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Abstract

Artificial intelligence (Al) has rapidly become a key enabler in materials science, facilitating automated, high-precision
analysis of microstructure and surface characteristics. This review presents a structured overview of both deep learning
(DL) and classical image processing approaches used in tasks such as segmentation, classification, super-resolution, and
surface defect detection across different imaging techniques, including optical microscopy, scanning electron microscopy
(SEM), atomic force microscopy (AFM), and electron backscatter diffraction (EBSD). The reviewed studies show that
modern DL architectures such as convolutional neural networks (CNN), U-Net, Vision Transformers, and YOLO achieve
high performance, often reporting accuracy levels above 90% in segmentation and defect detection tasks. In addition,
generative models improve robustness by enabling data augmentation and the generation of synthetic data, particularly in
data-limited scenarios. Despite these advances, important challenges remain, including limited data availability, domain
shifts across imaging conditions, and limited interpretability of deep models. This review therefore examines explainable
Al (XAI) approaches and highlights that visual explanations alone are insufficient unless supported by physical micro-
structural knowledge. At the same time, classical feature-based methods such as GLCM, LBP, and Gabor filters continue
to offer advantages in interpretability and computational efficiency, especially in low-data scenarios. Overall, the review
emphasizes the complementary use of classical and deep learning approaches and outlines future directions, including
standardized datasets, domain adaptation, and physics-informed modeling to improve reliability and generalization in Al-
driven materials characterization.
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1 Introduction

The mechanical, thermal, and chemical properties of mate-
rials are closely related to their microstructures. Microstruc-
ture encompasses elements such as phase distribution, grain
size, orientation, porosity, and interface properties, and
these components are fundamental factors that determine
a material’s performance [1]. Detailed characterization of
microstructure is a critical step in understanding the “micro-
structure-property relationship,” a fundamental goal of
materials science. Unraveling this relationship plays a key
role in the design of new materials and the improvement of
existing ones [2]. Traditional approaches to microstructure
analysis often rely on qualitative evaluation of microscopic
images (Figs. 1 and 2). However, visual inspection alone
is insufficient for accurately defining complex phase mor-
phologies and multi-scale structural features [3], which has
increased the need for quantitative and automated analysis
methods.

In materials engineering applications, surface topogra-
phy is as decisive factor as microstructure. Parameters such
as surface roughness, waviness, texture orientation, and sur-
face energy directly affect surface-related behaviors, includ-
ing wear, friction, corrosion, and coating adhesion [6]. In
addition, advances in high-resolution imaging techniques
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such as optical microscopy, SEM, AFM, and EBSD have
enabled the acquisition of large, complex datasets, fur-
ther increasing the need for advanced analytical methods.
Understanding the process—microstructure—property rela-
tionship in modern engineering materials is not limited
to experimental characterization. It also encompasses the
microstructural effects of thermomechanical, diffusion, and
phase-transformative processes [7]. In this context, micro-
structure characterization has become an interdisciplinary
field integrating experimental observations and modeling
approaches.

Microstructure characterization has long relied heavily
on human labor and expert interpretation. However, today,
classical image processing techniques alone are insufficient
for understanding the complex morphologies of microstruc-
tures [8]. As a result, Al and computer vision (CV) meth-
ods have emerged as effective tools for enabling automated,
rapid, and reproducible analysis of large-scale microscopy
data [9]. Specifically, the creation of broader, open-access
databases for Al-supported microstructure analysis (Fig. 3),
the development of interpretable DL models, and the inte-
gration of multi-scale characterization approaches are con-
sidered fundamental requirements for progress in this field
[10].
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Fig. 1 SEM image (1000 magni-
fication) of 2 wt% Nb-reinforced
TAZ532 matrix composite [4]
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Fig. 2 SEM/EDS mapping analysis before immersion (a) Mg2Zn-2 wt% Al203 magnesium composite, (b) Mg2Zn-8 wt% Al203 magnesium
composite [5]

Image processing and DL-based models can identify
microstructural patterns with significantly higher accuracy
and speed than human observers, particularly in material
systems such as steel microstructures, and detect complex
phase distributions [11]. For example, the classification of
steel microstructures using DL methods has enabled ground-
breaking advances in the automatic determination of phase
separation and grain morphology [11]. Such approaches not
only shorten the analysis time but also significantly reduce
human error [8]. One of the most important contributions
of DL models is their ability to jointly interpret differences
in parameterizations of the same material, particularly
under varying production conditions such as heat treatment,
cooling rates, or deformation processes [9]. Furthermore,

applying pre-trained convolutional neural network-based
encoders to microscope data has enabled high-accuracy seg-
mentation even with limited data [12].

Another strength of Al-based image processing tech-
niques is their ability to reconstruct microstructure data at
different resolutions. DL-based super-resolution models
enable more precise, detailed examination of microstruc-
tures by converting low-resolution microscope images into
high-resolution ones [13]. Such approaches provide high
sensitivity, particularly in detecting surface or phase distinc-
tions at the nanoscale [14]. Furthermore, “few-shot learn-
ing” approaches offer significant advantages in situations
where data labeling is complex or expert interpretation is
limited. Using these methods, fast and flexible segmentation
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Fig. 3 Practical demonstrations of deep learning methods in the processing and analysis of spectral information [10]

of electron microscope data can be achieved using only a
small number of labeled images [15]. Similarly, DL-based
3D segmentation techniques enable volumetric analysis of
grain boundaries and phase distributions in polycrystalline
materials [16]. One of the biggest challenges in DL-based
microstructure analysis is the lack of high-quality and accu-
rately labeled data. Classical interpretation of microscope
images is time-consuming and requires expert knowledge
[17]. This makes it difficult to obtain sufficient data for model
training and limits the generalization ability. In recent years,
data augmentation and synthetic data generation strategies
have been developed to mitigate this problem. However, it
has also been reported that these techniques may increase
the risk of overfitting and may not fully capture the model’s
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actual microstructural variations. In learning environments
with limited data, optimization strategies are used to enable
the model to generalize effectively; these approaches are
referred to as “training strategies” [18]. On the other hand,
understanding the decision mechanisms of deep networks in
high-resolution microscopy data poses a separate challenge.
Understanding which features or textural patterns deep net-
works learn and decide upon is critical for increasing the
model’s reliability and interpretability [19].

Recently, vision foundation models have emerged as a
viable option for image analysis in natural images, which
could be considered as a direct result of developments in
natural language processing [20, 21]. The most promi-
nent approach is Segment Anything (SAM) [22]. These
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foundation models are able to generalize to tasks and data
distributions beyond those seen during training, which is
a capability enabled through prompt engineering. Subse-
quently, Segment Anything for Microscopy (WSAM) was
introduced in [23] as a tool for segmentation and track-
ing in multidimensional microscopy data. Based on SAM,
it was extended by fine-tuning generalist model for light
and electron microscopy with a goal of greatly improving
segmentation quality across different modalities. Tung and
Harrison [24] propose a machine learning (ML) workflow
that combines SAM with a few-shot learning framework,
automating segmentation and minimizing user bias. In this
work, SAM is used to generate precise annotations from a
limited subset of 2D images with prompt engineering, and
then used for few-shot learning model. The method was
benchmarked with a 3D FIB-SEM tomographic dataset.
The method achieved intersection over union (IoU) score
of 80.62%, which reportedly achieves better IoU score
then previous methods. The material used in this study was
metamorphosed CM-like carbonaceous chondrite meteorite
(WIS91600). It should be noted that SAM was trained on
very large dataset of natural images (i.e., scenes containing
people, animals, objects), and it has learned to recognize
objects with clear boundaries, familiar shapes and textures,
and semantic objects (e.g., cars, trees, persons, etc.). Micro-
structure images, such as SEM or FIB-SEM in materials
science, have very different structures. They might con-
tain abstract patterns that are not typically found in natural
images. The contrast between specific objects can be very
subtle or noisy. Structures might be defined by material
properties, and not visual semantics. SAM is biased toward
the statistics and patterns of natural images, and as such it
will try to interpret microstructures using the rules learned
from natural images. It might miss important features such
as grains or phases, or it might incorrectly segment noise or
background. Pan et al. [25], authors found that the perfor-
mance of SAM is slightly inferior to ECA-U-Net (modified
version of the U-Net architecture with Efficient Channel
Attention) when it comes to details. However, the benefit
of using SAM is that the labeling of microstructures is not
required, as compared to ECA-U-Net. Whitman and Laty-
pov [26] the authors presented results of experiments with
CLIP, DINOvV2 and SAM on microstructure images (SEM,
EBSD, and metals and alloys dataset). They showed that
these models outperformed traditional, task-specific models
for learning microstructure—property relationships. Vision
foundation models represent a promising tool for seg-
mentation in multidimensional microscopy data, but their
effectiveness should be further validated through studies
that address specific scenarios within the materials science
domain.

Another important concept has gained increasing impor-
tance in the materials science community, and this explain-
able Al For example, Grad-CAM-based approaches have
been used to highlight phase boundaries and relevant micro-
structural features in steel microstructures [19, 27], thereby
providing improved insight into model decision-making
processes. Explainable models aim not only to enable Al
systems to make predictions but also to reveal which micro-
structural features contribute most to the prediction process
[27]. This approach facilitates the correlation of model out-
puts with physical fundamentals, thereby increasing trans-
parency and reliability in materials science research [27].
Furthermore, standardizing datasets and code developed
by different research groups is critical for reproducibility.
Pre-trained deep networks and shared benchmark datasets
for microstructure segmentation provide an objective basis
for model comparisons [12]. However, most studies in the
literature still focus on a limited number of material types,
microscopy techniques, or imaging conditions. This limits
the models’ generalizability across different data types and
their effectiveness in multi-material systems [10].

The main objective of this review is to systematically
present the current state of Al-supported image processing
approaches in microstructure and surface characterization,
their methodological diversity, and their application areas.
Although DL models currently achieve high success rates
in extracting meaningful structural information from micro-
scope data, many obstacles remain, including data diver-
sity, labeling challenges, and limited interpretability [10].
Therefore, this review covers not only technical advances
but also the limitations of these technologies and future
research needs. In this context, the review aims to provide
a structured overview of existing methods, highlight key
challenges, and outline future research directions.

2 Methods

This systematic review was conducted in accordance with
the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA 2020) guidelines. The literature
search was performed in Scopus using three keyword com-
binations: (i) “image processing” AND “microstructure,”
(i) “microstructure analysis” AND “machine learning,”
and (iii) “microstructure analysis” AND “deep learning,”
yielding an initial pool of 4,013 records. As the search was
confined to a single database, no duplicate removal was nec-
essary at the identification stage. Figure 4 presents PRISMA
2020 flow diagram illustrating the systematic literature
search and selection process.

A publication filter was applied to restrict the pool to
studies published from 2015 onward, a threshold that
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Fig. 4 PRISMA 2020 flow diagram illustrating the systematic litera-
ture search and selection process. The search was conducted in Scopus
using three keyword combinations targeting Al-based microstructure
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analysis. The year distribution and leading journals of the 93 included
studies are presented alongside the flow diagram
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corresponds to the period of accelerating deep learning
adoption in materials science. This step reduced the pool to
3,401 records; the 612 pre-2015 entries were excluded from
systematic consideration but selectively retained where
they provided foundational methodological grounding.
Subsequent title and abstract screening of all 3,401 records
resulted in the exclusion of 3,136 entries because they did
not address Al-based or image-processing-driven micro-
structure analysis. The remaining 265 records proceeded
to full-text assessment. At this stage, 172 were excluded:
75 fell outside the defined topical scope, 42 could not be
retrieved in full text, and 55 were published in languages
other than English. The 93 studies that met all inclusion cri-
teria were included in the final synthesis.

3 Data Ecosystem and Open-Access Data
Repositories

3.1 Image Acquisition Modalities (Optical
Microscopy, SEM, AFM, EBSD)

In materials science research, image data is the most funda-
mental source of information for analyzing microstructures.
Data acquired using different microscopy techniques, such
as optical microscopy (OM), scanning electron micros-
copy (SEM), atomic force microscopy (AFM), and elec-
tron backscatter diffraction (EBSD), are critical for training
and validating Al-based image-processing approaches [12].
These techniques provide multidimensional information
about material surface morphology, grain structure, phase
distribution, and texture, forming the basis for data-driven
materials engineering [28]. Figure 5 summarizes the data-
set: (a) and (b) contain longitudinal and transverse views of

Fig. 5 Representative micrographs for the classification study. Panels (a) and (b) show longitudinal and transverse cross-sections of dendrites,
respectively, while (¢) contains no dendrites. Images (a)—(c) were used for Task 1; only (a) and (b) were used for Task 2 [29]
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dendrites, in contrast to (c), which lacks dendritic features.
Task 1 refers to the classification of micrographs based on
the presence or absence of dendritic structures, where pan-
els (a), (b), and (c) are used as input data. Task 2 focuses
on distinguishing between different dendritic orientations
(longitudinal and transverse), for which only panels (a) and
(b) are used [29].

Today, researchers use experimental microscopy data not
only for qualitative analysis but also to create datasets for
training DL models. For example, the dataset developed by
Pei et al. for 9% Cr steels enabled the prediction of mate-
rial properties through ML by correlating high-resolution
microscope images with phase morphology and grain struc-
ture [28]. Such datasets serve as essential references for
understanding the connection between microstructure and
mechanical behavior, thereby strengthening data-driven
modeling. Similarly, Zhao and colleagues presented a com-
prehensive dataset on the microstructure and mechanical
properties of a (CrCoNi)esAli.sTii.s medium-density alloy.
In this study, microstructural changes resulting from torsion
tests conducted at different temperatures were supported
by high-resolution optical and electron microscope images
[30]. The resulting dataset is a valuable resource for both
understanding material behavior and using artificial intel-
ligence models in multi-scale structural analysis.

Stuckner and colleagues’ work demonstrates how images
obtained from different microscopy techniques can be used
for DL-based segmentation models. In the study, automatic
segmentation of microstructural components was success-
fully achieved using pre-trained encoders applied to micro-
scope data. This approach demonstrated that data from
different sources, such as optical, SEM, or EBSD, can be
combined into a common representation and that Al can
learn generalizable features across different microscopy
modalities [12].

3.2 Labeling, Annotation, and Ground-Truth
Reliability

One of the biggest challenges in Al-based analysis of micro-
structure images is creating reliable “ground-truth” (accurate
reference) data. DL models require large amounts of labeled
data to produce highly accurate results. However, manual
annotation of microstructure images is often quite limited
due to its high expertise requirements and time-consuming
nature [17]. This situation directly affects the accuracy of
model training, especially in materials with complex phase
distributions or multi-component microstructures [18].
Wang and colleagues developed a DL-based labeling
method to mitigate this issue [17]. In this method, automatic
segmentation results were progressively improved through
expert user review, creating a “semi-automatic annotation”
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process based on human-machine collaboration. This
approach reduces labeling time while enhancing the mod-
el’s ability to adapt to diverse microstructural textures [17].

Insufficient labeling in data-scarce settings can limit the
model’s generalization ability. Therefore, Ma and colleagues
proposed several “training strategies” strategies for seg-
menting steel microstructures with limited data [18]. These
strategies include data augmentation, dynamic learning-rate
adjustment, and loss-function balancing. This enables more
effective feature extraction from a small number of labeled
data and increases the model’s accuracy [18].

Labeling and annotation processes also contribute to a
better understanding of the microstructure manifold. A
study by DeCost and Holm showed that different micro-
structure images can be represented in a high-dimensional
feature space, allowing their similarities to be measured.
This approach revealed that labeled data can be used not
only for model training but also for discovering structural
relationships between microstructures [9].

3.3 Open-Access Repositories, Shareability, and
Domain Shift

The success of Al-based methods in microstructure and
surface characterization depends on the availability of
well-structured, accessible datasets. However, data shar-
ing in this field remains limited; most research relies on
internal or project-based closed data sources [12]. Sev-
eral open-access datasets have become particularly useful
benchmarks for developing and evaluating Al-based micro-
structure and microscopy image analysis methods. For
example, the NFFA-Europe 100% SEM Dataset provides a
large collection of SEM images categorized for microscopy
image classification tasks, while the Ultrahigh Carbon Steel
Micrographs dataset offers microstructure images acquired
under systematically varied heat-treatment conditions
together with processing metadata and analysis tools. Such
datasets are valuable not only for training and testing seg-
mentation or classification models but also for evaluating
model robustness, transferability, and domain-shift behav-
ior across different imaging conditions.

Another critical step in promoting scientific data shar-
ing is the development of multimodal datasets. In particular,
the study titled “Multi-modal Dataset of a Polycrystalline
Metallic Material” published in the Scientific Data jour-
nal has created a valuable resource for researchers by
providing an open dataset containing optical, SEM, and
EBSD data of polycrystalline metallic materials [31]. Such
datasets facilitate the integration of data from different
microscopy modalities, simplifying both Al training and
experimental analysis. However, data sharing is not merely
an access issue; it is also crucial for data consistency and for
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addressing distribution differences known as “domain shift.”
Domain shift arises from changes in the statistical distribu-
tions of images obtained from different devices, operators,
or preparation conditions, and can negatively affect model
performance [32]. Ma and colleagues have shown that data
augmentation and diversification strategies in microscopic
images are effective in mitigating this effect [32]. In par-
ticular, synthetic manipulations such as contrast shifting,
rotation, noise addition, or scaling enable the model to gen-
eralize better to different data sources.

3.4 Data Augmentation and Synthetic Data
Generation

The success of DL models depends on the diversity and
quantity of training data. However, in materials science,
datasets consisting of microscopic images are often limited
in size, and labeling processes require high expertise, reduc-
ing the model’s generalization ability [17]. To overcome
this problem, data augmentation and synthetic data gen-
eration methods are increasingly being used in Al-assisted
microstructure analysis [32].

Data augmentation techniques involve diversifying exist-
ing microscopic images through operations such as rotation,
reflection, scaling, adding noise, and adjusting brightness
and contrast. These operations make the model more resil-
ient to variations in imaging conditions and microstructure.
Ma and colleagues comprehensively investigated the effects
of data augmentation in microscopic images on material data
mining. They demonstrated that these techniques reduce the
risk of overfitting in DL-based models [32].

Recent studies have shown that data augmentation meth-
ods can indirectly improve not only model performance but
also annotation quality. Wang and colleagues reported that
their DL-based labeling method, which utilizes data aug-
mentation strategies, improved segmentation accuracy and
made the labeling process more efficient. This approach
both reduces human error in ground-truth data production
and strengthens the model’s ability to learn with limited data
[17].

A comprehensive review published by Ma and col-
leagues in 2023 systematically classified data augmentation
and synthetic data generation methods used in DL-based
microstructure segmentation [33]. This study emphasized
that, in addition to classical image transformations, genera-
tive models such as generative adversarial networks (GAN)
and variational autoencoders (VAE) are increasingly effec-
tive at producing synthetic microscope images. Synthetic
data enables more generalizable results by balancing model
training, especially in systems with a limited number of real
photos [33]. More recently, diffusion-based generative mod-
els have emerged as a powerful alternative to GAN- and

VAE-based approaches for synthetic microstructure genera-
tion and reconstruction. Lee and Yun proposed a denoising
diffusion model framework for microstructure reconstruc-
tion and demonstrated its applicability to microstructures
with different spatial distributions and morphological
characteristics [34]. Diireth et al. developed a conditional
diffusion-based reconstruction approach and showed that
diffusion models can generate realistic microstructure
images while preserving descriptor-based statistical similar-
ity and diversity [35]. Similarly, Azqadan et al. investigated
denoising diffusion probabilistic models for predictive SEM
microstructure image generation and demonstrated their
potential for generating microstructures under both known
and unseen processing conditions [36]. Compared with
conventional GAN-based methods, diffusion models offer
more stable training and can provide flexible conditional
generation, although their computational cost and validation
against physical microstructural descriptors remain impor-
tant challenges.

Section Conclusions Microstructure analysis and Al-based
modeling in materials science rely on a data ecosystem
comprising multi-source, high-resolution image data. These
data, obtained from different microscopy techniques such
as optical microscopy, SEM, AFM, and EBSD, are critical
not only for structural characterization but also for training
and validating Al models. However, issues such as the need
for reliable labeling (“‘ground-truth”), limited data quantity,
and human-induced inconsistencies constrain model perfor-
mance. Methods such as semi-automatic annotation, data
augmentation, and synthetic data generation can improve
data quality and enhance generalization. Taken together,
these data-related considerations shape how microstructural
information is represented and analyzed. The following sec-
tion, therefore, focuses on classical feature extraction and
representation methods.

4 Feature Engineering and Classical Image
Representations

4.1 Morphological, Statistical, and Texture
Descriptors (GLCM, LBP, Filter Banks)

The analysis of morphological and textural features of
images in microstructural and surface characterization
is essential for microstructural classification and qual-
ity assessment in materials science. This section focuses
on classical texture representation methods, including the
Gray Level Co-occurrence Matrix (GLCM), Local Binary
Patterns (LBP), and filter-based methods (Laws and Gabor
filters).
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The Gray Level Co-occurrence Matrix (GLCM) method,
developed by Haralick et al. (1973), is based on statistical
measures derived from the spatial relationship of gray lev-
els in an image [37]. This approach defines metrics such
as energy, contrast, homogeneity, and entropy by calculat-
ing the joint occurrence probabilities of pixels at specific
directions and distances [37]. These features are particularly
useful for distinguishing the texture pattern and orientation
of microstructures. GLCM representation is frequently pre-
ferred in microstructural images to assess the continuity of
grain or phase textures across different scales.

Local Binary Patterns (LBP), developed by Ojala and
colleagues (2002), capture local texture patterns by encod-
ing the neighborhood structure around each pixel in a gray-
scale image as a binary pattern [38]. This method is widely
used in multi-resolution microstructure analysis due to its
robustness against scale and rotation changes [38]. The LBP
method performs exceptionally well in distinguishing sur-
face roughness and grain morphology in SEM or optical
microscope images.

The filter bank approach proposed by Laws (1980) relies
on applying different kernel filters (e.g., edge, point, wave-
let) to capture energy distribution at specific spatial frequen-
cies [39]. These filters enhance texture discrimination by
capturing roughness and directional differences on micro-
structure surfaces. Gabor filters are direction-sensitive fil-
ters that carry information in both the spatial and frequency
domains. Clausi and Jernigan (2000) demonstrated that
tissue discrimination power can be optimized by correctly
selecting the parameters of Gabor filters [40]. Bianconi and
Fernandez (2007) systematically investigated the effects of
changes in Gabor parameters (frequency, direction, scale)
on classification success and determined the most suitable
parameter ranges [41]. These filter-based approaches yield
effective results in capturing the directional anisotropy of
microstructures and inter-grain boundary contrasts. To
demonstrate the influence of preprocessing, selected filters
were applied to the raw image to enhance its clarity and
definition before segmentation. As illustrated in Fig. 6, the
upper-right section presents the hydrate content estimated
using GeoDict’s PoroDict module after arithmetic correc-
tion, while empty circles indicate regions where poor image
quality prevented successful segmentation [42]. Zhu et
al. (2022) integrated classical feature extraction methods,
such as GLCM and LBP, with ML algorithms to classify
microstructure in hot-formed ultra-high-strength steels. In
their work, they demonstrated that these statistical texture
features can serve as powerful explanatory variables for the
training of Al-supported models [43].
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4.2 Segmentation, Object Detection, and
Quantification Algorithms

In microstructure and surface characterization, segmenta-
tion is a fundamental step for determining the boundaries
of different phases, grains, or defects and for quantitatively
analyzing their geometric properties. This stage is critical for
automating microstructural analysis and ensuring the accu-
racy of object-based statistical evaluation. Figure 7 presents
segmentation results for Q&P steel, with the performance
metrics—pixel accuracy (PA) and mean intersection over
union (MIoU)—illustrated alongside representative micro-
graphs. In the figure, secondary electron (SE) images of two
selected test regions are compared with their corresponding
EBSD reference images and segmentation results, demon-
strating how the model accurately captures grain boundar-
ies and phase distinctions across complex microstructural
regions. This comparison highlights the efficiency and reli-
ability of segmentation techniques in achieving consistent
quantitative characterization across heterogeneous materi-
als [44].

Otsu (1979) developed a thresholding method that mini-
mizes intra-class variance based on the gray-level histo-
gram. This method provides basic binary segmentation by
calculating an optimal threshold value to separate the image
into two distinct regions—for example, grains and matrix
[45]. In microstructure images, particularly those obtained
by optical microscopy or SEM, the Otsu method is a practi-
cal starting point for detecting low-contrast features such as
phase separation or porosity.

Vincent and Soille (1991) adapted the watershed method
to the digital domain with an “immersion” algorithm that
simulates the coalescence of water droplets on elevation
maps. The watershed approach treats an image as a topolog-
ical surface and enables region-based boundary determina-
tion through gradient information [46]. This method allows
accurate boundary separation in microstructures where
grains are in contact. Campbell and colleagues (2018)
adapted the watershed algorithm to material microstruc-
tures, developing a new digitization approach for automatic
grain identification and measurement of grain-size distri-
bution (Fig. 8). This method reduced the need for manual
intervention and provided high accuracy, particularly in the
quantitative analysis of polycrystalline structures [47].

The “edge-free active contours” approach developed by
Chan and Vese (2001) separates regions within an image
based on region statistics rather than gradients. This model
enables the smooth detection of phase boundaries even in
microstructure regions where edge contrast is weak [48].
Active contour-based methods exhibit high stability, par-
ticularly in metallographic or composite material images
where phase transitions are ambiguous.
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Original

Segmentation

Fig. 8 Visualization of the Watershed Transform [47]

Peregrina-Barreto et al. (Measurement, 2013) propose an
automated image-processing method for grain-size determi-
nation. The approach uses the gray-level histogram to set
a single threshold and divide the image into two classes,
thereby separating the grains from the grain-boundary/back-
ground areas. As an example, Fig. 9 (a, c) shows the origi-
nal micrograph and its corresponding histogram; (b) shows
the binary output obtained by applying the selected global
threshold value (T = 126). This visual representation high-
lights how histogram-based thresholding enables fast and
reproducible grain/background separation [49].

Fotos et al. (2023) improved microstructure quantifica-
tion by combining the classical watershed algorithm with
a DL-supported framework. This approach enables more
accurate separation of grains and phases by utilizing prob-
ability maps generated by a pre-trained deep network [50].
It reduces the over-segmentation issue in the traditional
watershed algorithm, enabling automatic counting of both
grains and pores.

Kang et al. (2023) developed a U-Net-based segmenta-
tion model for the automatic identification of ferrite—pearlite
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microstructures and grain size grading. This work achieved
high-accuracy grain counting by combining texture maps
generated with classical image processing methods with
deep neural networks [51]. Such hybrid approaches mini-
mize human intervention while ensuring the reliable acqui-
sition of microstructure statistics from large databases.

4.3 Traditional ML Methods for Feature Extraction
and Microstructure Classification

In image analysis studies of microstructure and surface
characterization, feature selection is one of the most critical
steps to achieving accurate classification. Feature selection
aims to improve the model’s accuracy and generalization by
identifying the most informative variables from the high-
dimensional data set extracted from the image [52].

Peng and colleagues (2005) developed the mRMR (mini-
mum Redundancy Maximum Relevance) method, which
combines the principles of maximum dependency, maximum
relevance, and minimum redundancy within the framework
of reciprocal information theory. This approach eliminates
unnecessary variables and reduces model complexity by
selecting the most meaningful features from among the
numerous textural and morphological features obtained
from microstructure images [52]. The RELIEF algorithm,
developed by Kononenko (1994), and its extended version,
ReliefF, evaluate each feature’s contribution to class separa-
tion based on distances between instances [53]. This method
is effective in identifying discriminating features, which
is particularly useful for distinguishing similar phases in
microstructure classification [53]. Principal Component
Analysis (PCA), systematized by Jolliffe (2002), transforms
data into a lower-dimensional space by eliminating correla-
tions between features. PCA is frequently used in micro-
structure analysis to combine multiple parameters based on
texture, color, or form to obtain a more compact and explan-
atory feature set [54].

Support Vector Machines (SVMs), introduced by Cortes
and Vapnik (1995), optimize linear or non-linear decision
boundaries using kernel functions to maximize the margin
between classes. This method is widely preferred in micro-
structure classification because it exhibits high generaliza-
tion performance even in high-dimensional feature spaces
[55]. The Random Forests algorithm, developed by Brei-
man (2001), is an ensemble-based approach that improves
prediction performance by combining multiple decision
trees. This method achieves high discrimination accuracy
across various classes, such as phase, grain, or defect type,
in complex microstructure data [56].

Gola et al. (2019) used an SVM model to objectively
classify the microstructures of low-carbon steels based
on morphological and textural features. In their work, the
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Fig.9 (a, ¢) Original image with
its histogram; (b) binary result
using threshold T = 126 [49]
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combination of GLCM-based texture parameters and geo-
metric morphology features resulted in high accuracy in
microstructural phase separation [57]. Similarly, Miiller
et al. (2021) applied traditional ML techniques to classify
bainitic subclasses in low-carbon multiphase steels and
emphasized the effect of feature selection on model accuracy
[58]. Zhu et al. (2022) noted that classical textural features,
such as GLCM, offer a more interpretable feature space than
convolutional neural networks (CNN)-based approaches
when used with SVM classifiers. This demonstrates that tra-
ditional methods still have a significant advantage in terms
of interpretability [43].

Section Conclusions Classical image processing and feature
engineering methods continue to offer explainable, reliable,
and data-efficient solutions for microstructure and surface
characterization. GLCM, LBP, and filter-based texture anal-
yses provide strong discrimination capabilities by capturing
the morphological and orientational features of microstruc-
tures. Segmentation techniques such as Otsu, watershed,
and active contour algorithms enable the accurate deter-
mination of phase boundaries, grains, and defects. Feature

Gray Levels

(c)

selection methods (mMRMR, RELIEF, PCA) and traditional
ML models (SVM, Random Forests) help optimize high-
dimensional image data, improving classification accuracy
and enabling generalizable results even on small datasets.
While these classical approaches provide interpretabil-
ity and efficiency, recent developments have increasingly
shifted focus toward data-driven methods. The following
section, therefore, presents deep learning frameworks that
further enhance microstructural analysis.

5 Deep and Hybrid Learning Frameworks
for Microstructural Analysis

This section outlines the core Al architectures employed in
material science. To provide a conceptual framework, these
methodologies are categorized into a functional taxonomy:
(i) Classification for phase and group identification, (ii) Seg-
mentation for pixel-level feature extraction, (iii) Detection
for surface defect monitoring, and (iv) Reconstruction for
3D microstructural synthesis.
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5.1 Core Deep Vision Architectures (CNN, Vision
Transformers, Autoencoders) and XAl

Building on classical approaches, this section presents deep
learning-based frameworks that have recently become cen-
tral to microstructural analysis. DL-based image processing
approaches have undergone a significant transformation,
with core architectures developed to deliver high accuracy
and automation for microstructure and surface characteriza-
tion. Although these architectures are often grouped under
the broader term of deep learning, they differ considerably
in their internal mechanisms, data requirements, and suit-
ability for specific microstructural characterization tasks.
CNNs extract hierarchical local features through convolu-
tional filters and are therefore effective for recognizing tex-
ture, edges, phase morphology, pores, and defect patterns in
microscopy images. Encoder—decoder architectures such as
U-Net and DeepLab extend CNN-based feature extraction
to pixel-level segmentation by combining low-level spatial
detail with high-level semantic information, making them
particularly suitable for grain-boundary, phase, and pore seg-
mentation. In contrast, Vision Transformers divide images
into patches and use self-attention mechanisms to model
long-range dependencies, which can be advantageous when
global spatial relationships or distributed defect patterns are
important. Object-detection models such as Faster R-CNN
and YOLO are designed to localize and classify discrete
objects or defects, with YOLO-type architectures being
especially useful for real-time industrial inspection due to
their high inference speed. Autoencoders and generative
models, including GAN-based frameworks, are mainly used
for representation learning, reconstruction, super-resolution,

data augmentation, and synthetic microstructure generation.
Therefore, the selection of an architecture should depend
on the target task: classification, segmentation, detection,
reconstruction, or real-time monitoring.

A representative example of this workflow is illustrated
in Fig. 10, which conceptually outlines how CNN encod-
ers are initially trained on the MicroNet dataset and subse-
quently adapted for segmentation through transfer learning
(TL). This pre-training and fine-tuning strategy enhances
feature-extraction efficiency, enabling the network to gen-
eralize effectively across diverse microstructural patterns
while reducing the need for large task-specific datasets.
Consequently, TL has become a cornerstone in developing
advanced segmentation models for materials science appli-
cations, bridging the gap between limited experimental data
and high-performance deep learning systems [12].

AlexNet, developed by Krizhevsky and colleagues,
marked a turning point in the proliferation of deep CNN
and demonstrated near-human performance in large-scale
image classification tasks [59]. The ResNet architecture
introduced the concept of “residual learning” to overcome
learning difficulties in deep networks, thereby enabling the
stable training of multi-layer networks [60]. In subsequent
years, the Vision Transformer (ViT) model offered an alter-
native paradigm to CNN by using self-attention to partition
images into small patches and processing them sequentially.

In image segmentation tasks, the U-Net architecture (Fig.
11) has stood out with its encoder—decoder structure and has
become the standard, particularly for pixel-level classifica-
tion of microstructure maps [61, 62]. The DeepLab family
has increased boundary sensitivity through “atrous convolu-
tion” and conditional random fields (CRF), enabling more
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Fig. 10 Conceptual illustration depicting the pre-training of convolutional neural network (CNN) encoders on the MicroNet dataset, followed by
their incorporation into a segmentation architecture using transfer learning principles [12]
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Fig. 11 Basic U-Net architecture
with key layers and operations
in the encoder (contracting) and
decoder (expansive) branches
[62]
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effective separation of complex phase boundaries [63]. In
object detection, Faster R-CNN and YOLOV3 have been
widely used to quickly and accurately identify particles,
pores, or phase regions in microstructures.

Generative models have come to the fore in applications
such as data augmentation and microstructure synthesis. The
GAN architecture has enabled the generation of realistic
microstructure images [64]. SRGAN, a derivative of GAN,
has enabled more precise analysis of surface details by con-
verting low-resolution microscope data into high-resolution
data [65]. Among image translation-based approaches,
Pix2Pix has enabled conversion from one microstructure
modality (e.g., SEM) to another (e.g., optical microscope)
[66]. XAI methods, developed to increase the interpretabil-
ity of deep models, have played an important role in visual-
izing their decision-making processes. Grad-CAM visually
explains which regions of an image a network attends to
by using activation maps from convolutional layers [67].
The combined use of these core DL architectures and XAl
methods has not only produced highly accurate results in
microstructure and surface characterization but also made
the reasons behind these results explainable, paving the
way for reliable Al-based analysis in materials engineer-
ing research. In addition to GANs, VAEs, SRGAN, and
Pix2Pix, diffusion-based generative models have recently
attracted attention for microstructure reconstruction and pre-
dictive image generation. Denoising diffusion probabilistic
models and conditional diffusion frameworks can progres-
sively generate realistic microstructure images from noise

while preserving statistical and morphological descriptors,
making them promising tools for synthetic data generation,
microstructure reconstruction, and inverse materials design.

5.2 Deep Learning Applications in Material
Microstructure and Surface Characterization

DL-based image processing approaches have gained
increasing importance in materials science for microstruc-
ture and surface analysis. These methods provide high accu-
racy, particularly in microstructure segmentation, phase
classification, super-resolution (SR), and defect detection.
One of the most significant contributions of DL in micro-
structure characterization is the super-resolution reconstruc-
tion of electron backscatter diffraction (EBSD) data. Jung
and colleagues demonstrated the enhancement of EBSD
microstructure maps with super-resolution (SR) and the
contribution of this improvement to the analysis of material
mechanical properties [13]. Similarly, Jangid and his team
increased the interpretability of EBSD data by reconstruct-
ing orientation maps at higher resolution using a physics-
based single-image super-resolution (SISR) approach [68].
These studies demonstrate that DL effectively improves the
quality of microstructural data.

Durmaz and his team achieved high-accuracy phase
identification in complex-phase steels using a U-Net-based
approach for microstructure extraction [69]. Furthermore,
Fotos and colleagues successfully separated grain bound-
aries and phases by combining boundary-class semantic
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segmentation and Watershed algorithms in Ti-6Al-4 V alloy
[50]. Warren and his team also effectively detected grains
and grain boundaries using a CNN trained on multiple data-
sets, demonstrating the model’s generalization [70].

Some studies have focused on material synthesis or on
generating virtual samples from microstructure data. Huang
and colleagues developed a GAN-based model, 3DPm-
mGAN, that enables the three-dimensional reproduction of
porous medium microstructures [71]. This approach offers
significant potential for both data generation in microstruc-
ture engineering and virtual experiment design.

CNN- and ViT-based approaches have also emerged for
microstructure classification. Kaufmann and colleagues
classified EBSD patterns according to space groups using
few-shot TL [72]. Azimi and his team achieved high perfor-
mance in phase separation by classifying steel microstruc-
tures at the pixel level using FCNN [11]. In recent years, the
work of Barcena and Liu has also demonstrated the effec-
tiveness of CNN and ViT models for microstructure identifi-
cation in cast iron and ultra-high-carbon steels [73]. Beyond
purely data-driven approaches, Physics-Informed Deep
Learning (PIDL) has emerged as a promising direction for
integrating domain-specific constraints into neural network
architectures. In microstructure analysis, physics-based
priors—such as crystallographic symmetry, thermody-
namic stability, and phase-field governing principles—can
be incorporated into loss functions or model formulations.
For example, PIDL frameworks may penalize physically
inconsistent predictions, such as violations of volume-
fraction conservation or interfacial energy constraints. By
constraining the solution space with physically meaning-
ful priors, these approaches have the potential to improve
model generalization, particularly in scenarios with limited
experimental data, while promoting physically plausible
microstructure representations.

For surface characterization, DL models are used for
both defect detection and surface quality estimation. Vasan
and colleagues detected surface defects in hot-rolled steel
strips with high accuracy using a ViT-based system [74].
Gao and his team developed the YOLOVS architecture
with BiFPN and attention mechanisms to identify steel
surface defects in real time [75]. Zhang and his team also
developed online defect monitoring applications for pro-
duction lines using a derivative model based on YOLOVS
[76]. A key challenge in surface defect detection is the
inherent class imbalance, where minority defect types
(e.g., micro-cracks) are significantly underrepresented. To
address this issue, many studies employ strategies such as
cost-sensitive learning, data augmentation, and loss func-
tion modifications (e.g., Focal Loss) to improve the detec-
tion of hard-to-classify samples. These approaches aim to
mitigate bias toward dominant classes and enhance model
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robustness in industrial inspection scenarios. Furthermore,
the trade-off between precision and recall is a critical con-
sideration in industrial defect detection systems. While
high recall reduces the risk of missing critical defects,
it may increase false positives. Therefore, selecting an
appropriate operating point is application-dependent. In
recent studies, performance evaluation increasingly incor-
porates Precision—Recall (PR) curve analysis and F1-score
as complementary metrics to accuracy, particularly in sce-
narios where the cost of false negatives (missed defects) is
significantly higher than that of false positives.

Section Conclusions DL-based methods have established
a new paradigm in microstructure and surface charac-
terization. Advanced architectures such as CNN, U-Net,
ViTs, and GAN achieves high accuracy in tasks includ-
ing segmentation, classification, super-resolution, defect
detection, and data synthesis. These approaches improve
data processing efficiency and also enhance transparency
in decision-making through explainable Al methods. As
a result, DL models enable reliable, generalizable analy-
sis of both microstructure characterization and surface
quality assessment. These methodological advances have
led to a wide range of practical applications. The follow-
ing section presents how these approaches are applied in
microstructure and surface characterization.

6 Microstructure and Surface
Characterization

6.1 Methods and Case Studies

Based on the discussed methodologies, this section focuses
on their practical applications in microstructure and sur-
face characterization. Microstructure characterization is a
fundamental research area in materials science, aimed at
quantitatively analyzing structural properties, phase ratios,
grain boundaries, and surface morphology. In recent years,
Al- and DL-supported image processing methods have rev-
olutionized this field by offering faster, more accurate, and
more repeatable results than classical micrograph analysis.
Azimi and colleagues accelerated microstructure identi-
fication processes by automating phase separation in steel
microstructures using a fully connected convolutional neu-
ral network (FCNN)-based pixel-level classification method
[11]. Similarly, Durmaz and his team extracted microstruc-
tures across multiple imaging regimes in complex-phase
steels using the U-Net architecture, achieving high accuracy
in phase segmentation [69]. Fotos and colleagues presented
a hybrid approach combining the watershed algorithm
with boundary-class semantic segmentation in Ti-6Al-4
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V alloy, thereby enabling more accurate determination of
phase boundaries [50]. Furthermore, Warren and colleagues
demonstrated high generalization performance in grain and
grain boundary segmentation using CNN trained on real and
synthetic datasets [70]. Ostormujof and his team developed
a CNN-based method for EBSD phase segmentation in
dual-phase steels, enabling automated microstructure classi-
fication [77]. Kaufmann and colleagues used a few-shot TL
method to classify EBSD patterns by space group, thereby
establishing a model capable of distinguishing between
crystal structures [72]. To reduce reliance on large-scale
labeled datasets, recent research in microstructural charac-
terization has increasingly explored self-supervised learn-
ing (SSL) and contrastive learning frameworks. Approaches
such as SImCLR and MoCo aim to learn meaningful feature
representations by maximizing agreement across different
augmented views of the same sample.

In materials science, SSL-based approaches offer a
promising way to extract textural and morphological fea-
tures from unlabeled microscopy data, which can then be
fine-tuned with a limited set of annotated samples. This
is particularly relevant in microstructure analysis, where
pixel-level annotation is labor-intensive and subject to inter-
observer variability.

Although the application of SSL in this domain is still
emerging, these approaches have the potential to improve
generalization and reduce annotation costs, especially in
scenarios involving rare phases and multi-scale structural
features. Patrick and his team optimized the data process-
ing pipeline and post-processing steps by detecting grain
boundaries in bright-field TEM images using the U-Net
architecture [78]. In another study by Bals and Epple, the
size and shape distribution of nanoparticles in SEM images
were automatically measured using a CNN-based approach
[79].

GAN-based approaches are attracting attention in micro-
structure reconstruction. Huang and colleagues produced
porous medium microstructures in three dimensions using
the 3DPmmGAN model, synthesizing new microstruc-
tures while preserving statistical properties [71]. Support-
ing this work, Mosser and his team also demonstrated that
3D microstructure reconstruction using GAN can produce
statistically accurate samples [80]. Amiri and colleagues
developed a GAN model capable of performing 3D recon-
struction from 2D microstructure images, creating a fast and
reliable workflow [81]. Furthermore, Nguyen and his team
synthesized microstructures with target physical proper-
ties using an active learning-supported GAN model [82].
Wanni and colleagues created representative texture data-
sets (TACS) from EBSD data, improving the texture-based
characterization performance of DL models [83]. Sharma
and his team demonstrated that twin activity in MgAZ31

alloy can be predicted using ML [84]. These two studies
show that microstructural deformation mechanisms can be
understood using data-driven methods.

Additionally, classical approaches based on image pro-
cessing have also made significant contributions. Ercetin et
al. determined the phase ratio and grain size in Mg-Al-Sn
alloy microstructures using image processing and verified
these results using manual methods (Fig. 12) [85]. Fur-
thermore, the automatic grain counting algorithm devel-
oped by Akkoyun has been an essential step in determining
microstructural parameters in Mg alloys [86]. Ercetin et al.
emphasized the importance of image processing methods
for evaluating machined surface and tool condition, and also
highlighted their potential for microstructure characteriza-
tion [87]. This approach shows that the relationship between
microstructure and surface quality in production processes
can be evaluated more comprehensively.

In general, these studies show that DL, GAN, CNN, and
image-processing-based systems offer advantages in accu-
racy, automation, and speed for microstructure character-
ization. The methods are no longer limited to laboratory
measurements but have advanced to the point where they
can be used in industrial applications.

6.2 Surface Defect Detection and Classification

Surface characterization plays a critical role in determining
material performance and production quality. Al-supported
image processing techniques are rapidly replacing clas-
sical methods, especially in defect detection and similar
areas. DL-based models enable the automatic, accurate, and
repeatable evaluation of surface properties.

In recent years, object detection algorithms powered by
DL models have been effectively used to identify defects on
steel and other metal surfaces. Vasan and colleagues devel-
oped a model based on the ViT architecture and accurately
detected and classified defects on hot-rolled steel surfaces
[74]. Similarly, Wang and his team successfully detected
defects on steel strip surfaces in real time using a light-
weight model based on Swin-Transformer—YOLOVS [88].
These studies demonstrate that transformer-based architec-
tures generalize better than classical CNN in industrial qual-
ity control processes.

Various YOLO-based variants have also achieved
significant success in identifying surface defects. Gao
and colleagues classified steel surface defects using the
YOLOvV5-KBS algorithm and achieved more accurate fea-
ture extraction through attention mechanisms in the BiFPN
[75]. Zhang and colleagues detected surface defects on
hot-rolled steel at high speed using an improved YOLOVS5
model, thereby enhancing the model’s overall performance
[89]. Meanwhile, Song and his team successfully detected
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Fig. 12 (a) SEM imaging step;
(b) raw SEM micrograph and its
processed outputs; (¢) software
code developed for analysis; (d)
detected grain boundaries; (e)
Mgi7Aliz phase zones; (f) Mg2Sn
phase zones extracted through
segmentation [85]

both minor and complex defects by proposing an improved
version of the YOLOVS architecture [90]. Similarly, Zhang
and colleagues were able to monitor surface defects in steel
products online using an algorithm named DDI-YOLOv8n
[76].

Defect detection is not limited to steel products. Chen
and his team developed a system that detects surface defects
in industrial components using DL-supported image pro-
cessing [91]. Chen and colleagues also demonstrated that
real-time quality control is possible in production pro-
cesses, using a model developed to identify surface defects
in steel strips [92]. Furthermore, Das and colleagues used
DL to detect corrosion in steel structures and found that this
method significantly reduced errors compared to human
observation [93]. Ar1 and colleagues developed a system
that detects gear defects using a machine vision approach in
gear systems and demonstrated the applicability of Al-based
imaging techniques in fault diagnosis on production lines
[94]. These examples demonstrate that surface defects can
be effectively identified not only in metallurgical compo-
nents but also in mechanical system components (Fig. 13).
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Section Conclusions Al- and DL-based methods have sig-
nificantly advanced microstructure characterization and sur-
face defect detection. Architectures such as CNNs, U-Net,
GANs, and Transformer-based models have enabled auto-
mated analysis for tasks including phase identification, grain
boundary segmentation, microstructure reconstruction, and
defect detection. These developments have reduced reliance
on manual interpretation and facilitated data-driven work-
flows increasingly applicable in both academic research and
industrial quality control. However, reported model perfor-
mance must be interpreted in the context of the specific task
and evaluation protocol. As summarized in Table 1, differ-
ent problem categories rely on distinct performance metrics,
including accuracy (classification), loU and F1-score (seg-
mentation), and mAP (object detection). This distinction is
essential to avoid misleading cross-task comparisons. In
terms of validation, the reviewed studies present a heteroge-
neous landscape. While some works employ rigorous strate-
gies such as k-fold cross-validation and stratified sampling
[69, 73, 84], a substantial portion of recent deep learning
studies, particularly in segmentation and detection, relies
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Fig. 13 Processing output illustrates various gear conditions: (a) a per-
fectly manufactured gear; (b) a defective gear missing one tooth; (¢) a
gear showing an error in the central hole diameter; and (d) a gear with
visible surface defects resulting from improper layer deposition during
the printing process [94]

on hold-out validation with explicit train/validation/test
splits, often supported by data augmentation and early stop-
ping to control overfitting. Moreover, although metrics such
as accuracy, loU, and Fl-score are widely reported, only
a limited number of studies provide measures of statistical
variability (e.g., standard deviation across folds), and for-
mal significance testing remains relatively uncommon in the
field. The following Table 1 provides a comprehensive and
structured benchmark of the reviewed studies, categorizing
them by task, validation strategy, and reported performance
metrics.

Despite the rise of deep learning, a systematic comparison
reveals that classical ML approaches still hold significant
advantages in specific industrial contexts. While deep learn-
ing models typically demand large-scale labeled datasets,
such as the 4000 images utilized in [93], classical methods
like LBP and GLCM are far more efficient regarding data
requirements, functioning effectively with minimal samples.
In terms of interpretability, these traditional algorithms offer
‘glass-box’ transparency, allowing for physical verification
of spatial texture correlations, whereas DL models often
remain ‘black-boxes.” Furthermore, the computational cost
of classical methods is remarkably lower; for instance, the
rule-based approach in [94] achieves a processing time of
only 42 ms on standard hardware. This contrast highlights

a trade-off: while deep learning provides superior accuracy
for complex patterns, classical ML offers a more interpre-
table and resource-efficient solution for straightforward
industrial tasks. A comprehensive summary of these diverse
methodologies is presented in Table 1.

The choice of Al architecture in materials science is
fundamentally driven by the specific characterization task,
as each framework presents distinct strengths and trade-
offs. CNN-based models, such as U-Net, remain the gold
standard for high-precision segmentation [12, 77] but are
constrained by intensive pixel-wise labeling requirements.
In contrast, Transformer-based architectures [74, 88] offer
superior global feature extraction for defect classification,
albeit at a higher computational complexity. For 3D recon-
struction from 2D data, GAN-based frameworks [80-82]
provide unparalleled structural fidelity (e.g., < 5% error in
[82]), though they face training stability challenges com-
pared to supervised methods. Lastly, real-time industrial
detection necessitates lightweight models like YOLOvVSs
[70], which balance high inference speeds (70 FPS) with
robust accuracy (79.9% mAP). A systematic comparison of
these architectures, regarding their data requirements, com-
putational costs, and suitability for specific microstructural
tasks, is synthesized in Table 1.

The systematic categorization in Table 1 shows that
the adoption of deep learning methods is accompanied by
diverse validation practices rather than a single standardized
protocol. Although high performance is frequently reported
across tasks, the reliability and generalizability of these
results depend strongly on the chosen validation strategy
and dataset characteristics. In particular, studies using cross-
validation tend to yield more robust estimates of model
performance, whereas those relying on hold-out validation
may be more sensitive to dataset size and distribution. This
variation underscores the need for more consistent evalua-
tion frameworks and improved statistical reporting in future
research. Table 1 shows that recent advances in Al-driven
microstructure analysis are driven not only by architectural
improvements but also by evolving validation methodolo-
gies and performance reporting practices.

Although these advanced methods have shown remark-
able success in handling data with high noise, uncertainty,
and complex class distributions, they have not yet been sys-
tematically applied to the challenging field of microstruc-
ture characterization and classification in materials science.
Microstructural images inherently contain high uncertainty
due to unclear grain boundaries, phase inhomogeneities,
and various artifacts. For example, accurately identifying
the start and end of a grain boundary or classifying a phase
can often be unclear. In such cases, a classifier based on
FPFS-KNN, AIFPIFSCI1, or AIFPIFSC2 can treat transi-
tion regions between different microstructural features (like
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ferrite, pearlite, bainite) as “partial members” and incorpo-
rate this uncertainty into the decision process, resulting in
more realistic and robust classification. Combining these
methods with DL models can produce even more reliable
results; for example, features extracted by CNN can be
processed by such classifiers, enabling the model to learn
complex patterns and quantify decision uncertainty. Such
a hybrid system could serve as a decision support tool for
materials scientists, offering both high accuracy and greater
interpretability.

6.3 Uncertainty Modeling in Microstructure
Analysis via Fuzzy, Intuitionistic, and Soft Sets-
Based Hybrid Approaches

In recent years, the limitations in accuracy, generalization,
and interpretability of traditional ML algorithms have driven
the development of fuzzy, soft, and intuitionistic extensions.
In this context, new-generation algorithms based on these
mathematical tools provide an alternative to traditional
methods by their ability to model uncertainties.

Integrating traditional methods with fuzzy logic provides
a powerful way to overcome the limitations of classical ML
algorithms. For example, the Fuzzy kNN algorithm [95, 96]
softens the strictness of classical kNN by assigning equal
voting rights to each neighbor and introducing a voting
mechanism based on each neighbor’s class membership.
This reduces the influence of uncertain and noisy data points
at class boundaries, leading to more robust classification
decisions. Similarly, Fuzzy SVM [97, 98] softens the rigid
decision boundaries of support vector machines by assign-
ing each data point a distinct membership value based on its
significance in the model.

These basic fuzzy approaches were later improved with
more sophisticated mathematical structures, such as fuzzy
parameterized fuzzy soft matrices (fpfs-matrices). For
instance, FPFS-kNN achieved higher classification per-
formance than classical Fuzzy kNN by modeling not only
the data but also the uncertainty of the parameters through
distance-based similarity measures [99]. Going further,
classifiers built with intuitionistic fuzzy parameterized
intuitionistic fuzzy soft matrices (ifpifs-matrices) [100,
101] incorporated hesitation information by considering
the degree of membership and non-membership, leading
to significant improvements in accuracy and stability. pic-
ture fuzzy soft k-nearest neighbor (PFS-kNN) [102], which
introduces the concept of a neutrality degree, has been espe-
cially effective in fields such as medical diagnosis, where
hesitation is common among experts. One of the latest stud-
ies, adaptive ML approaches, i.e., AIFPIFSC1 and AIF-
PIFSC2 [103], have used the concept of ifpifs-matrices to
enable models to adapt spontancously to different datasets.

7 Future Research Trends and Challenges

Drawing on the reviewed methods and applications, this
section outlines current challenges and potential future
research directions. The rapid advancement of Al-supported
image-processing methods for microstructure and surface
characterization presents new opportunities and significant
challenges. This section summarizes future research direc-
tions and the main problems that may be encountered.

7.1 Data Diversity and Open Access Databases

One of the most important future research trends is the cre-
ation of more comprehensive, multi-modal (optical, SEM,
AFM, EBSD, etc.) and well-labeled open databases. Because
current datasets are often limited to specific material types,
DL models exhibit limited generalization. Standardizing
data across laboratories, devices, and sample-preparation
conditions will increase the model’s reliability and repro-
ducibility. Furthermore, the development of domain-adap-
tation and transfer-learning-based approaches will enable
merging images from different data sources into a common
representation.

7.2 Data Deficiency and Labeling Challenges

The labeling process remains one of the biggest bottlenecks
in Al-based microstructure analysis. Manual annotation
based on expert knowledge is expected to be replaced by
semi-automatic labeling, active learning, and self-super-
vised learning techniques. These approaches will reduce
human effort while enabling the model to learn with high
accuracy even with limited data. Furthermore, synthetic
data generation strategies (e.g., GAN- or VAE-based) are
expected to be used more extensively, particularly for repre-
senting rare microstructural types.

7.3 Multi-Scale and Time Series Analyses

Current studies are mostly limited to two-dimensional
micrographs. However, in the future, the analysis of multi-
scale, time-resolved characterization data will enable
dynamic monitoring of microstructural evolution processes
(e.g., phase transformations, grain growth, deformation). In
this regard, the development of DL and image fusion algo-
rithms for three-dimensional (3D) and four-dimensional
(4D, i.e., time-dimensional) microstructure reconstruction
will be an important research direction.

@ Springer
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7.4 Industrial Applications and Real-Time
Monitoring

Al-based image systems for real-time quality control in
industrial production lines will continue to be developed. In
particular, YOLO, ViT, and edge Al applications offer suit-
able solutions for low-latency and high-accuracy analysis
in production environments. These systems are expected
to contribute to “smart manufacturing” and Industry 4.0
approaches by working in conjunction with material pro-
cessing parameters.

Regarding future perspectives, a significant portion of
current research remains focused on metallic systems, par-
ticularly steels and aluminum alloys. However, the method-
ological frameworks discussed, such as generative models
and advanced attention mechanisms, demonstrate substan-
tial potential for cross-material generalization. Future stud-
ies should address the challenges of varying contrast levels
and morphological scales inherent in non-metallic material
classes, such as ceramics, polymers, and complex compos-
ites. By leveraging domain adaptation and transfer learning
techniques, the high-performance metrics reported in recent
literature, such as the 79.9% mAP achieved in [70], could
be replicated across a broader spectrum of material systems,
leading to a more universal Al-driven material characteriza-
tion framework.

7.5 Ethics, Transparency, and Standardization

The reliability of Al-based decision systems depends not
only on technical success but also on ethical values and
standards. In the future, creating international standards for
data privacy, model transparency, and reproducibility will
be of great importance. Furthermore, initiatives that encour-
age the sharing of open-source code among education and
research communities will accelerate progress in this field.

8 Conclusions

This review systematically examined the current state of Al-
supported image processing methods for microstructure and
surface characterization, the range of algorithms used, and
their potential applications. The results reveal that DL and
computer vision (CV) based approaches go beyond classi-
cal micrograph analysis, enabling a revolutionary transfor-
mation in materials science research through automation,
speed, and accuracy. Modern architectures such as CNN,
U-Net, ViT, YOLO, and GAN have achieved high success
rates in microstructure classification, phase segmentation,
and surface defect detection.

@ Springer

DL-based models have become an effective tool not only
for defining structural features but also for understanding
physical fundamentals. Approaches such as super-reso-
lution, TL, few-shot learning, and physics-informed DL
(PIDL) have significantly reduced limitations, including
data scarcity, labeling costs, and generalization deficiencies.
However, the scarcity of high-quality, open-access datasets,
domain shift issues, and the lack of explainability remain
significant obstacles to the field’s development.

Image representations and classical feature engineering
methods (GLCM, LBP, Gabor filters, etc.) remain essential
due to their high reliability, especially when data is scarce or
labeling is labor-intensive. Combining these methods with
DL models in a hybrid approach offers advantages in both
accuracy and explainability. Furthermore, integrating XAl
techniques enhances the interpretability of deep models’
decision-making processes, enabling results consistent with
physical principles.

In surface characterization, DL-supported defect-detec-
tion analyses have enabled real-time quality control in
production processes. Transformer-based ViT and YOLO
derivatives enable high-speed, low-error defect identifica-
tion. At the same time, PIDL and hybrid neural network
models have demonstrated strong performance in corre-
lating surface topography with process parameters. These
developments pave the way for new-generation measure-
ment and monitoring approaches that can analyze the
microstructure—surface—performance relationship in indus-
trial systems in a multidimensional manner.

Future research should focus on creating more compre-
hensive, multimodal open databases, developing models
suitable for domain adaptation, and designing hybrid artifi-
cial intelligence systems with high interpretability. Further-
more, microstructure and surface data are expected to be
evaluated not only as analysis tools but also as input sources
for data-driven material design and process optimization.
In this regard, Al-supported image processing methods are
expected to become integral to standard characterization
protocols in both academic and industrial applications.
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