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ARTICLE INFO ABSTRACT

This study systematically evaluates the performance of 15 conventional global single-threshold segmentation
algorithms and three representative convolutional neural network (CNN) models across multi-modal geo-
technical material images, including computed tomography (CT) and scanning electron microscopy (SEM) data.
Based on their characteristics, thresholding methods are classified into three categories: histogram-based, en-
tropy-based, and other approaches. Four types of geotechnical material CT images and two types of SEM images
were selected as the evaluation datasets, and an objective assessment criterion that does not require manual
annotation was proposed. The results indicate that the performance of different thresholding algorithms varies
considerably across imaging modalities: the Otsu method performs best on coal and sandstone CT images, the
Liu-S method (implemented in the JHNY-DPM software) excels on sandy soil CT images, and the Yen method
demonstrates strong robustness on SEM images. However, all thresholding methods fail to effectively segment
granite images with uneven grayscale distributions. In contrast, deep learning models exhibit superior perfor-
mance across all modalities, with U-Net achieving the highest accuracy and stability during both training and
validation without noticeable overfitting, significantly outperforming Fcn and Deeplabv3. Further experiments
on a combined CT-SEM dataset reveal that despite domain adaptation challenges, U-Net can consistently seg-
ment complex geotechnical structures across different imaging modalities. Overall, the analysis demonstrates
that deep learning models substantially enhance the accuracy and robustness of multi-modal geotechnical image
segmentation, providing guidance for algorithm selection and supporting the unified processing of multi-source
imaging data toward automation and intelligent analysis in digital geotechnical research.
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1. Introduction offers non-destructive, high-resolution structural imaging and has been

extensively applied in gas storage (Liu et al., 2024), mesoscopic damage

In recent years, laboratory techniques for characterizing the micro-
porous structure of geotechnical materials have advanced significantly.
Micro-imaging techniques, such as scanning electron microscopy
(SEM), focused ion beam SEM (FIB-SEM), and X-ray computed tomo-
graphy (CT), have been widely applied to the structural analysis of
geotechnical materials. These techniques enable direct visualization of
pore morphology and quantitative characterization of geometric and
topological features, providing critical support for the accurate de-
termination of key physical parameters, including porosity and per-
meability (Liu et al., 2023; Zhang et al., 2024). X-ray CT, in particular,

analysis of concrete (Liu et al., 2022), and petroleum extraction (Zhang
et al., 2024). SEM and FIB-SEM provide nanoscale resolution for surface
and internal structure characterization, widely used in shale gas re-
servoir analysis (Xiang et al., 2022) and mud-shale pore structure stu-
dies (Liu et al., 2022). As these imaging techniques generate data rich in
three-dimensional structural information, image segmentation has be-
come a critical step for extracting pore networks, identifying multi-
phase boundaries, and improving analytical efficiency (He et al., 2024).

Image segmentation refers to the process of partitioning an image
into regions with well-defined semantic meaning and is broadly applied
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across nearly all image processing tasks (Saini and Arora, 2014; Yuheng
and Hao, 2017). Common approaches include thresholding, region-
based extraction, clustering, edge detection, and deep learning-based
algorithms (Purswani et al., 2020; Wang et al., 2020; Archana and
Jeevaraj, 2024). Thresholding methods classify pixels into different
categories based on grayscale values to distinguish target regions from
the background (Liu et al., 2015) and can be categorized as global or
local depending on their operational scope. These methods are simple,
computationally efficient, and require no training data, which has fa-
cilitated their widespread application in geotechnical engineering, such
as coal fracture extraction (Hao et al., 2020), granite mineral identifi-
cation, and rock deformation detection (Dai et al., 2022), and rock
deformation detection (Yuan et al., 2023). However, their performance
deteriorates significantly in low-contrast, noisy, or structurally complex
images, being highly dependent on manually set thresholds and image
features (Gao et al., 2024; Zhang et al.,, 2025). In contrast, deep
learning-based segmentation approaches leverage end-to-end training
to automatically learn and integrate multiscale spatial and semantic
features, demonstrating superior adaptability and robustness in com-
plex, heterogeneous structures. Such methods have recently been
widely applied in tasks including rock fracture identification (Chen
et al., 2021; Reinhardt et al., 2022) and multiphase digital image seg-
mentation (Wang et al., 2021; Zhao et al., 2023).

Despite the rapid adoption of learning-based segmentation, obtaining
reliable ground-truth annotations in geotechnical micro-imaging remains a
major bottleneck (Reinhardt et al., 2022; Lei and Fan, 2024). Manual la-
beling of pores and fractures is time-consuming and requires domain ex-
pertise, while the boundaries are often ambiguous due to partial-volume
effects in CT, illumination and topography-related intensity variations in
SEM, and complex multi-phase textures (Schliiter et al., 2014; Shi et al.,
2023). As a result, annotations can exhibit substantial inter-annotator
variability and limited reproducibility, and large-scale pixel-wise labels are
difficult to acquire for diverse materials and imaging settings (Niu et al.,
2020; Xia et al., 2024). These challenges motivate the development of
objective evaluation strategies that can assess and compare segmentation
results without relying on exhaustive manual ground truth.

The pore and fracture structures of different rocks vary significantly,
and the physical properties of rocks and soil materials also exhibit
marked differences. These variations are often reflected in imaging
characteristics, making a single segmentation method inadequate for all
types of geotechnical material images. Researchers typically select
segmentation algorithms based on material type and study objectives
(Zhou, 2020). For example, Zhang et al. (2017) applied a multi-Otsu
thresholding method to extract multiple components from shale CT
images; Song et al. (2019) employed the Yen method to extract pore
and fracture structures in coal SEM images; Zhao and Zhou (2020) used
local thresholding to segment fractures, pores, and solids in Chongqing
sandstone CT images. However, as geotechnical research increasingly
focuses on high-resolution, multiphase, and structurally complex sys-
tems, traditional methods relying on manually set thresholds exhibit
growing limitations in accuracy and robustness.

To address these challenges, deep learning-based segmentation
methods have been introduced. These approaches automatically learn
spatial and semantic features through multilayer neural networks, de-
monstrating enhanced adaptability and generalization in heterogeneous
and complex structures, thereby offering new avenues for structural
characterization of complex geotechnical materials. For instance, Tian
et al. (2025) utilized U-Net to precisely segment skeletons, pores, and
fractures in deep reservoir rocks; Frouté et al. (2025) employed FCN for
automatic identification of representative microfacies in Vaca Muerta
shale; Chen et al. (2020) applied DeepLabV3 for detection and quan-
titative analysis of weak interlayers. Nonetheless, most studies remain
focused on specific materials or tasks, lacking systematic comparisons
across multiple geotechnical materials. Consequently, optimal algo-
rithm selection under varying material structures and imaging condi-
tions remains unresolved.
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To address these gaps, this study systematically evaluates the per-
formance of fifteen representative global thresholding algorithms and
three deep learning-based segmentation models across diverse geo-
technical material images. In the absence of expert annotations, a
multidimensional evaluation framework is proposed, assessing thresh-
olding algorithm performance from macro-consistency, local structural
fidelity, and information-theoretic = divergence perspectives.
Furthermore, a universal U-Net model capable of adapting to multiple
geotechnical material images was trained to investigate the adaptability
and robustness of deep learning segmentation. This study aims to sys-
tematically reveal the strengths and limitations of different segmenta-
tion approaches across various geotechnical materials, providing sci-
entific guidance and practical reference for algorithm selection and
optimization.

2. Principles of the global single-threshold segmentation
algorithm

Global single-threshold segmentation refers to the use of a fixed
threshold in image processing, where pixels with gray values above the
threshold are classified as foreground and those below as background
(Sahoo et al., 1988). In this study, fifteen commonly used methods are
reviewed and categorized into three groups: histogram-based, entropy-
based, and others. For comparison with traditional approaches, three
representative deep learning models are also considered: FCN (a pioneer
of pixel-level prediction), U-Net (enhancing accuracy through an en-
coder—decoder structure with skip connections), and DeepLabv3 (cap-
turing complex structures via atrous convolution and multi-scale con-
textual information). Fig. 1 illustrates the threshold selection process.

2.1. Histogram-based segmentation algorithm

The gray-level histogram quantifies the number of pixels at each
intensity level, thereby reflecting the frequency distribution of gray
values in an image. It is computationally efficient, achieves a high re-
trieval rate, and remains invariant to rotation, scaling, and translation
(Bovik, 2009)

The gray scale histogram is defined by the equation:
h@) = &
where I denotes the gray level, which can be taken as 0,1,2, ---,n — 1; N
denotes the type of gray level; n; denotes the number of gray level i.

However, a one-dimensional histogram only considers pixel in-
tensities without capturing spatial correlations among pixels (Celik,
2012). To address this limitation, Abutaleb (1989) introduced the two-
dimensional histogram in 1989 by incorporating neighborhood mean
gray information, which enhances robustness against noise. Subse-
quently, the three-dimensional histogram was developed, integrating
pixel intensity, regional mean gray, and median gray levels to support
more sophisticated thresholding algorithms (Liu et al., 2014).

In image engineering, histograms are rarely employed directly as
image features; instead, they are typically characterized through sta-
tistical measures. Six commonly used statistics are summarized in
Table 1 (Caviedes and Oberti, 2004; Tsai et al., 2008; Wang et al.,
2022).

(H(i) is the normalized probability density function)

Seven representative thresholding algorithms based on histogram
features were selected for comparative analysis. The core criteria, de-
cision rules, and key characteristics of these methods are summarized in
Table 2.

(F(t) = Z:=O H (i) denotes the cumulative histogram; J(t) re-
presents the minimum error (Bayesian) segmentation cost function; and
Q(t) denotes the entropy-based criterion function.)

Overall, these algorithms provide an efficient and interpretable
means of threshold determination based on gray-level statistics.
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Fig. 1. Stepwise model for threshold selection in image segmentation.

Nevertheless, their accuracy remains constrained by the histogram’s
structural characteristics and the separability between object and
background intensities.

2.2. Entropy-based segmentation algorithm

The concept of information entropy, introduced by Shannon in in-
formation theory with inspiration from thermodynamics, measures the
average information content after redundancy is removed. When prior
probabilities are known, an image can be regarded as a random source,
where higher entropy indicates richer detail. The information entropy
of a given signal source can be expressed by the following formula:

S =~ Y, plog,p, )

where the value of b may take the form of 2, e or 10 denoting the
logarithmic form of the different base numbers, respectively.
Entropy-based thresholding methods determine the optimal
threshold by maximizing or minimizing an information-theoretic cri-
terion derived from the gray-level probability distribution. Unlike
purely statistical approaches, these methods interpret the image as an
information system and seek the threshold that best separates fore-
ground and background in terms of information content. Four re-
presentative entropy-based algorithms are summarized in Table 3.

Table 1
Common statistical measures of histograms.

(H(t) denotes Shanbhag’s entropy criterion; R, (t)denotes Rényi
entropy of order «.)

Overall, entropy-based thresholding algorithms provide a theoreti-
cally grounded and adaptive framework for image segmentation by
quantifying information content within the gray-level distribution.
Their flexibility and robustness make them suitable for complex and
texture-rich images, though their computational cost and parameter
dependence may limit real-time applications.

2.3. Segmentation algorithms based on other theories

Beyond histogram- and entropy-based thresholding techniques, a
variety of alternative approaches have been proposed to address their
inherent limitations. These algorithms incorporate concepts from statis-
tical modeling, fuzzy logic, and gradient analysis, enabling more flexible
adaptation to diverse image characteristics. Unlike conventional global
methods that rely solely on gray-level distributions, these techniques
often integrate structural or contextual information to achieve improved
segmentation stability and robustness. The representative algorithms and
their principal criteria are summarized in Table 4.

(M(t) denotes the moment-based criterion function, and E(t) re-
presents the error or entropy measure. The Liu-S method (also referred
to as Liu-Song in some figures) is integrated in the JHNY-DPM digital
rock image processing software.)

Feature name Formula Meaning
Mean U= Zijgol iH (D) Reflects the mean gray value of an image.
Variance o2 = EiL:_Ol (i — WPH () Reflects the numerically discrete distribution of the grayscale of an image.

1 L1 . i i istributi i
Skewness H=5 p WPH () Reflects the degree of asymmetry in the histogram distribution of the image.
Kurtosis = L1 G =3 Reflects the approximate state of the grayscale distribution of an image when it is close to the mean and is used

M == Zico (= w*H() ! >
g to determine whether the grayscale values are highly concentrated around the mean.
Lol o . . e K

Energy iy = 2 Zj:o H ()2 Reflects the uniformity of the gray scale distribution and texture coarseness of the image.
Entropy Reflects the randomness and uniformity of the information contained in the image and describes the complexity

He = = Tig Tjoo H@) logy[H ()]

of the image gray scale distribution.
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Table 2

Comparative summary of representative histogram-based thresholding algorithms.
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Algorithm

Core Criterion

Decision Rule

Characteristics and Applicability

Percentile (Doyle, 1962)

Intermodes (Prewitt and
Mendelsohn, 1966)

Otsu (Otsu, 1975)

Minerror (Kittler and
Illingworth, 1986)

Yen (Yen et al., 1995)

Triangle (Zack et al.,
1977)

Mean

Determines the threshold based on
the percentile of the cumulative
histogram

Captures the bimodal structure of
the histogram and takes the
midpoint between two peaks as
the threshold

Maximizes inter-class variance
(equivalently minimizes intra-
class variance)

Minimizes Bayesian classification
error based on a bi-Gaussian
mixture model

Uses grayscale information
entropy as the optimization
criterion

Determines the threshold based on
geometric characteristics of the
histogram

Uses the global mean gray level as

t*satisfies
F@)=p

Smooth the histogram until it becomes bimodal;
if peaks are at m; and m;, then
t* = (my + mp)/2

t* = arg maxab2 (1),

where of = wow (g — 1)

t* = arg min/J (t)

t* = arg max,Q(t)

Connect the histogram peak and the lowest point,
and take the gray level with the maximum
perpendicular distance as t*

== 3 IHO)

Simple and efficient; suitable for images with
known foreground ratio, but limited when p
is unknown (Neogi et al., 2017).

Effective for distinct bimodal distributions;
performance degrades with noise or weak
bimodality (Lu and Lu, 2017).

Parameter-free and robust; computationally
intensive and unsuitable for real-time
applications (Huang et al., 2012; Goh et al.,
2018; Huang et al., 2021).

Theoretically sound and efficient; less robust
for complex or noisy images (Cho et al.,
1989; Wang and Li, 2023).

Suitable for multimodal or noisy images; may
cause over-segmentation in highly uneven
distributions (Sekertekin, 2019).

Fast and stable; effective for unimodal
skewed histograms but sensitive to noise.

Extremely simple and fast; sensitive to

the threshold

illumination changes and unbalanced region
sizes (Sekertekin, 2021).

Overall, these algorithms extend the scope of threshold segmenta-
tion beyond classical gray-level statistics. By leveraging adaptive
iteration, moment invariants, fuzzy entropy, or gradient-based cues,
they provide enhanced robustness in complex imaging scenarios.
However, their effectiveness often depends on image characteristics
such as noise level, contrast, and histogram shape, suggesting that
careful selection and parameter adjustment remain essential for optimal
performance.

2.4. Deep learning-based threshold segmentation

Deep learning, first introduced by Hinton et al. (Hinton et al., 2006),
enables hierarchical data representation through multi-layer neural
networks, progressively abstracting low-level features into high-level
semantic information for end-to-end learning. Compared with tradi-
tional segmentation methods, it eliminates the need for manual feature
design and possesses a powerful ability for nonlinear feature extraction.
In the field of image segmentation, convolutional neural networks
(CNNs) have been widely adopted due to their capacity to capture both
spatial details and semantic correlations. In this study, three re-
presentative CNN architectures are selected for performance validation:

Table 3

Comparative summary of representative entropy-based thresholding algorithms.

Fully Convolutional Network (FCN), U-Net, and DeepLabV3. Their
model structures, core principles, and applicability are summarized in
Table 5.

These models were chosen to provide a representative comparison
across complementary segmentation paradigms. FCN serves as a classical
fully convolutional baseline for dense prediction; U-Net represents an
encoder—-decoder design with skip connections that preserves fine
structures and boundaries (Minaee et al., 2021); and DeepLabV3 employs
dilated convolutions with Atrous Spatial Pyramid Pooling (ASPP) to
aggregate multi-scale context (Chen et al., 2018). Together, they capture
complementary mechanisms (baseline prediction, boundary-preserving
feature fusion, and multi-scale contextual modeling) and support a fair
benchmark for pore/fracture segmentation under heterogeneous geo-
technical imaging conditions (Lateef and Ruichek, 2019).

Compared to traditional algorithms, deep learning methods offer
stronger adaptability and generalization ability. Through hierarchical
feature representation, they can effectively capture both micro-
structural details and global patterns in digital rock images. However,
their performance still relies on high-quality training data and com-
putational resources, which remains a key challenge for further appli-
cation and development in digital image analysis.

Algorithm Core Criterion Decision Rule

Characteristic and Applicability

Maximizes the sum of
foreground and
background entropies

Maxentropy (Kapur
et al., 1985)

t* = argmax,
[Ho(t) = Ho(D]

Minimizes the cross-
entropy between the
original and segmented
images

Li (Li and Lee, 1993)

mp —mg

i *
Iteratively update t* = oG/ mg)

Highly adaptive and independent of specific gray-
level distributions; however, computationally
intensive and less effective for uniformly distributed
images (Feng et al., 2005; Wu, 2012).

Performs well on noisy or blurred images, but limited
in capturing local details (Brink and Pendock, 1996).

until convergence

Shanbhag (Shanbhag,
1994)

Rényi (Sahoo et al.,
1997)

Maximizes a fuzzy measure
of information between
two distributions
Maximizes the generalized
Rényi entropy of order «

t* = argmax;H; (t), where Hg(t)denotes fuzzy
entropy

t* = argmax;Rq (t), with tunable a controlling
entropy sensitivity

Suitable for images with multiple gray levels or
complex distributions; performance degrades for
overly simple distributions.

Offers high flexibility and handles complex
distributions effectively, though at the cost of
increased computational complexity (Sahoo and
Arora, 2004; He et al., 2019).
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Table 4

Comparative summary of representative thresholding algorithms based on other theoretical principles.

Intelligent Geoengineering 3 (2026) 11-35

Algorithm Core Criterion

Decision Rule

Characteristics and Applicability

Isodata (Ridler and
Calvard, 1978)
Moments (Tsai, 1985)

Iterative optimization of class
means and threshold
Minimization of moment
difference between classes
Fuzzy measure-based threshold
minimizing entropy
Peak-valley search on Sobel
gradient histogram

*

Huang (Huang and Wang,
1995)

Liu-S (Shuai-Bing Song
et al., 2020)

2
2

_ M)+ )
2

t* = argmin;M ()
t* = argmin,E (t)
Given gray levels at the leftmost peak

(Gp) and central valley (Gy),
«_ Gp+Gy

Adaptive and robust; effective for bimodal histograms
but with slow convergence.

Simple and fast; suitable for unimodal or symmetric
histograms (Luo et al., 2004).

Effective for fuzzy boundaries; sensitive to heavy
noise.

Enhances boundary continuity and noise resistance;
mainly suited for unimodal or weakly bimodal
histograms.

Forward propagation / Inference

Input

: (o™
image

e

as®

Backward propagation / Learning ?.\1&\\*

CNN computation

Segmentation results

Fig. 2. FCN network architecture diagram.
3. Evaluation metric selection and image preprocessing

In geotechnical image segmentation, a rigorous evaluation frame-
work and standardized preprocessing are essential to ensure reliability
and comparability. Single metrics often fail to capture the diverse be-
haviors of algorithms across varying pore structures, necessitating a
multidimensional evaluation strategy. Meanwhile, raw microstructural
images typically suffer from noise, uneven illumination, and insufficient
contrast, which, if untreated, may bias both segmentation and sub-
sequent assessment. Accordingly, this study first establishes a compre-
hensive evaluation scheme and a systematic preprocessing pipeline to
provide a robust foundation for the ensuing performance analysis.

3.1. Selection of evaluation indicators

3.1.1. Global consistency evaluation

Visual inspection can rapidly determine whether segmentation re-
sults maintain a correspondence with prominent pore and fracture
features in the original image's geometric morphology, thereby pre-
venting obvious oversegmentation or undersegmentation from entering
subsequent analysis. However, its strong subjectivity and lack of
quantitative data prevent precise quantitative assessment of algorithm
performance (Shamsabadi et al., 2022). Porosity, calculated as the
proportion of voids in the segmented image, reflects a material's in-
ternal structural characteristics. It accurately measures each segmen-
tation algorithm's performance in identifying voids and matrix, making

Table 5

1 6464 64 64 2
Z o
Z =
g gb NE
4 ¢ 2
M st
ey 128728 Classifier
» 'I wll»)
sl
88 ¥ 25 256 256 T
I.I.I l_l‘l’
conv 1x1 % %
8§ max pool 2x2 g8 ¥ 5 os 512 512 *
o i —ii
2
= skip connectiom ;2 § a5 1
= conv3x3, BN, Relu 50x50 . ’- ’. 5050
Fig. 3. U-Net network architecture diagram.
(a) Atrous Spatial
Pyramid Pooling
4 8 16 16 s Concat s
stride fate= %
1*1 conv
L H o =5
blockl block2  block3  block4

Convl+pooll

(b) Image Pooling
=]

Fig. 4. Parallel modules with atrous convolution (ASPP), augmented with

image-level features.

it highly suitable for analyzing rock pore structures (Razavifar et al.,

2021; Shan et al., 2022).

Combining human visual assessment with overall porosity can ef-
fectively enhance the robustness of macro-scale screening, avoiding
biases caused by relying solely on a single method (such as human vi-

sual inspection alone).

The formula for calculating porosity in two-dimensional images can

be expressed as:

A
¢=Xf><100%

(3)

where ¢ is the porosity, expressed as a percentage; A, is the area of the
porous region, corresponding to the number of porous pixels in the
image; A; is the total area of the image, corresponding to the total
number of pixels in the image.

Comparative summary of representative deep learning—based segmentation algorithms.

Method Model structure

Core principle

Features and applicability

FCN (Long et al., 2015) Fully convolutional architecture replacing
dense layers with convolutional ones
(architecture illustrated in Fig. 2)
Encoder—decoder structure with skip
connections for multi-level feature fusion
(architecture illustrated in Fig. 3)

Atrous convolution and multi-scale feature
extraction integrated with encoder—decoder
design (architecture depicted in Fig. 4)

U-Net (Ronneberger et al.,
2015)

DeepLabv3 (Noh et al.,
2015)

Enables end-to-end pixel-wise
prediction by upsampling feature
maps through deconvolution.
Combines low-level spatial and high-
level semantic features to refine
segmentation boundaries.

Enhances context capture and
boundary precision through atrous
spatial pyramid pooling (ASPP).

Fast and efficient for large-scale or low-
texture images; however, spatial details may
be lost due to repeated downsampling.
Produces accurate boundary delineation and
stable convergence; yet performance strongly
depends on sufficient annotated data.

Robust to complex and heterogeneous
structures; computationally intensive due to
deep multi-scale feature processing.
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3.1.2. Structural consistency evaluation

After screening through macro-consistency evaluation, the re-
maining candidate segmentation results demonstrate fundamental
plausibility in overall geometric morphology and global porosity.
However, macro-level metrics often struggle to capture deviations in
boundary handling and local details among different algorithms (Fu
et al., 2023). To further ensure the statistical reliability of the results of
the candidates, this study introduces two robust evaluation methods at
the porosity level that complement each other: Median Absolute De-
viation (MAD) and the Kolmogorov-Smirnov (KS) test. Rather than
relying on external 'true standards', these methods identify anomalies
by leveraging the statistical consistency within the candidate set itself.

(1) Median Absolute Deviation (MAD)

The median absolute deviation (MAD) is a robust method of detecting
outliers that is resilient to extreme values. It can eliminate anomalous
partitions where the global porosity significantly deviates from that of
most candidates. The core principle involves using the median to esti-
mate central tendency and measuring the degree of abnormality by
calculating the absolute deviation of each sample from the median.

Let the global porosity of the i-th candidate partition be denoted as,
p1, then

Med(p) = median{p,, ¢,, @3-+, @, } (©)

MAD = median{lp, — Med(p)!} )
Defining Robust Z Scores:

_ pi—Med(p)

1 = Tasa6x MaD (6)

In robust statistics, 1.4826 X MAD is considered an unbiased esti-
mate of the standard deviation o. If the value of # satisfies:

rl > G )

Then ¢, is identified as an outlier. The G value typically ranges from
2.0 to 3.0.

(2) Kolmogorov-Smirnov (KS) distance

Relying solely on global porosity can mask local anomalies, so we
examine the local porosity distribution of the candidate results in more
detail. Specifically, we divide the image into K X K subregions, calculate
the porosity of each subregion and determine the candidate distribution
P.

To eliminate external dependencies, this study uses the consensus
distributionP*as a reference. This is defined as the box-by-box median
of the candidate set across each histogram bin. The KS distance between
the candidate distribution and the consensus distribution is then cal-
culated.

Dgs = (B, P*) = sup, IF, (x) — Fy(x)I 8)

where A and B represent the cumulative distribution functions (CDF) of
the candidate distribution and the consensus distribution, respectively.
If a candidate exceeds the P-th percentile threshold of the candidate
set distribution, it is deemed to exhibit significant divergence in its local
distribution and is consequently excluded. P is typically set to 95.

3.1.3. Information-theoreticdifference evaluation

Variational information (VI) is an unsupervised segmentation eva-
luation metric based on information theory. It quantifies information
loss and erroneous segmentation in images by using mutual information
(MI) and conditional entropy (H), and then compares the results of the
segmentation to those of the reference images using quantified simi-
larity values.

Variational Information (VI) is defined as follows:
VIX,Y)=HX)+H(Y)-2I(X,Y) 9)

where H (X) and H(Y) represent the entropy of the X and Y segmen-
tation results, respectively reflecting the distribution uncertainty of
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each category within the image. I (X, Y)denotes the mutual information
between the X and Y segmentation results, reflecting the amount of
information they share.

To establish an objective reference, a consensus segmentation was
derived from the candidate results. Specifically, (1) majority voting was
applied at the pixel level, assigning a pixel to pore or matrix if more than
half of the results agreed; (2) in the case of a tie, the pixel was marked as
“uncertain” and excluded from the subsequent VI calculation to avoid
bias; and (3) since hard-threshold consensus with limited samples often
yields identical global VI values, a probabilistic consensus with small
random perturbations was adopted. Binary images were converted into
probability maps, perturbations were introduced to resolve tied pixels,
and VI was finally computed from the continuous probability maps,
ensuring discriminative power even with few samples.

3.2. Image preprocessing

To compare the segmentation performance of various algorithms on
different geomaterials, this study utilized CT images of coal, granite,
sandy soil, and sandstone, along with SEM images of coal and bentonite
from the same cross-section at two different resolutions(0.29 um and
58 nm), as shown in Fig. 5. The resolutions of images a-d are 35 pm, 11
pum, 25 pm, and 11 pm, respectively; the resolution of images e and g is
0.29 pm and the resolution of images f and h is 58 nm.

3.2.1. Image cropping

To minimize the impact of edge artefacts on the original images on
the segmentation results, a 400 x 400 pixel region was extracted from
the CT image and a 650 % 650 pixel region from the SEM image, as
shown in Fig. 6. Subsequent image processing was also based on these
regions.

3.2.2. Median filter noise reduction

Median filtering is a non-linear smoothing method that effectively
suppresses salt-and-pepper and random noise while preserving edge
structural features as much as possible. This is particularly important
for identifying pore boundaries in geotechnical images, as it prevents
false pores or blurred pore boundaries caused by noise.

The fundamental idea is to replace the central pixel value within a
given window with its median value:

G(x, y) = medain{f (x, »)I(x, y)eN (x, y)} 10)

where f(x,y) represents the grayscale values of the original im-
age.N (x, y) denotes the neighbourhood window centred at (x, y), and
G(x, y) indicates the filtered result.

3.2.3. CLAHE local contrast enhancement

CLAHE (Contrast Limited Adaptive Histogram Equalisation) en-
hances contrast by performing histogram equalisation within local
windows while preventing excessive enhancement by setting a contrast
limitation threshold (C). The fundamental steps are as follows:

First, compute the histogram H(k) within the local window W and
obtain the cumulative distribution function (CDF):

i .
CDF(K) = Ei:O 1\;’:1)\] an
where M X N represents the window size.

Second, map the pixel values to new grayscale values:
§(x, y) = round((L — 1) X CDF (f (x, ))) 12)

where L is the number of grayscale levels.

If the frequency of any grayscale level exceeds threshold C, clipping
is applied and the excess is evenly distributed across all grayscale levels,
thereby preventing local over-enhancement. This enables CLAHE to
enhance the contrast between pores and matrix without amplifying
excessive noise.
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Fig. 5. Digital images of geotechnical materials. (a—d) CT images of coal, granite, sandy soil, and sandstone; (e-h) SEM images of Coal-L, Coal-H (Song et al., 2019),

Bentonite-L, and Bentonite-H.

Processed CT and SEM images are shown in Fig. 7. Their corre-
sponding grayscale histograms are shown in

4. Comparison of threshold segmentation results

In order to evaluate the performance of various segmentation algo-
rithms more comprehensively and accurately, this paper proposes a
multidimensional evaluation framework that integrates global con-
sistency, structural consistency and information-theoretic dissimilarity.
Leveraging these three dimensions enables the framework to compare
the strengths and weaknesses of different algorithms from the perspec-
tives of global statistical properties, local structural characteristics, and
information dissimilarity. This ensures more objective and comprehen-
sive evaluation results. Fig. 9 shows a detailed evaluation flowchart.

To further elucidate the acquisition process of global statistical in-
formation for this evaluation framework, the corresponding procedure
is shown in Fig. 10.

Considering the differences in imaging characteristics and grayscale
distributions between CT and SEM images, modality-specific statistical
settings are adopted for the structural-consistency screening. For CT
images, where noise and localized gray-level fluctuations are more pro-
minent, the robust z-score threshold is set to G = 2.5 and the K-S test
significance level is P = 0.05 (95%) (Razavifar et al., 2021; Emmanuel
et al., 2022; Li et al., 2025). For SEM images, where projection effects lead
to broader and more overlapping grayscale distributions between pores and
matrix, the robust z-score threshold is relaxed to G = 2.6, while the K-S
significance level is tightened to P = 0.025 (97.5%) to improve the
robustness of statistical discrimination.

4.1. Macro-level coherence evaluation
4.1.1. Results on CT images

Based on the results in Fig. 11 and Fig. 12, the following observa-
tions can be made. Since porosity in this study is computed directly

(©

®

(® (h)

Fig. 6. Cropped images of geotechnical materials. (a-d) CT images of coal, granite, sandy soil, and sandstone; (e-h) SEM images of Coal-L, Coal-H, Bentonite-L, and

Bentonite-H.
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Fig. 7. Preprocessed CT and SEM images. (a-d) CT images of coal, granite, sandy soil, and sandstone; (e-h) SEM images of Coal-L, Coal-H, Bentonite-L, and
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Fig. 8. Grayscale histograms of CT and SEM images. (a-d) CT histograms for coal, granite, sandy soil, and sandstone; (e-h) SEM histograms for Coal-L, Coal-H,

Bentonite-L, and Bentonite-H.

from the binarized segmentation, abnormally low or high porosity va-
lues typically reflect under-segmentation (missed pores/fractures) or
over-segmentation (matrix misclassified as pores/fractures), respec-
tively; the same interpretation also applies to the SEM results reported
later. For coal CT images, Otsu, Yen, Shanbhag, Isodata, and Liu-S
identified cracks with reasonably plausible thresholded outputs,
yielding porosities of 3.56%, 4.58%, 3.69%, 3.35%, and 3.50%, re-
spectively. In contrast, for granite CT images, all tested algorithms
performed poorly: Liu-S did not fully segment the cracks (porosity
0.42%), while most other methods showed pronounced over-segmen-
tation and failed to separate the matrix from cracks reliably. For sandy-
soil CT images, Triangle and Liu-S produced comparatively more
plausible binary results among the evaluated methods, with porosities
of 1.71% and 0.42%, respectively. For sandstone CT images, Percentile
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and Intermodes severely over-segmented (porosities 53.24% and
99.78%), and Mean and MinError also produced an excessively high
porosity (35.82%). The remaining algorithms generated generally ac-
ceptable thresholded results for sandstone. Overall, the CT results in-
dicate that macro-level thresholding performance is strongly material-
dependent.

4.1.2. Results on SEM images

Based on the results in Fig. 13 and Fig. 14, the following observa-
tions can be made. For Coal-L. SEM images, Yen, MaxEntropy, Re-
nyiEntropy, and Liu-S produced reasonably consistent segmentation of
cracks and matrix, yielding porosities of 8.82%, 9.16%, 11.95%, and
6.75%, respectively. For Coal-H SEM images, most algorithms
performed satisfactorily, whereas Triangle resulted in severe
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Step1: Macro-level Coherence Evaluation.
Combining artificial vision with macroscopic morphological
features for porosity identification significantly reduces the

statistical consistency of candidate sets to identify anomalous
results. Excluding images with local structural anomalies..

Step 3: Information-Theoretic Difference Evaluation.
Combine mutual information and entropy. Use these to
perform a refined quantitative comparison of candidate sets.
(Determine the optimal result.).

’ Optimal Threshold Segmentation Algorithm

|

The most suitable binary image and thresholding processing method is determined by objectively
comparing the performance of different algorithms through macro consistency, structural consistency
and information-theoretic differences.

Fig. 9. Multidimensional evaluation framework for selecting optimal thresholding algorithms.
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Fig. 10. Procedure for acquiring global statistical information in the evaluation framework.

over-segmentation with a porosity of 97%. For Bentonite-L SEM images,
only Yen and Liu-S achieved plausible segmentation of cracks, yielding
porosities of 34.51% and 28.03%, respectively. For Bentonite-H SEM
images, most algorithms produced satisfactory results, but Triangle
again caused marked over-segmentation (porosity 98%). These results
suggest that macro-level thresholding performance varies substantially
across geomaterials in SEM images, and that image resolution can
further influence the segmentation outcomes even for the same mate-
rial.

4.1.3. Cross-modality summary

Comparing the macro-level coherence results across CT
(Figs. 11-12) and SEM (Figs. 13-14) indicates both material and
modality dependence in global thresholding. Some algorithms (e.g.,
Yen) show relatively stable behavior across multiple SEM cases,
whereas others (notably Triangle) exhibit systematic over-segmentation
in SEM. In CT, the macro-level outcomes are more sensitive to li-
thology-related grayscale complexity: coal and sandstone admit mul-
tiple reasonably plausible thresholds, while granite remains challenging
for global thresholding because cracks are not separated from the ma-
trix in a reliable manner. These observations motivate the subsequent
structural-consistency and information-theoretic evaluations to further
characterize algorithm robustness and failure modes beyond macro-
level porosity statistics.
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4.2. Structural consistency evaluation

4.2.1. Results on CT images

Structural consistency evaluation is applied to algorithms that pass
the global-consistency screening (Fig. 15). The sandy-soil CT case is
excluded because only two candidate segmentations are available
(n = 2). With n = 2, robust z-score-type screening is poorly condi-
tioned, and the KS-based “consensus” degenerates to the midpoint of
the two observations, providing limited statistical support for outlier
detection.

As shown in Fig. 15, the MAD statistic for Yen on the coal CT image
is 5.29 (> G = 2.5), indicating a porosity outlier relative to the other
candidates. In addition, the KS distances for Liu-S on coal and Shanbhag
on sandstone exceed the empirically estimated 95th percentile within
the candidate set, indicating statistically distinct local-porosity dis-
tributions.

4.2.2. Results on SEM images

Structural consistency evaluation is conducted on SEM candidates
that pass global screening (Fig. 16). Bentonite-L is omitted because only
two candidate segmentations are available (n = 2), for which both ro-
bust screening and KS-based consensus are under-determined.

As shown in Fig. 16, the robust z-score for Liu-S on Coal-H is 3.897
(> G = 2.6), indicating a porosity outlier. For the KS criterion, the KS
distances for RenyiEntropy on Coal-L and MinError on Bentonite-H



Z. Jian, J. Liu, S. Ma et al.

Coal Granite Sandstone

Sandy soil

Percentile

Intermodes

Otsu

MinError

Triangle

Mean

MaxEntropy

Shanbhag

Renyi Entropy

Isodata

Moments

Huang

Liu-S

Fig. 11. Binary images obtained by threshold segmentation (CT).

exceed the empirically estimated 97.5th percentile of their candidate
sets, indicating distributional inconsistency in local porosity.

4.2.3. Cross-modality summary

Across CT and SEM, structural-consistency screening identifies
candidates that deviate from the candidate-set consensus either in
global porosity (robust statistic) or in local-porosity distribution (KS
distance). Outliers are modality- and material-specific (e.g., Yen/Liu-
S on coal in CT; Liu-S on Coal-H in SEM; RenyiEntropy and MinError
flagged by KS in SEM). When n = 2, both criteria become statistically
ill-posed; these cases are therefore excluded from structural
screening and carried forward to the subsequent information-theo-
retic evaluation.
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4.3. Information-theoretic difference evaluation

4.3.1. Results on CT images

Consensus probability images were constructed for the coal, sandy-
soil, and sandstone CT datasets, and the corresponding local-porosity
maps were computed. Fig. 17 shows the consensus segmentations de-
rived from the candidate sets together with their local-porosity heat-
maps. In the consensus maps, red regions denote uncertain pixels (tied
votes), which are excluded from the VI computation. Fig. 18 reports the
variation of information (VI) values computed from the continuous
probability images.

As shown in Fig. 18, Otsu attains the lowest VI for the selected coal
and sandstone CT images (0 and 0.0421, respectively), whereas Liu-S
yields the lowest VI for the sandy-soil CT image (0.06). Combining the
three-dimensional evaluation results, Otsu is selected as the most ap-
propriate thresholding method for coal and sandstone CT images, Liu-S
for sandy soil, and none of the evaluated global-thresholding algorithms
provides reliable segmentation for the granite CT image.

4.3.2. Results on SEM images

Consensus probability images were constructed for the Coal-L, Coal-
H, Bentonite-L, and Bentonite-H SEM datasets, and the corresponding
local-porosity maps were computed. Fig. 19 presents the consensus
segmentations obtained from the candidate sets, and Fig. 20 shows the
associated local-porosity heatmaps. As in the CT analysis, red regions
indicate uncertain pixels (tied votes) and are excluded from the VI
computation. Fig. 21 summarizes the VI values computed from the
continuous probability images.

As shown in Fig. 21, Yen consistently achieves the lowest VI within
each SEM group (0.0219, 0.0902, 0.1641, and 0.0373 for Coal-L, Coal-
H, Bentonite-L, and Bentonite-H, respectively), indicating compara-
tively higher agreement with the consensus probability maps. Under
the proposed multidimensional framework, Yen is therefore selected as
the most appropriate thresholding method for SEM images, whereas
Triangle exhibits systematic over-segmentation and yields the poorest
performance across all SEM cases.

4.3.3. Cross-modality summary

Across CT and SEM, the information-theoretic criterion (VI) pro-
vides an objective ranking by quantifying the dissimilarity between
each candidate segmentation and the consensus probability map while
excluding tied-vote pixels. The preferred method is modality-depen-
dent: Otsu is favored for coal and sandstone in CT, Liu-S for sandy soil
in CT, and Yen for SEM images across materials and resolutions. These
results reinforce that a single global-thresholding algorithm is unlikely
to be uniformly optimal across imaging modalities and geomaterials,
motivating the use of the proposed multidimensional evaluation to se-
lect modality- and material-appropriate methods.

4.4. Discussion

4.4.1. CT Images

For coal and sandstone, sandstone mainly consists of quartz and
feldspar with minor clay minerals, and typically exhibits a relatively
uniform and high matrix density. Coal is dominated by organic matter
with minor pyrite or clay minerals and also shows a concentrated ma-
trix density. Pores/cracks contain air or low-density fluids, producing a
distinct density contrast with the matrix. This contrast is reflected in CT
as comparatively separable gray-level histograms. As shown in Fig. 8,
sandstone exhibits an approximately Gaussian-like main peak corre-
sponding to the dense matrix, with a low-gray tail representing pores/
cracks. The coal histogram is more concentrated (narrower peak), while
the gray-level separation between pores/cracks and matrix remains
pronounced. In Otsu’s method, the class weights w, and w; are de-
termined by pixel proportions, and the threshold is selected by max-
imizing inter-class variance. Under such histogram separability, Otsu
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Fig. 12. Porosity of CT images (%).

can select an effective threshold and yield accurate crack segmentation
for the coal and sandstone CT images investigated in this study.

For sandy soil, the material is mainly composed of mineral grains (e.g.,
quartz and feldspar) with a small amount of clay minerals. Its high por-
osity, loose intergranular bonding, non-uniform density distribution, and
wide matrix-density range lead to skewed and asymmetric CT histograms.
As illustrated in Fig. 8, the sandy-soil histogram exhibits a blurred peak
with substantial overlap between pore/crack and matrix gray levels and
lacks a clear trough for demarcation. Liu-S utilizes gray-gradient in-
formation via the Sobel operator to capture boundary variations in local
neighborhoods. Specifically, it constructs a gradient histogram, identifies
the highest peak GP on the left and the lowest valley GV in the mid-range,
and uses the midpoint of (GP, GV) as the threshold. By emphasizing
boundary-enhanced regions, this strategy reduces sensitivity to con-
tinuous intensity distributions and blurred peak shapes, thereby im-
proving robustness for sandy-soil CT segmentation.

For granite, the mineral composition is complex with pronounced
density variability, and even minerals of the same type can differ in
crystal structure and local concentration (BOTT and Smithson, 1967).
This yields non-uniform gray values within the matrix and produces a
non-smooth, bimodal histogram. The left and right peaks correspond to
the gray and white matrix components, reflecting distinct density and
compositional distributions. The large separation between the peaks
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causes global histogram statistics (e.g., mean, variance, entropy) to be
dominated by the left peak. Consequently, Liu-S tends to concentrate on
the left peak when analyzing the gray-gradient distribution; while
fractures can be detected, the resulting segmentation is typically con-
servative. Meanwhile, strong peak separation and limited transition
zones reduce the contribution of pores/cracks to entropy and disrupt
grayscale balance, shifting the selected threshold toward intermediate
matrix intensities and obscuring pore/crack information. As a result,
many global thresholding methods place the threshold between the two
matrix peaks, fail to isolate pores/cracks, and lead to segmentation
failure in granite CT images.

The above analyses also explain the unusually low porosity values in
Fig. 12 for some thresholding outputs (e.g., sandy soil). When pore/
fracture and matrix gray levels strongly overlap and no clear histogram
valley exists, several global thresholding methods tend to select con-
servative thresholds and miss a substantial fraction of pore pixels,
leading to under-segmentation and artificially low porosity estimates.
Limited effective CT resolution and partial-volume effects may further
aggravate missed detection of fine intergranular pores.

4.4.2. SEM images
To interpret the observed robustness of Yen and the failure cases of
Triangle on the SEM datasets, the results are discussed in terms of
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Fig. 13. Binary images obtained by threshold segmentation (SEM). (The resolutions of Coal-L and Bentonite-L are 0.29 um,; the resolutions of Coal-H and Bentonite-H
are 58 nm.).
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Fig. 14. Porosity of SEM images (%).

mineralogical characteristics, histogram properties, and algorithmic
assumptions.

Coal is primarily composed of organic matter with small amounts of
pyrite or clay minerals, and its matrix density is relatively high. Unlike
coal CT images, SEM images—although acquired in two di-
mensions—encode three-dimensional surface topography and micro-
structural relief. This “2D images conveying 3D information” effect
introduces multi-source grayscale information, and the histogram no
longer exhibits the near-normal pattern often seen in coal CT; instead,
multimodal or skewed distributions are common. Bentonite mainly
consists of montmorillonite clay minerals with high specific surface
area, which promotes pronounced microscale heterogeneity and com-
plex pore/crack-matrix interfaces.

As resolution increases from 0.29 pm to 58 nm, SEM images capture
finer local features and enhance heterogeneity in pore/crack-matrix
grayscale distributions. Correspondingly, histograms can evolve from
unimodal to multimodal or skewed forms and may develop more dis-
tinguishable peak-valley structures, providing clearer grayscale
boundaries for thresholding. When peaks become more separable,
grayscale ranges of target objects and background are better dis-
tinguished, ambiguous regions are reduced, and threshold stability
improves. This explains why most algorithms show satisfactory per-
formance in both macro- and structural-consistency evaluations for the
selected high-resolution SEM images.

Yen selects the threshold by maximizing inter-class mutual in-
formation. Its key advantage is quantifying information separation
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between pores/cracks and matrix while remaining comparatively ro-
bust in the presence of noise and sharp peaks. For unimodal histograms
(e.g., Coal-L and Bentonite-L), Yen tends to select thresholds within
smooth transition zones; for partially overlapping bimodal histograms
(e.g., Coal-H and Bentonite-H), it selects a compromise threshold near
the valley, improving robustness. These characteristics are consistent
with Yen providing the most reliable segmentation among the eval-
uated thresholding methods for the SEM images considered. In contrast,
Triangle determines the threshold geometrically by maximizing the
vertical distance between the histogram peak and the line connecting
the histogram tail ends. This procedure implicitly assumes approxi-
mately symmetric or monotonic histogram geometry, which is not sa-
tistied by the SEM histograms in this study. Specifically, the broad
unimodal distribution in Coal-L and the strongly skewed distribution in
Bentonite-L. reduce Triangle’s geometric sensitivity, and the over-
lapping bimodal peaks in Coal-H and Bentonite-H further weaken
grayscale separability. Consequently, Triangle fails to segment SEM
images effectively and tends to cause systematic over-segmentation.

4.4.3. Cross-modality synthesis

Overall, the CT and SEM analyses indicate that the effectiveness of
global thresholding is governed by how each modality maps physical
microstructure into grayscale statistics. CT images are slice-based re-
presentations of volumetric density, so cracks (air/low-density phases)
often appear as relatively low-gray regions against a denser matrix;
when the matrix density is concentrated, this can yield a histogram with



Z. Jian, J. Liu, S. Ma et al.

6

0.3

o= 95%

KS-Distance

Isodata Otsu

Shanbhag

Liu-Song

©

Intelligent Geoengineering 3 (2026) 11-35

-1.05 -1.05

_1_15 -1.1

: L n 1 L 1 L L L

so‘b‘% Q‘%\o e‘% "D' %OQ%

O\% "@Q ¥ oQ‘\
'(\ Q, @0 @0

(b)

Dys=95%

04

0.3F

0.2

KS-Distance

0.1

0.0
OQA X0 ‘_\e(\% (\% \6

(\ t\
‘&o z’*& G}@ \)\\\ (\ﬁ\
s}

O > \/ “; & Q,
S oQ z,“ ov
P &

o

(d)

Fig. 15. Structural consistency on CT candidates using MAD and KS distance: (a-b) MAD values for coal and sandstone; (c-d) KS distance values for coal and

sandstone.

partial separability and supports variance-based thresholding (e.g.,
Otsu) for materials such as coal and sandstone. In contrast, SEM images
encode surface topography and microstructural relief in a 2D intensity
field, which tends to produce broader, skewed, or multimodal histo-
grams and stronger overlap between cracks and matrix. Under such
conditions, information-theoretic criteria (e.g., Yen) are comparatively
less sensitive to histogram geometry and show stronger stability,
whereas geometry-assumption-based rules (e.g., Triangle) can system-
atically fail. These modality-specific characteristics explain why the
optimal algorithm is not invariant across datasets. The multi-
dimensional framework used in Sections 4.1-4.3 helps avoid conclu-
sions based solely on global porosity by incorporating structural con-
sistency (local-porosity distribution) and information-theoretic
dissimilarity (VI) against consensus probability maps. Therefore, the
final selections reported in this study should be interpreted as modality-
and material-dependent within the investigated datasets, rather than as
universally optimal rules for all geomaterials and imaging settings.
Importantly, the proposed framework operates on the candidate
segmentation outputs and is therefore applicable to low-contrast images
in the sense that it can still provide a relative ranking without manual
ground truth. However, when contrast is extremely low and all
thresholding candidates exhibit poor separability, the consensus and VI-
based discrimination may become less reliable, effectively indicating
limited confidence in the selection. In such cases, additional
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preprocessing (e.g., contrast enhancement/denoising), adaptive/local
thresholding, or learning-based segmentation may be more appropriate.

5. Comparison of deep learning algorithm segmentation results

Building upon the systematic evaluation of traditional thresholding
algorithms in the previous section, this chapter focuses on comparing
the performance of three representative deep learning models in seg-
menting geotechnical images. Unlike conventional approaches that rely
on manually defined thresholds, deep learning methods enable end-to-
end training to automatically learn hierarchical spatial and semantic
features, thereby exhibiting superior adaptability in handling complex
and heterogeneous structures.

5.1. Dataset construction and training configuration

To evaluate the adaptability and segmentation accuracy of three
deep learning models on geotechnical microscopic images, datasets
were constructed for CT images, SEM images (multi-resolution), and a
mixed CT-SEM setting. Unless otherwise specified, a consistent training
protocol was adopted to enable fair comparison across experiments.

(1) Data sources and partition strategy

CT images were acquired using X-ray computed tomography (X-CT)
and covered four representative geomaterials (coal, sandstone, granite,
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Fig. 16. Structural consistency on SEM candidates using MAD and KS distance: (a—c) MAD values for Coal-L, Coal-H, and Bentonite-H; (d-f) corresponding KS

distance values.

and sandy soil). A total of 1655 slices were collected (440 coal, 940
sandstone, 150 granite, and 125 sandy soil), and all CT images were
cropped to 400 X 400 pixels. SEM data comprised multi-resolution
images, which were converted into training patches using a sliding
window of 650 x 650 pixels with an overlap of 150 pixels to preserve
crack continuity and boundary information, resulting in 1655 SEM
patches. This design allows us to evaluate CNN performance under scale
variability in both spatial resolution (multi-resolution SEM) and input
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geometry (different CT/SEM patch sizes), and the mixed CT-SEM set-
ting further increases such cross-scale diversity.

For single-modality experiments, each dataset was randomly split
into training (80%) and validation (20%) sets; for CT, the test set
consisted of independent CT samples from each material category. To
assess cross-modality generalization, a mixed CT-SEM dataset con-
taining 2715 images was further constructed by combining all 1655 CT
images with a subset of 1060 SEM patches. This subset selection was
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Fig. 17. Consensus probability maps and local porosity heatmaps (CT). (a—c) Consensus probability maps for coal, sandy soil, and sandstone; (d—f) corresponding
local porosity heatmaps.
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adopted to maintain a manageable training scale while retaining re-
presentative SEM variability. The mixed dataset was randomly split into
training (80%) and validation (20%) sets, with CT and SEM images
randomly mixed within both splits.

Ground-truth masks for CT images were manually annotated using the
Image Labeler tool in MATLAB. For SEM images, supervisory labels were
generated using a hybrid strategy combining Liu-S thresholding with
manual correction, improving label fidelity by rectifying misclassified
regions caused by uneven brightness or surface relief. To improve ro-
bustness to practical imaging imperfections, artifact-containing samples
were intentionally included (CT: ring artifacts and bright-spot noise; SEM:
bright spots, artifacts, and high electron reflections).

(2) Image preprocessing and data augmentation

All images were linearly normalized to [0, 1] prior to training. CT
inputs were maintained at 400 X 400 pixels. SEM patches were gener-
ated at 650 X 650 during cropping and then resized as needed to match
the network input size. For the mixed CT-SEM dataset, a unified pre-
processing pipeline was applied to both modalities, including size
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Fig. 20. Local porosity heatmaps of the consensus probability maps (SEM): (a—d) Coal-L, Coal-H, Bentonite-L, and Bentonite-H, respectively.

normalization and grayscale standardization, to mitigate distribution
mismatch across sources.

During training, random data augmentation was applied, including
horizontal/vertical flips, brightness and contrast perturbations, and
mild Gaussian noise injection, to enhance generalization under non-
ideal imaging conditions. During validation and testing, only normal-
ization (and consistent cropping where applicable) was used to ensure
input consistency.

(3) Network architecture and implementation

Three representative segmentation architectures were evaluated: U-
Net, FCN-8s, and DeepLabV3. U-Net adopts an encoder-decoder struc-
ture with skip connections to fuse spatial and semantic features. FCN-8s
integrates multi-level upsampling with skip connections to improve
detail recovery. DeepLabV3 uses ResNet-50 as the backbone and in-
corporates dilated convolutions and an ASPP module to capture multi-
scale context. All models were implemented in PyTorch 2.0, and out-
puts were represented as single-channel probability maps to ensure
consistent comparison across architectures.
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(4) Training parameters and computational environment

To ensure fairness, all models were trained under the same opti-
mization strategy unless constrained by input resolution. The loss
function was an equal-weight combination of Binary Cross-Entropy
(BCE) and Dice loss. Adam (3, = 0.9, 8, = 0.999) was used with an in-
itial learning rate of 1 x 107*. The batch size was set to 4 for CT ex-
periments and 2 for SEM and mixed CT-SEM experiments due to higher
input resolution and GPU memory constraints. The learning rate was
reduced by a factor of 0.5 if no improvement was observed on the va-
lidation set for 10 consecutive epochs, and the maximum number of
epochs was 150. To mitigate overfitting, dropout (p = 0.3) was applied
in decoder layers and L2 weight decay (1 X 10~°) was used.

All experiments were conducted on an NVIDIA RTX 3070 GPU
(8 GB) under Windows 11 with CUDA 11.8. To reduce sensitivity to a
single random initialization, no fixed random seed was enforced; each
experiment was repeated three times and the mean performance was
reported.

5.2. Evaluation metrics and performance assessment

Model performance was assessed during training and validation
using both optimization objectives and segmentation accuracy metrics.
Specifically, the training loss (train_loss), validation loss (val_loss), and
Intersection over Union (IoU) were monitored throughout training to
evaluate convergence behavior and generalization. Segmentation

accuracy was quantified using four complementary metrics: IoU, Dice
coefficient, Precision, and Recall. These metrics characterize overlap
agreement, region consistency, classification correctness, and detection
completeness from different perspectives. To further examine compu-
tational efficiency and resource requirements, four additional in-
dicators were reported: number of parameters (Params), floating-point
operations (FLOPs), model size (Size), and per-image inference time
(Inference Time). These indicators enable a balanced evaluation of
accuracy-efficiency trade-offs. The same evaluation protocol was ap-
plied to CT, SEM, and mixed CT-SEM experiments to ensure compar-
ability.

(1) Loss function The loss function measures the discrepancy between
the predicted segmentation and the ground-truth label and serves as
the optimization target during training. In this study, a weighted
combination of Binary Cross-Entropy (BCE) loss and Dice loss was
used:

L =2ALpcg + (1 + ) — Lpice) 13)

where Lpcr denotes the Binary Cross-Entropy loss, which constrains
pixel-wise prediction accuracy, and Lp;, represents the Dice loss,
which enhances the recognition of small objects and boundary re-
gions. The weighting coefficient 1 was set to 0.5, ensuring a ba-
lanced contribution between the two components.

(2) Intersection over Union (IoU) IoU quantifies the overlap between
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the predicted region and the ground truth and is widely used to
evaluate segmentation accuracy:

TP

IoU = TP + FP + FN (14)

where TP, FP, and FN denote the number of true positive, false
positive, and false negative pixels, respectively. A higher IoU value
indicates better agreement between the prediction and the re-
ference segmentation.

(3) Dice Coefficient The Dice coefficient measures region consistency
between prediction and ground truth and is particularly in-
formative under class imbalance:

2TP

Dice = 2TP + FP + FN (15)

This metric jointly reflects segmentation accuracy and recall per-
formance and serves as an important indicator for assessing por-
e-matrix segmentation quality.

(4) Precision and Recall
To further characterize prediction behavior, Precision and Recall
were computed as:

.. TP

Precision = TPrEP (16)
TP

Recall = TP + FN 17)

Precision reflects the proportion of correctly identified pore pixels
among all pixels predicted as pores, while Recall indicates the
proportion of correctly detected pore pixels within the actual pore
regions. Together, these metrics provide a balanced assessment of
the model’s over-detection and under-detection tendencies.
(5) Efficiency and resource indicators
To quantify computational cost, the total learnable parameters
(Params), computational complexity (FLOPs), storage footprint (Size), and
runtime performance (Inference Time per image) were recorded. These
metrics complement accuracy scores by characterizing the practical effi-
ciency of each architecture under the same experimental setting.

5.3. Comparative analysis of training results

5.3.1. Convergence and stability analysis

(1) CT dataset

To examine training convergence and stability on CT images, the
three models were compared under identical training settings. As
shown in Fig. 22, the train_loss of all models decreases steadily with
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increasing epochs, indicating stable optimization. U-Net consistently
attains the lowest train_loss, suggesting faster convergence. At epoch
64, U-Net reaches Loss = 0.039 and IoU = 0.972, outperforming FCN
(Loss = 0.310, IoU = 0.910) and DeepLabV3 (Loss = 0.234, IoU =
0.649).

On the validation set, U-Net maintains the best overall perfor-
mance with comparatively smooth val loss and IoU trajectories,
implying stronger generalization across CT samples. In contrast,
DeepLabV3 exhibits larger val_loss fluctuations and FCN shows more
noticeable IoU oscillations across epochs, which may indicate re-
duced training stability and/or sensitivity to sample variability in CT
segmentation.

(2) SEM dataset

The convergence behavior on SEM images is summarized in
Fig. 23. All models show a monotonic reduction in train_loss, in-
dicating effective optimization on the SEM dataset. U-Net again
achieves the lowest train_loss, consistent with the CT experiment. At
epoch 50, U-Net attains Loss = 0.050 and IoU = 0.967, exceeding
FCN (Loss = 0.275, IoU = 0.945) and DeepLabV3 (Loss = 0.197,
IoU = 0.674).

During validation, U-Net exhibits the most stable convergence with
limited fluctuations in val_ loss and IoU, suggesting robust general-
ization. FCN achieves slightly lower accuracy than U-Net but maintains
relatively stable loss curves, indicating acceptable training stability on
SEM data. DeepLabV3 shows larger oscillations in both loss and IoU,
which may reflect instability and potential overfitting under the SEM
setting.

(3) Mixed CT-SEM dataset

To evaluate convergence under multi-source training, the three
models were further trained on the mixed CT-SEM dataset (Fig. 24).
The training curves show that all models experience a gradual reduc-
tion in train_loss, consistent with the convergence patterns observed in
single-modality training. U-Net consistently achieves the lowest
train_loss and converges earlier than the other models. Specifically, U-
Net stabilizes by epoch 42, reaching Loss = 0.045 and IoU = 0.969,
outperforming FCN (Loss = 0.297, IoU = 0.923) and DeepLabV3 (Loss
= 0.223, IoU = 0.657).

On the validation set, U-Net maintains smooth and minimally fluc-
tuating curves, indicating stronger generalization under mixed-mod-
ality inputs. FCN presents relatively flat loss trajectories but more ap-
parent IoU fluctuations, suggesting limited gains in feature
discrimination despite stable optimization. DeepLabV3 again shows
pronounced fluctuations in both loss and IoU, indicating reduced ro-
bustness and a higher risk of unstable training behavior in the mixed
setting.
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Fig. 22. Training curves of different models on the CT dataset: (a) training set; (b) validation set.



Z. Jian, J. Liu, S. Ma et al.

0.4 1.0
—#— U-Net_train_iou
03 —e— Fen_train_iou 0.9
§ ““‘MM‘“ —&— Fen_train_loss %
= [—4— Deeeplabv3_train_loss, =,
=10.2 " PR x 0.8 g
‘s ]
= [—=—U-Net_train_loss ;
{4~ Deeplabv3_train_iou]
0.1 0.7
0.0 0.6
0 30 60 9 120 150
Epoch

(a)

Intelligent Geoengineering 3 (2026) 11-35

3.5
0.96
2.8
0.92
—&— U-Net_val_loss
221 S b 3
- —&—Fen_val_iou —
_ —A— Deeplaby3_val_loss 0.88 El
§ 14 —A— Deeplaby3_val_iou =
07 0.84
0.0 0.80

(b)

Fig. 23. Training curves of different models on the SEM dataset: (a) training set; (b) validation set.

5.3.2. Quantitative performance comparison

(1) CT dataset

To quantify segmentation accuracy on the micro-CT task, IoU, Dice,
Precision, and Recall were computed on four test images. The results
are reported as mean * standard deviation and summarized in Table 6.

Overall, U-Net achieves the highest average performance across all
metrics, with IoU = 0.801 = 0.076 and Dice = 0.888 + 0.048, ex-
ceeding FCN (IoU = 0.622 = 0.131, Dice = 0.761 0.093) and
DeepLabV3 (IoU = 0.413 = 0.227, Dice = 0.553 0.256). U-
Net also shows the smallest standard deviations across metrics, in-
dicating more consistent performance across test samples. FCN attains a
relatively high Recall (0.946 + 0.058) but a lower Precision
(0.641 * 0.112), suggesting an increased false-positive rate and a
tendency toward over-segmentation. DeepLabV3 exhibits larger varia-
bility, particularly in Recall (0.592 + 0.348), indicating unstable per-
formance across samples. Taken together, U-Net provides the most ac-
curate and consistent segmentation on the micro-CT dataset considered
in this study.

(2) SEM dataset

To quantify segmentation accuracy on SEM images, the same four
metrics were computed on four SEM test images. Results are summar-
ized in Table 7 as mean * standard deviation.

U-Net achieves the highest overall accuracy, with IoU
= 0.675 * 0.080 and Dice = 0.804 = 0.058, slightly higher than
FCN (IoU = 0.643 = 0.043, Dice = 0.782 * 0.032) and clearly

*
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0.736 = 0.059). U-Net also presents relatively small standard devia-
tions across most metrics, indicating stable performance. FCN attains a
marginally higher Recall than U-Net (0.885 + 0.108 wvs.
0.883 + 0.112) but lower Precision (0.719 * 0.106), implying a
higher false-positive rate. DeepLabV3 yields lower mean scores and
larger variability (e.g., Precision = 0.665 * 0.146), indicating re-
duced robustness on SEM images with complex textures and/or lower
contrast. Overall, U-Net remains the most consistent performer on the
SEM dataset.

(3) Mixed CT-SEM dataset

To evaluate cross-modality segmentation performance, IoU, Dice,
Precision, and Recall were computed on eight test images from the
mixed CT-SEM setting and are reported as mean *+ standard deviation
in Table 8.

U-Net achieves the highest mean accuracy across metrics, with an
average IoU = 0.650 and Dice = 0.740, slightly higher than FCN
(IoU = 0.595, Dice = 0.735) and substantially higher than
DeepLabV3 (IoU = 0.469, Dice = 0.617). In terms of stability, U-Net
shows relatively low variance for several metrics (notably Dice and
Precision), consistent with the single-modality results, suggesting
improved robustness under mixed-modality inputs. However, the
larger standard deviations observed in IoU (= 0.183) and Recall
(= 0.229) indicate that performance can still vary across individual
samples.

FCN exhibits comparatively smaller variation in IoU (SD = 0.162)
but lower mean accuracy, reflecting a trade-off between stability and

Ees ——0.97
0.30 —=— U-Net_val_iou|—e— Fen_val_loss|
) 40.96
0251 10.95
% 10.94
2 0.20+ -
3' 410.93 '9|
So.15t 10925
40.91
0.10 |
40.90
r f U-Net_val_loss|—&— Deeplabv3_val_loss
o :l"un :nl jou  |—&— Deeplabv3 val_iou 40.89

=20 0 20 40 60 80 100 120 140 160
Epoch

(b)

Fig. 24. Training curves of different models on the combined CT-SEM dataset: (a) training set; (b) validation set.
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Table 6

Quantitative comparison of segmentation performance among three deep learning models on the micro-CT dataset.

Intelligent Geoengineering 3 (2026) 11-35

Model ToU (Mean+SD) Dice (Mean+SD) Precision (Mean+SD) Recall (Mean+SD)

FCN 0.622+0.131 0.760+0.093 0.641+0.112 0.946+0.058

U-Net 0.801+0.076 0.888+0.048 0.851+0.068 0.930+0.056

Deeplabv3 0.413+0.227 0.553+0.256 0.661+0.184 0.592+0.348
Table 7

Quantitative comparison of segmentation performance among three deep learning models on the SEM dataset.

Model IoU (Mean+SD) Dice (Mean+SD) Precision (Mean+SD) Recall (Mean+SD)
FCN 0.643+0.043 0.782+0.032 0.719+0.106 0.885+0.108
U-Net 0.675+0.080 0.804+0.058 0.762+0.136 0.883+0.112
Deeplabv3 0.585+0.070 0.736+0.059 0.665+0.146 0.864+0.104
Table 8
Quantitative comparison of segmentation performance among three deep learning models on the combined CT-SEM dataset.
Model IoU(Mean+SD) Dice(Mean+SD) Precision(Mean+SD) Recall(Mean+SD)
U-Net 0.605+0.183 0.740+0.143 0.801+0.234 0.788+0.229
FCN 0.595+0.162 0.735+0.127 0.738+0.184 0.809+0.206
Deeplabv3 0.469+0.181 0.617+0.199 0.801+0.137 0.565+0.239

accuracy. Its Recall is slightly higher than U-Net (0.809 vs. 0.788),
while Precision is lower, consistent with a tendency toward over-seg-
mentation. DeepLabV3 underperforms in both mean accuracy and sta-
bility, with higher variability in some metrics (e.g., Dice), suggesting
less reliable segmentation in challenging texture or low-contrast cases.

Notably, performance on the mixed CT-SEM dataset is generally
lower than that achieved under single-modality training, indicating
increased learning difficulty when combining the two imaging types.
This degradation is likely attributable to systematic differences between
CT and SEM images in grayscale distributions, spatial resolution, tex-
ture details, and noise characteristics, which introduce a domain shift
for the models.

5.3.3. Computational efficiency and overall performance assessment

(1) CT dataset

To evaluate computational efficiency on the micro-CT task, four
indicators were reported: Params, FLOPs, Size, and Inference Time
(Table 9). U-Net contains 17.26 M parameters, slightly higher than FCN
(14.72M) and substantially lower than DeepLabV3 (39.63 M). The
FLOPs are 97.926 G (U-Net), 49.093G (FCN), and 99.919G (Dee-
pLabV3). Model sizes are 65.93 MB (U-Net), 56.23 MB (FCN), and
151.52 MB (DeepLabV3). The average inference times are 34.91 ms (U-
Net), 18.41 ms (FCN), and 30.67 ms (DeepLabV3).

When considered together with the quantitative accuracy results in
Section 5.3.2, U-Net provides the most balanced overall profile on
micro-CT images, combining higher segmentation accuracy and stabi-
lity with moderate computational cost. FCN offers the lowest cost and
fastest inference but yields lower accuracy, whereas DeepLabV3 incurs

Table 9
Comparison of computational complexity and inference efficiency among three
deep learning models.

substantially higher parameter and storage cost without commensurate
gains in segmentation accuracy.

(2) SEM dataset

For SEM experiments, FLOPs, Size, and Inference Time were re-
corded (Table 10). Since parameter count is architecture-dependent and
thus consistent with the CT setting, Params is not repeated here. Dee-
pLabV3 shows the highest FLOPs (268.65 G), slightly exceeding U-Net
(257.58 G) and substantially higher than FCN (128.80 G). Model sizes
remain 65.93 MB (U-Net), 56.23 MB (FCN), and 151.52 MB (Dee-
pLabV3). The per-image inference times are 98.63 ms (U-Net), 53.37 ms
(FCN), and 89.42 ms (DeepLabV3).

In conjunction with Section 5.3.2, U-Net again exhibits the most
favorable performance profile on SEM images, achieving higher seg-
mentation accuracy and stability at moderate cost. FCN remains com-
putationally efficient but less accurate, while DeepLabV3 has the
highest cost with limited performance advantage.

(3) Mixed CT-SEM dataset

Efficiency metrics were evaluated under CT and SEM inputs in the
preceding sections. Under the same implementation setting, relative
differences in computational cost and storage footprint are primarily
determined by network architecture and therefore remain comparable
in the mixed setting. Accordingly, efficiency testing is not repeated for
the mixed CT-SEM dataset, and the mixed experiment is assessed
mainly through segmentation accuracy and stability (Section 5.3.2).

5.3.4. Discussion of cross-dataset observations

Across CT, SEM, and mixed CT-SEM training, U-Net shows con-
sistently higher accuracy and lower variability than FCN and
DeepLabV3, indicating stronger robustness to dataset heterogeneity

Table 10
Comparison of computational complexity and inference efficiency among three
deep learning models.

Model Params(M) Flops(G) Size(MB) Inference Time
(ms per image) Model Flops(G) Size(MB) Inference time (ms per image)
Fen 14.72 49.093 56.23 18.41 Fen 128.80 56.23 53.37
U-Net 17.26 97.926 65.93 34.91 U-Net 257.58 65.93 98.63
Deeplabv3 39.63 99.919 151.52 30.67 Deeplabv3 268.65 151.52 89.42
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within the investigated settings. FCN tends to produce higher Recall but
lower Precision, which is consistent with an increased false-positive
rate and a tendency toward over-segmentation. DeepLabV3 exhibits
higher computational cost and less stable accuracy, suggesting that its
additional capacity does not translate into improved generalization for
the considered pore/crack segmentation tasks.

Notably, performance on the mixed CT-SEM dataset is generally lower
than that achieved under single-modality training. This mixed setting
provides an initial indication of cross-scale robustness, because it combines
multi-resolution SEM data with CT/SEM inputs of different pixel sizes
under a unified preprocessing pipeline. This reduction is consistent with
the increased learning difficulty associated with combining modalities that
differ systematically in grayscale statistics, spatial resolution, texture
characteristics, and noise patterns, which introduces a domain shift and
challenges the model’s feature representation and generalization.

Intelligent Geoengineering 3 (2026) 11-35

5.4. Comparison with threshold-based methods

To compare deep learning-based segmentation with traditional
thresholding in microscopic image segmentation, the outputs of the
best-performing U-Net trained on the mixed CT-SEM dataset were
compared against the thresholding results selected as optimal in
Chapter 4 under the proposed multidimensional evaluation framework.
The comparison was conducted on eight representative test images,
including four CT images (four geomaterials) and four SEM images (two
materials). Both qualitative visual inspection and quantitative metrics
were used to assess segmentation accuracy and consistency.

As shown in Fig. 25 and Table 11, U-Net produces segmentations
that exhibit close agreement with the manual annotations, with limited
visual evidence of over-segmentation or under-segmentation. By con-
trast, the selected thresholding methods show pronounced over-

Image type Original Manual U-Net Optimal
segmentation  thresholding
image annotation result
CT images Coal ¢ B > >
s T T S 8
T \."‘/ N ’*\// ) //
ey 2L L
Vs ys &
/ s /
Granite
Sandy soil
SEM images  Coal L
Coal H

Bentonite-L

Bentonite-H

Fig. 25. Comparison of binary segmentation results between deep learning models and traditional thresholding methods.
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Table 11

Quantitative comparison of segmentation performance between deep learning and traditional thresholding methods on the test set.
Methods ToU(Mean=+SD) Dice(Mean+SD) Precision(Mean+SD) Recall(Mean+SD)
U-Net (DL) 0.607+0.184 0.741+0.144 0.742+0.220 0.849+0.208
Optimal TS 0.445+0.259 0.582+0.230 0.678+0.312 0.764+0.290

segmentation in several challenging cases (e.g., granite, sandstone, and
Coal-L). The quantitative results are consistent with these observations:
the deep learning approach achieves higher average IoU, Dice, Preci-
sion, and Recall, and generally exhibits lower variability (standard
deviation) than thresholding, indicating both improved accuracy and
more stable performance across the evaluated images. These findings
suggest that, within the investigated cases, global thresholding is more
sensitive to histogram separability and illumination/contrast conditions
and can degrade in the presence of complex textures, intricate struc-
tures, or elevated noise. In contrast, U-Net can learn multi-scale features
and spatial context directly from data, which contributes to stronger
generalization under heterogeneous imaging conditions.

From a computational perspective, these two approaches also differ
in their cost profiles. Thresholding methods are training-free and typi-
cally involve only pixel-wise operations and/or histogram statistics, and
their runtime is generally much lower than CNN inference for the same
image size. Because wall-clock timing is implementation- and hard-
ware-dependent (and thresholding runtimes are typically negligible
relative to CNN training), we do not attempt to provide a strict end-to-
end time benchmark between thresholding and CNNs; instead, we re-
port standard efficiency indicators for the CNN models, including
FLOPs and per-image inference time (Tables 9-10). Therefore, thresh-
olding remains attractive for rapid screening or resource-constrained
applications (Minaee et al., 2021), whereas U-Net provides improved
accuracy and robustness for challenging images at the expense of higher
computational and data requirements (Niu et al., 2020).

6. Conclusions

This study systematically reviewed 15 widely used global single-
threshold segmentation algorithms and three CNN-based segmentation
models (FCN, U-Net, and DeepLabV3). The thresholding methods were
grouped into histogram-based, entropy-based, and other approaches.
Segmentation experiments were conducted on CT images of four geo-
materials and SEM images of two materials. For thresholding assess-
ment, a multidimensional evaluation framework independent of
manual ground-truth annotations was employed to analyze segmenta-
tion outcomes in terms of macro-level coherence, structural con-
sistency, and information-theoretic dissimilarity measured by variation
of information (VI).

For traditional thresholding methods, performance varied sub-
stantially across materials and imaging modalities. In the investigated
CT datasets, Otsu provided the most favorable results for coal and
sandstone, while Liu-S performed best for sandy soil; however, none of
the evaluated global thresholding algorithms produced satisfactory
segmentation for granite. In the investigated SEM datasets, Yen showed
relatively robust performance, yielding consistent results across coal
and bentonite images at different resolutions. These observations sug-
gest that, within the investigated cases, global thresholding is more
likely to succeed when grayscale separability is clear and illumination is
relatively uniform, but can degrade under complex textures and ele-
vated noise or contrast ambiguity.

For deep learning models, U-Net achieved higher accuracy than FCN
and DeepLabV3 across CT, SEM, and mixed CT-SEM experiments. U-
Net exhibited faster convergence and more stable validation behavior in
the monitored training curves, and achieved higher mean IoU, Dice,
Precision, and Recall values than the other networks. FCN showed
slightly lower accuracy and, in some settings, more evident IoU
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fluctuations, indicating limited stability. DeepLabV3 obtained lower
average accuracy and more variable validation trends, suggesting re-
duced robustness under the investigated training configurations.
Overall, these results indicate that U-Net can learn multi-scale features
that support pore/fracture delineation and boundary continuity across
heterogeneous geotechnical images.

In the mixed CT-SEM setting, all models exhibited lower performance
than in single-modality training, which is consistent with the domain shift
between CT and SEM images in grayscale distribution, spatial resolution,
texture, and noise characteristics. Nevertheless, U-Net still outperformed
the optimal threshold-based results on the evaluated test images.
Moreover, despite lower average quantitative scores, DeepLabV3 was able
to delineate major fracture regions in granite images, which were not ef-
fectively segmented by any of the evaluated thresholding methods. This
further supports the potential advantage of deep learning models in
challenging cases where global thresholding fails.

Although this study focuses on two-dimensional segmentation, the
proposed evaluation and selection strategy can be naturally extended to
three-dimensional CT volumes. Thresholding algorithms can be applied
voxel-wise to volumetric data, and the three evaluation dimensions can
be generalized to 3D measures, such as volumetric porosity for macro-
level coherence and local volumetric-porosity distributions for struc-
tural consistency. Likewise, the consensus-based information-theoretic
assessment (VI) can be computed using a 3D consensus probability
volume constructed by voxel-wise voting. For deep learning, the same
training and evaluation protocol can be implemented using 3D archi-
tectures (e.g., 3D U-Net) with patch-based training to accommodate
GPU-memory constraints and anisotropic voxel spacing. Such 3D ex-
tensions would directly support downstream digital rock analysis, in-
cluding pore-network extraction and permeability estimation.

In summary, within the investigated datasets, deep learning mod-
els—particularly U-Net—provide improved accuracy and stability over
traditional thresholding for geotechnical image segmentation. Their
performance depends on the availability of reliable training labels and
sufficient computational resources, and may be affected by domain
shifts across imaging modalities. Thresholding methods remain com-
putationally lightweight and interpretable but are limited in handling
complex textures, low contrast, or heterogeneous noise. Future work
will focus on expanding cross-domain datasets, exploring transfer
learning and self-/weakly-supervised strategies, developing lightweight
architectures to reduce computational cost while maintaining segmen-
tation quality, and extending the current framework to 3D volumes
with validation against laboratory-measured petrophysical properties.
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