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Abstract

Crack detection plays a crucial role in civil infrastruc-
tures, including inspection of pavements, buildings, etc.,
and deep learning has significantly advanced this field in
recent years. While numerous technical and review pa-
pers exist in this domain, emerging trends are reshaping
the landscape. These shifts include transitions in learn-
ing paradigms (from fully supervised learning to semi-
supervised, weakly-supervised, unsupervised, few-shot, do-
main adaptation and fine-tuning foundation models), im-
provements in generalizability (from single-dataset per-
formance to cross-dataset evaluation), and diversification
in dataset acquisition (from RGB images to specialized
sensor-based data). In this review, we systematically an-
alyze these trends and highlight representative works. Ad-
ditionally, we introduce a new annotated dataset collected
with 3D laser scans, 3DCrack, to support future research
and conduct extensive benchmarking experiments to estab-
lish baselines for commonly used deep learning method-
ologies, including recent foundation models. Our find-
ings provide insights into the evolving methodologies and
future directions in deep learning-based crack detection.
Project page: https://github.com/nantonzhang/Awesome-
Crack-Detection.

1. Introduction

Crack detection is a crucial task in civil infrastructures
[59, 185, 186], including pavements, buildings, etc. Timely
and accurate identification of cracks allows for proactive
maintenance, reducing repair costs and preventing severe
structural failures. As a result, crack detection has been a
significant area of research, evolving through various stages
over the past few decades [59, 110].

Initially, crack detection relied on manual surveys, where
trained inspectors visually assessed pavement conditions.

This work has been submitted to the IEEE for possible publication.
Copyright may be transferred without notice, after which this version may
no longer be accessible.

(a) (b)

Figure 1. Timelines of (a) emerging learning paradigms in deep
learning-based crack segmentation and (b) releases of publicly
available datasets for crack segmentation based on different cat-
egories. Both (a) and (b) highlight first representative works.

While effective, this approach was labor-intensive, time-
consuming, and prone to subjective error. To improve effi-
ciency, researchers developed methods based on traditional
image processing [15, 59, 110], leveraging techniques such
as edge detection, intensity thresholding, and morphologi-
cal operations to extract crack features from images. But
these rule-based methods often struggled with variations in
lighting, pavement texture, and crack patterns.

The introduction of machine learning (ML) marked a
major advancement, as ML models could learn feature rep-
resentations from labeled datasets, improving crack de-
tection accuracy. Yet, traditional ML methods still re-
quired pre-extracted initial features and lacked the scal-
ability needed for real-world deployment [15, 59, 110].
With the rise of deep learning (DL), represented by the
wide adoption of convolutional neural networks (CNN) and
transformers, crack detection entered a new era, enabling
automated feature extraction and significantly enhancing
detection performance [185, 186].

DL has been applied to crack detection through various
approaches, including classification, object detection, se-
mantic segmentation, etc. [15, 59, 77, 112] Classification
models determine whether an image contains cracks, while
object detection methods localize cracks by drawing bound-
ing boxes around them. However, both approaches lack
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Figure 2. Structure of this review paper.

Figure 3. Trend of related papers in the recent five years by Google
Scholar with different keywords, as of June 3rd, 2025. Although
the total number of papers related to crack segmentation declines
after 2022, non-fully supervised learning paradigms such as semi-
supervised and weakly-supervised learning have gained increasing
attention in this domain.

the fine-grained precision needed for accurate crack char-
acterization. Among these methods, semantic segmenta-
tion stands out as it enables precise pixel-wise identifica-
tion of cracks, making it ideal for detailed crack identifi-
cation and quantification [59, 185, 186]. Given its impor-
tance and growing adoption in the field, this review focuses
specifically on deep learning-based semantic segmentation
methods for crack detection. As presented in Fig. 1, the
field has witnessed rapid progress in recent years, with nu-
merous studies exploring different learning paradigms and
datasets, from supervised learning to unsupervised learn-
ing; from pursuit of performance on single datasets to gen-
eralizability; from RGB camera data to data by specialized
sensors, etc.

While several review papers already exist as presented
in Tab. 1, a systematic analysis of the latest trends is still in
urgent need. Notably, three key trends in this field should
be captured to make a thorough review:

1. Shifts in Learning Paradigms. As shown in Fig. 3,
the focus of this domain has begun shifting toward data-

efficient learning paradigms such as semi-supervised
learning, which have introduced new challenges and
opportunities. These shifts are driven by the growing
need to overcome the challenges such as limited an-
notated data, domain gap, etc. Analyzing such devel-
opments in different learning paradigms, including su-
pervised learning (SL), semi-supervised learning (SSL),
weakly-supervised learning (WSL), unsupervised learn-
ing (USL), few-shot learning (FSL), domain adaptation
(DA) and parameter-efficient fine-tuning (PEFT) foun-
dation models, could provide clear and unique guidance
for feature research and implementation. These shifts
mirror trends in the broader CV community, while in-
corporating designs tailored to crack-specific features.

2. Emergence of Generalizability. Crack detection mod-
els have traditionally been trained and evaluated on sin-
gle datasets, limiting their real-world zero-shot applica-
bility. Alongside the trends in learning paradigms and
dataset development, recent efforts have been made to
enhance generalizability across multiple datasets, which
should be included in the systematic review for insights
into frontiers in the field.

3. Diversification in Datasets. Early works conducted
crack segmentation with standard RGB images, but
the field has started adopting professional sensor-based
datasets (e.g., 3D laser scans), which offer more reli-
able and robust imaging for crack detection under di-
verse conditions. Availability of aggregated datasets and
synthetic datasets also creates new opportunities for DL-
based crack segmentation. Analysis of characteristics of
different datasets is beneficial for bridging the gap be-
tween research practice and real-world implementation.

Subsequently, in this review, we analyze these trends
by examining recent representative works, and providing a
category-specific, structured analysis of learning paradigms
and their generalizability. The currently available datasets
are also systematically reviewed. Additionally, we in-
troduce a new high-resolution, large-scale, industry-grade
dataset for crack detection, aimed at bridging the gap be-
tween research and real-world implementation. We also
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benchmark widely used deep learning models, including re-
cent foundation models, across different learning settings
with unique findings. Our goal is to provide a comprehen-
sive and up-to-date perspective on DL-based crack detec-
tion, guiding future research in this rapidly evolving do-
main. This paper is structured as shown in Fig. 2. To con-
clude, our contributions of this review paper are as follows:
1. Three aforementioned trends are comprehensively

studied with review on recent representative works
and category-specific structured analysis for learning
paradigms, discussing the strengths and generalizability
for each category, in the domain of crack detection.

2. To facilitate this systematic study and future re-
search, we introduce a new high-resolution, large-scale,
industry-grade dataset 3DCrack for crack semantic seg-
mentation, which has higher resolution, more diverse
pavement conditions compared with similar datasets.

3. We summarize the current challenges and unique op-
portunities for future research and implementation, with
benchmarking of the representative baseline models.

2. Background
As shown in Tab. 1, early review papers in the field of crack
detection primarily focused on image-processing (IP) tech-
niques [110, 153]. These approaches, favored for their sim-
plicity and interpretability, typically relied on handcrafted
features such as edge detection, thresholding, and texture
analysis. As computational resources and annotated data
became more available, the field witnessed a shift toward
ML and DL approaches. This evolution is reflected in the
review literature, which has transitioned from IP-centric
surveys to more recent studies centered on data-driven and
learning-based methods [15, 59, 112, 153]. This progres-
sion highlights both technological advances and an increas-
ing demand for scalable, accurate, and automated crack de-
tection systems.

Recent reviews have adopted a range of perspectives.
Some categorize methods based on their underlying ap-
proaches—such as image classification (determining the
presence of cracks), object detection (localizing cracks us-
ing bounding boxes), and semantic segmentation (assigning
pixel-wise labels for crack regions) [51, 86, 183]. Others
take a pipeline-oriented view, covering the entire workflow
from data acquisition (e.g., drones, smartphones, or laser
sensors) to crack identification, quantification, and decision
support [2, 77, 183]. A third line of reviews emphasizes
computational aspects, including network architecture de-
sign, feature representation, and model optimization strate-
gies [86, 113].

However, no existing review has comprehensively ana-
lyzed the three key trends in a hierarchical structure—Shifts
in Learning Paradigms, Emergence of Generalizability,
and Diversification in Datasets. This paper aims to fill this

Table 1. Summary of review papers related to crack segmenta-
tion. SL, SSL, WSL, DA, FSL, USL, and FM stand for Super-
vised Learning, Semi-Supervised Learning, Weakly-Supervised
Learning, Domain Adaptation, Few-Shot Learning, Unsupervised
Learning, and Foundation Models, respectively.

Review Paper Description Learning
Paradigms

Mohan et al. (2018) [110] Literature presents different techniques to automatically
identify the crack and its depth using image processing tech-
niques.

None (IP Only)

Wang et al. (2019) [153] A number of literature in this research topic are collected
for summarizing the research artwork status, and giving a
review of the pavement crack image acquisition methods
and 2D crack extraction algorithms.

SL

Cao et al. (2020) [15] This paper reviews the three major types of methods used in
road cracks detection: image processing, machine learning,
and 3D imaging-based methods.

SL

Hsieh et al. (2020) [59] Authors organize and provide up-to-date information on
ML-based crack detection algorithms for researchers to
more efficiently seek potential focus and direction.

SL

Munawar et al. (2021) [112] This paper provides a review of image-based crack detec-
tion techniques that implement image processing and/or
machine learning.

SL

Ali et al. (2022) [3] A review of CNN implementation on civil structure crack
detection, highlighting significant research for crack detec-
tion through classification and segmentation.

SL

Hamishebahar et al. (2022) [51] A comprehensive literature review of deep learning-based
crack detection studies and the contributions they have
made to the field is presented.

SL

Li et al. (2022) [86] It presents a comprehensive thematic survey of DL-based
CIS techniques. Our review offers several contributions to
the CIS area.

SL, WSL, USL

Kheradmandi et al. (2022) [77] This literature review focuses heavily on three major
types of approaches in the field of image segmentation,
namely thresholding-based, edge-based, and data-driven-
based methods.

SL

Zhou et al. (2023) [200] It reviews recent developments in deep learning-based
methods for crack segmentation and investigates the impact
from different image types.

SL

Nguyen et al. (2023) [113] This study has identified the bigger picture of DL methods
for crack identification in asphalt pavement. The authors
evaluated several DL-based crack identification algorithms
from the literature.

SL, USL

Ai et al. (2023) [2] This paper provides a comprehensive review of the research
progress and prospects in computer vision frameworks for
crack detection of civil infrastructures from multiple mate-
rials, including asphalt, concrete, and metal-like materials.

SL

Yuan et al. (2024) [183] Based on the main research methods of the 120 documents,
we classify them into three crack detection methods: fusion
of traditional methods and deep learning, multimodal data
fusion, and semantic image understanding.

SL

Xu et al. (2024) [173] This article systematically summarizes recent advances in
FSL algorithms and the corresponding applications in SHD
for civil infrastructure.

FSL

Amirkhani et al. (2024) [5] This survey aims to study the recent progress of vision-
based concrete bridge defect classification and detection in
the deep learning era.

SL, SSL, WSL,
USL

Ours (2025) DL for crack segmentation is the focus of this survey, with
trends in learning paradigm, generalizability, and dataset
comprehensively reviewed and categorized. A professional
dataset, 3DCrack, is released.

SL, SSL, WSL,
DA, FSL, USL,
FM

gap by providing an in-depth review as shown in Fig. 2 & 4,
and discussion on these three focal areas, which are funda-
mental to the advancement of DL-based crack detection.

3. Learning Paradigms & Generalizability
Crack detection by segmentation is fundamentally a task of
semantic segmentation in the field of computer vision. The
primary objective is to divide the input image into regions
with distinct semantic meanings—in this case, differentiat-
ing between crack and non-crack areas at the pixel level.
Unlike traditional classification or object detection, seman-
tic segmentation provides fine-grained, pixel-wise predic-
tions, making it particularly suitable for infrastructure in-
spection tasks such as crack detection, where precise detec-
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Figure 4. Review based on taxonomy of learning paradigms in
Sec. 3. Green boxes represent subgroups under each learning
paradigm in each blue box.

tion of geometry is critical.
With the advent of deep learning, this area has witnessed

rapid progress. CNN and, more recently, transformer-based
models have been extensively adopted to capture complex
spatial patterns and structural variations of cracks across
diverse environments. These deep learning-based meth-
ods have significantly outperformed classical image pro-
cessing techniques in terms of both accuracy and robust-
ness [15, 59, 86].

Alongside this progress, a variety of learning paradigms
have emerged, each addressing different practical chal-
lenges, including improving performance, boosting gen-
eralization, handling limited labeled data, etc. These
paradigms consist of supervised learning, in which models
are trained on pixel-level fully annotated datasets; weakly-
supervised approaches, which reduce annotation burden by
using coarser labels such as scribbles or image-level la-
bels; semi-supervised methods that leverage both labeled
and unlabeled data; domain adaptation which aims to adapt
models across different domains where training and test
datasets fall into different data distributions; few-shot learn-
ing, which enables generalization to new tasks with only
a few labeled examples; and unsupervised learning, which
discovers latent structures in fully unlabeled data. Addi-
tionally, motivated by recent advances in generalizability in
the broader CV community, such as Contrastive Language-
Image Pre-training (CLIP) [123] and Segment Anything
Model (SAM) [79], generalizable methods based on foun-
dation models and parameter-efficient fine-tuning (PEFT)
techniques [163] designed for fine-tuning large models have
started to emerge in crack segmentation.

Given the increasing popularity and diversity of these ap-
proaches, this section provides a structured review of the
major learning paradigms in DL-based crack segmentation.
It also discusses the advantages of each paradigm, particu-
larly with regard to their potential for generalization.

3.1. Supervised Learning
In fully supervised crack segmentation, the problem can
be formulated as follows. Given a fully pixel-level an-
notated dataset DL = {(x1, y1), . . . , (xl, yl)}, the objec-
tive is minθ

1
n

∑n
i=1 L(fθ(xi), yi), where fθ is the learned

segmentation network which aims to segment the cracking
area.

This domain has witnessed notable progress in recent
years. The advancement can be categorized into three key
stages, including 1) stronger backbones, 2) more intricate
structure setup and loss design for better performance, and
3) specific designs for field implementation.

Evolving Backbones. In DL-based crack segmenta-
tion, the transition of backbone selection in models has
been witnessed from CNN to transformer. Initially, shal-
low CNNs, often with fewer layers and simpler structures,
are employed as backbones [102, 185, 186]. These early
CNN-based models already demonstrated superior perfor-
mance compared to traditional ML and image processing
techniques, primarily due to their strong ability to learn
feature representations directly from raw images or pre-
processed preliminary features as shown in Fig. 5(a). As
this field progressed and more diverse datasets became
available, as shown in Tabs. 2 & 3, researchers increas-
ingly adopted deeper and more powerful CNN architec-
tures. Backbone networks such as ResNet, Xception and
so on [19, 20, 25, 52] emerged as standard backbones in
crack segmentation models [58, 83].

Attention mechanisms were later integrated into CNN-
based architectures to further refine feature representations
and enhance localization [58, 74, 122, 140, 149]. For in-
stance, DAU-Net [58] introduces a channel attention block
that reduces noisy activations and emphasizes salient fea-
tures from the encoder, leading to more accurate crack seg-
mentation. Similar designs have been proposed [74, 122,
140, 149], confirming the effectiveness of attention in guid-
ing the model’s focus toward crack regions.

Meanwhile, transformer-based backbones have been in-
troduced into the domain [30, 47, 68, 97, 140, 149, 160].
Unlike CNNs, which are prone to local features due to
their kernel-based operations, transformers offer the ad-
vantage of capturing long-range dependencies and global
context through attention mechanisms [32, 146]. This
capability is particularly valuable for crack segmentation,
where contextual information across distant parts of an im-
age can help disambiguate challenging cases by differenti-
ating between crack and non-crack features or other noise
patterns [30, 47, 97].

Intricate Architectures and Loss Design. Along-
side backbone evolution, architectural design has also pro-
gressed. Early CNN-based methods often used simple, se-
quential stacks of convolutional layers [185, 186] (Fig. 5
(a)).
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Figure 5. Evolution of supervised learning in crack segmentation regarding backbones and architectures. From (a) CrackNet [185] using
the most fundamental CNN, to (b) DAUNet [58] utilizing an encoder-decoder architecture, (c) CrackFormer [97] applying transformers,
evolution has been witnessed in the deeper backbone and more intricate architecture.

Over time, encoder-decoder structures has become dom-
inant [24, 58, 74, 149], as shown in Fig. 5 (b) & (c).
These structures, inspired by U-Net [126] have been found
to be effective for crack segmentation tasks. The encoder
extracts high-level feature representations through succes-
sive downsampling, while the decoder progressively up-
samples and reconstructs the spatial resolution to produce
detailed segmentation masks. This architecture, usually fur-
ther adapted [58, 97, 140, 186, 208] or paired with specific
loss designs [57, 74, 87, 118] for crack segmentation, al-
lows the model to preserve both low-level spatial details and
high-level semantic context, which is crucial for accurately
detecting narrow and disconnected cracks that are otherwise
prone to being overlooked.

Design for Implementation. There is increasing em-
phasis on models suitable for deployment in real-world sce-
narios. This includes designing lightweight networks that
focus on both efficiency and accuracy [24, 74, 98, 99]. For
example, SDDNet [24] employs densely connected separa-
ble convolutions, achieving competitive performance with
significantly fewer parameters, up to 88× fewer than com-
parable models, making it attractive for real-time field ap-
plications. A recent work, SCSegamba [98], introduces
a structure-aware vision network built on the state space
model Mamba [46, 189], achieving state-of-the-art results
with a lightweight design.

Another practical consideration is adaptation to varied
data acquisition platforms, such as unmanned aerial vehi-
cles (UAVs) [100, 175]. In [100], for instance, an improved
camera calibration method is proposed to compute the full-
field scale of a UAV-mounted gimbal camera. The approach
allows for convenient indexing of scale factors across dif-
ferent flight attitudes, eliminating the need for repeated re-
calibration and facilitating consistent measurements across
scenes.

As the foundational paradigm in DL-based crack detec-
tion, supervised learning has driven the initial progress in
this field. Its development—including advancements in ar-
eas such as backbone networks and architectural design,
has laid a strong foundation and provides valuable refer-
ence for alternative learning paradigms. However, one of

its key limitations is the heavy reliance on large volumes
of labeled data, which can be costly and time-consuming to
obtain [108, 203]. As a result, there is a growing trend in the
community to explore more data-efficient approaches, such
as semi-supervised learning, weakly supervised learning,
domain adaptation, and few-shot learning. These methods
aim to leverage the strengths of supervised learning while
reducing its dependency on extensive manual annotation.

3.2. Semi-Supervised Learning
Semi-supervised learning (SSL) in crack segmentation has
begun to gain attention as researchers aim to reduce the de-
pendence on the quantity of expensive pixel-level annota-
tions while maintaining high segmentation performance.

In SSL, there is a subset of fully labeled samples DL =
{(x1, y1), . . . , (xl, yl)}, paired with another subset of un-
labeled samples DU = {xl+1, . . . , xn}. Usually l ≪ n,
meaning that the unannotated data makes up the majority of
the whole dataset. The goal is to exploit both sets of data
in order to train a model with better performance than one
trained only with labeled data. This is especially important
in real-world applications, as manual labeling of cracks is
time-consuming and labor-intensive. As shown in Fig. 6,
commonly used approaches in this domain can be catego-
rized into two main trends: 1) pseudo-labeling, and 2) con-
sistency regularization. Notably, another prominent trend
on top of these individual methods is their combination to
achieve improved performance.

Pseudo-Labeling. Pseudo-labeling, also known as self-
training, is a widely adopted technique in semi-supervised
learning [53, 119, 169, 182] and has shown noticeable
promise in crack detection tasks [109]. The core idea is to
leverage a small set of labeled crack images to train an ini-
tial supervised model, which is then used to generate predic-
tions on unlabeled data. Based on carefully chosen criteria
such as confidence level [109], decision by a discriminative
network [65], etc., predictions that meet the requirements
will be selected as pseudo labels and then be incorporated
into the training set as additional labeled data for further
fine-tuning [40, 205].

For example, the authors of [109] adopt this pseudo-
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Figure 6. Representative works in semi-supervised crack segmentation, (a) for pseudo-labeling [109], (b) for consistency regulariza-
tion [152].

labeling strategy for crack segmentation by leveraging a
modified U-Net [126] architecture as the core segmenta-
tion network. The training process begins in a supervised
manner, where the model learns from a small set of an-
notated crack images. Once the initial model is trained,
it is used to generate predictions on a larger set of unla-
beled data. The predicted probabilities are taken as con-
fidence scores, with only predictions with higher scores
than a threshold added to the original training set. Af-
ter the model is retrained on the augmented set iteratively,
the semi-supervised model achieves competitive accuracies
compared to supervised models with only 40% of annotated
data.

In [85], authors first train a segmentation network in a
fully supervised way, and also train a discriminator to dis-
tinguish ground truth from prediction. Then they uses the
trained segmentation network to predict on the unlabeled
data. The trained discriminator can provide a confidence
score, which can determine if the prediction is good. If so,
it will be used in the cross-entropy loss. Similarly, in [133],
authors apply the idea of adversarial learning to train a dis-
criminator to provide a confidence map for predictions on
unlabeled data. They further use multi-scale features to en-
hance the performance.

Another group of works explore hybrid approaches
combining multiple approaches, including pseudo-labeling,
which will be discussed in the combined methods below.

Consistency Regularization. Consistency regulariza-
tion is a fundamental principle in semi-supervised learning
that has gained traction in crack detection tasks due to its
simplicity and effectiveness [119, 141]. The central idea is
that a model’s predictions should remain stable or consis-
tent when the input image is subject to small perturbations
or separate models are utilized for robust performance to
pursue the same prediction goal.

In [152], authors use EfficentNet [138] to extract multi-
scale crack feature information for crack segmentation.

Two models are initialized as the student and teacher net-
work with the same structure. The weights in the student
network are updated directly using gradient descent, while
the teacher network is updated by exponential moving av-
erage weights of the student model. Additionally, noise is
added to the input data, and the student and teacher network
are regularized by the consistency loss on the outputs.

In [48], it integrates fractal dimension analysis [157],
which is a method used to characterize how a struc-
ture’s complexity changes across different scales, and semi-
supervised learning. They first use fractal dimension anal-
ysis to preliminarily determine the candidate crack regions,
then use the Crack Similarity Learning Network (CrackSL-
Net) to learn the semantic similarity of crack image regions
as in SimCLR [21], enhancing robustness and accuracy in
semi-supervised settings.

Combined Methods. Another approach is to combine
pseudo-labeling and consistency regularization for a further
enhanced performance [69, 131].

In [69], authors propose a cross-teacher-pseudo-
supervision framework and cross-augmentation strategy.
The proposed method employs two pairs of teacher–student
models to mutually supervise each other using pseudo-
labels generated from their respective teacher models. To
boost the performance of the proposed algorithm, pertur-
bations are applied to input, feature, and network during
training. In [131], the training process is divided into three
sequential stages: 1) supervised training on labeled data, 2)
consistency regularization to align predictions under input
perturbations, and 3) pseudo-label generation based on pre-
diction certainty.

Semi-supervised learning provides an efficient solution
to reduce the dependence on large-scale fully annotated
datasets. By leveraging both labeled and unlabeled data
during training, this approach enhances model performance
while minimizing the annotation burden. In the context of
crack segmentation, semi-supervised learning has demon-
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Figure 7. A representative work with image-level weak supervi-
sion [148]. Authors utilize binary image-level labels indicating the
presence or absence of cracks to guide the weak supervision pro-
cess.

strated competitive results compared to supervised learn-
ing [85, 109, 133], effectively bridging the gap between lim-
ited labeled data and the need for high-performing models.

3.3. Weakly-Supervised Learning
Weakly-supervised learning has gained increasing attention
in recent years as another data-efficient alternative to fully-
supervised approaches. Weakly-supervised crack segmen-
tation aims to alleviate this hardship by training models us-
ing weaker forms of annotation, including image-level la-
bels, bounding boxes, scribble (rough line) annotations, etc.
A representative work with image-level weak supervision is
shown in Fig. 7. Different from semi-supervised learning,
weakly-supervised learning usually rely on rough annota-
tion to alleviate annotation burden instead of using precise
annotation of less quantity.

Image-Level Annotations. Image-level annotations are
among the most commonly used weak supervision signals
in crack detection and other domains [1, 174], primarily
due to their ease of acquisition compared to dense pixel-
level labels. These annotations are typically employed in
conjunction with Class Activation Map (CAM)-based tech-
niques [199], which aim to localize discriminative regions
associated with the class of interest by a trained model us-
ing gradient statistics. In other words, CAM helps visual-
ize which regions of the image the model focuses on when
making its decision. Foundational techniques such as Grad-
CAM [129] and so on [17, 43, 147] form the backbone of
many weakly supervised approaches in this domain.

In [148], the authors utilize binary image-level labels
indicating the presence or absence of cracks to guide the
weak supervision process. They introduce a method named
Crack-CAM, which first generates coarse pixel-level maps
using CAM, and then refines these maps with the help of
Dense Conditional Random Fields (DenseCRF) [81] and
the Random Walk (RW) algorithm [159]. The refined la-
bels are subsequently used to train a segmentation model
in a fully supervised manner, effectively bridging the gap
between weak supervision and full supervision.

Building upon a similar idea, Huangfu et al. [64] pro-
pose a comprehensive refinement strategy known as AT-
CAM (Affine Transformation and Pseudo Label Refine-

ment). Their approach integrates XGradCAM [43] with ge-
ometric data augmentation through affine transformations.
It further incorporates dual-hook denoising and dynamic
range compression mechanisms to suppress noise in the ac-
tivation maps and emphasize the structural characteristics of
cracks. This framework achieves a 7.2% relative improve-
ment in segmentation accuracy compared to the baseline.

An alternative strategy is introduced in [31], where
the authors reduce annotation costs by annotating image
patches rather than entire images or pixels. A classifica-
tion model is trained on these patch-level labels, and the
resulting CAMs are used to infer pixel-level supervision.
To improve the spatial coherence of the generated labels,
DenseCRF [81] is applied. This patch-based labeling strat-
egy significantly reduces the annotation burden, by approx-
imately 80%, while still enabling the training of an effective
segmentation model.

Works like [71, 80, 90, 95, 107, 155] also apply this idea
of image-level or patch-level annotation in their pixel-level
segmentation tasks. These methods collectively demon-
strate the potential of combining CAM-based localization,
refinement algorithms, and minimal supervision to achieve
high-quality crack segmentation, even in the absence of de-
tailed pixel-level annotations.

Other Rough Annotations. In addition to image-
and patch-level annotations, bounding-box supervision and
coarse pixel-level labeling such as scribble and keypoint
also offer an intermediate form of supervision that bal-
ances annotation effort and ground-truth guidance, because
of which, crack detection and other tasks [91, 92, 114, 135]
have begun to adopt such weak annotations. These forms of
weak supervision enable the derivation of pixel-level labels
using additional priors or image processing strategies.

In [84, 188], the authors explore bounding box-based su-
pervision for crack segmentation. In [84], to convert coarse
bounding boxes into pixel-level pseudo labels, they employ
a multi-step refinement pipeline. Initially, background noise
is suppressed, and high-confidence seed regions within the
boxes are identified. Next, a region-growing algorithm is
applied to expand the seed areas and generate rough seg-
mentation maps. Finally, the GrabCut algorithm [128] is
employed to iteratively refine the segmentation, resulting in
progressively improved pseudo labels. This method effec-
tively bridges the gap between bounding-box annotations
and full supervision without requiring costly per-pixel an-
notations.

Works like [67, 139] use rough annotation instead. Tang
et al. [139] proposes a method based on roughly annotated
crack and non-crack regions. Instead of relying on precise
contours, they utilize approximate labeling to extract three
distinct types of supervision signals: 1) crack pixel labels,
representing pixels that must be classified as crack; 2) non-
crack pixel labels, indicating pixels that must be labeled
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Figure 8. Representative works in domain adaptation-based crack segmentation, (a) for pseudo-labeling [11], (b) for domain align-
ment [156].

as background; and 3) isolated pixel masks, which encode
uncertain but informative regions that may contribute addi-
tional contextual cues. These labels are derived using clas-
sical image processing techniques, allowing the network to
be trained with both strong and weak supervisory signals.
This hybrid approach effectively balances annotation effort
with segmentation performance.

By reducing the dependency on exhaustive manual la-
beling, weakly-supervised crack segmentation facilitates
the deployment of segmentation models in real-world ap-
plications where annotation resources are limited, and it
opens up new opportunities for leveraging originally un-
labeled image collections. Nonetheless, achieving per-
formance comparable to fully-supervised methods remains
a significant research challenge, driving ongoing efforts
to design more effective learning frameworks, loss func-
tions, and regularization strategies tailored to weak super-
vision [31, 71, 188].

3.4. Domain Adaptation

The trend of domain adaptation (DA) in crack segmentation
has become increasingly prominent, driven by the need for
models that can generalize across diverse imaging condi-
tions, pavement types, and sensor setups without requiring
extensive retraining or annotations for each new domain. In
this setting, the source domain dataset is fully annotated,
while the target domain typically has few or no annotations.
Crack images collected from different regions, under vary-
ing lighting conditions, materials, and camera setups, often
exhibit significant appearance differences, making domain
shift a critical challenge. However, this scenario is highly
practical where real-world data differs from annotated data
because of diverse conditions, making it a meaningful di-
rection for exploration. Similar to SSL, there have emerged
two main groups of methods: 1) pseudo-labeling and 2) do-
main alignment, as shown in Fig. 8.

Pseudo-Labeling. It has been a widely adopted strategy
for domain adaptation in crack detection and other seman-
tic segmentation tasks [55, 56, 142]. It is also referred to as
self-training in the literature [101]. The core idea is to gen-
erate plausible pseudo labels for the target domain by lever-
aging the information learned from the source domain, en-
abling the segmentation network to adapt and perform bet-
ter on unseen target domain data without requiring ground-
truth annotations. This mechanism facilitates the transfer
of knowledge and alleviates the domain shift problem that
often hampers generalization across different datasets.

In [11], the authors demonstrate that pseudo-labeling-
based approaches are effective for unsupervised domain
adaptation in crack detection. Moreover, by incorporat-
ing masked image consistency into the DAFormer frame-
work [55], additional performance gains are achieved,
emphasizing the importance of consistency regularization
when adapting to new domains. Similarly, STDASeg [33]
utilizes an image blending-based domain mixing module to
realize pseudo-labeling, as a self-training pipeline by the
mutual learning scheme between CNNs and Transformers.
A related concept is explored in [180], where the authors
propose multi-source ensembled labels to assist in domain
adaptation. Other studies enhance this mechanism using do-
main alignment techniques [22, 27], as discussed below.

Domain Alignment. Domain alignment is another
widely adopted technique in domain adaptation for crack
detection and segmentation. The core idea is to reduce the
domain gap by aligning the source and target domains at dif-
ferent levels, typically the input space, feature space, or out-
put space , so that a model trained on the source domain can
generalize better to the target domain without being heavily
affected by distribution shifts between domains.

In [156], the authors propose DACrack, a comprehen-
sive framework that performs domain alignment at three
levels: input, feature, and output. To address input-level
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Figure 9. Representative works in crack segmentation based on few-shot learning, (a) for transfer learning [75], (b) for metric learn-
ing [175], (c) for meta learning [165].

discrepancies, they design the Foreground Enhancement
Module (FEM), which swaps low-level visual features be-
tween the source and target domains. This swapping pro-
cess encourages the model to focus on structural similar-
ities related to cracks while minimizing distractions from
irrelevant textures, effectively serving as a form of con-
trastive attention. At the feature level, the Feature Adap-
tation Module (FAM) employs adversarial learning to align
intermediate feature distributions across domains, helping
the model learn domain-invariant representations. Finally,
in the output space, they introduce the Output Adaptation
Module (OAM), which utilizes a Variational Autoencoder
(VAE) [78] to model and align the clustered manifold struc-
ture of cracks, ensuring the output distributions are consis-
tent across domains.

Beyond pixel appearance, auxiliary signals such as depth
have also been explored to bridge domain gaps. In [100],
the authors propose using disparity in depth prediction as a
novel indicator of domain discrepancy. By estimating the
inconsistency of predicted depth maps between the source
and target domains, they introduce a depth-guided regular-
ization term into the optimization process. This approach
highlights the potential of leveraging additional modalities
beyond RGB images, suggesting that domain adaptation
can be strengthened by incorporating richer, complemen-
tary information.

Generative Adversarial Networks (GANs)[45] have also
found broad application in domain adaptation tasks. GANs
are designed to learn a generative model that can map be-
tween different data distributions through adversarial train-
ing. A notable subclass, CycleGAN[202], enables image-
to-image translation without requiring paired samples, mak-
ing it especially valuable for unpaired domain adaptation.
For example, in [194], CycleGAN is utilized to merge fea-

tures from shadow-free and shadowed datasets, effectively
creating an adapted dataset with domain-invariant charac-
teristics that facilitate crack detection under varying illumi-
nation conditions. Similarly, [197] employs CycleGAN for
feature-level alignment without the need for annotations in
the target domain. Their study investigates transfer direc-
tions and finds that bidirectional transfer, where both source
and target features are mapped to a shared auxiliary space,
better enforces an independent and identically distributed
(i.i.d.) structure, mitigating risks of over-adaptation and
preserving critical features throughout hierarchical network
layers.

Together, these works highlight the growing sophistica-
tion of domain alignment techniques, evolving from simple
adversarial feature matching to multi-level, multi-modality,
and structure-aware adaptation strategies.

3.5. Few Shot Learning
Few-shot learning is another learning paradigm where a
model is trained to generalize to new tasks using only a
small number of labeled examples. This is particularly use-
ful in crack detection where collecting large-scale annotated
data is difficult or expensive [16, 173]. A typical problem
formulation is N-way K-shot, where a model is tasked to
perform N-class classification or segmentation given only
K examples per class. In this domain, representative works
can be categorized into three groups, 1) transfer learning, 2)
metric learning and 3) meta learning, as shown in Fig. 9.

Transfer Learning. In the context of crack segmenta-
tion, few-shot learning is gaining attention due to the high
cost and effort of pixel-level annotation. Transfer learning
has been a widely used technique in deep learning-based
crack detection [9, 58]. In the context of few shot crack de-
tection, a model can be pre-trained on a large dataset from a
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Figure 10. Representative works in crack segmentation based on unsupervised learning, (a) for detection by generation [192], (b) for
anomaly detection [106]

different but related domain and fine-tuned on a small crack
dataset [63, 75]. For instance, R2AU-Net [75] leverages
transfer learning and user feedback for few-shot adaptation.
It dynamically refines model weights through incremental
fine-tuning using manually rectified examples.

Metric Learning. To better exploit the few-shot setup,
metric-based approaches have gained attention. These
methods compare feature representations between support
and query sets using distance metrics [16, 134, 173]. In
crack segmentation, this is achieved by extracting fea-
ture volumes from both sets and performing segmentation
through similarity comparisons. CrackNex [175], for ex-
ample, introduces a prototype-based framework where both
support and reflectance prototypes are extracted and fused.
The final segmentation is derived using cosine similarity be-
tween query features and these prototypes [37, 39].

Meta Learning. On the other hand, meta-learning, of-
ten described as ”learning to learn”, aims to train models
that can rapidly adapt to new tasks with minimal data. In
crack segmentation, meta-learning frameworks typically in-
volve episodic training on multiple segmentation tasks to
mimic few-shot conditions. This way, the model learns
a general strategy for quickly adapting to new crack seg-
mentation problems, even when given very limited annota-
tions [41, 173]. This enables the model to acquire a gen-
eralizable adaptation strategy for crack segmentation [165,
166, 198]. For example, in [165], the authors propose a task
generation method based on feature density clustering, se-
lecting core samples to form the query pool before applying
Model-Agnostic Meta-Learning (MAML) [41], which im-
proves interpretability and effectiveness of meta-training.

The application of few-shot learning in crack detection
helps reduce the reliance on large training datasets while
still maintaining reasonable accuracy and robustness, mak-
ing it a practical and scalable solution for real-world scenar-

ios.

3.6. Unsupervised Learning
Unsupervised learning aims to explore large collections of
unlabeled data to uncover latent patterns, underlying struc-
tures, or meaningful representations without relying on ex-
plicit annotations or human-provided labels. In the context
of crack segmentation, unsupervised approaches are partic-
ularly attractive because manual labeling of cracks is labor-
intensive, subjective, and possibly prone to inconsistencies.
There have emerged two main groups of methods, 1) detec-
tion by generation and 2) anomaly detection, as shown in
Fig. 10.

Earlier works have shown feasibility in unsupervised
crack segmentation without deep learning. They usually
rely on clustering methods [111, 115] or traditional image
processing techniques [164] to distinguish crack from non-
crack areas.

Detection by Generation. In deep learning-based unsu-
pervised crack segmentation, generative models have been
explored to learn the pixel-to-pixel translation between in-
put crack images and segmentation maps, trained only with
unpaired datasets, where crack images are not paired with
dedicated crack maps [34, 192]. In [192], a network is built
with two GANs: one learns to translate a crack image patch
to structured curves to represent cracks, and the other learns
to conduct the reverse translation. Both GANs are trained
simultaneously and regularized by cycle consistency, simi-
lar to CycleGAN [202]. It has been shown that the dual net-
work can be trained to translate a cracked image to a ground
truth (GT)-like image with a similar structural pattern, and
it can be used for crack detection directly.

Anomaly Detection. On the other hand, methods such
as [26, 106] adopt an anomaly detection approach, in which
crack areas are the anomaly to be detected. For example,
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Figure 11. A recent representative work for generalization in
crack segmentation [44] based on parameter-efficient fine-tuing
SAM [79].

UP-CrackNet [106] first prepares randomly masked training
images based on undamaged pavement images, then trains
a generative network to restore missing regions with intact
pavement patterns conditioned on masked images. During
inference, the input image is masked similarly with a set
of multi-scale square masks, and an error map is created
by computing the pixel-wise difference between the input
image and its reconstructed counterparts. This error map
highlights cracks, as the generative network has learned to
restore only undamaged areas.

Unsupervised learning is another practical approach
in crack segmentation, particularly because it completely
eliminates the need for manual annotations. However,
note that despite removing the annotation burden, unsu-
pervised learning still requires thoughtful data preparation.
As research progresses, unsupervised learning continues to
evolve as a promising path toward scalable and annotation-
free crack detection.

3.7. Foundation Models & PEFT

Generalization is becoming an increasingly important topic
in the broader field of computer vision and has recently
gained notable attention in the crack segmentation domain.
The goal of generalization is to develop models that are not
only highly accurate on data similar to training set but also
robust when exposed to diverse real-world conditions, such
as different pavement textures, lighting variations, imag-
ing devices, and geographical locations. This growing fo-
cus is driven by the recognition that deep learning models
trained on narrow or homogeneous datasets often suffer sig-
nificant performance degradation when applied to unseen
environments. As a result, researchers have begun to ex-
plicitly design crack segmentation methods with generaliz-
ability as a key objective, signaling a paradigm shift from
purely performance-driven models to models that prioritize
robustness and adaptability.

A prominent influence in this shift is the emergence of
vision foundation models represented by Segment Anything
Model (SAM) [79] which is trained on a large-scale dataset
SA-1B (composed of of 11 million images and 1.1 billion
masks) and capable of general-purpose image segmentation
in a zero-shot manner. SAM has been adopted and further
fine-tuned for some professional domains and showed suc-

cess, such as medical image segmentation [105, 158, 201],
as well as crack detection [44, 49, 104]. In [44], the au-
thors propose CrackSAM, where SAM is fine-tuned using
two parameter-efficient fine-tuning methods: adapters and
Low-Rank Adaptation (LoRA) [60], as shown in Fig. 11.
Similarly, [49] employs LoRA to fine-tune SAM, demon-
strating that this strategy can lead to significant improve-
ments in segmentation accuracy across eight diverse crack
datasets when compared to conventional crack segmenta-
tion models.

Expanding on this trend, [177] introduces the
MCrack1300 dataset, targeting masonry defect detec-
tion. The authors propose two novel, fully automated
methods based on SAM. Both methods involve fine-tuning
SAM’s encoder using LoRA: one connects the encoder to
alternative decoders, while the other utilizes a learnable
self-generating prompter to guide segmentation. Both
strategies achieve notable improvements over baselines,
showcasing the versatility of prompt-based fine-tuning.

In [127], a selective fine-tuning strategy is introduced,
where only normalization parameters within the SAM ar-
chitecture are fine-tuned. This selective tuning not only
outperforms full fine-tuning and other PEFT techniques
in terms of generalization performance but also achieves
higher computational efficiency, making it an appealing op-
tion for real-world deployment.

Further extending the application of SAM to crack de-
tection on edge devices, [154] proposes CrackESS, a com-
prehensive system for detecting and segmenting concrete
cracks. CrackESS first uses a YOLOv8 [72] model to gen-
erate self-prompts to provide initial localization and then
applies a LoRA-based fine-tuned SAM for segmentation.
The resulting masks are further refined by a dedicated Crack
Mask Refinement Module (CMRM), leading to improved
segmentation precision.

Collectively, these pioneering works represent some of
the earliest and most promising efforts to adapt and fine-
tune SAM for crack segmentation. Their success highlights
the potential of leveraging large-scale vision models and
parameter-efficient tuning methods to tackle the challenges
of generalization, setting a new research direction for crack
detection under diverse and real-world conditions.

3.8. Generalizability Analysis
Supervised learning has long been the dominant paradigm
in deep learning-based crack segmentation, serving as
the foundational approach that enabled significant break-
throughs in this domain. While traditional supervised learn-
ing does not explicitly aim for generalizability across do-
mains, it provides the critical training framework upon
which most models are built. Moreover, the recent emer-
gence of foundation models that are trained with supervised
objectives on larger datasets, demonstrates that supervised
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learning remains a cornerstone, even in systems designed
for broader generalization.

Building on this foundation, alternative learning
paradigms have gained popularity, particularly due to their
potential to enhance model generalizability and reduce the
reliance on labor-intensive annotations to achieve data ef-
ficiency. Semi-supervised learning leverages a small set of
labeled data alongside a larger pool of unlabeled data, en-
abling effective training even in scenarios with limited su-
pervision. Weakly supervised learning further reduces an-
notation requirements by using coarse or indirect labels to
guide the learning process. Few-shot learning aims to gen-
eralize from only a few labeled examples per class, which is
particularly valuable in real-world scenarios where collect-
ing a large annotated dataset is impractical.

Domain adaptation addresses the challenge of domain
shift, where models trained on one dataset may perform
poorly on another due to differing characteristics. It en-
ables models to adapt from a labeled source domain to a
different, often unlabeled, target domain by aligning dis-
tributions at the image, feature, or label level. Unsuper-
vised learning represents an even more annotation-efficient
strategy, where models learn underlying structures and pat-
terns directly from unlabeled data, though often with lim-
ited task-specific accuracy unless combined with auxiliary
supervision.

Finally, foundation models represent a synthesis of these
trends. Pre-trained on massive and diverse datasets using
supervised objectives, they possess strong generalization
capabilities across domains.

In crack segmentation, the adaptation of such models and
learning paradigms offers a promising direction for data ef-
ficiency and generalizability in diverse and challenging en-
vironments.

4. Datasets

4.1. Review
With the rapid growth of the crack detection field, an in-
creasing number of datasets have been introduced to sup-
port research and development. A timeline is summarized
in Fig. 1, showing releases of publicly available datasets
based on different categories: 1) general crack segmenta-
tion dataset, 2) dataset with specialized sensors other than
RGB cameras, 3) aggregated dataset combining existing
datasets and 4) synthetic dataset. An exhaustive list of pub-
licly available datasets is provided in Tab. 2 & 3.

Most publicly available datasets are collected using RGB
cameras, as shown in the tables. These datasets typically in-
clude road or structure surfaces annotated with crack loca-
tions, and they have become foundational for benchmarking
deep learning models.

Later, data collected using professional-grade sensors

Table 2. Summary of publicly available datasets for crack segmen-
tation (Table 1/2).

Dataset Year Description Image Character-
istics

CrackTree200 [207] 2012 206 pavement images containing various types
of cracks, including distractions such as shad-
ows and occlusions.

600×800

CrackIT [116] 2014 84 pavement surface images collected using an
optical device during a traditional road survey.

1536×2048, 1
pixel ≈ 1 mm2,
grayscale

CFD [132] 2016 118 urban road crack images captured using a
smartphone with fixed camera settings in Bei-
jing, containing common noise such as shad-
ows.

320×480

Crack500 [193] 2016 pavement images collected on the Temple Uni-
versity campus using a smartphone.

2448×3264,
3-channel (RGB)

AEL [4] 2016 269 pavement images (68 annotated) col-
lected using five acquisition systems (AigleRN,
ESAR, LCMS, LRIS, TEMPEST2). Also re-
ferred to as the Sylvie Chambon dataset.

No uniform size

CSSC [168] 2017 954 concrete crack images collected via web
search; crack shapes are stochastically dis-
tributed.

100×100 and
130×130

FCN [172] 2018 800+ images of pavement and concrete wall
cracks with varying widths (1–100 pixels) and
complex shapes. Includes internet and real-
world images from Harbin, China.

224×224; resolu-
tion: 72–300 dpi

CRKWH100 [208] 2018 100 pavement images captured using a line-
array camera under visible-light illumination.

512×512, ground
sampling dis-
tance: 1 mm

CrackTree260 [208] 2018 260 pavement images (expanded from Crack-
Tree200 [207]) captured using an area-array
camera under visible-light illumination.

600×800

CrackLS315 [208] 2018 315 pavement images captured using a line-
array camera under laser illumination.

512×512, ground
sampling dis-
tance: 1 mm

Stone331 [208] 2018 331 stone surface images captured using an
area-array camera under visible-light illumina-
tion.

512×512

DeepCrack [102] 2019 537 crack images from internet and real-world
sources, covering varied textures, materials (as-
phalt, concrete), and crack widths (1–180 pix-
els).

544×384, 3-
channel (RGB)

GAPs384 [167] 2019 384 asphalt pavement crack images selected
from the German Asphalt Pavement Distress
(GAPs) dataset [35].

1920×1080, 1.2
mm/pixel, 8-bit
grayscale

KolektorSDD [137] 2019 52 crack images contained in 399 electrical
commutator surface images.

1408×512

Khanh11k [50] 2019 112,000 images with varied crack condi-
tions and environments, merged from mul-
tiple datasets including CrackTree200 [207],
Crack500 [193], GAPs384 [167], CFD [132],
and AEL [4].

448×448

UAV75 [10] 2019 75 images captured by unmanned aircraft sys-
tems (UAS), containing various cracks and
planking patterns (visually similar to cracks).

512×512

DIC [124] 2020 530 image patches from 8 laboratory stone ma-
sonry wall specimens, captured for digital im-
age correlation (DIC) under various loading
levels and support conditions.

256×256

such as 3D laser scanners has gained popularity in real-
world deployments due to their enhanced robustness under
varying lighting and surface conditions. Early works [143,
145, 150, 151] began to utilize such data collected around
2012, and since then it has been widely adopted by re-
searchers and practitioners [4, 58, 70]. A survey reported
in 2017 shows that 18 US states use 3D automated data col-
lection and 17 have a plan to use it in the plan [206]. It
has also been a well-recognized technology by the Federal
Highway Administration (FHWA) and various state Depart-
ments of Transportation across the United States [38, 120].
However, despite their value, datasets from such sensors are
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Table 3. Summary of publicly available datasets for crack segmen-
tation (Table 2/2).

Dataset Year Description Image Character-
istics

Masonry [29] 2021 11,491 image patches (4,057 with cracks) from
469 masonry surface photos with varied resolu-
tions, crack types, and background noise.

224×224

Ceramic [73] 2021 167 ceramic crack images with varied crack
shapes, ceramic types, and imaging conditions
(e.g., scale, angle, illumination).

256×256, 3-
channel (RGB)

CrSpEE [6] 2021 2,229 images with cracks and spalling on vari-
ous material types and at different scales.

147×288 to
4600×3070

BCL [176] 2021 11,000 image patches from 50+ in-service
bridges: 5,769 non-steel crack, 2,036 steel
crack, 3,195 noise; under varied weather, light-
ing, and imaging conditions.

256×256

Conglomerate [12, 14] 2021 10,995 crack images synthesized from nine
public crack datasets [35, 102, 132, 167, 193,
207] via normalization, noise removal, and re-
sizing.

512×512

LCW [13, 14] 2021 3,817 bridge inspection images with varied
lighting, background materials, crack widths,
and scales. Named as Labeled Cracks in the
Wild (LCW) dataset.

512×512

Syncrack [125] 2022 600 synthetic crack images (expandable) gener-
ated under varying noise levels using the pro-
posed crack generator.

480×320, 3-
channel (RGB)

TopoDS [118] 2022 692 stone masonry images expanded from
DIC [124], including cracks on lab specimens
and real-world damaged buildings.

256×256

CrackSeg9k [82] 2022 9,255 crack images refined from ten public
crack datasets [29, 73, 102, 132, 167, 193, 207]
via resizing, noise removal, distortion, and re-
finement.

400×400

S2DS [7] 2022 232 crack images from the 743-image Struc-
tural Defect Dataset (S2DS), collected at real
inspection sites using various camera platforms.

1024×1024

FIND [200] 2023 2,500 crack image patches from bridge deck
and roadways obtained by a laser scanning de-
vice, containing surface elevation information.

256×256, image
types: raw inten-
sity, raw range,
filtered range,
and fused

CrackMap [75] 2023 120 road crack images collected using a
vehicle-mounted RGB camera, representing
typical road scenes.

256×256, 3-
channel (RGB)

Crack900 [62, 187] 2023 914 sets of visible and infrared (IR) images cap-
tured from masonry walls using solar heating as
the sole heat source.

384×288, image
types: RGB, IR,
RGB IR, RGB T,
fused

TUT [99] 2024 1,408 crack images from mobile phones (1,270)
and online sources (138), featuring diverse,
real-world backgrounds and complex crack pat-
terns.

640×640

SegCODEBRIM [68] 2024 420 crack segmentation labels added to CODE-
BRIM, a concrete defect dataset for bridges.

1500×844

MCrack1300 [177] 2024 1,300 masonry crack images sourced from
Crack900, online images, and mobile phone
photos, covering diverse brick types and crack
patterns.

640×640

OMNICRACK30K [8] 2024 30,017 crack images synthesized from 20 pub-
lic datasets [4, 6, 7, 10, 13, 14, 29, 50, 73, 102,
118, 124, 132, 167, 168, 176, 193, 208], with
duplicates and noise removed, and class imbal-
ance addressed.

No uniform size

Ours 2025 1,634 pavement 3D images from asphalt and
concrete surfaces, collected using a mainstream
survey system under varied environments and
crack severities; each pixel encodes pavement
elevation.

512×624, 4
mm/pixel, 8-bit
grayscale

rarely shared publicly. Although datasets such as AEL [4]
and FIND [200] provide annotated data collected with pro-
fessional sensors, they fall short in quantity, resolution, or
diversity, limiting their usefulness for DL models that need
to be robust against distractions like pavement joints, mark-
ings etc. As a result, there remains a significant gap between
academic research and practical implementation.

Figure 12. Examples from our 3DCrack dataset. Each range im-
age is paired with fine-grained pixel-level annotation. Cracks can
be categorized into transverse, longitudinal, and compound (in-
cluding alligator) cracks. Note that the last two examples show
some common distractions, such as pavement marking and joints,
which are not considered cracks. The last column includes an ex-
ample of a concrete pavement surface, while others are flexible
surfaces.

Moreover, datasets are not only increasing in number but
also in scale. Newer datasets tend to contain thousands or
even tens of thousands of annotated images by aggregat-
ing data from multiple sources [8, 50, 82], which enable
the training of larger and more complex models to improve
performance and generalize across multiple scenarios [44].

At the same time, there has been a growing interest in
synthetic datasets. These are generated using computer
graphics, simulation, or generative models, and offer fine-
grained control over crack characteristics, environmental
conditions, and ground truth labels [125, 184]. Synthetic
data can supplement real-world datasets by providing di-
verse, balanced, and fully labeled training samples, espe-
cially useful for tasks in which data is not easy to acquire or
annotate.

4.2. A New Dataset: 3DCrack
As introduced in Sec. 4, 3D laser scanning has become one
of the mainstream technique for capturing high-resolution,
full-lane pavement data, offering robust performance un-
der varying lighting conditions. Unlike 2D intensity-based
imaging, 3D laser systems are resilient to noise from shad-
ows, stains, or low contrast lighting, making cracks and sur-
face defects more distinguishable[4, 58, 70, 143, 145, 150,
151]. Due to these advantages, 3D pavement data has been
widely adopted by departments of transportation (DOTs)
for real-world crack detection [38, 206]. However, the lack
of large-scale, high-resolution datasets with common dis-
tractions remains a bottleneck for further research and im-
plementation.

To bridge this gap, we release 3DCrack, a new 3D pave-
ment image dataset to support deep learning-based crack
detection (Fig. 12). Data was collected using the Geor-
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Table 4. Performance of Models on different datasets trained with
different quantities. The best performance is highlighted in bold,
and the second best is underlined.

Method Metric DeepCrack 3DCrack

25% 50% 75% 100% 25% 50% 75% 100%

ResUNet

IoU

0.694 0.717 0.725 0.725 0.456 0.648 0.694 0.703
DeepCrack 0.667 0.674 0.701 0.706 0.435 0.504 0.639 0.662
Deeplabv3+ 0.667 0.708 0.707 0.718 0.385 0.56 0.632 0.635
XcepUNet 0.673 0.684 0.702 0.708 0.41 0.482 0.622 0.661
SegFormer 0.664 0.701 0.701 0.709 0.413 0.56 0.632 0.635
UniMatch 0.665 0.672 0.702 0.675 0.267 0.346 0.551 0.567
UniMatchv2 0.696 0.700 0.707 0.732 0.566 0.47 0.611 0.665
CrackSAM 0.723 0.748 0.748 0.751 0.564 0.588 0.592 0.6

ResUNet

Precision

0.831 0.866 0.87 0.879 0.607 0.81 0.82 0.827
DeepCrack 0.838 0.834 0.873 0.859 0.57 0.686 0.762 0.805
Deeplabv3+ 0.838 0.839 0.855 0.834 0.52 0.705 0.736 0.733
XcepUNet 0.843 0.838 0.874 0.895 0.6 0.659 0.827 0.803
SegFormer 0.795 0.818 0.844 0.829 0.53 0.705 0.736 0.733
UniMatch 0.789 0.819 0.815 0.87 0.306 0.353 0.608 0.658
UniMatchv2 0.821 0.784 0.816 0.85 0.736 0.576 0.694 0.753
CrackSAM 0.847 0.823 0.849 0.86 0.661 0.685 0.691 0.703

ResUNet

Recall

0.825 0.82 0.827 0.817 0.552 0.727 0.778 0.782
DeepCrack 0.793 0.799 0.788 0.809 0.558 0.586 0.738 0.741
Deeplabv3+ 0.779 0.831 0.817 0.853 0.521 0.683 0.763 0.767
XcepUNet 0.788 0.804 0.787 0.783 0.486 0.566 0.668 0.739
SegFormer 0.822 0.839 0.82 0.844 0.563 0.683 0.763 0.767
UniMatch 0.837 0.811 0.853 0.767 0.639 0.654 0.747 0.725
UniMatchv2 0.84 0.886 0.863 0.852 0.66 0.626 0.765 0.811
CrackSAM 0.844 0.901 0.873 0.862 0.716 0.736 0.745 0.748

ResUNet

Dice

0.808 0.825 0.833 0.833 0.557 0.747 0.788 0.795
DeepCrack 0.784 0.787 0.81 0.812 0.538 0.602 0.735 0.758
Deeplabv3+ 0.786 0.819 0.818 0.827 0.496 0.673 0.74 0.741
XcepUNet 0.79 0.794 0.811 0.817 0.503 0.582 0.72 0.754
SegFormer 0.785 0.813 0.816 0.821 0.521 0.673 0.74 0.741
UniMatch 0.783 0.786 0.815 0.793 0.361 0.434 0.66 0.675
UniMatchv2 0.812 0.816 0.822 0.84 0.673 0.585 0.72 0.771
CrackSAM 0.828 0.848 0.848 0.85 0.676 0.699 0.704 0.711

gia Tech Sensing Vehicle (GTSV), equipped with dual 3D
line laser sensors. These sensors capture a 4-meter-wide
pavement profile at speeds up to 60 mph. Each frame
produces a dense 1,000 × 2,080 point cloud, with 1 mm
× 1 mm resolution after interpolation, and 0.5 mm height
precision[143, 145]. The point clouds are converted into
3D/range images via compression by rescaling height to 8-
bit grayscale, with darker pixels representing depressions,
and rectification by Gaussian high-pass filtering to suppress
large-scale elevation trends [59, 70].

The 3DCrack dataset includes 1,139 training, 245 vali-
dation, and 250 testing images collected from SR 275, US
80, and I-16 in Georgia, including both flexible and concrete
pavement types. The dataset covers diverse cracking condi-
tions, including varying geometries such as transverse, lon-
gitudinal, alligator, and compound cracks, as well as chal-
lenges like pavement joints and other visual distractions, en-
suring robustness in trained models across real-world sce-
narios. Each image measures 512 × 624 pixels, represent-
ing 4-mm resolution per pixel. Ground-truth crack masks
were manually annotated by trained annotators to ensure la-
bel quality as in [59].

5. Experiments & Findings
To facilitate future research, we benchmark several rep-
resentative models on the 3DCrack and DeepCrack [102]

datasets to establish baseline performance. Two experi-
mental settings are considered. The first evaluates super-
vised learning methods under varying training data quan-
tities, providing reference points not only for supervised
learning but also for semi-supervised learning approaches.
The second focuses on generalization performance, where
models are trained on a large-scale set and tested on a dis-
tinct set with different surface conditions, offering baselines
for generalizable crack detection methods.

To assess model performance, we adopt four commonly
used metrics: Intersection over Union (IoU), Precision, Re-
call, and Dice coefficient. These metrics are defined as fol-
lows: TP is for True Positives, FP for False Positives, and
FN for False Negatives.

IoU =
TP

TP + FP + FN
(1)

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

Dice =
2 · TP

2 · TP + FP + FN
(4)

In the following experiments, we conduct the same train-
ing and test setting on our 3DCrack and DeepCrack [102]
datasets to quantify how well each model performs on dif-
ferent datasets and highlight the characteristics and chal-
lenges specific to our 3DCrack. The original DeepCrack
does not have a validation set, therefore we split the origi-
nal test set into validation and test set with a ratio of 1:1.

5.1. Supervised & Semi-Supervised Experiments
5.1.1. Experimental Settings
For the supervised experiments, we selected a set of rep-
resentative models based on their proven effectiveness in
image segmentation tasks and the relative ease with which
they can be implemented and fine-tuned. Specifically, we
include the U-Net [126] architecture with two distinct
backbone encoders: ResNet [52] and Xception [25]. The
ResNet backbone is widely recognized for its residual learn-
ing capabilities, which help mitigate the vanishing gradient
problem and improve feature propagation. The Xception
backbone, on the other hand, leverages depthwise separa-
ble convolutions to enhance model efficiency and accuracy.
Additionally, we incorporate DeepCrack [102], a model ex-
plicitly tailored for crack detection, which has shown strong
performance in identifying fine-grained linear structures in
images. Deeplabv3+ [20] is included for its robust seman-
tic segmentation capabilities, particularly its use of atrous
spatial pyramid pooling and encoder-decoder design that
facilitates precise boundary localization. SegFormer [162]
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Figure 13. Crack segmentation results on DeepCrack and 3DCrack datasets from different models. False positives are highlighted in red,
and false negatives are highlighted in blue.

is also evaluated due to its strong performance in recent
benchmarks, combining transformer-based encoding with
lightweight decoders for efficient and accurate segmenta-
tion. A recent foundation model for crack segmentation,
CrackSAM [44] is also included here and will be detailed
below.

For the semi-supervised experiments, the aforemen-
tioned models are adapted in a straightforward manner by
limiting the number of labeled training samples, allowing
us to evaluate their robustness under label-scarce condi-
tions. To complement these baselines, we also include Uni-
Match v1&v2 [170, 171], a state-of-the-art model family
designed specifically for semi-supervised semantic segmen-
tation. UniMatch employs consistency regularization and
pseudo-labeling strategies to leverage unlabeled data effec-
tively and has demonstrated superior performance across
several benchmarks under limited supervision. Moreover,
UniMatch v2 employs DINOv2 [117] as a more recent and
powerful encoder.

Models are trained according to the original training
strategies specified in their papers. Early stopping is ap-
plied during training, with a maximum of 100 epochs for
each model.

5.1.2. Findings

Overall Performance. As presented in Tab. 4 and Fig. 13,
all selected models are capable of segmenting cracks effec-
tively after training. Among them, ResUNet delivers a ro-
bust overall segmentation performance across both datasets
when trained on the full training set, achieving a Dice score
of 0.833 on DeepCrack and 0.795 on 3DCrack. The recent
UniMatch v2 model also performs well, benefiting from its
use of the strong DINOv2 vision encoder.

The two specialized crack detection models, DeepCrack
and CrackSAM, exhibit notably different behaviors. De-
spite being specialized for this task, DeepCrack sightly lags
behind models like ResUNet, likely due to its shallow and
simple architecture. In contrast, CrackSAM achieves con-
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sistently high scores across metrics, training data quanti-
ties, and datasets. This highlights one fundamental devel-
opment in DL-based crack detection: stronger backbones
are beneficial to performance. CrackSAM inherits pow-
erful semantic understanding from the Segment Anything
Model (SAM) [79], enabling it to better distinguish cracks
from common non-crack distractions. This advantage is il-
lustrated by an example in the second column of Fig. 13,
where CrackSAM more effectively suppresses false posi-
tives in non-crack regions compared with other models.

Dataset Difference. Across the board, models perform
worse on the 3DCrack dataset than on DeepCrack, high-
lighting the domain differences between the two datasets.
While DeepCrack contains common distractions such as
shadows and non-crack areas, it generally provides clearer
and more zoomed-in views of cracks. In contrast, 3DCrack
contains finer, more subtle hairline cracks due to its
downward-looking perspective and broader coverage of
the pavement surface as shown by examples in Fig. 12.
These cracks are often more difficult to detect, leading
to a noticeable drop in performance. For instance, Re-
sUNet’s IoU score decreases from 0.725 on DeepCrack to
0.703 on 3DCrack using 100% of the training data. Sim-
ilarly, CrackSAM, despite its superior semantic modeling,
shows reduced ability to capture small-scale crack details
in 3DCrack, which are less distinguishable from the back-
ground in a zoomed-out context, as shown in Tab. 4 and
Fig. 13.

Training Quantity Effect. The impact of training data
quantity is clearly visible in Tab. 4 and the qualitative re-
sults in Fig. 14. All models benefit significantly from more
labeled data, improving their ability to correctly segment
cracks, suppress noise, and handle diverse crack patterns. In
particular, an increase in training data helps models better
differentiate true cracks from spurious patterns. In Fig. 14,
this improvement is visually represented: the red regions
(false positives) shrink, while the blue regions (false neg-
atives) are increasingly replaced by white (true positives),
indicating enhanced model accuracy and recall as data vol-
ume increases.

Experimental results also indicate that the performance
of most models tends to plateau when the training data is in-
creased from 75% to 100%, suggesting that exploring more
efficient strategies for leveraging additional data remains an
important direction for future research.

Low-Data Performance. CrackSAM and UniMatchv2
stand out in scenarios with limited labeled data. Uni-
Matchv2 excels due to its semi-supervised learning frame-
work and the use of the powerful DINOv2 backbone,
which offers richer feature representations compared to the
ResNet-based backbone in UniMatchv1. CrackSAM also
performs well, benefiting from fine-tuning on the strong
prior knowledge embedded in the SAM foundation model.

Figure 14. Crack segmentation results on DeepCrack and
3DCrack datasets from ResUNet with different training quantities.
False positives are highlighted in red, and false negatives are high-
lighted in blue.

Its pretrained capability in object-level semantic under-
standing makes it particularly effective in identifying cracks
with minimal supervision. These results suggest that mod-
els incorporating pretrained semantic priors or designed for
semi-supervised learning have a clear advantage in data-
scarce conditions.

5.2. Generalizable Experiments
5.2.1. Experimental Settings
In this experiment, ResUNet [52, 126] and Deep-
Crack [102] are trained the same way as in the previous
experiment. CrackSAM [44, 79] and CycleGAN [202] are
trained following the original papers. There are two differ-
ent settings, zero shot and many shot, in this generalizable
experiments. The test set remains the same, composed of
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Table 5. Performance of Generalizable Models on different
datasets trained with combined datasets. The best performance
is highlighted in bold, and the second best is underlined.

Method Metric Zero Shot Many Shot

DeepCrack 3DCrack DeepCrack 3DCrack

ResUNet

IoU

0.441 0.279 0.633 0.67
DeepCrack 0.387 0.181 0.557 0.584
CrackSAM 0.502 0.3 0.711 0.6
Cycle GAN 0.621 – – –

ResUNet

Precision

0.589 0.298 0.848 0.824
DeepCrack 0.64 0.207 0.793 0.723
CrackSAM 0.551 0.319 0.834 0.699
Cycle GAN 0.776 – – –

ResUNet

Recall

0.731 0.729 0.736 0.732
DeepCrack 0.602 0.633 0.681 0.682
CrackSAM 0.903 0.758 0.846 0.742
Cycle GAN 0.768 – – –

ResUNet

Dice

0.568 0.375 0.742 0.767
DeepCrack 0.514 0.27 0.674 0.686
CrackSAM 0.644 0.392 0.816 0.711
Cycle GAN 0.745 – – –

test sets from DeepCrack [102] and 3DCrack. The train-
ing set for zero-shot experiments does not include any im-
ages from either datasets, while the training sets from both
datasets are included in the training data in many-shot set-
ting.

Zero Shot. For the zero-shot study, we explore two dis-
tinct groups of approaches commonly adopted in the lit-
erature. The first group focuses on leveraging large-scale
datasets to enable models to generalize across diverse sce-
narios through extensive data exposure [44]. These ap-
proaches typically rely on high-capacity architectures with
larger parameter counts, allowing them to learn complex
feature representations from a wide variety of input con-
ditions. In our experiments, we evaluate three such mod-
els, ResUNet [52, 126], DeepCrack [102], and CrackSAM
[44, 79], which represent different families of large-scale
segmentation networks known for their strong generaliza-
tion performance when trained on sufficiently diverse data
from Khanh11k [50] with data belonging to DeepCrack
removed for zero-shot purpose. We also include Cycle-
GAN [202] to evaluate how well the unpaired image-to-
image translation can produce reliable segmentation maps
from real-world inputs in an unsupervised manner; specif-
ically, we shuffle the annotation to create unpaired training
data based on curated Khanh11k mentioned above.

Many Shot. To further explore the impact of data di-
versity and volume on segmentation performance, we con-
duct a many-shot experiment by augmenting the training set
of the Khanh11k dataset [50] with additional labeled sam-
ples from the whole training subsets in both DeepCrack and
3DCrack datasets. This setup allows us to simulate a realis-
tic, fully supervised training scenario where the model has
access to rich, heterogeneous data sources. The objective

Figure 15. Zero-shot performance from ResUNet, CrackSAM,
and CycleGAN. False positives are highlighted in red, and false
negatives are highlighted in blue.

is to assess whether exposure to more diverse crack appear-
ances and imaging conditions can improve the generaliza-
tion and robustness of crack segmentation models.

5.2.2. Findings
Zero Shot. As shown in Tab. 5 and Fig. 15, all selected
models demonstrate the ability to perform zero-shot crack
segmentation. However, despite some positive results, zero-
shot performance remains limited due to generalization
gaps, particularly in the presence of domain shifts. The
most prevalent issue observed is the overshoot and under-
shoot phenomenon: models either miss fine crack structures
(undershoot) or mistakenly segment non-crack regions due
to visual similarity (overshoot).

ResUNet, which performs strongly in supervised scenar-
ios, struggles in this setting. It frequently fails to identify
the correct crack regions and is easily distracted by back-
ground patterns such as surface textures, road markings, or
shadows. This suggests that without dataset-specific fine-
tuning, its ability to generalize semantic boundaries is lim-
ited.

CrackSAM demonstrates more robust segmentation
compared to ResUNet in this zero-shot context. Owing to
its foundation in the SAM, it shows improved localization
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Figure 16. Many-shot performance from ResUNet and Crack-
SAM. False positives are highlighted in red, and false negatives
are highlighted in blue.

of crack areas and exhibits fewer distractions. However, it
still exhibits a consistent tendency to over-segment regions
surrounding the cracks, leading to inflated boundaries and
occasional inclusion of irrelevant pavement details.

CycleGAN delivers a strong performance on the Deep-
Crack dataset among the three models in this setting. As
an unsupervised image-to-image translation method, Cy-
cleGAN leverages domain adaptation to stylize input im-
ages to resemble the training distribution, thus enabling it
to bridge visual gaps between domains. This helps it to
more closely approximate crack patterns seen during train-
ing. However, CycleGAN’s approach is purely style-driven
without a task-specific objective, so it remains vulnerable to
noise and false positives, particularly in areas with texture
similarities to cracks. Moreover, its performance collapses
on the 3DCrack dataset, where cracks are thinner, fainter,
and embedded in a large non-crack background. This indi-
cates a critical weakness of style transfer-based models in
dealing with fine-grained structural features that lack strong
visual saliency.

In summary, while zero-shot segmentation offers an
attractive direction for reducing annotation burdens, cur-
rent methods still face significant challenges in accurately
handling crack boundaries and adapting to new domains
with different visual characteristics. Future work may fo-
cus on integrating prior knowledge [66, 93], uncertainty
modeling [42, 88], or contrastive learning strategies [103,
123] to enhance zero-shot robustness and mitigate over-

shoot/undershoot errors.
Many Shot. As illustrated in Tab. 5 and Fig. 16, all mod-

els demonstrate substantial improvements in segmentation
accuracy compared to the zero-shot setting. The perfor-
mance gains are particularly evident in terms of Dice score
and IoU, with fewer false positives in non-crack regions and
better delineation of crack boundaries.

Moreover, all models become more proficient at identi-
fying finer cracks, which were previously under-segmented
in zero-shot conditions. This indicates that the increased
volume and variation of annotated cracks in the training
data improves the model’s ability to capture subtle visual
cues that define complex or less salient crack patterns.

However, despite these improvements, when compar-
ing the results in Tab. 5 (many-shot) with those in Tab. 4
(individual dataset training with full supervision), there is
no performance gain achieved. This suggests that sim-
ply increasing the quantity and diversity of training data
from multiple domains does not automatically lead to pro-
portional performance improvement. One possible reason
is the domain discrepancy among datasets: DeepCrack,
3DCrack, and other datasets in Khanh11k differ in imaging
perspectives, crack styles, background textures, and distrac-
tion types. Baseline models may still struggle to reconcile
these differences, underscoring the need for task-specific
designs, including tailored architectures, loss functions, etc.

These findings point to an important direction for future
research: developing models that can more effectively uti-
lize diverse and domain-varied training data. This may in-
volve techniques such as feature alignment [18, 123, 178],
curriculum learning [136, 195] and self-supervised learn-
ing [56] that focus on invariant crack characteristics across
datasets. Addressing this limitation will be key to building
truly robust and generalizable crack segmentation systems.

6. Open Challenges
Despite the rapid progress and promising results achieved in
recent years, the task of automated crack detection remains
far from being fully solved as shown in our review and ex-
periments. In the following, we outline some of the key
open challenges that continue to shape the research land-
scape in crack detection.

6.1. Learning Paradigms
Efficient Utilization of Data. Our review has revealed a
growing trend toward developing learning strategies that
can make more efficient use of available data. Despite
the ongoing progress in dataset expansion and the increas-
ing adoption of large pre-trained models, there will al-
ways be edge cases, unseen scenarios, and variations that
are not fully captured by existing data. Acquiring a com-
prehensive, high-quality dataset including new variations
of a large quantity remains resource-intensive, especially
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when pixel-level annotations are required. To address these
challenges, future research can further explore with data-
efficient learning paradigms, such as SSL, WSL, USL, FSL,
DA and foundation models with PEFT. These approaches
have shown promising results and have the potential to fur-
ther maximize model performance while minimizing the re-
liance on large labeled datasets, thereby enhancing scalabil-
ity and fast adaptation in practical applications.

Benchmarking and Standardization. As the field
continues to explore a wide range of learning paradigms
from supervised to foundation model adaptation, the need
for standardized benchmarks becomes increasingly critical.
Without consistent datasets, evaluation metrics, and task
definitions, it is difficult to make fair comparisons between
methods or draw reliable conclusions about their strengths
and weaknesses. Currently, many studies use custom eval-
uation protocols, which hampers reproducibility and slows
down collective progress. Establishing shared benchmark
datasets with clearly defined training and test sets, stan-
dardized annotation formats, and unified performance met-
rics would enable more rigorous and transparent evalua-
tions [144, 145]. This study contributes to this goal through
the newly released 3DCrack dataset and tailored bench-
marking designs. In addition, maintaining leaderboards and
organizing challenges could further incentivize innovation
and provide a centralized reference point for progress in
crack detection and segmentation.

6.2. Generalizability & Model Development

Scaling to Larger Models and Foundation Architec-
tures. Recent advances in computer vision have been
driven by large-scale models and foundation architectures
such as transformers [146], CLIP [123], DINO [130], and
SAM [79], which have shown remarkable generalization
across tasks and domains. Inspired by this trend, some
preliminary efforts have been made to apply such foun-
dation models to crack detection [44]. Although the re-
sults are promising, this area is still underexplored and the
overall performance is not perfect as we show in Sec. 5.2.
Specifically, false positives caused by distracting patterns
and coarse detection should be eliminated to enable subse-
quent tasks such as crack quantization [57].

Future work can investigate how to better adapt foun-
dation models to crack detection across different sce-
narios, potentially by incorporating domain-specific fine-
tuning [44, 60, 61, 181, 191], prompt tuning [161], or spe-
cialized modules for thin-structure segmentation [196, 204].

Crack-Specific Architectural and Objective Designs.
Unlike general objects, cracks are typically thin, elongated,
and often discontinuous structures, making them challeng-
ing to segment using off-the-shelf models. Many studies
have introduced crack-aware architectures or loss designs
that take the geometric and topological features of cracks

into consideration [57, 58, 186, 208]. These designs have
demonstrated clear benefits in general performance. Sim-
ilarly, continued research in this direction is necessary to
develop models that explicitly account for the unique spa-
tial patterns of cracking, decreasing false positives and false
negatives for finer results.

Real-Time and Efficient Architectures. As model
sizes increase to achieve higher accuracy, there is a growing
need to balance performance with computational efficiency,
especially for deployment in real-world scenarios such as
mobile inspection robots or devices. Real-time inference
is crucial for practical applications. Lightweight backbone
architectures (e.g. MobileNet [54], EfficientFormer [89],
CSegamba [98]), pruning [23], quantization [121], and
knowledge distillation [121] are all viable directions to ex-
plore. Designing models that maintain competitive accu-
racy while achieving low latency and small memory foot-
prints will be a key challenge moving forward.

Multimodal Fusion. Crack detection has the chance
to benefit from integrating data beyond standard RGB im-
agery. Multimodal fusion, for instance, can involve com-
bining sensor data such as depth, infrared information [96,
200]. Fusing multiple modalities has the potential to im-
prove robustness under varying environmental conditions
and provide richer contextual understanding. Deep learn-
ing models capable of aligning and processing heteroge-
neous inputs, such as vision-language models [123, 190]
or sensor/feature fusion networks [36, 57, 179], represent a
promising area for future research. Challenges include syn-
chronization of data sources, modality-specific noise, and
the need for large annotated multimodal datasets.

6.3. Dataset

Data Scarcity. Despite the existence of several publicly
available crack segmentation datasets, their size remains
limited. These datasets typically contain a few hundred to
a few thousand images, which is relatively small compared
to large-scale datasets in other computer vision tasks (e.g.,
COCO [94], Cityscapes [28]). To address this limitation, re-
searchers have attempted to aggregate multiple datasets into
a unified collection, yielding performance improvements by
increasing training diversity and quantity. However, the
overall volume and diversity of data still fall short compared
with other domains, restricting the robustness and general-
izability of models.

Lack of Industry-Level Data. Another critical gap lies
in the limited availability of professionally acquired and an-
notated datasets. Most public datasets rely on RGB imagery
collected with consumer-grade cameras under uncontrolled
conditions. In contrast, data acquired using specialized sen-
sors (e.g., 3D laser scans) provides higher fidelity and is
more representative of real-world inspection scenarios. Our
work attempts to bridge this gap by releasing a dataset that
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features fine-grained, expert-annotated crack masks. Nev-
ertheless, there remains a strong need for additional high-
quality data from diverse environments and sensors. Con-
sidering the substantial effort required for pixel-level anno-
tation, future research can also consider exploring the use
of semi-automatic annotation tools [76, 92, 128] to scale up
dataset generation.

Data Quality and Annotation Methods. In addition
to data quantity, quality is another concern. Manual annota-
tions are inherently prone to subjectivity and inter-annotator
variability. Factors such as different interpretations of what
constitutes a crack, variations in perceived severity levels,
and inconsistencies in annotation protocols can all con-
tribute to noisy ground truth labels. Establishing clear an-
notation standards, evaluation metrics for quality assurance,
and introducing consensus-based or probabilistic labeling
strategies could help improve annotation consistency.

On the other hand, alternative annotation strategies
deserve further exploration. Rough annotations offer a
promising direction for accelerating data generation, es-
pecially when supported by learning paradigms such as
weakly supervised learning. Incorporating experts in the
loop may also be beneficial, as it not only ensures annota-
tion quality but also facilitates continual learning through
iterative feedback and model refinement.

7. Conclusion
In this paper, we present a comprehensive review of deep
learning-based crack detection, focusing on seven major
learning paradigms, the growing emphasis on model gen-
eralizability, and the diversification of datasets in the field.
We categorize and discuss the shifts in learning paradigms
with detailed subcategories and representative works, high-
lighting how the field has progressed from conventional su-
pervised approaches to more data-efficient paradigms such
as semi-supervised, few-shot methods, etc. The emergence
of generalizability is identified as a key trend, reflecting the
increasing need for models that can perform reliably across
diverse and unseen conditions.

In terms of data, we observe a clear trend toward larger,
more diverse, and sensor-rich datasets. As part of this
effort, this paper releases a high-resolution, large-scale,
industry-level crack segmentation dataset 3DCrack with di-
verse pavement conditions, contributing a valuable resource
to the community for benchmarking and future develop-
ment.

Although trends in crack detection are closely connected
with those in the broader CV community, the task demands
specialized designs and considerations. Drawing from both
the review and our empirical studies, we also identify and
discuss open challenges that remain unresolved. These
challenges, spanning learning paradigms, generalizability
and model development, as well as dataset, outline critical

directions for future research. We hope this work provides
a useful reference for researchers and practitioners in this
field and encourages further efforts toward robust, scalable,
and generalizable crack detection systems.
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[81] Philipp Krähenbühl and Vladlen Koltun. Efficient inference
in fully connected crfs with gaussian edge potentials. Ad-
vances in neural information processing systems, 24, 2011.

[82] Shreyas Kulkarni, Shreyas Singh, Dhananjay Balakrish-
nan, Siddharth Sharma, Saipraneeth Devunuri, and Sai
Chowdeswara Rao Korlapati. Crackseg9k: A collection
and benchmark for crack segmentation datasets and frame-
works. In European Conference on Computer Vision, pages
179–195. Springer, 2022.

[83] Stephen LH Lau, Edwin KP Chong, Xu Yang, and Xin
Wang. Automated pavement crack segmentation using u-
net-based convolutional neural network. Ieee Access, 8:
114892–114899, 2020.

[84] Fengyu Li, Bin Zhang, Bin Zhang, Fanghui Zhang, Qing-
tao Zhao, Shiyang Lou, Zhiyong Wang, and Kaixin Huang.
Implementation of surface crack detection method for nu-
clear fuel pellets by weakly supervised learning. Journal of
Nuclear Science and Technology, 61(12):1600–1611, 2024.

[85] Gang Li, Jian Wan, Shuanhai He, Qiangwei Liu, and Biao
Ma. Semi-supervised semantic segmentation using adver-
sarial learning for pavement crack detection. IEEE Access,
8:51446–51459, 2020.

[86] Hongxia Li, Weixing Wang, Mengfei Wang, Limin Li,
and Vivian Vimlund. A review of deep learning meth-
ods for pixel-level crack detection. Journal of Traffic and
Transportation Engineering (English Edition), 9(6):945–
968, 2022.

[87] Kai Li, Bo Wang, Yingjie Tian, and Zhiquan Qi. Fast
and accurate road crack detection based on adaptive cost-
sensitive loss function. IEEE Transactions on Cybernetics,
53(2):1051–1062, 2021.

[88] Xiaotong Li, Yongxing Dai, Yixiao Ge, Jun Liu,
Ying Shan, and Ling-Yu Duan. Uncertainty model-
ing for out-of-distribution generalization. arXiv preprint
arXiv:2202.03958, 2022.

[89] Yanyu Li, Geng Yuan, Yang Wen, Ju Hu, Georgios Evan-
gelidis, Sergey Tulyakov, Yanzhi Wang, and Jian Ren.
Efficientformer: Vision transformers at mobilenet speed.
Advances in Neural Information Processing Systems, 35:
12934–12949, 2022.

[90] Fengjiao Liang, Qingyong Li, Haomin Yu, and Wen Wang.
Crackclip: Adapting vision-language models for weakly
supervised crack segmentation. Entropy, 27(2):127, 2025.

23

https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics


[91] Zhiyuan Liang, Tiancai Wang, Xiangyu Zhang, Jian Sun,
and Jianbing Shen. Tree energy loss: Towards sparsely
annotated semantic segmentation. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pages 16907–16916, 2022.

[92] Di Lin, Jifeng Dai, Jiaya Jia, Kaiming He, and Jian Sun.
Scribblesup: Scribble-supervised convolutional networks
for semantic segmentation. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
3159–3167, 2016.

[93] Fangjian Lin, Zhanhao Liang, Sitong Wu, Junjun He, Kai
Chen, and Shengwei Tian. Structtoken: Rethinking seman-
tic segmentation with structural prior. IEEE Transactions
on circuits and systems for video technology, 33(10):5655–
5663, 2023.

[94] Tsung-Yi Lin, Michael Maire, Serge Belongie, James
Hays, Pietro Perona, Deva Ramanan, Piotr Dollár, and
C Lawrence Zitnick. Microsoft coco: Common objects
in context. In Computer vision–ECCV 2014: 13th Eu-
ropean conference, zurich, Switzerland, September 6-12,
2014, proceedings, part v 13, pages 740–755. Springer,
2014.

[95] Chao Liu and Boqiang Xu. Weakly-supervised structural
surface crack detection algorithm based on class activation
map and superpixel segmentation. Advances in Bridge En-
gineering, 4(1):27, 2023.

[96] Fangyu Liu, Jian Liu, and Linbing Wang. Asphalt pavement
crack detection based on convolutional neural network and
infrared thermography. IEEE Transactions on Intelligent
Transportation Systems, 23(11):22145–22155, 2022.

[97] Huajun Liu, Xiangyu Miao, Christoph Mertz, Chengzhong
Xu, and Hui Kong. Crackformer: Transformer network
for fine-grained crack detection. In Proceedings of the
IEEE/CVF international conference on computer vision,
pages 3783–3792, 2021.

[98] Hui Liu, Chen Jia, Fan Shi, Xu Cheng, and Shengy-
ong Chen. Scsegamba: lightweight structure-aware vision
mamba for crack segmentation in structures. In Proceed-
ings of the Computer Vision and Pattern Recognition Con-
ference, pages 29406–29416, 2025.

[99] Hui Liu, Chen Jia, Fan Shi, Xu Cheng, Mianzhao Wang,
and Shengyong Chen. Staircase cascaded fusion of
lightweight local pattern recognition and long-range depen-
dencies for structural crack segmentation. arXiv preprint
arXiv:2408.12815, 2025. visited on 2025-08-05.

[100] Kangcheng Liu and Ben M Chen. Industrial uav-based
unsupervised domain adaptive crack recognitions: From
database towards real-site infrastructural inspections. IEEE
Transactions on Industrial Electronics, 70(9):9410–9420,
2022.

[101] Xiaofeng Liu, Chaehwa Yoo, Fangxu Xing, Hyejin Oh,
Georges El Fakhri, Je-Won Kang, Jonghye Woo, et al. Deep
unsupervised domain adaptation: A review of recent ad-
vances and perspectives. APSIPA Transactions on Signal
and Information Processing, 11(1), 2022.

[102] Yahui Liu, Jian Yao, Xiaohu Lu, Renping Xie, and Li Li.
Deepcrack: A deep hierarchical feature learning architec-

ture for crack segmentation. Neurocomputing, 338:139–
153, 2019.
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