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3D fabric reconstruction and image processing for clays - New method 
using SEM-FIB technique and AI
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A B S T R A C T

This paper proposes a new technique for the 3D identification of clay particle orientations using images obtained 
from FIB-SEM observations. The method is based on a three-dimensional reconstruction that combines the 
Focused Ion Beam abrasion technique and Scanning Electron Microscopy, applied to kaolinitic clay selected for 
this study. The clay was first subjected to one-dimensional compression up to a given stress level, after which 
microstructural observations were performed using a post-mortem approach.

A novel methodology using appropriate image processing was established for this purpose, allowing for a 
precise treatment of the obtained FIB-SEM images. The proposed methodology first involved removing “curtain 
effects” and “charging artefact”, which are specific types of noise commonly associated with FIB-SEM images. 
Two methods were employed to address this issue and were compared to evaluate their effectiveness: the first 
method was based on Fourier Transformation and Total Variational Reconstruction, while the second used a 
stochastic approach formulated as a convex optimization problem. Subsequently, a machine learning technique 
was integrated to enhance the segmentation process of the images. The final stage of the methodology involved 
creating a 3D model by reconstructing the clay particles in their spatial configuration. This paper aims to 
demonstrate how the proposed 3D observation method enables the quantification of the structural organization 
of clay particles in space in relation to mechanical loading.

1. Introduction

Clay fabric properties and their evolution during mechanical loading 
represent one of the essential aspects for understanding the micro
mechanic behaviour of clayey materials. On the other hand, the fabric, 
described by clay particle orientations and pore network properties, 
needs to be related to interparticle forces of a physicochemical nature to 
fully define the clay microstructure (Hattab and Chang, 2015). For this 
purpose, experimental observations appear as a necessary and funda
mental approach to address this aspect, and finally support micro
mechanical modeling. One can mention Mitchell (1956), who studied 
the microscopic changes in intact and remoulded clays under different 
loading paths using optical microscopy. The author emphasized that the 
fabric formed in undisturbed and remoulded clays can be explained in 
terms of interparticle forces and history of the material subsequent to 
deposition and remoulding. The role of fabric in influencing the 
geotechnical properties of soils was clearly highlighted, as well as its 

impact on geotechnical structures, even at the field scale.
Several studies have been conducted using different observation 

techniques to analyze fabric at the micro and meso scales. One may cite 
observations performed using Scanning Electron Microscopy (Sloane, 
1966; Pusch, 1970; Diamond, 1971; Yoshinaka and Kazama, 1973; 
Hicher et al., 1994, 2000; Al-Rawas and McGown, 1999; Mitchell and 
Soga, 2005; Hammad et al., 2013; Ma et al., 2025), X-ray tomography 
(Birmpilis et al., 2017; Gao et al., 2020b; Nishimura et al., 2020; Fan 
et al., 2021; Birmpilis et al., 2022), Transmission Electron Microscopy 
(Pusch, 1970; Murphy et al., 1977; Laribi et al., 2005; Gaboreau et al., 
2016; Liu et al., 2019), X-ray diffraction (Diamond, 1971; Yoshinaka and 
Kazama, 1973; Martin and Ladd, 1975; Souli et al., 2010), Mercury 
Intrusion Porosimetry (MIP) (Delage and Lefebvre, 1984; Griffiths and 
Joshi, 1989; Simms and Yanful, 2004; Tarantino and De Col, 2008; 
Hammad et al., 2013; Pedrotti and Tarantino, 2018), and more recently, 
Small-Angle X-ray Scattering (SAXS) (Hubert et al., 2013; Asaad et al., 
2021; Fang et al., 2021). Among these works, Morgenstern and 
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Tchalenko (1967) used polarized light microscopy and the birefringence 
technique on kaolin specimens subjected to direct shear. They observed 
a strong orientation of particles in the direction of movement, accom
panied by kink-bands. Pusch (1970) focused on the behaviour of a 
highly sensitive marine clay under unconfined compression. Micro
graphs highlighted microstructural changes and particle group move
ments as a result of shear deformations. On artificial cohesive soil 
composed of sand, silt and clay, Cetin and Söylemez (2004) identified 
reorientation mechanism of the particles, pores, and other constituents 
during both drained and undrained direct-shear tests. The quantification 
of fabric changes was conducted through petrographic observations at 
various distances from the failure planes formed at different shear 
displacements.

Post-mortem analyses using SEM observation techniques have 
proven to be effective in obtaining qualitative and semi-quantitative 
information on clay particle orientations. Most of the research con
ducted in this area aims to establish a link between mechanical loading 
paths and fabric evolution at the microstructural scale. For instance, 
under one-dimensional compression (applied to the clay specimen), 
particles tend to align horizontally, perpendicular to the loading direc
tion (Hammad et al., 2013; Cotecchia et al., 2016; Chow et al., 2019). In 
contrast, isotropic loading induces a random orientation of the particles 
(Sivakumar et al., 2002; Hattab and Fleureau, 2011; Gao et al., 2020a). 
On saturated reconstituted clay subjected to triaxial loading paths, 
Hattab and Fleureau (2010), Hattab and Fleureau (2011) and, more 
recently, Gao et al. (2020a) demonstrated how the phenomenological 
dilatancy behaviour can be linked to relevant local mechanisms.

However, using SEM technique means investigating a given surface 
trimmed from a specimen after mechanical loading. Thus, fabric infor
mation is obtained from 2D observations, which represents a limitation 
that must be considered when interpreting the results. Among recent 
promising techniques one can mention Focused Ion Beam (FIB) coupled 
with Scanning Electron Microscopy (SEM), which enables the recon
struction of a 3D model from images of a given material. Over the last 
decade, this technique has been widely used, showing its efficiency in 
observing pore networks in materials such as claystones (Keller et al., 
2011; Hemes et al., 2016; Laurich et al., 2017) and cementitious ma
terials (Holzer et al., 2006; Lim et al., 2018; Song et al., 2019). On the 
other hand, the FIB-SEM technique is considered one of the most 
effective three-dimensional observation methods for nanopore imaging, 
unlike X-ray tomography, which is limited by voxel size. Using FIB-SEM, 
Zhou et al. (2016) characterized pores in shale from the Longmaxi for
mation and classified them into three types: organic pores, inorganic 
pores, and microfractures. Furthermore, Faÿ-Gomord et al. (2017) suc
cessfully reconstructed the pore network of chalk rocks using FIB-SEM 
imaging, allowing them to quantify the size and shape of the pores. 
However, FIB-SEM technique has rarely been used in soils such as soft 
clays, remoulded clays, mud, or clay slurries. Indeed, these materials 
present several challenges that can affect the effectiveness of image 
analysis and processing. One of these challenges is the systematic 
presence of the “curtain effect” noise, which appears as a distinct 
topographical imprint with line-like pattern due to FIB cutting (Hemes 
et al., 2015; Spehner et al., 2020). Other issues arise during the image 
segmentation stage, particularly in the separation of pores from parti
cles, initiated in the works of Ding et al. (2024), Bennai et al. (2025a)
and Bennai et al. (2025b). In this regard, machine learning approaches 
appear to be a promising solution to this problem, demonstrating their 
effectiveness in providing powerful tools for solving challenges that may 
arise in various fields of geomechanics (Ghaboussi et al., 1991; Ellis 
et al., 1995; Moayedi and Hayati, 2018; Ma et al., 2022). Additionally, 
numerous studies have demonstrated the application of machine 
learning techniques in predicting the dynamic properties and charac
teristics of granular mixtures (Manafi Khajeh Pasha et al., 2019; Das and 
Chakrabortty, 2022), predicting the soil compaction parameters 
(Benbouras and Lefilef, 2023), and modeling the behaviour of granular 
materials (Ma et al., 2022). In image processing, machine learning is 

widely used in the medical field to identify biological cells and analyze 
radiographs (Bordigoni et al., 2024; Jiang et al., 2025), as well as in 
materials science. For example, it has been employed to study the 
porosity of porous polymers (Čalkovský et al., 2021), and to identify and 
analyze corrosion of steel-reinforced concrete (Xin et al., 2024). Aiming 
to enhance the quality of microstructural investigations in clays by 
accurately quantifying fabric properties in relation to mechanical 
loading, we focus on the use of Machine Learning techniques, particu
larly for image processing, while addressing challenges associated with 
FIB-SEM images.

Using the FIB-SEM technique on a microvolume of clay at a given 
state, one may reconstruct the clay’s structure in three dimensions. The 
slices used for this reconstruction are usually affected by curtain effects 
and charging artifacts, which has to be removed using an appropriate 
method. The curtain effect appears as parallel vertical scratches with 
varying intensities. According to Giannuzzi and Stevie (1999), Gian
nuzzi and Stevie (2005) and Lemmens et al. (2011), this effect represents 
real surface topography caused by variations in FIB milling rates due to 
local differences in the sample’s hardness. Consequently, curtain effect 
lines are typically aligned with the ion beam milling direction. Another 
type of noise that appears in FIB-SEM images is caused by charging ar
tifacts, which occur when the energetic electron beam interacts with 
highly insulating regions. Charging artifacts manifest as spots with 
asymmetric streaks in the horizontal direction (Dumoux et al., 2023). 
The presence of these two types of noise (curtain effects and charging 
artifacts) in the images can significantly affect the quality of micro
structural quantification after image processing. For instance, it has 
been observed that curtain noise can be mistakenly identified as clay 
particles during the segmentation phase.

Current techniques, such as those presented by Giannuzzi and Stevie 
(2005) on various materials (e.g., alloys and plated ceramic structures), 
Lemmens et al. (2011) on shale, or Loucks et al. (2012) on mudrocks, 
mainly focus on eliminating the curtain effect during the image acqui
sition stage. The main challenge in observing soft, mud, or remoulded 
clays is that FIB-SEM output data, even after acquisition, generally 
remain contaminated with curtain noise, requiring additional image 
processing.

The method proposed by Schwartz et al. (2019) aimed to eliminate 
the “curtain effect” by identifying its signature in Fourier domain and 
then recovering the missing wedge information using total variation 
minimization, relying on image sparsity-based reconstruction tech
niques. This approach was applied to various materials, including pearl 
and InGaN nanowires. Fehrenbach et al. (2012) proposed a method 
based on a stochastic approach formulated as a convex optimization 
problem, which can be solved numerically. The applications of this 
method were diverse, including images of branchial arches, images of a 
region of a multicellular tumor spheroid, and examples of images taken 
from toys.

In this paper, we address a significant research gap in the analysis of 
the microstructure of clay soils by proposing a comprehensive approach 
that integrates observation, image denoising, particle identification 
using artificial intelligence (AI), and the quantification of their orien
tations. This approach evaluates and compares both denoising methods 
mentioned above, applying them to clayey soil to determine the most 
efficient method for preserving the microstructural details of clay.

The originality of this study lies in the integration of an artificial 
intelligence model for the image segmentation process, enhancing the 
accuracy of particle detection and separation compared to conventional 
methods, which have shown limitations in identifying the shapes of a 
stacked kaolinite particles in 3D. These particles, which can be 
approximated as rigid planes, are characterized by their specific spatial 
orientations. By applying principal component analysis (PCA), we pre
cisely determine the coordinates of the points defining each particle- 
plane and subsequently characterize their orientation through the 
normal vector. The proposed method ultimately allows for the identi
fication of clay fabric in space through the orientation of the normal 
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vectors.

2. Material and techniques

2.1. Material properties and terminology

The studied synthetic clay, from Sibelco company (France), is a 
Kaolin containing high percentage of kaolinite faction. Kaolinite parti
cles exhibit a relatively regular hexagonal plate-like shape. Atterberg 
tests revealed a Plastic Limit (wP) of 20 % and a Liquid Limit (wL) of 40 
%, with a specific weight of 26.3 kN/m3. X-ray diffraction analysis 
conducted by Cheng et al. (2021) identified kaolinite as predominant 
mineral of the clay (over 90 %), with a small presence of quartz (less 
than 10 %) and traces of illite. Fig. A11 shows SEM photo of the material 
used in this study, where one can clearly observe the kaolinite particles 
presenting themselves as a plate-like shape.

To prepare the tested specimen, dry clay powder was first mixed with 
demineralized water up to initial water content of w0 = 1.5wL. The 
resulting slurry was introduced layer by layer into a consolidometer of 
double drainage so that the material can be sedimented, and then sub
jected to a one-dimensional compression with vertical effective stress of 
σ’v = 120 kPa. This method for preparing consolidated clayey soil, 
suggested by Biarez and Hicher (1994), has proven efficient and has 
been used for decates (Hattab and Hicher, 2004; Hammad et al., 2013; 
Zhao et al., 2019). Thus, a consolidated saturated clay core was obtained 
from which different samples can be trimmed for micro-observations. 
Parallelepiped sample measuring 5 × 5 × 15 mm3 was carefully cut 
from the specimen that had been subjected to mechanical loading, and 
was well referenced with respect to the mechanical loading (especially 
the stress direction). The sample thus prepared was fully saturated; 
however, SEM observation technique requires the material to be dry 
with pores completely free of water. Therefore, the lyophilization pro
cess suggested by Delage and Pellerin (1984) was adopted to preserve 
clay’s microstructure during drying before introducing it in the FIB-SEM 
chamber. This method consists first to freeze the liquid water in the 
pores by immersing the sample in liquid nitrogen. The sample is then 
fractured along the middle plane to obtain two sub-samples measuring 5 
× 5 × 7.5 mm3 each. Subsequently, ice sublimation into water vapor (for 
water extraction) was performed using freeze-dryer cell. Afterwards, the 
sub-sample was affixed to a scanning electron microscope (SEM) support 
with deposition of layers of gold and carbon on the upper face of the sub- 
sample. Notice that the latter face was identified as perpendicular to the 
stress axis. The gold and carbon layers aimed to enhance the conduc
tivity of the material and minimize electron charging effects.

2.2. FIB–SEM technique

In this study, The Zeiss Auriga dual beam system, which combines 
Focused Ion Beam (FIB) and Scanning Electron Microscopy (SEM), was 
used for the 3D observation of the clay microstructure. Notice that the 
inclination angle between the ion and electron beams was set at 54 
degrees.

The sub-sample was placed inside the FIB-SEM chamber and the area 
of interest was located, three protective layers (each approximately 0.5 
to 1 μm thick) of platinum “Pt”, carbon “C”, and platinum “Pt” again, 
were deposited on the metallized surface of the sub-sample. Subse
quently, several steps described in Fig. B. 12 were followed to prepare 
and observe the area of interest: 

• Using Focused ion beam (FIB), holes were dug on the sub-sample 
surface, then further excavate to isolate a micro-volume as can be 
observed in Fig. B. 12a. This micro-volume was maintained by two 
points on parallel lateral surfaces.

• The micro-volume was then welded to the nanomanipulator and can 
be separated from the sub-sample (Fig. B. 12b).

• Fig. B. 12c shows the micro-volume extracted and deposited on a 
copper grid

• To measure the thickness of the slices and ensure accurate image 
alignment for a fine 3D microstructure reconstruction at the end of 
acquisition, five sets of linear markers were milled by the ion beam 
on the platinum layer on the micro-volume’s upper surface, and 
subsequently filled with carbon (Fig. B. 12d).

Images are acquired by SEM with an acceleration voltage of 2 kV, a 
probe current of 100 pA and 10 nm pixel size. Slices are milled by a FIB 
probe of 30 kV with 4 nA of current with a slice thickness of 10 nm. Both 
imaging and milling are done simultaneously, which enhances analysis 
stability and generates a stack of images along the X-axis as observed in 
Fig. 2a. Notice that abrasion of the slices by the FIB column was per
formed in the YZ plane, knowing that axial stress direction of the one- 
dimensional compression corresponds to Z axis. The metallized sub- 
sample surface corresponds to XY plane, which is perpendicular to the 
applied axial stress.

As mentioned in this paper, different kind of samples are defined at 
various scale, Table 1 is introduced for clarity, providing appropriate 
terminology for each sample.

3. Proposed image processing method for clays

After image acquisition, a stack containing approximately 2280 2D- 
SEM images, spaced 10 nm apart, was obtained and aligned into 
perfectly parallels images (Fig. 1a). The observed micro-volume can be 
reconstructed from this stack of images representing successive sections. 
However, it may be noted that during the acquisition process, 
misalignment of the images can occur due to displacements and de
formations caused by acquisition instability problems. Therefore, 
alignment correction is thus essential to accurately reconstruct a digital 
micro-volume (representing the geometrical configuration of the clay 
fabric) based on 3D representation from accurate positions of the suc
cessive 2D image. This necessary step of image alignment was performed 
according to Ding et al. (2024). Fig. 1b presents the result of the used 
method showing a 3D reconstruction of the observed micro-volume, 
visualized by AVIZO software. The reconstructed block here represents 
a volume of interest of 22 × 35 × 28 μm3. A 3D median filter was then 
applied to reduce image noise.

3.1. Denoising approaches for images

In this study FIB-SEM images were affected by bidirectional artifacts 
(curtaining and charging) appearing in the horizontal and vertical di
rections, as observed in Fig. 1b. These artifacts represent a real problem 
leading misinterpretation during the image processing stage, and this 
reverberates on the results of microstructure quantification. To correct 

Table 1 
Terminology Corresponding to samples dimensions.

Terminology shape Dimensions Scale of the sample

Specimen Cylindrical
D = 94 mm - 
H = 50 mm Used for macro laboratory test

Sample Parallelepiped
5 × 5 × 15 
mm3

Cut from the specimen treated 
outside the FIB-SEM cell

Sub-sample Parallelepiped 5 × 5 × 7.5 
mm3

Block cut from the sample and 
then introduced in the FIB-SEM 
cell and retreated again for 
imaging

Micro-volume Parallelepiped
38 × 35 × 45 
μm3 Cut from the subsample

Digital Micro- 
Volume

Parallelepiped
38 × 35 × 45 
μm3 Digital 3D reconstruction

The protocol needs to perform different sampling, from the macro mechanical 
test to the micro 3D reconstruction. Table 1 has been introduced as guide for the 
reader to distinguish between them through these different terminologies.
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curtain effect and charging artifacts noise, we propose filtering methods 
based on the following criteria: 

• Preserving the quality of the processed image without introducing 
additional artifacts that could lead to misinterpretation during the 
segmentation phase.

• Considering the large number of images to be processed, the method 
must allow automated processing with minimizing operator inter
vention as much as possible.

• Requiring a reasonable processing time for each image.

Thus, in this purpose, two methods were used and compared to test 
their efficiency in curtain effect and charging artifacts removal: on the 
one hand a fast removal based on Fourier Transformation/Total Varia
tion reconstruction, and on the other hand a powerful stochastic 
approach (named VSNR: Variational Stationary Noise Remover).

3.1.1. Fourier transformation and total variation reconstruction approach
It is generally accepted that the straightforward and efficient way to 

remove scratches from images of image sensing systems is to remove 
their representations in the Fourier Domain. It has been shown that 
aperiodic scratches extending in the vertical or horizontal direction 
occupy a wedge-shaped domain in the orthogonal direction to the 
original scratch direction, and they are confined in an angular range in 
Fourier space (Schwartz et al., 2019). Although removing this wedge 
domain gives a better visualization of the real object, the method can 
degrade the quality of the image by introducing additional complex 
streaks and blurry artifacts commonly known as “missing wedge arti
facts”. To overcome this difficulty, a Compressed Sensing technique 
named Total Variation (TV) minimization method was used by Schwartz 
et al. (2019), which makes it possible to recover missing structural in
formation in Fourier space without restoring restricted scratches in the 
missing wedge.

The method described above was mainly developed for unidirec
tional scratches and strip noises, it is however possible to test its effi
ciency for two-directional type of noise, involving simultaneously 
vertical and horizontal scratches. To do this we developed a Python code 
to remove the wedge domain in Fourier space, and then reconstruct the 
image using the TV minimization method by solving the following 
optimization problem: min‖∇x̂‖1 such that Фx̂ = b. x̂ and b represent 
the reconstructed (destriped) image and the measured data (acquired 
image) respectively. Ф is the measurement matrix, and ∇ transforms the 
image to the gradient-magnitude (sparse) domain (Qi et al., 2015; 
Schwartz et al., 2019).

To validate the proposed processing method, a simple object is taken 
as an example and illustrated in Fig. C. 13. One can observe in Fig. C. 13a 
an original image of a garnet (simple geometric shape), while Fig. C. 13b 
presents its Fast Fourier Transform (FFT). Subsequently, vertical bands 
comparable to curtain effects were manually added to the original image 
of Fig. C. 13a which gives Fig. C. 13c. Fig. C. 13d exhibits Fourier 
Transform of this noisy image. The difference between the two cases, ie 
without (Fig. C. 13b) and with (Fig. C. 13d) strips noise, is observed in 
the horizontal line at the center of the image mainly due to the added 
vertical strips. Fig. C. 13e results from the difference between the 
reference image and the noisy image, and can provide an interesting 
indication of the part added to the original image due to the introduction 
of the curtain effect. One can notice that the size of the object (garnet) or 
the spacing between the vertical added stripes are not key parameters 
for the applicability of the method.

The results obtained after the removal of the vertical strips are pre
sented in Fig. C. 13. The effect of the vertical stripes on the FFT domain is 
eliminated by using a 30◦ wedge as represented in Fig. C. 14a, and then a 
reverse FFT is used to reconstruct the image as shown in Fig. C. 14b. This 
new reversed image is then compared to the original image of Fig. C. 13a 
and leads to significant artifacts caused by the elimination of the wedge 
in Fourier space. Fig. C. 14c highlights the difference between the 
original image (Fig. C. 13a) and the denoised image after wedge elimi
nation in the Fourier domain (Fig. C. 14b). Finally, the Total Variation 
minimization technique is applied to denoised images (Fig. C. 14a and 
Fig. C. 14b) with artifacts to eliminate high incoherence (which is 
characteristic of artifacts generated by the wedge elimination tech
nique). The reconstruction of the missing wedge in the Fourier Domain 
is performed and represented in Fig. C. 14d. The corresponding denoised 
image is presented in Fig. C. 14e, the difference between this new image 
and the original image (Fig. C. 13a) is given in Fig. C. 14 f. The FFT of the 
denoised image using both the wedge elimination and the Total Varia
tion minimization shows the reconstruction of the missing wedge in the 
Fourier Domain that was eliminated when applying the wedge elimi
nation technique. The FFT of the newly reconstructed photo can now be 
considered as similar enough to the original image. Note that this 
restoration induces a loss of image resolution, however, the main in
formation restoring the shape of the garnet has been preserved.

To eliminate the curtain strips without significantly affecting the 

Fig. 1. FIB-SEM Observation: (a) Alternating operation of the focused ion and 
electron beams, (b) 3D reconstruction of the clay micro-volume 22 × 35 × 28 
μm3 of dimensions
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overall image quality, an angle wide enough was chosen for the wedge 
filter in Fourier space. Wedge angles of α = 4◦, 6◦, and 8◦ were applied in 
both horizontal and vertical directions to the images, with different 
penalization values named pn for the TV minimization algorithm. This 
allowed to satisfy the parameters values of the following combination 
(Eq.1). 

{(α, pn)| α ∈ {4,6,8} and pn ∈ {0.1,0.25,0.4} } (1) 

α,pn were chosen by comparing, visually, the quality of the recon
struction of all the images resulting from the combined parameters 
(Eq.1), the main goal here being to try to find an optimal compromise 
between reducing noises in the reconstruction and preserving the 
authentic signal. Indeed, a very high value allows to well reduce curtain 
strips but would also result in a loss of details and the merging of closely 
spaced elements. In our case, the optimal selected parameters are α=8◦

and a penalization term pn = 0.40.

3.1.2. Stochastic approach
The second possible method consists in the Variational Stationary 

Noise Remover, which is a restoration and denoising algorithm based on 
a Bayesian approach.

In general, the observed digital image (denoted u0) can be decom
posed into two parts: a smooth original image part and a noise part, as 
expressed by Fehrenbach et al. (2012) in the following mathematical 
form (Eq. 2). 

u0 = H
̿
u+ b (2) 

Where u0 is the observed digital image, u represents the denoised 

digital image, H
̿ 

is a deterministic linear operator representing the 
acquisition process (including sampling, convolution, indirect mea
surements, etc.), b represents the noise or texture.

This algorithm aims to provide as much as possible the best esti
mation of u and b, given the observed image u0, taking into consider
ation the A Prior knowledge of the probability density function (p.d.f) of 
the desired values, in order to separate stripes from the image. The 
probability density function (p.d.f) of the noise b, is based on the “sta
tionary noise assumption”, which implies that the statistical properties 
of the noise are generally or locally preserved despite any translation. 
The p.d.f for the denoised image u is chosen in such a way as to promote 
the images that are smooth or piecewise smooth. Consequently, the 
problem can be mathematically formulated as a problem of convex 
optimization type known as Maximum A Posteriori (MAP) approach as 
expressed by Eq. 3, where p denotes the probability density function. 

Find (u, b) ∈ argmaxp(u, b‖u0 ) ≡ argmax
(

p(u0‖u , b) × p(u, b)
p(u0)

)

(3) 

The implementation of denoising method with the above approach 
was in this study meticulously performed using Python programming 
language.

Since a pre-existing library for VSNR denoising method performed by 
Fehrenbach et al. (2012) was already available with the original MAT
LAB code, we took an active approach to ensure the configuration and 
adaptability of the denoising process to our specific requirements con
cerning specifically the FIB-SEM images of clays.

For this work, the configuration step required four patterns with 
different dimensions set for each direction: horizontal direction and the 
vertical directions. On the other hand, denoising calculations were 
executed using the capabilities of a GPU (Graphics Processing Unit), 
which significantly reduced computation time. The algorithm showed 
thus a remarkable performance improvement. It has to be mentioned 
that in our study case, running the algorithm on an NVIDIA GeForce RTX 
2080 Ti GPU decreased the calculation time from one hour per image, to 
just one minute per image, representing a significant time saving.

3.1.3. Results of processing and discussion
Fig. 2a presents a FIB-SEM slice of the micro-volume before image 

processing. Examples of curtain effects are highlighted with red arrows. 
Fig. 2b presents the treatment results after Fourier Transformation and 
Total variation reconstruction method for removing curtain effects in 
FIB-SEM images. One can observe that the method appears rather 
effective in eliminating unidirectional strip noise but fails in the bidi
rectional strip noise treatment. Despite using the Total Variation algo
rithm to reconstruct the missing wedge in Fourier space, we noticed that 
some artifacts remained apparent and were not fully removed. For 
bidirectional strips noise (curtain effect and charging artifacts), one can 
observe a degradation of image quality after FT processing, even if small 
wedge area in Fourier space was removed. Two degraded zones are 
highlighted in red in Fig. 2b. This degradation is linked to the FT method 
itself when applied to complex image noises, such as those present in 
these kinds of clay images, which required removing two wedge areas. It 
is therefore not realistic in this approach to consider eliminating curtain 
effects without deeply compromising the image quality.

Regarding the Variational Stationary Noise Remover (VSNR) tool, 
the image processing using our Python-implemented algorithm leads to 
results presented in Fig. 3. VSNR appears as powerful tool for the curtain 
effect denoising. Using this stochastic approach allowed to obtain a 
more satisfactory image correction with a significantly superior quality 
compared to that obtained from the combined Fourier Transformation 
and Total Variation reconstruction method. This stochastic approach is 
much more relevant as it effectively removes all curtain effect noise 
while preserving the quality of the original image (Fig. 3a) as one can 
observe in Fig. 3b. Based on the results of the two methods, the sto
chastic approach using the VSNR tool was selected as more efficient for 
image processing aiming to identify the clay particles.

However, it is important to note that there are some limitations to the 
method. Firstly, to ensure reasonable processing times for denoising, 
processing of large stacks of images requires powerful computing device 
equipped with a fast GPU. Secondly, finding adequate and optimal 
parameter settings can be challenging. Indeed, some images may remain 
unprocessed if the penalization term is taken too large but may be also 
dramatically damaged if the penalization term is taken too small. 
Therefore, additional processing cycles need to be launched with 
modified settings for these images. This means that the calculation will 
be run again for the processing of these images with adjusted the 
penalization parameter. Another limitation that may appear is related to 
the influence on the processing results of slight differences between 
some image slices in terms of image quality and luminosity. This point 
requires special attention, as it can affect the segmentation process and 
the selection of images for machine learning-based image segmentation.

3.2. New segmentation methodology for FIB-SEM images using machine 
learning approach

After curtain effect and charging artifacts removal from FIB-SEM 
images the following step consists of particle identification, the main 
objective being to capture information from appropriate reconstruction 
of the FIB-SEM images allowing to determine the spatial orientations of 
clay particles. To achieve this, the method that we used required to 
simplify the digital 3D image by identifying the two phases constituting 
the clay fabric, i.e., the pores on one hand and the particles on the other 
hand. Thus, digital images were segmented and decomposed into mul
tiple regions regrouping voxels recognized as solids (clay particles or 
silica grains) and those of recognized as pores. The latter process, named 
image segmentation, represents one of the first stages of image 
processing.

Usually, on 2D SEM images segmentation process was carried out 
using different methods including the manual one. Manual segmenta
tion can be enough precise but obviously extremely tedious, time- 
consuming. It therefore appears with strong limitations to analyze the 
complete FIB-SEM dataset as numerous segmented images typically 
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required to generate a 3D image from 2249 2D images. Automatic and 
semi-automatic image analysis methods for 2D SEM images have been 
proposed using simple thresholding techniques (Gao et al., 2020b; Zhao 
et al., 2020; Nyo et al., 2022; Singh et al., 2022). The issue to use these 
approaches is that they generally fail to detect clay particles with 
acceptable accurately, especially when particles are associated in ag
gregates or form complex clusters. This main difficulty of automatic 
methods to well identify the particles is reflected in the analysis of 
spatial orientations of the particles.

This challenging problem is addressed in this work by using machine 
learning methodology especially adapted for image segmentation. Ma
chine learning algorithms are able to learn efficiently from their training 
using a large number of examples showing how different objects in the 
clay fabric should be detected. Then, the algorithms become capable on 
their own of automatically identifying and classifying the different 
phases within the images. Thus, by training the algorithm on a carefully 

labeled dataset, it becomes possible to automate the segmentation pro
cess, and significantly reduce potential errors linked to particles iden
tification stage.

Machine learning-based approaches is precisely showed in Fig. 4a 
presenting a photo of a Biarez and Hicher (1994) thesis manuscript 
taken from the edge. Then, two different approaches were used aiming 
to try identifying the leaves with enough accuracy. This example illus
trates leaf-shaped objects, to be identified, resembling to clay particles. 
The first approach involves “Threshold-Based Segmentation,” which 
segments the image based on the intensity of each pixel (Fig. 4b). 
Furthermore, after applying the watershed algorithm, it becomes failing 
to accurately identify individual leaves of the manuscript. Figs. 4c shows 
that when leaves, as clays particles, are in contact with each other, they 
are often identified as an assembly of leaves (ie particles). These results 
being not conclusive, it was therefore crucial to seek a more advanced 
and reliable method for image segmentation. Fig. 4d illustrates the 

Fig. 2. Curtain effect correction - Fourier Transformation and Total variation reconstruction approach. 
a Original FIB-SEM image containing curtain effects. 
b Treated Image with Fourier Transformation and Total variation reconstruction approach

I. Myouri et al.                                                                                                                                                                                                                                  Applied Clay Science 276 (2025) 107943 

6 



segmentation result achieved through machine learning, and show very 
clearly leaves well separately reproduced after training the model with a 
probability greater than 90 % that the identified objects are leaves 
shown by red line. After that, each paper is then detected individually by 
selecting the bounded red objects from the machine learning method 
that have a size in the range of reality using the segmentation plugin for 
particle analysis in ImageJ. The method successfully identifies the 

majority of the manuscript leaves accurately. Hence, this approach ap
pears as quite well accurate to be used in the present study for the 
identification of clay particles.

Ilastik software was used to select multiple images for the training 
process. During this operation, one may observe that using images by 
clearly distinguishing the different fraction of the clay microstructure 
have highly improved the quality of the training. For segmentation 

Fig. 3. Curtain effect correction - Result using VSNR filter-based processing approach 
a Original FIB-SEM image containing curtain effects 
b Treated Image with VSNR filter-based processing approach
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configuration three classes of features were created: i- clay particles, ii- 
silica grains, and iii- pore space. Numerous examples were provided as 
input for the classifier within each class, using the training images. The 
trained model developed in this study, to be applied to the kaolin clay, 
was progressively enriched by providing systematic corrections when
ever misinterpretations were detected during the process of the model 
phase identification. Once the model produced satisfactory results, the 
classifier can be applied to the entire FIB-SEM image data to obtain 
probability map of each class, which indicates whether a specific region 
of interest (selected region on the reconstructed digital photo) exceeds 
(or not) a predetermined threshold value (Tv). The resulting probability 
map indicates the probability that each pixel belongs to a given class. 
The threshold value (Tv) is used to convert this probability map into a 
binary image. This threshold distinguishes pixels belonging to the object 
from those that do not. The higher the Tv, the more likely it is that the 
selected pixels truly belong to the object. In our case, Tv was set to 95 %, 
meaning only regions with a high probability (greater than or equal to 
95 %) of containing significant clay particle fractions were selected.

4. Novel quantitative method characterization clay fabric 
properties

4.1. 3D identification of particle plane and orientation

Knowing that the thickness of the kaolinite particle is much smaller 
than its surface dimensions, each platelet of the clayey fabric can be 
assimilated to a plane with a given orientation in space. One can 
consequently assume that the particle orientation can be represented by 
the orientation of the normal vector to its surface. The challenge in this 
section is to define the more adequate plane that may represent the 
associated particle belonging to the digital reconstructed volume.

The main idea here is to define a given particle plane from their 
discrete cloud formed by material points taken on the digital particle. 
Then, the problem can be simplified since it becomes enough to find the 
best-fit plane that satisfies the distribution of the dot cloud, and then to 
define the normal vector to this plane and its orientation in the space.

To do this we propose a calculation method for 3D fitting of particle 
planes, based on Principal Component Analysis (PCA) which is 
commonly used as a dimensionality-reduction tool in exploratory data 

analysis. This method, analogous to linear regression, involves searching 
for the plane that minimizes the average (mean-squared) distance be
tween the original vectors and their projections onto the searched plane. 
This method allows to fit a distribution of dots to the plane (Fig. 5a and 
Fig. 5b). The direction of a plane can also be described using two non- 
zero non-collinear vectors, alternative approach consists in defining 
two orthogonal projections along two axes where the mean average 
distances between the original vectors and their projections on each of 
those orthogonal axes are minimal. The two axes tend to correspond to 
the orthogonal directions with the maximum variances of the position 
vector projections (Shalizi, 2013). Solving this problem involves finding 
the axis of maximum variance in a set of data, which can be achieved 
using PCA method.

Based on this approach, the developed algorithm uses PCA method 
on the point cloud coordinates to determine their principal axes from the 
spatial geometry of all the detected clay particles of the FIB-SEM images. 
Subsequently, one may calculate the best-fitting plane and its 
orientation.

In summary, the developed algorithm follows the main outlined 
steps below.

First, the coordinate matrix (Xij), representing the voxels belonging 
to the clay particle, was used to compute the centroid matrix (Xcij), 
which allows to calculate the covariance matrix. 

Xij =

⎛

⎜
⎝

x11 x12

x21

⋮

x22

⋮

x13

x23

⋮

xn1 xn2 xn3

⎞

⎟
⎠,Xcij

=

⎛

⎜
⎝

x11 − x1 x12 − x2

x21 − x1

⋮

x22 − x2

⋮

x13 − x3

x23 − x3

⋮

xn1 − x1 xn2 − x2 xn3 − x3

⎞

⎟
⎠ (4) 

In Eq. 4 xj represents the mean value of the column vector j. The 
covariance matrix can then be computed using the quadratic form of 
Xc: Cov(Xc) = 1

n Xc
t Xc.

To solve this problem, the covariance matrix was decomposed into 

a. The original image of the thesis 

manuscript

b. image binarized by thresholding

c. Segmented image by watershed 

approach

d. Leaves identified by machine 

learning

Fig. 4. Example of the power of AI for identifying sheet objects based on Biarez and Hicher (1994) thesis dissertation. 
a The original image of the thesis manuscript 
b image binarized by thresholding 
c Segmented image by watershed approach 
d Leaves identified by machine learning
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its principal orthogonal directions or eigenvectors V1 (v1x, v1y, v1z), V2 
(v2x, v2y, v2z), and V3 (v3x, v3y, v3z), along with the corresponding ei
genvalues of the particle are λ1 ≥ λ2 ≥ λ3. 

Cov(Xc) =

⎛

⎝

v1x v2x

v1y v2y

v3x

v3y

v1z v2z v3z

⎞

⎠

⎛

⎝

λ1 0

0 λ2

0

0

0 0 λ3

⎞

⎠

⎛

⎝

v1x v1y

v2x v2y

v1z

v2z

v3x v3y v3z

⎞

⎠

(5) 

The two principal components named V1 and V2 define the fitted 
plane, while V3, the third principal component, represents the normal to 
the plane. The orientation of the clay particle is expressed by the 
orientation of its normal vector, the third eigenvector, X3, can thus be 
directly used to predict the orientation of the particle’s plane.

Fig. 5 shows the adopted approach consisting in first finding the 
plane of the clay particle shown in Fig. 5a, based on the constituent 
points of the particle using the PCA method, then to determine the 
normal vector of the characterized plane.

The orientation of normal vectors is expressed by the system of angle 
(φ, θ) in the three-dimensional reference of the sub-sample, referenced 
previously with respect to the axis of the vertical one-dimensional 
compression stress. As depicted in the schematic representation of par
ticle’s normal vector by its local coordinates of the Fig. 5c, the latitude 
angle named φ, ranging from 0◦ to 90◦, represents the angle formed by 
the normal vector and the positive Z-axis, while the longitude angle θ, 
ranging from 0◦ to 360◦, is the angle of rotation around the Z-axis in the 
(XY) plane. These two angles are used to determine their frequency in 

a. Example of clay particle obtained by 

image processing

b. PCA method for the identification of 

particle's plane and its axes

c. Representation of the normal vector orientation using φ and θ

Clay 
par�cle

Micro-
volume

Fig. 5. Clay particle reconstruction using the PCA method. Plane fitting process and its normal vector. Local coordinate system representation of a clay particle 
a Example of clay particle obtained by image processing 
b PCA method for the identification of particle’s plane and its axes 
c Representation of the normal vector orientation using φ and θ
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the analysis of particle orientations properties in the microvolume.

4.2. Filter Criterion to select particles representing the microvolume fabric

As previously demonstrated, the proposed clay particle reconstruc
tion is greatly related to the segmentation method developed with AI, 
meaning that it needs to be validated in every use with great rigor. Thus, 
it appears as essential to further enhance the accuracy of the identifi
cation process. For instance, the SEM images sometimes showed zones of 
indistinguishable particles or that cannot be easily separated as shown in 
the example given in Fig. 6. Obviously, this kind of particle configura
tion can disturb the AI segmentation stage, and finally impact the clay 
fabric property analyses. Therefore, a filtering criterion is essential to be 
introduced in this approach.

Given the prior knowledge of the of kaolinite clay particle geometry, 
which typically exhibits platelet forms as explained in section 2.1, we 
propose a criterion based on this geometry data. The latter consists in 
firstly remove all particles smaller than 5000 voxels. Notice that this 
size-based filtering also helps eliminate small artifacts or noise that may 
have been misclassified as clay particles during the segmentation pro
cess. The watershed tool in Avizo software was then used to improve 
further the areas where particle individualization issue remains. After 
the separation stage, an additional improvement was implemented by 
removing particles smaller than 5000 voxels. Finally, the fabric of a 
micro-volume after individual identification of the reconstructed parti
cles is obtained and represented in Fig. 7. Particles assigned with 
different colors mean that they have been individualized.

After the above first filter, still the shape of the clay particle which 
may play crucial role in its adequate identification. Indeed, platelet- 
shaped particles are more likely to be accurately identified. This data 
can be implicitly analyzed through the determined eigenvalues for each 
clay particle (particle plane discussed in §4.1), which represent the 
expansion of the particle’s geometry along the corresponding eigen
vector directions. In the case of planar-shaped particles, the third 
eigenvalue should be relatively small compared to the first and second 
eigenvalues. This tool allows to define the second criterion for particle 
selection which consists to consider the ratio of the smallest to the 
medium eigenvalues of the covariance matrix (λ3/λ2), representing the 
flatness parameter between 0 and 1. Flat objects have small values close 
to 0. Given that kaolinite particle has a lateral dimension between about 
0.1 and 4 μm, and a thickness of about 0.05 to 2 μm (see for instance 
(Mitchell and Soga, 2005; Bandera et al., 2021)). One proposes to set the 

maximum flatness parameter at 10 %. This means that only particles 
with a flatness value below 10 % were consider for the orientation 
identification analysis. This criterion was imposed to the proposed 
analysis to ensure that the identified and retained geometries for normal 
calculation are flat and correspond as much as possible to the shape of 
the kaolinite particles, it on the other hand ensured adequate repre
sentativeness of the number of analyzed particles.

Fig. 8 illustrates three examples of particles after being submitted to 
classification criterion treatment, they exhibit a clear individual and 
planar particles. The proposed approach enhances the accuracy by 
specifically targeting particles with the desired platelet-like geometry. 
For this study, the criterion retained 12499 particles out of the initial 
22260, ensuring a focus on particles with pronounced planar shape. 
Finally, one obtains highly appropriate system allowing to represent 
quite well the overall fabric of the micro-volume.

5. Mechanical loading and the induced microstructural 
properties from FIB-SEM reconstructed images

5.1. Basic conceptual diagrams for fabric interpretation

After the identification of the particles distributed in the micro- 
volume space explained in the above section, it becomes possible to 
quantify the orientation of the particles. One method consists of repre
senting the orientations by the property’s normal vectors, that is to say 
by their two angles, φ (latitude) and θ (longitude) (Fig. 5c). The latter 
can be represented in form of individual histograms as shown in Fig. 9a 
and Fig. 9b. In these figures, the latitude and longitude angles are rep
resented versus their frequency. Notice that the latitude angle φ mea
sures the inclination of a particle’s normal vector relative to the z-axis 
representing the direction of axial (vertical) stress as illustrated in 
Fig. 5c.

φ = 0◦ indicates that the normal vector is parallel to the axial stress 
direction (Z-axis) with particles oriented towards horizontal plane par
allel to [XY] plane. φ = 90◦ indicates that the normal vector is 
perpendicular to the axial stress direction. The θ angle represents the 
rotation of the normal vector in the [XY] plane (Fig. 5c) perpendicular to 
the vertical stress axis. Therefore, θ = 0◦ corresponds to a normal vector 
parallel to the X-axis, with the particle being on the [YZ] plane. θ = 90◦

corresponds to a normal vector perpendicular to the X-axis, with the 
particle being on the [XZ] plane.

The results of 3D orientation are represented as a spatial histogram in 
the form of a hemisphere, where the frequencies of the global orienta
tions of the normal vectors are visualized using color intensity. A step 
size of 10 degrees was chosen for both the latitude and longitude angles, 
as shown in Fig. 9c. Dark red color indicates a high number of normal 
vectors oriented in a specific direction, while a dark blue color is 
assigned to cells where no vectors are detected in the given directions.

5.2. Particle orientations identification related to mechanical loading

Taken the case of a clay specimen under one-dimensional compres
sion at σ’v = 120 kPa, the highest frequencies are located in the φ range 
above 30◦ particularly between 30◦ and 60◦ (Fig. 9a). The diagram 
shows frequency peaks in θ angle variation within the range of 80◦ to 
150◦ (Fig. 9b), outside this range, a uniform distribution is observed. 
This representation mode shows that the system exhibits a relative 
preferential arrangement of the particles.

The representation in form of hemispheres such as the one repre
sented in Fig. 9c shows how the global distribution of normal vector 
orientations is inside the reconstructed micro-volume. Here, red grad
uations represent the latitude angle φ, while the dark graduations 
represent the longitude angle θ. The results show that the normal vectors 
tend to be more or less oriented towards localized directions, more 
precisely one obtains: 

Fig. 6. Example of a poorly identified clay particle - A likely disrupt object 
visualization of the particle’s orientation patterns
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• Direction 1: located within the latitude angle interval φ ∈ [30◦, 40◦] 
and the longitude angle interval θ ∈ [100◦, 140◦].

• Direction 2: located within the latitude angle interval φ ∈ [40◦, 50◦] 
and the longitude angle interval θ ∈ [80◦, 130◦].

• Direction 3: located within the latitude angle interval ϕ ∈ [50◦, 60◦] 
and the longitude angle interval θ ∈ [100◦, 110◦].

5.3. Interpretation and discussion

To exploit the results mentioned above, a possible analysis would be 
to establish a connection between the dome of Fig. 9c and a geometry 
representing a perfect structural isotropy for a fictitious clay material, 
where particles described a random orientation. On other terms, a 
perfectly structural isotropy means all the cells of the hemisphere are 
uniformly distributed with an identical frequency, which is in this case 
equal to 0.308 %. Consequently, it becomes quite well feasible to 

Fig. 7. Example of micro-volume fabric result after correcting the individual identification of the reconstructed particles.

Fig. 8. Examples of 3D reconstruction models of three clay particles after applying a flatness parameter filter set at 10 %.
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identify the orientations of a group of normal vectors located within the 
range [30◦ to 60◦], relative to the σ’v0 direction, by considering the 
intensities greater than the perfect isotropy threshold of 0.308 %.

One would have expected preferential orientations indicating parti
cles arranged more or less towards the [XY] plane, the normal vectors 
being more or less parallel to the σ’v0 direction. However, the presence 
of numerous silica grains in the micro-volume (up to 13 μm edges) acting 
as obstacles prevent the free rotations of the clayey particles in response 
to mechanical loading. Fig. 10, which presents a particular zone of the 
micro-volume where are located several silica grains, helps to explain 
these results. The figure represents image slices within the micro- 
volume, they are located at different depths along the acquisition 

direction (X-axis): at 6 μm (slice 600 in Fig. 10b), 10 μm (slice 1000 in 
Fig. 10c), and 14 μm (slice 1400 in Fig. 10d). Each slice represents an 
image of the clay in the (YZ) plane (Fig. 10a).

These images reveal that in zones especially rich in silica grains, the 
loading in one-dimensional compression causes a flow of clay particles 
around the grains. This observation aligns well with that reported by 
Hattab (2011). This flow is clearly visible in the images, where particles 
are seen sliding in groups around the grains, thus conforming to their 
shape. Therefore, in the representation of the results in the hemisphere, 
certain cells will stand out from the others as clearly observed in Fig. 9c.

To reinforce this analysis, one may consider a cropped region of 8.01 
μm thickness (Fig. 10a) from the micro-volume, delimited by the two 

a. latitude angle ranges φ b. longitude angle ranges θ

c. Hemisphere representation of the global orientation of normal vectors

Fig. 9. Orientation of the normal vectors after mechanical loading of the sample under one-dimensional compression (σ’v = 120 kPa) 
a latitude angle ranges φ 
b longitude angle ranges θ 
c Hemisphere representation of the global orientation of normal vectors
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silica grains located between 6 μm and 14 μm, where the orientation of 
the normal vectors of particle planes, neighboring the large grains, can 
be locally quantified. Fig. D. 15 presents the results of clay particle or
ganization around large the silica grains. Hence, the fabric properties 
change compared to those of the entire micro-volume. Here, we can 
notice that significant concentration of normal vectors orientations is 
highlighted for a φ angle ranged [20◦-50◦] (Fig. D. 15a) associated with 
θ angle of [80◦-150◦] range (Fig. D. 15b). Indeed, compared to the global 
microvolume quantification, the magnitude of the preferential orienta
tions towards to the above range increases dramatically, for instance by 
14.55 % for φ angle, i.e. going from 49.32 % (at the micro-volume scale) 
to 63.87 % (at the cropped zone scale).

As consequence, with hemisphere type of representation (Fig. D. 
15c), we can observe that the percentage of particles aligning between φ 
= 30◦ and φ = 70◦ becomes significantly higher compared to the results 
on the entire micro-volume case represented on Fig. 9c.

These results demonstrate again the power of the proposed method, 
which is also capable to bring with high accuracy a quantitative results 
of fabric properties well adapted to the scale of observation. However, it 
should be noted that the time required to carry out the various steps 
involved in achieving a comprehensive 3D microstructure analysis using 
the developed technique — from mechanical testing and sampling to the 
final results — is significant. This could be seen as a drawback of the 
technique.

6. Conclusion

This paper presents a study fully oriented towards experimental in
vestigations, proposing a reliable methodology and a rigorous protocol 
using the 3D-SEM-FIB technique, which is novel for clayey material such 
as slightly consolidated mud-clays (at one-dimensional compression 
conditions in this paper). To achieve this, the approach follows a precise 
sequence of experimental steps, fully developed within the framework of 
this study. These steps include, first, an explanation of the experimental 
procedures, followed by 3D observations, and finally, image processing 
aimed at identifying the spatial organization of clay particles in relation 
to mechanical loading of the clay. Thus, a new method using machine 
learning to process 3D images was presented. By leveraging advanced 
machine learning tools and convex optimization algorithms, the spatial 
orientation of clay particles was successfully determined and linked to 
mechanical loading. The proposed AI-based segmentation approach, 
designed for accurately identifying platelet-shaped objects, was rigor
ously tested and validated using a thesis manuscript from the 60s, which 
demonstrated its effectiveness in identifying leaves.

Moving beyond traditional threshold segmentation methods, we 
adopted trained machine learning models for segmentation. This 
powerful approach generated probability maps, which were further 
filtered to exclusively select clay regions with a probability exceeding 
95 %. To transform the segmented stack images into a comprehensive 
3D model, we employed a 3D classification approach, followed by an 
analysis conducted using the Python programming language.

The properties of the reconstructed clay particles were determined 

Fig. 10. View of silica grains at different depths within the sub-volume. a) volume extracted from the micro-volume, b) slice 600, c) slice 1000, and d) slice 1400.
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using principal component analysis (PCA) method to access the 
covariance matrix as well as its eigenvalues and eigenvectors. This 
approach provided valuable insights into the orientation of particle 
normal vectors, enabling an effective 3D representation within the 
global reference frame of the micro-volume.

Finally, the proposed approach, which aims to reconstruct the 3D 
microstructural state of a consolidated kaolinitic clay and analyze the 
spatial configuration of particles, leads to exploitable results with 
appreciable quality. The paper demonstrates how investigations, com
bined with the appropriate method of analysis, yield highly accurate 
quantitative results concerning fabric properties, well adapted to the 
scale of observation. The approach also appears capable of detecting and 
restoring local disturbances related to inclusions (such as silica grains), 
which modify the general trend in particle orientations.
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Fig. A.11. SEM observation of clay particles.

Appendix B. Appendix
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Fig. B.12. Main steps of FIB-SEM technique. 
Captions: (1) Micro-volume, (2) Two preserved points on parallel lateral surfaces maintain the micro-volume, (3) surface of the sub-specimen (4) nanomanipulator 
(5) Cutting of the material from the remaining two points (6) metallized surface of the micro-volume (7) copper support for TEM blade (8) Five lines of refer
ence marks.

Appendix C. Appendix

I. Myouri et al.                                                                                                                                                                                                                                  Applied Clay Science 276 (2025) 107943 

15 



Image Fourier Domain

a. Original image 4b. FFT of original image

c. Image with striping noise d. FFT of image with strips noise

e. Difference between Original image and 

Image with strip noise

Fig. C.13. Treatment: Image of a pomegranate before and after adding noise similar to the striping artifacts generated by the FIB-SEM technique
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Fourier Domain Image

a. FFT of image with strips noise after 

wedge elimination
b. Denoised Image with Wedge elimination in 

Fourier Domain

c. Difference between Original image (Fig. A. 

15a) and Denoised Image with Wedge 

elimination in Fourier Domain (Fig. B. 16b)

d. FFT denoised image with wedge 

elimination + Total variation

reconstruction

e. Denoised Image with Wedge elimination in 

Fourier Domain + Reconstruction of the image 

with total variation technique

f. Difference between original image and 

denoised Image with Wedge elimination in 

Fourier Domain + Reconstruction of the image 

with total variation technique

Fig. C.14. Results and output: Image of a pomegranate after denoising and removal of curtain effects.
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Appendix D. Appendix

a. Histogram of latitude φ angle b. Histogram of longitude θ angle

c. Hemisphere representation of the global orientation of normal vectors

Fig. D.15. Clay particle organization in space within a zone rich of large grains.

Appendix E. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.clay.2025.107943.

Data availability

The data that has been used is confidential.

References

Al-Rawas, A.A., McGown, A., 1999. Microstructure of Omani expansive soils. Can. 
Geotech. J. 36, 272–290. https://doi.org/10.1139/t98-111.

Asaad, A., Hubert, F., Ferrage, E., Dabat, T., Paineau, E., Porion, P., Savoye, S., 
Gregoire, B., Dazas, B., Delville, A., Tertre, E., 2021. Role of interlayer porosity and 
particle organization in the diffusion of water in swelling clays. Appl. Clay Sci. 207, 
106089. https://doi.org/10.1016/j.clay.2021.106089.

Bandera, S., O’Sullivan, C., Tangney, P., Angioletti-Uberti, S., 2021. Coarse-grained 
molecular dynamics simulations of clay compression. Comput. Geotech. 138, 
104333. https://doi.org/10.1016/j.compgeo.2021.104333.

Benbouras, M.A., Lefilef, L., 2023. Progressive Machine Learning Approaches for 
predicting the Soil Compaction Parameters. Transp. Infrastruct. Geotech. 10, 
211–238. https://doi.org/10.1007/s40515-021-00212-4.

Bennai, F., Bourbatache, M.K., Le, T.D., Hattab, M., Millet, O., 2025a. Determination of 
effective diffusion properties based on 3D FIB/SEM images of clays. Appl. Clay Sci. 
267, 107717. https://doi.org/10.1016/j.clay.2025.107717.

Bennai, F., Hattab, M., Ding, Y., Jrad, M., Guyon, J., 2025b. Pore Network 3D 
Reconstruction for Clays using FIB-SEM Images. IOP Conf. Ser.: Earth Environ. Sci. 
1480, 012079. https://doi.org/10.1088/1755-1315/1480/1/012079.

Biarez, J., Hicher, P.-Y., 1994. Elementary Mechanics of Soil Behaviour: Saturated 
Remoulded Soils. Balkema, Rotterdam. 

Birmpilis, G., Dijkstra, J., Tudisco, E., Hall, S., 2017. In-situ study of deformation 
mechanisms of soft clay using X-ray Computed Tomography and Digital Volumetric 
Correlation. In: 3rd International Conference on Tomography of Materials and 
Structures, ICTMS2017-30. Lund, Sweden.

Birmpilis, G., Mohammadi, A.S., Villanova, J., Boller, E., Ando, E., Dijkstra, J., 2022. 
Fabric Investigation of Natural Sensitive Clay from 3D Nano- and Microtomography 
Data. J. Eng. Mech. 148, 04021151. https://doi.org/10.1061/(ASCE)EM.1943- 
7889.0002044.

Bordigoni, B., Trivellato, S., Pellegrini, R., Meregalli, S., Bonetto, E., Belmonte, M., 
Castellano, M., Panizza, D., Arcangeli, S., De Ponti, E., 2024. Automated 
segmentation in pelvic radiotherapy: a comprehensive evaluation of ATLAS-, 

I. Myouri et al.                                                                                                                                                                                                                                  Applied Clay Science 276 (2025) 107943 

18 

https://doi.org/10.1016/j.clay.2025.107943
https://doi.org/10.1139/t98-111
https://doi.org/10.1016/j.clay.2021.106089
https://doi.org/10.1016/j.compgeo.2021.104333
https://doi.org/10.1007/s40515-021-00212-4
https://doi.org/10.1016/j.clay.2025.107717
https://doi.org/10.1088/1755-1315/1480/1/012079
http://refhub.elsevier.com/S0169-1317(25)00248-0/rf0035
http://refhub.elsevier.com/S0169-1317(25)00248-0/rf0035
http://refhub.elsevier.com/S0169-1317(25)00248-0/rf0040
http://refhub.elsevier.com/S0169-1317(25)00248-0/rf0040
http://refhub.elsevier.com/S0169-1317(25)00248-0/rf0040
http://refhub.elsevier.com/S0169-1317(25)00248-0/rf0040
https://doi.org/10.1061/(ASCE)EM.1943-7889.0002044
https://doi.org/10.1061/(ASCE)EM.1943-7889.0002044


machine learning-, and deep learning-based models. Phys. Med. 125, 104486. 
https://doi.org/10.1016/j.ejmp.2024.104486.
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