated by the VOX-STORM model and the 6000 objects produced by

the generator from grayscale 2D projected images.

populations A and B. It is also worth mentioning that the GAN is
trained with VOX-STORM and the segmentation model with SPHERE
to ensure independent validation and to avoid attributing any potential
good results to overfitting.

6. Complete workflow validation
6.1. Overview

The results obtained by the generative model on the test set in the
previous section demonstrate its potential for generating 3D objects
from 2D images. However, to further validate the model’s perfor-
mance and robustness, it is essential to test it under conditions that
better approximate real-world applications [62]. This section intro-
duces a more advanced validation process that utilizes synthetic images
representative of in-situ images as input data.

The motivation behind this additional validation is based on two
main considerations. First, although the test data used in the previous
section was not employed during model training, it was generated using
the same VOX-STORM model and parameters as the training data. To
eliminate any potential bias related to the data generation process [63],
this validation uses synthetic data created by a modified version of
the SPHERE model that incorporates 4 random Gaussian fields (see
Section 4.2).

Second, in real-world scenarios, the input data for the generative
model will be obtained from the segmentation of in-situ images, which
may be of poor quality and introduce significant bias. By generating
photorealistic synthetic images that mimic in-situ images and using the
segmented data as input to the generator, we can evaluate the method’s
robustness under conditions that closely resemble the application to
real in-situ images.

The proposed validation process consists of several key steps.

10

1. Firstly, two populations .A and B of synthetic objects are gener-

ated using the enhanced SPHERE model with 4 random Gaussian
fields. These objects are then rendered in 3D, and photorealistic
synthetic images are created to resemble captured in-situ images,
incorporating factors such as blur, noise, variable luminosity,
and object overlap.

. Secondly, the synthetic images are segmented using instance seg-

mentation models based on convolutional neural networks. For
each detected object, a thumbnail containing the segmentation
mask and the segmented object is isolated, resized to match the
generator’s input size (64 x 64 px), and normalized in terms of
grayscale levels.

. The generator, which was trained on data produced by the VOX-

STORM model in the previous section, is then applied to each
thumbnail, generating a corresponding 3D object. This process
allows for the constitution of two estimators .A’ and B’ of the
original populations A and B.

. To refine the generated 3D objects and prepare them for mor-

phological characterization, a post-processing step is applied.
This involves converting the voxelized objects into a point cloud
representation, applying the Marching Cubes algorithm [64], and
performing Laplacian smoothing [65]. This post-processing step
aims to eliminate artifacts and isolated voxels while preserving
the objects’ morphology and enabling surface-based analysis.

. Lastly, the distributions of 3D morphological characteristics of

the objects in the original populations .4 and /3 are compared to
those of the objects in the estimated populations A’ and B’. This
comparison allows for the assessment of the generative model’s
performance in capturing the essential morphological properties
of the objects based on their 2D projections.
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Fig. 15. Illustration of the process to validate the proposed method for estimating the 3D morphological characteristics of an aggregate population from in-situ images. Two
populations of synthetic objects are generated by the SPHERE model, photorealistic images are created and segmented, and the generator trained using the VOX-STORM model
produces a population of 3D objects from the individual projected images resulting from the segmentation.
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Fig. 16. Example of generator predictions from sub-images extracted by segmentation of photo-realistic synthetic in-situ images.

Fig. 15 provides a visual overview of the complete validation work-
flow, from the generation of synthetic objects and photorealistic im-
ages to the segmentation, 3D object generation, and morphological
characterization steps.

6.2. Results

After segmenting the synthetic images from Section 4.2, the GAN’s
generative model is used to generate the estimated synthetic popula-
tions A’ and B'. Specifically, it generates 3D objects from 64 x 64 px
thumbnails, which have been cropped, scaled, and had their grayscale
levels equalized. Fig. 16 visualizes the complete process through a
few examples and compares the morphology of the original object
generated by the SPHERE model with the generator’s prediction, after
post-processing, which corresponds to Laplacian smoothing.

To evaluate the performance of the proposed method, we compare
the distributions of 3D morphological characteristics of the objects
predicted by the generator with those of the ground truth objects
generated by the SPHERE model. The morphological characteristics
considered in this study are volume V, equivalent sphere diameter
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ESD, surface area S, elongation of the equivalent ellipsoid e, solidity
SLD, and sphericity @. Figs. 17 and 18 show the distributions and
histograms of these characteristics for both the predicted objects and
the ground truth.

To quantify the similarity between the predicted and ground truth
distributions, we use the Total Variation Distance (TVD) [66], which is
defined as follows:

EEE /

0

[p(x) — g(x)|dx C)

where p and ¢ represent the probability density functions of the com-
pared continuous distributions. The Total Variation Distance ranges
from 0 (indicating identical distributions) to 1 (denoting completely
distinct distributions). A lower TVD value indicates a higher similarity
between the distributions.

Table 6 presents the TVD values between the predicted and ground
truth distributions for each morphological characteristic and dataset.
The relatively low TVD values for most characteristics demonstrate that
the generator can accurately capture the 3D morphology of the objects
from their 2D projections, even when the input data is derived from the
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Fig. 17. Comparison of the distributions of 3D morphological characteristics predicted by the generator (GAN) and the VOX-STORM model with the ground truth corresponding
to the synthetic objects of Dataset. 1 (population .A) generated by the SPHERE model. The distributions and histograms are expressed in terms of frequency of counts and are

normalized.
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Fig. 18. Comparison of the distributions of 3D morphological characteristics predicted by the generator (GAN) and the VOX-STORM model with the ground truth corresponding
to the synthetic objects of Dataset. 2 (population /3) generated by the SPHERE model. The distributions and histograms are expressed in terms of frequency of counts and are

normalized.

Table 6

Total variation distance between the distributions of 3D morphological characteristics
predicted by the GAN and the corresponding ground truths representing the distributions
of 3D morphological characteristics of the objects generated by the SPHERE model. The
results are rounded to the nearest hundredth.

Dataset 14 N ESD e SLD Dy
Dataset. 1 0.05 0.04 0.05 0.17 0.13 0.15
Dataset. 2 0.03 0.04 0.03 0.18 0.18 0.17

segmentation of photorealistic synthetic images. This is particularly re-
markable considering that the generator was trained on data produced
by a different model (VOX-STORM) and that the segmentation process
introduces its own bias and imperfections.

The proposed method offers several advantages in terms of flexi-
bility and efficiency. Unlike other approaches that may require exten-
sive retraining or fine-tuning for each new dataset, the generator can
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quickly generate 3D objects from 2D images without any additional
training. This makes the method suitable for real-world applications
where the characteristics of the objects may vary significantly between
different datasets or over time.

Moreover, the generator’s ability to learn and generalize from a
diverse set of training data allows it to handle a wide range of object
morphologies and imaging conditions. This robustness is essential for
practical applications, where the quality and characteristics of the input
images may not always be optimal or consistent.

The results presented in this section demonstrate the effectiveness
of the proposed method in estimating the 3D morphological character-
istics of objects from their 2D projections. The generator’s performance,
as measured by the Total Variation Distance between the predicted
and ground truth distributions, highlights its potential for accurate and
efficient 3D characterization of objects in real-world settings.
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Fig. 19. Illustration of segmentation masks predicted by the Mask R-CNN model for real in-situ images.

6.3. Discussion

The results presented in the previous section demonstrate that the
proposed method, combining instance segmentation and a GAN-based
generative model, can effectively estimate the 3D morphological char-
acteristics of synthetic aggregate populations from their 2D projections.
The distributions of size and shape characteristics are particularly well
estimated, with relatively low Total Variation Distances between the
predicted and ground truth distributions. The propagation of segmen-
tation errors to 3D estimation was assessed through a Total Variation
Distance analysis, showing that population-level distributions remain
robust despite individual particle segmentation imperfections (ARE:
12-33%).

However, the performance is slightly less accurate for angularity
and texture characteristics, such as sphericity and solidity, as well as
shape characteristics, such as elongation. This can be attributed to
several factors:

« Input quality: The input to the generative model is based on
data obtained from the segmentation of synthetic images. To
resemble real in-situ images, these synthetic images are heavily
degraded, which can lead to segmentation errors [67] and impact
the generator’s predictions [68-70].

Low resolution: Although the generated images have a resolution
of 2048 x 2048 px, the aggregates themselves are very small,
which does not allow for accurate capture of their contours and
texture. Moreover, the resolution of the input images to the
generator (64 x 64) and the output (32 x 32 x 32) is extremely
low (albeit in line with the state-of-the-art [57]), which limits
the generation of objects with particularly complex angularity or
texture.

Single projection: It is important to keep in mind that the
method relies on a single projection of each object, which does
not provide a complete appreciation of the object’s geometry
[59]. This is particularly relevant when considering solidity, as
concave areas may be hidden, and especially elongation.

Despite these limitations, the proposed approach can produce re-
sults within seconds on a machine equipped with an Nvidia GeForce
RTX 3090 GPU with 24 GB of GDDR6X memory. Furthermore, the
process can be fully automated, integrating the segmentation step, and
used as-is in any situation, for any dataset, making it suitable for inte-
gration into an industrial process. The real-time processing capability
(15 ms per particle on RTX 3090 GPU) addresses the specific constraints
of continuous industrial monitoring from single in-situ projections,
representing a distinct application domain from laboratory-based 3D
reconstruction methods.

The proposed approach specifically targets the morphological char-
acteristics of compact latex aggregates with relatively high 3D fractal
dimensions [71], as typically observed in the industrial D-480 latex ag-
gregation process studied here. While real aggregates can theoretically
exhibit complex fractal or dendritic structures, the industrial observa-
tions indicate that the aggregates formed in this specific system remain
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within the morphological range captured by the models. The VOX-
STORM model used for GAN training is actually capable of generating
significantly more complex structures (higher fractal dimensions, more
intricate concavities) than those observed in this industrial context,
providing robust training coverage. Conversely, the SPHERE model
used for synthetic image generation has proven sufficient to represent
the morphological variability of aggregates encountered in this specific
industrial application. Extending to dramatically different aggregate
types (e.g., highly dendritic or fractal structures) would constitute a
different research scope and is beyond the intended application domain
of this work.

The ability of the GAN to learn and generalize from a diverse set
of training data, generated by the VOX-STORM model, allows it to
handle a wide range of object morphologies and imaging conditions.
This robustness is essential for practical applications, where the quality
and characteristics of the input images may vary significantly. Building
upon the results obtained on synthetic datasets, the next section will
focus on the application of the proposed workflow to real in-situ
images, as mentioned in Section 2.1.

7. Application

This section focuses on the application of the proposed workflow
to real in-situ images taken during the aggregation process of D-480
latex particles, as described in Section 2.1, based on the results obtained
on synthetic datasets. The goal is to apply the method to real-world
scenarios where the challenges of image quality, object overlap, and
morphological diversity are more pronounced.

7.1. Segmentation of real images

The Mask R-CNN (ResNet101) model is used to perform auto-
matic segmentation of the in-situ images. Fig. 19 shows examples of
segmented real images, and Fig. 20 presents the distributions of 2D
morphological characteristics obtained. It is evident that only the object
density evolves over time, which is consistent with the observations
made during the experimental protocol. The evolution of aggregate
size, illustrated by Fig. 20(a) (number distribution) and Fig. 20(b)
(volume distribution), is extremely limited, with a very slight increase
in the number of large objects over time. These results can be explained
in two ways:

1. As mentioned previously, it was observed during the experimen-
tal process that the evolution of the morphological characteris-
tics of the aggregates, particularly their size, was very limited.
This was primarily due to the type of latex used.

2. Image analysis generally only allows the observation of the
largest objects, typically beyond 100 pm. The camera used of-
fers a resolution of approximately 10 pm/pixel, which does
not allow for the detection of smaller objects. Unfortunately,
measurements performed in parallel by laser diffraction through
successive sampling show that a large proportion (in number)
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Fig. 21. Distributions of 3D morphological characteristics measured on the digital twin of the latex aggregate population.

of the aggregate population is between 0.1 and 1 pm. However,
these measurements do not allow for the observation of objects
beyond 1700 pm, which means that the combination of these two
types of measurements is necessary to have a global overview of
the evolution of the population morphology.

Therefore, although the distributions of morphological characteristics
do not change significantly over time, it is reassuring to note that
these results are consistent with other observations and measurements
performed in parallel with this experiment. In particular, the increasing
number of objects detected per image over time is consistent with the
increase in the proportion of objects larger than 100 pm, i.e., objects
detectable by the optical device.

7.2. Generation of a digital twin

The pre-trained GAN generator, trained on synthetic data, is used
to generate a population of voxelized objects from the data obtained
by segmenting the in-situ images. This population of synthetic objects
can be considered as a digital twin of the real population of latex
aggregates.
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The results obtained are presented in Fig. 21. The same trends
observed for the 2D distributions can be seen in the 3D morphological
characteristics. There is little evolution over time, with perhaps slightly
larger objects being generated and thus detected.

7.3. Discussion

The application of the proposed workflow to real in-situ images
of latex aggregates demonstrates the technical feasibility of estimat-
ing the 3D morphological characteristics of the aggregate population
from 2D images. Although the ground truth is not accessible in this
real scenario, the results obtained from the segmentation of in-situ
images and the subsequent generation of 3D objects using pre-trained
GAN are consistent with observations made during the experimental
process. The slow evolution of morphological characteristics over time,
observed in both 2D and 3D distributions, is in line with expectations
given the type of latex used and the limitations of image analysis in
detecting small objects. These results suggest that the proposed method
is capable of capturing the essential characteristics of the aggregate
population in real-life scenarios, although direct quantitative validation
is not possible in the absence of ground truth.
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The generation of a digital twin of the aggregate population pro-
vides several benefits for industrial applications. It enables the virtual
exploration and optimization of the aggregation process, reducing the
need for physical experiments and leading to improved product quality
and process efficiency [31,72]. Real-time monitoring and prediction of
aggregate population characteristics become possible by continuously
updating the digital twin with new in-situ images. This allows for the
early detection of deviations and the implementation of timely adjust-
ments to process parameters, ensuring consistent product quality [30,
73].

The successful application of the proposed workflow to real in-situ
images demonstrates its effectiveness in estimating the 3D morpho-
logical characteristics of latex aggregates in real-world scenarios. The
generation of a digital twin opens up new opportunities for process
optimization, control, and monitoring in industrial settings [23,74].

8. Advantages and limitations

The proposed workflow for estimating the 3D morphological char-
acteristics of latex aggregates from 2D in-situ images offers several
advantages over existing methods.

1. The combination of deep learning techniques, such as CNNs for
image segmentation and GANs for 3D object generation, with
stochastic geometry models for generating synthetic training
data, provides a comprehensive and efficient solution for char-
acterizing complex granular systems compared to traditional 2D
characterization methods [14,75] or methods based solely on
stochastic geometry [76-78]. The use of synthetic data gener-
ated by the SPHERE model for training the segmentation model
and the VOX-STORM model for training the generative model
ensures dataset independence and reduces the risk of overfitting.

2. The method is highly flexible and can be adapted to various
types of particles or aggregates with different morphological
properties. The stochastic geometry models used in this study,
SPHERE and VOX-STORM, have been shown to generate real-
istic and representative 3D structures of granular objects [27,
32], making them suitable for a wide range of applications.
Moreover, the use of grayscale images instead of binary images
as input for the generative model preserves more information
about the object’s texture and angularity [59], enabling a more
accurate reconstruction of the 3D morphology.

3. The proposed workflow is computationally efficient and can
generate 3D objects from 2D images within seconds using a GPU.
This makes the method suitable for real-time monitoring and
control of industrial processes, where the rapid characterization
of particle morphology is crucial for optimizing product quality
and process efficiency [22,79].

However, the proposed method also has some limitations that
should be acknowledged.

1. One of the main challenges is the limited resolution of the input
images and the generated 3D objects. The current state-of-the-
art for generating 3D objects from 2D images using GANs or
CNNs typically involves input images of size 64 x 64 pixels
and output objects of size 32 x 32 x 32 voxels [52,54,57].
This low resolution may not capture the fine details of the
object’s surface texture and angularity, leading to a less accurate
characterization of the 3D morphology.

2. Another limitation is the reliance on a single 2D projection of the
object for generating the 3D structure. While the use of grayscale
images provides more information than binary images, it still
does not capture the full 3D geometry of the object [59]. This
can lead to inaccuracies in the estimation of certain morpholog-
ical characteristics, such as elongation and solidity, where the
presence of concave regions or hidden surfaces can significantly
affect the measurements.
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3. Furthermore, the performance of the proposed method depends
on the quality of the input images and the accuracy of the
segmentation model. In real-world scenarios, in-situ images may
suffer from various issues, such as noise, blur, and uneven
illumination, which can affect the segmentation results and,
consequently, the quality of the generated 3D objects [68-70].
While the use of synthetic images for training the segmentation
model can help mitigate these issues to some extent, there may
still be a domain gap between the synthetic and real images that
could impact the performance of the method [80].

Despite these limitations, the proposed workflow advances the char-
acterization of 3D morphological properties of particles and aggre-
gates derived from 2D images. It shows promising results on synthetic
validation data and demonstrates the potential for straightforward
application to real images, facilitating deployment in an industrial
context.

9. Conclusion

This article presents a complete workflow for estimating 3D mor-
phological characteristics of latex aggregates from 2D in-situ images,
combining CNNs for segmentation, GANs for 3D generation, and
stochastic geometry models (SPHERE and VOX-STORM) for synthetic
training data.

The three-step workflow encompasses: (1) automatic image seg-
mentation, (2) 3D object generation from segmentation masks, and
(3) morphological characteristic estimation. Validation using synthetic
populations A and B demonstrated accurate estimation with low Total
Variation Distance values, showing that estimated populations .4’ and
B’ closely matched ground truth distributions for size, shape, and
angularity characteristics.

Application to real in-situ images confirmed technical feasibility and
consistency with experimental observations, successfully generating a
digital twin of the latex aggregate population. This enables virtual
process exploration, real-time monitoring, and predictive capabilities
for industrial applications.

The method’s flexibility, efficiency, and robustness make it suitable
for various industrial settings requiring 3D morphological characteriza-
tion from single 2D projections. Future work could focus on improving
segmentation and generative model performance, adapting the method
to other particle types, and validating on additional industrial datasets.
Enhancements could include higher-resolution inputs via deep learning-
based super-resolution techniques [81,82], diffusion models as GAN
alternatives [83-86], and integration with other characterization tech-
niques [87] such as rheology or chemical analysis [71] for comprehen-
sive understanding of morphology-property relationships in granular
systems [88].
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