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Abstract

The rapid development of modern infrastructure has brought unprecedented challenges

to structural health monitoring, particularly in the domain of concrete crack detection.

While deep learning has shown promising results in automating this process, its practical

implementation faces significant challenges when models are deployed across di!erent ma-

terials, environments, and operational conditions. The traditional approach of collecting

and annotating extensive datasets for each new deployment scenario is not only resource-

intensive but also increasingly problematic due to data privacy concerns and regulatory

requirements.

This thesis presents a comprehensive investigation into solving these challenges through

two interconnected research directions. Our first approach challenges the conventional wis-

dom of relying solely on supervised learning by exploring the potential of self-supervised

learning in understanding crack features. By leveraging recent advances in vision foun-

dation models, particularly DINOv2, we demonstrate how models can learn robust and

transferable representations without the need for extensive labeled data. This research

reveals fascinating insights into how self-supervised models develop a more comprehen-

sive understanding of crack characteristics compared to traditional supervised approaches,

o!ering new perspectives on feature learning in structural defect detection.

Building upon these insights, our second research direction addresses the critical chal-

lenge of domain adaptation in real-world deployments. We develop an innovative source-

free domain adaptation framework that leverages the power of cross-modal understand-

ing through CLIP (Contrastive Language-Image Pre-training). This approach not only

eliminates the need for source domain data during adaptation but also introduces novel

mechanisms for e”cient knowledge transfer across di!erent material types. By incorpo-

rating careful consideration of data e”ciency and computational resources, our framework

provides a practical solution that balances performance with real-world constraints.

The experimental validation of our approaches spans multiple datasets and deployment

scenarios, demonstrating significant improvements in both accuracy and e”ciency com-

pared to existing methods. More importantly, our research provides a scalable framework

for practical implementations, addressing key challenges such as data privacy, computa-

tional e”ciency, and deployment flexibility. The success of these approaches in laboratory

testing and initial field trials suggests promising potential for widespread adoption in au-

tomated structural inspection systems.



This thesis contributes to both the theoretical understanding of domain adaptation in

structural health monitoring and the practical implementation of automated crack detec-

tion systems. The methodologies developed here not only advance the state-of-the-art in

computer vision applications for infrastructure inspection but also provide valuable in-

sights for researchers and practitioners working on similar challenges in other domains of

structural health monitoring.
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Chapter 1

Introduction

Crack inspection is a critical task in civil engineering, as it directly impacts the safety

and longevity of infrastructure such as bridges, roads, and buildings [1]. With over 70%

of infrastructure worldwide exceeding its designed service life, the importance of e!ective

crack detection has become increasingly crucial [2]. Infrastructure serves as the backbone

of modern society, and its degradation due to aging, environmental factors, and increased

usage poses significant risks to public safety and economic stability [2]. Timely detection

and classification of cracks are essential to prevent catastrophic failures, reduce mainte-

nance costs, and extend the lifespan of critical structures [3].

To address these infrastructure monitoring challenges, automated systems have emerged

as a promising solution. With the increasing reliance on automated systems for structural

health monitoring, the development of accurate and reliable crack classification systems

has become a priority [4]. These systems leverage advancements in machine learning and

computer vision to identify and classify cracks in images, including the advantages of deep

learning models in feature extraction [5], the capabilities of computer vision algorithms

in image preprocessing and enhancement [6], and breakthroughs in end-to-end learning

systems for real-time detection [7]. Together, these technological advances provide un-

precedented analytical capabilities for crack detection, o!ering significant advantages over

traditional manual inspection methods [8]. While manual inspections are widely used,



they are labor-intensive, time-consuming, and prone to human error, making them unsuit-

able for large-scale or high-frequency monitoring. In contrast, automated systems promise

improved e”ciency, scalability, and accuracy, enabling more proactive maintenance strate-

gies.

However, despite their potential, automated crack classification systems face two funda-

mental challenges in real-world applications [9]: domain shift and data scarcity. Domain

shift occurs when models trained on a specific dataset—referred to as the source domain

are deployed in a di!erent environment or target domain, where the data distribution dif-

fers due to variations in factors such as lighting, surface textures, imaging equipment, and

environmental conditions [10]. These shifts can significantly degrade model performance,

limiting their reliability and generalization capabilities [2]. Furthermore, the scarcity of la-

beled data in the target domain exacerbates this problem, manifesting in multiple aspects:

first, acquiring large-scale crack image datasets is inherently challenging as it requires pro-

fessional field inspections and photography; second, even when images are obtained, the

annotation process by professional engineers is extremely time-consuming and costly; fi-

nally, image data from critical infrastructure may be subject to security and confidentiality

requirements, preventing free sharing and utilization [11]. These factors collectively make

it impractical to collect and annotate su”cient data for each new deployment scenario,

severely constraining the scalable implementation of crack detection systems in real-world

engineering applications [12].

To address these challenges, this paper explores the application of domain adaptation

techniques, with a particular focus on source-free domain adaptation(SFDA) [13]. As a

significant advancement over traditional domain adaptation methods, source-free domain

adaptation eliminates the need for direct access to source domain data during the adap-

tation process [14]. This characteristic makes it a practical solution in scenarios where

data privacy concerns, storage limitations, or regulatory restrictions prevent the sharing

of source data. Unlike traditional domain adaptation approaches that require simultaneous

access to both source and target domain data, source-free domain adaptation accomplishes

the adaptation process through innovative knowledge transfer strategies, relying solely on

a pre-trained source model and unlabeled target domain data [15]. This approach not only

o!ers significant advantages in protecting data privacy but also substantially reduces data

2 List of Tables



transmission and storage costs. Through the design of e”cient feature alignment strate-

gies and adaptive learning mechanisms, source-free domain adaptation aims to bridge the

gap between source and target domains, achieving robust and e”cient model adaptation

[16]. Recent research has demonstrated that source-free domain adaptation methods in-

corporating contrastive learning and self-supervised techniques have shown exceptional

performance in multiple real-world application scenarios [17].

Furthermore, this research investigates integrating few-shot learning techniques to enhance

domain adaptation in scenarios with limited labelled data in the target domain. Few-shot

learning leverages advanced algorithms to adapt models using minimal labelled examples,

addressing the data scarcity problem while maintaining adaptability across diverse envi-

ronments. By combining source-free domain adaptation with few-shot learning, this thesis

aims to develop innovative methods that overcome the limitations of existing approaches,

contributing to the advancement of automated crack classification and structural health

monitoring systems.

1.1 Background and Motivation

Infrastructure crack classification involves multiple technical aspects and challenges, which

constitute the motivation for this research. In civil infrastructure, crack classification

requires consideration of various characteristics, including crack morphology and envi-

ronmental factors. From a morphological perspective, cracks can be classified based on

their patterns (such as longitudinal, transverse, alligator), width (ranging from hairline

to severe), and depth, with di!erent types of cracks indicating distinct structural issues

requiring specific maintenance approaches [18]. Regarding environmental factors, the de-

tection and classification process is significantly influenced by surface conditions (wet, dry,

weathered), lighting variations (natural light, artificial light, shadows), material variations

(concrete, asphalt, composite materials), and weather conditions during inspection, all of

which pose complex challenges for automated detection systems [19].

In the implementation of automated detection technology, systems face multiple techni-

cal barriers. Firstly, there are challenges in image quality and preprocessing, including
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resolution limitations under field conditions, requirements for noise and artifact removal,

image enhancement necessary for accurate detection, and the standardization of input data

across di!erent acquisition devices. Secondly, there are challenges in feature extraction,

where systems need to accurately distinguish between cracks and surface textures, han-

dle complex backgrounds, deal with incomplete or interrupted crack patterns, and manage

cracks of varying orientations and scales. Furthermore, the challenges brought by data dis-

tribution variations cannot be ignored, including specification di!erences among imaging

devices, varying inspection protocols between organizations, regional di!erences in build-

ing materials and practices, as well as seasonal and temporal changes in environmental

conditions [20, 21].

In the context of domain adaptation, crack classification faces unique challenges. Data

privacy and security concerns are particularly prominent, as infrastructure data often con-

tains sensitive information, and data sharing between organizations is restricted by legal

requirements, necessitating secure knowledge transfer methods that comply with infras-

tructure security protocols [22]. Resource constraints also present significant challenges,

manifesting in the limited availability of professional annotators, high costs of data collec-

tion and labeling, time constraints in deployment scenarios, and limitations in storage and

computational resources. Additionally, model performance requirements pose challenges,

as systems need to possess real-time processing capabilities, meet high accuracy require-

ments for safety-critical applications, demonstrate robustness to environmental changes,

and adapt to new scenarios with minimal retraining [23].

These challenges collectively drive the demand for advanced solutions that can operate

e!ectively with limited labeled data, adapt to new environments without requiring source

data, maintain high accuracy under varying conditions, and meet practical deployment

constraints. The comprehensive consideration of these factors pushes research directions

toward integrating source-free domain adaptation and few-shot learning, aiming to address

these challenges while maintaining feasibility in practical scenarios.
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1.2 Problem Statement

The primary challenge in crack classification lies in addressing the domain shift that arises

when models are deployed in diverse real-world scenarios. Domain shift refers to the dif-

ferences in data distributions between the source domain (used for training) and the target

domain (real-world deployment), which can significantly degrade model performance.

Traditional domain adaptation methods often require simultaneous access to both source

and target domain data. However, this is not always feasible due to data privacy concerns,

storage limitations, or regulatory restrictions. Source-free domain adaptation, which relies

solely on a pre-trained source model and unlabeled target domain data, o!ers a practical

solution to this problem. However, it introduces new challenges, such as:

• The lack of supervision from source domain data makes it di”cult to align the feature

distributions of the source and target domains.

• The risk of overfitting to the target domain, especially when the target domain data

is limited or noisy.

Additionally, in scenarios where labelled data in the target domain is scarce or unavailable,

few-shot learning techniques provide a complementary approach. These methods aim to

adapt models using minimal labelled examples, but their e!ectiveness in addressing domain

shifts and maintaining robustness across varying image qualities remains a key challenge.

This research seeks to address these challenges by developing and evaluating novel methods

for source-free domain adaptation and few-shot learning in crack classification tasks.

1.3 Research Objectives

The primary objective of this research is to address the challenges posed by domain shifts

in crack detection models and propose e!ective domain adaptation methods to enhance

their generalization capabilities in real-world scenarios. To achieve this, the study focuses

on two key objectives: source-free domain adaptation and few-shot learning.
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Source-Free Domain Adaptation

This objective explores using pre-trained large models or self-supervised models as source

models, which are trained on diverse, large-scale datasets but do not provide access to their

original source domain data. The focus is on designing strategies to utilize the knowledge

embedded in these pre-trained models for domain transfer, optimizing the domain adap-

tation capability of the target model through progressively enhanced supervision signals.

These signals range from weak supervision methods, such as pseudo-labeling, to strong

supervision techniques, like fine-tuning with limited labeled data. This approach aims

to adapt crack detection models across di!erent surface types, such as transitioning from

concrete to asphalt, without requiring extensive datasets for each new domain, thereby

addressing practical constraints such as data scarcity and privacy concerns.

Generative Model-based Domain Adaptation

This objective explores the application of generative models in domain adaptation, par-

ticularly in scenarios with limited or no labeled data in the target domain. The research

leverages advanced generative model techniques such as Di!usion Models and Generative

Adversarial Networks (GANs) to enhance the domain adaptation capabilities of crack de-

tection models. This approach can bridge domain gaps either by generating synthetic data

that aligns with target domain characteristics or by employing style transfer techniques to

convert source domain images into target domain styles. This methodology is particularly

crucial for handling domain adaptation across significant image quality variations, such as

converting high-quality images to di!erent lighting conditions, weather conditions, or sim-

ulating various levels of image noise and degradation. Through these e!orts, the research

aims to provide a comprehensive evaluation of the proposed methods, explore the potential

and limitations of generative models in domain adaptation, identify the trade-o!s between

source-free domain adaptation and generative model-based approaches, and o!er insights

into their practical applications, contributing to future advancements in automated struc-

tural health monitoring.
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1.4 Research Goals

• How to enhance the domain adaptation capability of the target model when source

domain data is inaccessible?

• How to develop e!ective domain adaptation methods when there is only a small

amount or no labelled data in the target domain?

1.5 Scope and Limitations

The scope of this research is focused on the application of domain adaptation techniques,

particularly source-free domain adaptation and few-shot learning, in crack classification

tasks. The study is designed to address the following scenarios:

• Cases where source domain data cannot be directly accessed due to privacy, storage,

or regulatory constraints.

• Scenarios with limited or no labelled data in the target domain necessitating the use

of generative model techniques.

• Adaptation across diverse real-world conditions, such as variations in lighting, surface

textures, and imaging quality.

This research is limited to datasets representing cracks in infrastructure, such as bridges,

roads, and buildings [18]. Specifically, the study focuses on concrete and asphalt surfaces

under varying environmental conditions [19], with image resolutions ranging from standard

(640×480) to high-definition (1920×1080) captures. While the findings aim to provide

general insights into domain adaptation, the specific results may be influenced by the

datasets’ characteristics, such as the types of cracks and imaging conditions. Additionally,

the proposed methods are evaluated within the context of crack classification and may

require further validation for other types of structural health monitoring tasks.
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Chapter 2

Literature Review

2.1 Overview of Crack Detection Methods

Automated crack classification systems have been a significant focus in civil engineering

research, evolving substantially over the past decade. The field initially relied on tra-

ditional image processing techniques, with early approaches primarily focusing on edge

detection and texture analysis methods. In 2012, Koch et al. conducted a comprehensive

review of computer vision-based defect detection methods, highlighting the limitations of

these conventional approaches in handling variable environmental conditions and complex

surface textures [18]. These challenges were further elaborated by Jahanshahi et al., who

specifically examined the di”culties in crack detection across diverse concrete structures

using traditional computer vision methods [24]. Their work particularly emphasized the

impact of lighting variations, surface irregularities, and environmental factors on detection

accuracy.

Traditionally, crack detection relied heavily on visual inspection, which depended on the

inspector’s patience, skill, and experience [25]. However, this method proved to be insuf-

ficient when the I-35W highway bridge in the United States collapsed due to structural

issues and inadequate inspection in 2007, causing a severe accident [26]. To prevent such

disasters, continuous inspection and assessment of cracks are necessary, which could be

ine”cient if done manually. With the advent of machine learning, which can mimic human

8



behavior and avoid human interference, it has found applications in many fields [27]. In

the context of Structural Health Monitoring (SHM), machine learning has increasingly

been utilized [28]. Li et al. [29] used Support Vector Classification (SVC) for crack im-

age classification. Kaseko et al. [30] used Neural Networks for the same purpose, while

Shi et al. [31] proposed the CrackForest, a Random Structure Forest for crack detection

and classification. Nevertheless, traditional machine learning methods often do not con-

sider deep features and can be influenced by many disturbance factors due to the complex

environment where cracks often occur, thus a!ecting the classification results.

The emergence of deep learning marked a pivotal shift in crack classification methodology,

revolutionizing both accuracy and robustness in detection systems. Zhang et al. pioneered

the application of Convolutional Neural Networks (CNNs) for crack detection in 2016

[32], demonstrating superior performance compared to traditional methods through their

novel network architecture. This breakthrough was further advanced by Cha et al. in

2017, who developed a more sophisticated CNN architecture specifically for structural

crack identification, achieving 98% accuracy in controlled environments and introducing

innovative data augmentation strategies [33]. In the same year, Kim and Cho [34] proposed

an enhanced CNN model that could e!ectively handle multi-scale crack features through

a hierarchical feature extraction approach, further improving detection accuracy in real-

world scenarios and addressing the challenges of varying crack sizes and orientations.

The challenge of domain shift in crack classification systems was first systematically ad-

dressed by Li et al., who identified significant performance degradation when models were

deployed across di!erent infrastructure materials and environmental conditions [35]. Their

comprehensive analysis quantified how variations in image quality, lighting conditions, and

surface textures could lead to up to 40% reduction in model reliability. This critical finding

was later reinforced and expanded by Yang et al., who conducted extensive experiments

across multiple infrastructure types including concrete bridges, asphalt pavements, and

steel structures, proposing adaptive learning strategies to mitigate domain shift e!ects

[19]. Their work specifically demonstrated how domain-specific feature extraction and

adaptation techniques could help maintain model performance across diverse deployment

scenarios.

List of Tables 9



2.2 Deep Learning in Crack Detection

Deep learning models, particularly Transformers, have achieved tremendous success in

crack detection in recent years. Jang et al. [36] proposed a method to identify multiple

damages by integrating attention mechanisms with neural networks, achieving 98% ac-

curacy. Zhu et al. [37] built a context contrast network to capture multi-scale features

and added an attention module to make the model more attentive to smaller foreground

proportions, thereby improving sensitivity to cracks. Wang et al. [38] combined CNNs,

Transformers, and MLP heads to automatically classify cracks. Ye et al. [39] proposed a

novel CSWin transformer-skip link to expand the image feature range of CSW-S, achieving

96.2

With the further exploration of deep learning methods, self-supervised learning has emerged

as a promising approach that generates tasks automatically, enabling models to learn useful

feature representations without human-annotated data. Grill et al. [40] proposed boot-

strap your own latent (BYOL), which was the first to introduce self-distillation through

two networks and a predictor that maps the output of one network to another. Chen et

al. [41] proposed SimCLR, which learns visual representations by encouraging similarity

between two augmented views of an image. He et al. [42] proposed Moco, which uses

a queue and a moving average encoder to build a dynamic dictionary for unsupervised

contrastive learning. Moco features three core operations: queue dictionary, momentum

update, and Shu#e BN. The queue dictionary avoids degeneration by satisfying both

alignment and uniformity; momentum update ensures that key encoder parameters are

the moving average of query encoder parameters, preventing parameter mutations in the

key branch; Shu#e BN calculates the BN layer separately in multi-GPU training. MocoV2

incorporates tricks from SimCLR, achieving performance surpassing the then state-of-the-

art. Lin et al. [43] used self-supervised MAE and ViT to design a new method for crack

detection. In Eq. 2.1, the parameter update rule for the key encoder ωk is defined. Here,

ωk represents the parameters of the key encoder, and ωq represents the parameters of the

query encoder. The momentum coe”cient m → [0, 1) controls the update rate, ensuring

that the key encoder parameters ωk are a moving average of the query encoder parameters

ωq.
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The foundation of modern domain adaptation was established with Deep Domain Con-

fusion (DDC) by [44], introducing deep feature adaptation through a domain confusion

mechanism. Maximum Mean Discrepancy (MMD) emerged as a crucial measure for do-

main distribution di!erences [45]. Long et al. advanced this through Deep Adaptation

Networks (DAN) [46], which overcame the limitations of single adaptation layers by intro-

ducing multi-kernel maximum mean discrepancy (MK-MMD) metrics.

A significant breakthrough came with the introduction of Domain-Adversarial Neural Net-

works (DANN) by Ganin et al. [47], which pioneered the use of adversarial training for

domain adaptation. This approach introduced a gradient reversal layer that enabled the

joint optimization of feature extraction and domain confusion. Building upon this founda-

tion, Sun and Saenko proposed Deep Correlation Alignment (CORAL) [48], which aligned

the second-order statistics of source and target distributions, o!ering a computationally

e”cient alternative to MMD-based methods.

The field further evolved with Joint Adaptation Networks (JAN) by Long et al. [49],

which extended the adaptation to the classifier layers through joint maximum mean dis-

crepancy. This was complemented by Conditional Domain Adversarial Networks (CDAN)

[50], which introduced conditional adversarial domain adaptation by leveraging the dis-

criminative information from the classifier predictions. Meanwhile, Saito et al. proposed

Maximum Classifier Discrepancy (MCD) [51], introducing a novel perspective by utilizing

the disagreement between two classifiers to detect target samples that are far from the

source domain.
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ωk ↑ mωk + (1↓m)ωq (2.1)

2.3 Domain Adaptation: Principles and Evolution

2.3.1 Traditional Domain Adaptation



2.3.2 Adversarial Domain Adaptation

A significant breakthrough came with Domain-Adversarial Neural Networks (DANN) by

[47], which implemented an end-to-end adversarial training framework through gradient

reversal layers. This approach inspired a series of influential adversarial adaptation meth-

ods. Deep CORAL by Sun et al. [48] performed feature alignment based on second-order

statistics, while Adversarial Discriminative Domain Adaptation (ADDA) [52] further de-

veloped this approach with separate feature extractors for source and target domains.

The field of adversarial domain adaptation continued to evolve with significant contribu-

tions. Conditional Domain Adversarial Networks (CDAN) [50] enhanced the discrimina-

tive ability of adversarial adaptation by conditioning the domain discriminator on classifier

predictions. Cycle-Consistent Adversarial Domain Adaptation (CyCADA) [53] combined

pixel-level and feature-level adaptation through cycle consistency losses. Meanwhile, Max-

imum Classifier Discrepancy (MCD) [51] introduced a novel perspective by leveraging the

disagreement between task-specific classifiers as a domain alignment signal.

More recent advances include Virtual Adversarial Domain Adaptation (VADA) [54] which

incorporated virtual adversarial training to improve robustness, and Symmetric and Asym-

metric Multi-Domain Adversarial Learning (SAMDA) [55] which proposed a unified frame-

work for handling both symmetric and asymmetric domain adaptation scenarios. These

methods collectively demonstrate the power and versatility of adversarial approaches in

domain adaptation.

2.3.3 Advanced Alignment Strategies

The field progressed with more sophisticated alignment approaches. [56] proposed joint

distribution alignment using Joint MMD, while [57] developed the Maximum Classifier

Discrepancy (MCD) method. Long et al. [58] introduced the Conditional Domain Adver-

sarial Network (CDAN), incorporating multiple semantic information from features and

predictions. Further advances included the work of [59] and [60], who developed intra-

domain and inter-domain confrontation strategies.
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Recent developments have introduced more nuanced alignment techniques. Wei et al.

[61] proposed MetaAlign, which coordinates domain alignment and classification through

meta-learning principles. Zhao et al. [62] introduced a Domain Adaptive Region Proposal

Network (DA-RPN) that performs both global and local feature alignment. The Joint

Adaptation Networks (JAN) framework by Long er al. [49] extended traditional MMD to

align joint distributions of multiple domain-specific layers across domains. Kang et al. [63]

proposed Contrastive Adaptation Network (CAN) that explicitly models the intra-class

domain discrepancy through a contrastive domain discrepancy measure.

Advanced theoretical frameworks emerged with Zhao et al. [64]’s work on optimal transport-

based alignment and Peng et al. [65]’s Moment Matching for Multi-Source Domain

Adaptation (M3SDA). These methods provided stronger theoretical guarantees for do-

main adaptation success. Additionally, Chen et al. [66] developed Higher-Order Moment

Matching (HOMM) to capture fine-grained statistical dependencies between domains.

2.3.4 Source-Free Domain Adaptation

Recent developments in source-free domain adaptation have addressed privacy concerns

by enabling adaptation without source domain data. [67] established theoretical error

bounds for source-free adaptation, while Ding et al. [68] proposed an e!ective two-stage

adaptation approach. Significant advances include Yang et al.’s [69] unified framework,

Tang et al. [70]’s CLIP-based approach, and Chopra et al. [71]’s application of di!usion

models.

The field has seen remarkable progress with the integration of foundation models. Li et

al. [72] introduced a novel framework leveraging frozen multimodal foundation models for

SFDA, demonstrating superior performance across various visual tasks. Chopra et al. [73]

proposed DM-SFDA, a pioneering approach that utilizes di!usion models’ generalizability

for source-free adaptation through guided source data generation. Wang et al. [74] devel-

oped a neighborhood-informed di!usion model that enables target-to-source generation,

addressing the domain gap more e!ectively.
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2.4 Domain Adaptation in Crack Detection

The application of domain adaptation in crack detection has become increasingly impor-

tant due to the significant domain shifts encountered in real-world deployments. Zhang

et al. [35] pioneered the use of adversarial domain adaptation for crack detection, demon-

strating how domain-invariant features could be learned across di!erent infrastructure ma-

terials. Their work showed a 15-20% improvement in cross-domain performance compared

to non-adapted models. Liu et al. [75] further advanced this approach by introducing a

multi-scale feature alignment strategy specifically designed for crack detection, addressing

the challenge of varying crack sizes and orientations across domains.

In the context of concrete crack detection, Wang et al. [76] developed a novel adapta-

tion framework that specifically addresses the challenges of varying surface textures and

environmental conditions. Their method incorporated both global and local feature align-

ment strategies, achieving robust performance across di!erent concrete types and aging

conditions. The e!ectiveness of their approach was demonstrated through extensive ex-

periments on the SDNET2018 dataset, showing particular strength in handling domain

shifts between laboratory and field conditions.

Recent work by Chen et al. [77] has focused on source-free domain adaptation for crack

detection, addressing the practical constraints of data privacy and storage limitations.

Their approach enables model adaptation without requiring access to the original training

data, while maintaining competitive performance. This is particularly relevant for infras-

tructure monitoring systems where data sharing might be restricted due to security con-

cerns.Performance evaluation in cross-domain crack detection presents unique challenges.

Standard metrics such as accuracy, precision, and recall often fail to capture the nuanced

di!erences in crack detection performance across domains. To address this, Li et al. [78]

proposed a comprehensive evaluation framework that considers three main aspects. First,

detection accuracy metrics include overall classification accuracy, class-wise precision and

recall, and F1-score for crack detection, providing a thorough assessment of the model’s

detection capabilities. Second, domain alignment quality is evaluated through Maximum

Mean Discrepancy (MMD) between domains, A-distance as a measure of domain diver-

gence, and feature visualization through t-SNE, o!ering insights into the e!ectiveness of

14 List of Tables



domain adaptation. Third, practical considerations encompass computational e”ciency,

memory requirements, and inference time, ensuring the model’s feasibility in real-world

applications.

2.5 Current Challenges and Future Directions

The field of crack detection using domain adaptation faces several significant challenges

that present opportunities for future research:

2.5.1 Technical Challenges

One of the primary technical challenges lies in feature representation. Extracting domain-

invariant features while preserving crack-specific characteristics remains di”cult, particu-

larly when handling multi-scale crack features across domains. There is an urgent need for

more robust feature extraction methods that can e!ectively handle severe domain shifts

while maintaining detection accuracy.

Model architecture presents another significant challenge. Researchers must carefully bal-

ance model complexity with computational e”ciency, particularly in resource-constrained

environments. The integration of attention mechanisms for better feature selection has

shown promise, but optimizing these architectures for specific crack detection tasks re-

quires further investigation.

Training stability continues to be a crucial concern in domain adaptation for crack detec-

tion. Addressing the instability issues inherent in adversarial training remains challenging.

There is a need for more robust optimization strategies that can e!ectively manage the

trade-o! between adaptation performance and task-specific accuracy while maintaining

consistent training behavior.
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2.5.2 Practical Application Issues

Real-world deployment presents numerous challenges in crack detection systems. Environ-

mental conditions can vary dramatically, a!ecting system performance through changes

in lighting conditions and surface textures. Managing computational resources in field

deployments requires careful consideration of hardware limitations and processing require-

ments.

Data collection and annotation represent significant practical hurdles. The high cost of

collecting and annotating crack data, combined with the di”culty in obtaining representa-

tive samples across di!erent domains, creates substantial barriers to system development.

More e”cient data collection protocols are needed to address these challenges while main-

taining data quality and representation.

System integration challenges arise when implementing crack detection systems in existing

infrastructure. Real-time processing requirements must be balanced with system accuracy,

while ensuring compatibility with di!erent sensor types and data formats. These integra-

tion challenges require careful consideration of both technical and practical constraints.
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3.1 Introduction

Crack detection plays a crucial role in extending the lifespan of facilities and ensuring

public safety. With the development of artificial intelligence, neural networks and deep

learning technologies have been introduced into the field of crack detection, with many

supervised learning methods achieving excellent performance in this task. Traditionally,

manual inspection has been the primary method for detecting structural cracks[79, 80].

However, this approach is not only costly but also time-consuming, labor-intensive, and

prone to human error. The ine”ciency of manual inspections can have severe consequences,

as potentially exemplified by the collapse of the I-35W highway bridge, where inadequate

inspection might have been a contributing factor[81]. Moreover, manual inspections can

be dangerous in certain environments, putting inspectors at risk[82]. These limitations of

manual inspection not only pose financial burdens but also raise significant safety concerns,

highlighting the urgent need for more e”cient and reliable methods.
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To advance capabilities in this field, Structural Health Monitoring (SHM) has become

a key research focus and even a subject of international project competitions[83]. The

integration of AI-powered technologies promises to overcome the ine”ciencies of manual

inspections by o!ering faster, more accurate, and safer alternatives. However, the applica-

tion of these technologies has also brought a series of new challenges, particularly in terms

of data requirements and model generalization capabilities. As deep learning technologies

emerge and continue to develop, researchers have gradually adopted these techniques to

achieve more e”cient and accurate crack detection. However, for supervised models, this

has brought about a series of significant challenges. First, the issues of data dependency

and generalization capability are particularly prominent. Most existing crack detection

techniques heavily rely on labelled data, which has become a major limitation. Cracks

can appear on various materials and may even be hidden in di!erent environments, such

as underwater stains or within asphalt[84]. This diversity of data requires models to au-

tomatically adapt to the specific characteristics of each dataset. However, existing models

typically require manual parameter adjustment to optimize performance. This approach

of individually adjusting models based on di!erent datasets may weaken their generaliza-

tion ability and robustness when facing new, unknown datasets. Specifically, the diversity

of cracks requires training data to have broad representatives, while most models need to

manually optimize parameters for specific datasets, limiting their universality. As a re-

sult, individually adjusted models may struggle to adapt to new, unseen datasets, a!ecting

their practical application e!ectiveness [85]. Secondly, the data imbalance problem is also

a severe challenge. In actual crack detection tasks, non-crack areas are usually far more

common than crack areas, leading to a serious data imbalance problem. For supervised

learning models, this imbalance may cause the model to be biased towards predicting the

more common class, i.e., non-crack areas, thereby reducing the detection sensitivity to

actual cracks. This not only may lead to bias in class prediction but may also reduce the

ability to detect actual cracks, increasing the risk of missed detections. Furthermore, this

imbalance may cause traditional evaluation metrics to inaccurately reflect the model’s true

performance on the minority class (cracks).

To address the aforementioned challenges, in this study, we not only analyzed the perfor-

mance of various supervised classification models in crack classification, but also evaluated
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the e!ectiveness of integrating a linear classification head with the self-supervised DinoV2

model in crack classification tasks. The main contributions of our research are as follows:

1. We adopt the self-supervised DinoV2 framework for feature extraction and combine

it with a linear classification head for crack classification. This approach applies

advanced self-supervised learning techniques to the field of structural integrity as-

sessment, demonstrating its practicality in enhancing crack detection methods. Our

main contribution lies in proving the strong capability of DinoV2 in crack feature

extraction.

2. Following initial explorations, our research extended to a series of comprehensive

experiments aimed at evaluating the e!ectiveness and generalization ability of su-

pervised and self-supervised learning methods in classifying crack images across dif-

ferent datasets. We conducted cross-validation on four distinct datasets to showcase

the generalization capability of DinoV2.

3. We provided a visual analysis of attention mechanisms, comparing the di!erences

in attention between supervised models and DinoV2, demonstrating how DinoV2

focuses on important features of cracks.

3.2 Methodology

3.2.1 DinoV2 Architecture and Principles

The Dino framework utilizes the Vision Transformer (ViT) as its structural foundation [86].

This end-to-end architecture consists of a backbone, a multi-layer Transformer encoder,

a multi-layer Transformer decoder, and several prediction heads. Images are partitioned

into patches before being encoded by the network. During this process, techniques such as

Masked Autoencoders (MAE) are applied to obscure and eliminate specific image patches,

which are later reconstructed into a full image by the decoder. This approach has been

e!ective for self-supervised learning. Building on Dino, DinoV2 integrates principles from

the natural language processing field, synthesizing methods from DINO, iBOT [87], and
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SwAV with the addition of regularization terms and a phase of high-resolution training.

This facilitates the generation of versatile visual features for a wide array of computer

vision tasks. Based on the ViT architecture, the model boasts one billion tunable param-

eters. A smaller, multi-purpose model is distilled from the expansive ViT-g model using

unsupervised techniques. The ViT-g acts as a teacher model while the KoLeo regularizer

ensures the student model’s feature representation aligns with that of the teacher model

[88], particularly within masked areas. The integration of a specifically curated dataset is

shown to enhance DinoV2’s performance significantly.

Moreover, DinoV2, building on Dino’s teacher-student network strategy, incorporates the

methodology from the iBOT approach. It employs self-distillation as an objective for

generating self-supervised labels and carries out the Masked Language Model (MLM)

through this self-distillation process. As depicted in Eq. 3.1 [87], the masked version is

reconstructed after passing through the student network. The student network ω takes the

masked version û as input, producing the corresponding patch tokens ûpatchs = P patch
ω (û).

Conversely, the teacher network ω→ processes the unmasked version u, generating the patch

tokens ûpatcht = P patch
ω→ (u).

Here, û represents the masked input image, and u represents the unmasked original input

image. ω and ω→ denote the student and teacher networks, respectively. P patch
ω and P patch

ω→

refer to the patch token generation functions of the student and teacher networks. ûpatchs

and ûpatcht represent the patch tokens generated by the student and teacher networks,

respectively.

LMIM = ↓
N∑

i=1

mi · P patch
ω→ (ui)

T logP patch
ω (ûi) (3.1)

These features are guided through the student and teacher networks to maintain coherence

in the masked regions. In addition, to cater to the increased resolution requirements for

downstream tasks, the resolution is escalated to 518x518 towards the end of the training

phase. The culmination of these processes inputs into a linear classification head or a

KNN classification head, yielding the classification outcomes.



3.2.2 Crack detection framework based DinoV2

In this study, we utilized the DinoV2 framework: data input, data pre-processing, self-

supervised DinoV2, and classification. As shown in Fig. 3.1, the first component is the

input stage, where images are resized to a resolution of 224 x 224. In the data preprocessing

stage, images are divided into an N x N grid (typically, N is 16 or 8), with each image patch

subsequently converted into an embedding vector and combined with learnable CLS tokens

and positional embeddings. These processed data are then input into the DinoV2 model,

which is based on the Vision Transformer (ViT) architecture [86] and includes a backbone

network (such as ResNet or ViT), multi-layer Transformer encoders, and decoders. During

this process, DinoV2 applies various self-supervised learning techniques, such as Masked

Autoencoders (MAE) and methods from iBOT [87]. The model adopts a teacher-student

network strategy, with ViT-g serving as the teacher model, ensuring consistency between

the student model’s feature representation and the teacher model’s through the KoLeo

regularizer. The feature extraction stage obtains multi-scale features from the images, with

CLS tokens summarizing information from the entire sequence [88]. Finally, these features

are classified through linear classification heads. The linear classification head is then

connected, which consists of two fully connected layers and a ReLU activation function.

First, the input layer maps the 384-dimensional feature vector to a 256-dimensional space

through a fully connected operation. Next, the ReLU activation function is applied to the

outputs of these 256 neurons, introducing non-linearity and allowing the network to learn

more complex feature patterns. The function of ReLU is to set all negative values to zero

while keeping positive values unchanged, which helps to address the vanishing gradient

problem in deep neural networks. Finally, the second fully connected layer further maps

the 256-dimensional activation values to 2 output neurons, corresponding to the final

prediction for a binary classification problem. Notably, in the later stages of training, the

model increases the image resolution to 518x518 to meet the requirements of downstream

tasks.
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Figure 3.1: An overview of the proposed framework

3.3 Experiments

3.3.1 Dataset

Four publicly available concrete crack image datasets were utilized: Concrete Cracking

Images for Classification (CCiC) provided by Özgenel et al. [89], Xu dataset provided

by Xu et al. [90], SDNET2018 dataset provided by Maguire et al. [91] and Histori-

cal Building Crack 2019 (HBC2019) provided by Elhariri et al. [92]. The datasets are

summarized in Table 3.1.

Table 3.1: Details of each dataset

Dataset Classes name Total Total

CCiC Negative 20,000
Positive 20,000 40,000

SDNET2018 Negative 47,608
Positive 8,484 56,092

Xu Negative 2,014
Positive 4,055 6,069

HBC2019 Negative 3,139
Positive 757 3,896

3.3.1.1 CCiC

CCiC was collected from buildings on the METU campus [89], and it was derived from

458 high-resolution images (4032x3024 pixels) using the methodology proposed by Zhang



et al. [32]. The dataset consists of two categories, positive cracks and negative cracks,

with 20,000 images in each category. These images are 227x227-pixel RGB channel images

without any preprocessing, such as random rotations.

Figure 3.2: A sample of CCiC dataset [89]

3.3.1.2 Xu

Xu dataset [90] comprises 2,014 non-crack images (labeled as ’Negative’) and 4,055 crack

images (labeled as ’Positive’), all with a resolution of 224x224 pixels.

Figure 3.3: A sample of Xu dataset [90]

3.3.1.3 HBC2019

The HBC2019 dataset [92] represents a historical architectural surface crack collection

obtained from Masjed using a Canon camera. This dataset captures many of the challenges
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found in real-world settings, including cracks, blurriness, deep textures, and wood grain

patterns. It comprises of 3,139 non-crack images (labeled as ’Negative’) and 757 images

displaying cracks (labeled as ’Positive’). All images have been resized to a resolution of

256x256 pixels.

Figure 3.4: A sample of HBC2019 dataset [92]

3.3.1.4 SDNET2018

SDNET2018 dataset [91] comprises over 56,000 images with dimensions of 256x256 pixels,

featuring cracks. The dataset encompasses three distinct material-based binary classifi-

cation sets: concrete bridge decks, walls, and sidewalks. Images with cracks are labeled

as ’Positive’, while those without are labeled as ’Negative’. Each image conforms to the

dimensions of 256x256 pixels.

3.3.2 Compared methods

We trained five supervised models: ResNet50[93], ResNet101[93], VGG16[94], MobileNet[95],

DenseNet121[96] on four datasets. ResNet50 and ResNet101 introduced the concept of

’residual blocks’ or ’skip connections’ that allow for the training of deeper neural net-

works without encountering the vanishing gradient problem. VGG16 consistently employs

a small 3x3 convolutional kernel and comprises a total of 16 layers, which include both

convolutional and fully connected layers. MobileNet V2 is a deep neural network designed

specifically for mobile and resource-constrained devices. It employs depthwise separable
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Figure 3.5: A sample of SDNET2018 dataset [91]

convolutions to minimize computation and model size. DenseNet121 is characterized by

each of its layers being directly connected to all preceding layers. This dense connectivity

enables DenseNet to outperform other networks in parameter e”ciency. Additionally, it

excels in feature reuse, which mitigates the vanishing gradient problem.

3.3.3 Experiment settings

During the data preprocessing phase, all images were resized to a resolution of 224x224

pixels to accommodate our models. Each dataset was then partitioned, with 60% desig-

nated for training, 20% for validation, and 20% for testing. Table 3.2 provides a detailed

breakdown of the number of images in each dataset.

We utilized a pre-trained model built on the DinoV2 architecture, named ”dinov2 vits14”,

to which we added a linear classification head for our classification task. For the classifi-

cation head, we configured a fully connected layer from 384 to 256, followed by a ReLU

activation function layer, and finally, a fully connected layer from 256 to 2 to output the
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Table 3.2: Data set details

Dataset Classes name Train (60%) Valid (20%) Test (20%)

CCiC Negative 12,000 4,000 4,000
Positive 12,000 4,000 4,000

SDNET2018 Negative 28,564 9,521 9,523
Positive 5,090 1,696 1,698

Xu Negative 1,208 402 404
Positive 2,433 811 811

HBC2019 Negative 1,883 627 629
Positive 454 151 152

final classification results. Throughout the training phase, we ran the model for only 5

epochs using an initial learning rate of 0.000001. We selected CrossEntropyLoss as our

loss function and employed the Adam optimizer for parameter tuning.

To ensure a fair comparison, we selected five well-known supervised models for training:

ResNet50, ResNet101, VGG16, MobileNet v2, and DenseNet121. These models were all

trained under the same standardized conditions. Instead of using pre-trained weights, we

trained the models from scratch. For each model, we adjusted the final fully connected

layer to match the number of classes in our dataset, taking into account the specific

architecture of each model. We employed cross-entropy loss as our loss function, which is

a widely accepted metric for measuring the di!erence between predicted and true labels.

The optimization process utilized the Stochastic Gradient Descent (SGD) optimizer with

a momentum value of 0.9 to enhance convergence. We set the initial learning rate to

0.0001 and trained for 30 epochs, which was chosen based on a search for the optimal

number of epochs. Furthermore, we introduced a cosine annealing learning rate scheduler

to optimize the learning process and stabilize model training. This strategy ensures gradual

adjustment of the learning rate throughout the training process, contributing to better

model convergence. After each training epoch, we evaluated the model’s performance on

the validation set to monitor training progress and prevent overfitting. Upon completion of

training, we saved the final weights of each model for subsequent use or further evaluation.

The rationale behind these parameter choices was to balance training convergence and the

model’s subsequent generalization ability, aiming to achieve a favourable balance between

excellent training results and reliable performance evaluation. For our training setup, we



utilized the capabilities of a machine equipped with an Nvidia GeForce RTX 4090 graphics

card. This was complemented by an Intel i9-13900KF processor and 64GB of DDR5 RAM

clocked at 5200MHz. All training processes were executed on the Windows 11 operating

system, using the PyTorch 2.0.0 framework within a CUDA 11.8 environment.

3.4 Results

In this study, we adopted a comprehensive evaluation approach, giving equal importance

to four key metrics: precision, recall, F1-score, and accuracy. We thoroughly assess model

performance, particularly when dealing with diverse types of datasets. We assessed the

models by testing various CNN architectures and DinoV2 across the four datasets. Fur-

thermore, we assess the generalization of the compared models by training on one dataset

and testing them on others.

3.4.1 Comparison of Methods on same Training and Testing Datasets

Table 3.3 presents an evaluation of seven models: ResNet50, ResNet101, VGG16, Mo-

bileNet V2, DenseNet121, Moco V2 and DinoV2 tested on four di!erent datasets: CCiC,

SDNET2018, Xu, and HBC2019. The performance of these models is systematically as-

sessed using five evaluation metrics: precision, recall, F1-score, specificity, and accuracy.

The results on the CCiC dataset indicate that MobileNet v2 performed the best among

all models, achieving the highest precision, recall, F1-score, and accuracy (all 0.9965).

Following closely was DenseNet121, which also demonstrated excellent performance with

all metrics at 0.9962. ResNet50, ResNet101, and VGG16 also scored high but slightly

lagged behind MobileNet v2 and DenseNet121 on these four critical metrics. DinoV2 also

performed well on the CCiC dataset, with a precision of 0.9917, recall of 0.9885, F1-score

of 0.9901, and accuracy of 0.9901. MoCo v2’s performance remains accurately described.

These outcomes highlight the e”ciency and accuracy of MobileNet v2, DenseNet121, and

DinoV2 in processing the CCiC dataset.
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Table 3.3: Test results of di!erent models in each dataset. Values in bold indicate the
model’s best performance.

Dataset Model Precision Recall F1-score Accuracy

CCiC ResNet50 0.9963 0.9963 0.9963 0.9963
ResNet101 0.9955 0.9955 0.9955 0.9955
VGG16 0.9898 0.9898 0.9898 0.9898
MobileNet v2 0.9965 0.9965 0.9965 0.9965
DenseNet121 0.9962 0.9962 0.9962 0.9962
MoCo v2 0.9949 0.9790 0.9891 0.9892
DinoV2 0.9917 0.9885 0.9901 0.9901

Xu ResNet50 0.9770 0.9802 0.9787 0.9810
ResNet101 0.9699 0.9728 0.9713 0.9744
VGG16 0.8972 0.8335 0.8551 0.8806
MobileNet v2 0.3337 0.5000 0.4002 0.6674
DenseNet121 0.9683 0.9666 0.9674 0.9711
MoCo v2 0.6000 0.0297 0.0566 0.5000
DinoV2 0.9771 1.0000 0.9884 0.9844

HBC2019 ResNet50 0.7850 0.6799 0.7110 0.8501
ResNet101 0.7805 0.6072 0.6304 0.8335
VGG16 0.4026 0.5000 0.4460 0.8053
MobileNet v2 0.4026 0.5000 0.4460 0.8053
DenseNet121 0.8915 0.8550 0.8715 0.9231
MoCo v2 0.7674 0.4400 0.5593 0.8659
DinoV2 0.8876 0.9868 0.9346 0.9731

SDNET2018 ResNet50 0.6789 0.5087 0.4793 0.8487
ResNet101 0.7065 0.5103 0.4822 0.8494
VGG16 0.4243 0.5000 0.4590 0.8486
MobileNet v2 0.7137 0.5366 0.5332 0.8517
DenseNet121 0.7838 0.6072 0.6376 0.8681
MoCo v2 0.2173 0.0059 0.0115 0.8464
DinoV2 0.8924 0.6985 0.7836 0.9416

These outcomes highlight the e”ciency and accuracy of DenseNet121, DinoV2, and MoCo v2

in processing the CCiC dataset. The superior performance of DenseNet121 can be at-

tributed to its dense connectivity pattern, which allows for more e”cient feature reuse

and improved information flow throughout the network. This architecture is particularly

e!ective for the CCiC dataset. The test results on the Xu dataset indicate that DinoV2

outperformed all other models, achieving a perfect recall rate of 1.0000, the highest F1-

score of 0.9884, and an accuracy of 0.9844. This exceptional performance can be attributed

to DinoV2’s self-supervised learning approach, which allows it to learn more robust and



generalizable features. The perfect recall rate is particularly noteworthy, as it indicates

that DinoV2 was able to identify all crack instances in the dataset, a crucial factor in safety-

critical applications where missing a crack could have severe consequences. DenseNet121’s

performance precision is 0.9683, recall 0.9666, F1-score 0.9674, and accuracy 0.9711. The

slight drop in performance compared to the CCiC dataset suggests that the Xu dataset

may have some unique characteristics or challenges that DenseNet121 found more di”cult

to handle. Interestingly, VGG16 achieved precision 0.8972, recall 0.8335, F1-score 0.8551,

and accuracy 0.8806, while MobileNet v2 performed poorly with precision 0.3337, recall

0.5, F1-score 0.4002, and accuracy 0.6674. The low performance of MobileNet v2 is due to

the class imbalance in the dataset, where the method struggles to predict the positive sam-

ples. Such behavior could be problematic in real-world applications, potentially leading to

unnecessary inspections or maintenance. ResNet50 and ResNet101 performed solidly with

F1-scores of 0.9787 and 0.97134, and accuracy of 0.98103 and 0.9744, respectively. While

slightly behind DinoV2 and DenseNet121, they still displayed good performance on these

key metrics. The residual learning framework of ResNet50 and ResNet101 performs well

across these datasets but is not as well-suited to the Xu dataset as the dense connectivity

of DenseNet121 or the self-supervised approach of DinoV2. MoCo v2 shows a significant

decline in performance on the Xu dataset, with a precision of 0.6, a recall of only 0.0297,

an F1-score of 0.0566, and an accuracy of 0.5. These data reflect severe performance issues

of the model on this dataset. This stark contrast to its performance on the CCiC dataset

(F1-score of 0.9891 and accuracy of 0.9892) suggests that MoCo v2 may be overfitting to

specific characteristics of the CCiC dataset, limiting its ability to generalize to the Xu

dataset. This highlights a potential limitation of the contrastive learning approach em-

ployed by MoCo v2 when faced with datasets that di!er significantly from its training

data. These results highlight the exceptional performance of DinoV2 on the Xu dataset,

particularly in its ability to reduce false negatives. The perfect recall rate (1.0000) achieved

by DinoV2 on the Xu dataset is especially significant in the context of crack detection,

where missing a crack (false negative) could have more severe consequences than falsely

identifying a crack (false positive).

Examining the results from the HBC2019 dataset, DinoV2 maintains the best performance,

reporting the highest F1-score of 0.9346 and demonstrating an almost perfect recall rate
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of 0.9868. Its precision was 0.8876, and its accuracy was 0.9731. Its performance un-

derscores its strong capacity to minimize false negatives, thereby ensuring high-accuracy

crack detection. The consistency of DinoV2’s performance across di!erent datasets is a

strong indicator of its robustness and generalization capabilities. MoCo v2 also performed

relatively well on this dataset, with an F1-score of 0.5593 and accuracy of 0.8659, although

it lagged behind DinoV2 in precision and recall. This improved performance compared to

the Xu dataset suggests that the HBC2019 dataset may share more similarities with the

CCiC dataset, allowing MoCo v2 to leverage its learned features more e!ectively. Turning

our attention to the SDNET2018 dataset, DinoV2 demonstrated excellent performance

with a precision of 0.8924 and a recall rate of 0.6985, achieving the highest F1-score of

0.7836 and accuracy of 0.9416 among all models. The slightly lower recall rate on this

dataset compared to others suggests that the SDNET2018 dataset may present unique

challenges, possibly due to more subtle or complex crack patterns. The performance of

DenseNet121 on the SDNET2018 dataset is better than previously described, with a preci-

sion of 0.7687, recall of 0.5551, F1-score of 0.5634, and accuracy of 0.8581. These metrics

indicate that DenseNet121 performs relatively well in identifying true cracks, although

there is still room for improvement. The performance of VGG16 and MobileNet v2 on the

SDNET2018 dataset needs correction. Both models have identical performance metrics,

with a precision of 0.4243, recall of 0.5, F1-score of 0.4590, and accuracy of 0.8486. These

data suggest that while they perform decently in terms of accuracy, they still face challenges

in precisely identifying cracks. ResNet50 and ResNet101 indeed show limited performance

on this dataset, with F1-score of 0.4723 and 0.4641, respectively. MoCo v2 also performed

poorly, with an F1-score of only 0.0115 and an accuracy of 0.8464. These results once

again confirm DinoV2’s e”ciency and accuracy in handling datasets with complex back-

grounds and varied material compositions. While other models like DenseNet121 and the

ResNet series also demonstrate commendable performances across di!erent datasets, they

remain a step behind DinoV2, which consistently sets a higher standard in performance

metrics, a”rming its robustness and superior detection abilities in various scenarios. It is

important to note the balanced approach of DinoV2 in maintaining high scores across all

metrics, illustrating its all-rounded capabilities in crack detection tasks.

Although models such as DenseNet121 and the ResNet series have demonstrated excellent
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performance across multiple datasets, DinoV2 consistently maintains a leading position

in various scenarios, showcasing its superior robustness and detection capabilities. How-

ever, an in-depth analysis of performance di!erences across di!erent datasets reveals some

key insights. Firstly, the degree of data imbalance significantly impacts model perfor-

mance, particularly a!ecting recall rates and F1-score. For instance, on the balanced

CCiC dataset, all models performed exceptionally well, while on the highly imbalanced

SDNET2018 (with only 15% positive samples), most models experienced a substantial per-

formance decline. Although DinoV2 performed relatively best on SDNET2018 (F1-score

0.7836, accuracy 0.9416), its recall rate (0.6985) was lower than on other datasets, possibly

due to the extreme class imbalance. Secondly, the importance of pre-training and model

architecture is highlighted. DinoV2, DenseNet121, and the ResNet series demonstrated

relatively stable performance when handling imbalanced data, which may be attributed to

their e!ective feature extraction architectures and pre-training strategies. In particular,

DinoV2’s self-supervised learning method seems to enable it to better adapt to di!erent

data distributions and imbalance situations. In contrast, MoCo v2 performed poorly on

imbalanced datasets, especially on SDNET2018, with an F1-score of only 0.0115, possi-

bly due to challenges faced by its contrastive learning-based approach when dealing with

skewed data. Furthermore, some models like VGG16 and MobileNet v2 performed well

on CCiC but saw a sharp decline in performance on other imbalanced datasets, indicating

their higher sensitivity to changes in data distribution and weaker generalization ability.

Notably, even the best-performing DinoV2 faced challenges on the extremely imbalanced

SDNET2018 dataset, highlighting the universal impact of class imbalance on model per-

formance.

3.4.2 Cross-Dataset Evaluation of the Compared Methods

To further investigate the generalization capabilities of these models, we conducted cross-

dataset evaluations. Tables 3.4, 3.5, 3.6, and 3.7 present the results of training on one

dataset and testing on the others. This cross-dataset performance is crucial for assessing

how well these models can generalize to new, unseen data, which is a critical factor in

real-world applications where the test data may di!er significantly from the training data.

Table 3.4 shows the results of cross-testing on the remaining three datasets after training
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on the CCiC dataset. In the cross-dataset evaluations, DinoV2 consistently demonstrated

strong performance. When trained on the CCiC dataset (Table 3.4), DinoV2 achieved the

highest accuracy on all three test datasets: SDNET2018 (0.8625), HBC2019 (0.9046), and

Xu (0.9884). It also achieved the highest F1-score on HBC2019 (0.7836) and Xu (0.9913)

datasets. However, on the SDNET2018 dataset, ResNet50 outperformed DinoV2 in terms

of precision (0.6367 vs 0.5532), recall (0.5642 vs 0.4716), and F1-score (0.5726 vs 0.5092).

However, the other compared methods show a degradation in performance when tested

on SDNET2018 and HBC2019 datasets. This performance degradation is particularly

noticeable for models like VGG16 and DenseNet121 on the SDNET2018 dataset. Despite

some variations, DinoV2’s overall strong performance across di!erent datasets underscores

its robust feature extraction and generalization capabilities, especially in terms of accuracy.

Table 3.4: Testing three other di!erent models based on a model trained on the CCiC
dataset. Values in bold indicate the model’s best performance.

Dataset Model Precision Recall F1-score Accuracy

SDNET2018 ResNet50 0.6367 0.5642 0.5726 0.8078
ResNet101 0.5737 0.5610 0.5652 0.7624
VGG16 0.4743 0.4570 0.4211 0.4872
MobileNet v2 0.4845 0.4741 0.4310 0.4938
DenseNet121 0.4672 0.4459 0.3890 0.4295
MoCo v2 0.3461 0.1922 0.2471 0.8229
DinoV2 0.5532 0.4716 0.5092 0.8625

HBC2019 ResNet50 0.8597 0.6461 0.6832 0.8554
ResNet101 0.8360 0.6827 0.7216 0.8626
VGG16 0.6761 0.6050 0.6214 0.8077
MobileNet v2 0.8180 0.7095 0.7440 0.8655
DenseNet121 0.7114 0.6350 0.6562 0.8213
MoCo v2 0.6792 0.4800 0.5625 0.8557
DinoV2 0.6876 0.8933 0.7836 0.9046

Xu ResNet50 0.7435 0.7384 0.6504 0.6505
ResNet101 0.7701 0.7886 0.7167 0.7175
VGG16 0.7599 0.7926 0.7478 0.7535
MobileNet v2 0.7978 0.8345 0.7823 0.7864
DenseNet121 0.8184 0.8554 0.8235 0.8319
MoCo v2 1.0000 0.6444 0.7837 0.7623
DinoV2 0.9941 0.9925 0.9913 0.9884

Table 3.5 shows the results of cross-testing on the remaining three datasets after training

on the Xu dataset. Overall, DinoV2 performed excellently on the CCiC dataset, achieving
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the highest F1-score of 0.9567 and an accuracy of 0.9548. On the HBC2019 dataset,

DinoV2 has the highest recall rate of 0.9709, but its accuracy of 0.7685 was lower than

that of ResNet101 (0.8744), ResNet50 (0.8711), and MoCo v2 (0.8686). However, on

the SDNET2018 dataset, DinoV2’s performance was not the best, with an accuracy of

0.7220, lower than MoCo v2’s 0.8157. It’s worth noting that ResNet50 and ResNet101 also

performed exceptionally well on the CCiC dataset, with accuracies of 0.9539 and 0.9538,

respectively, which are very close to DinoV2’s performance. These results demonstrate

DinoV2’s strong feature extraction and generalization capabilities across di!erent datasets,

especially its advantages in handling complex data, but also indicate that other models

may perform better on certain specific datasets.

Table 3.5: Testing three other di!erent models based on a model trained on the Xu
dataset. Values in bold indicate the model’s best performance.

Dataset Model Precision Recall F1-score Accuracy

CCiC ResNet50 0.9576 0.9539 0.9538 0.9539
ResNet101 0.9617 0.9588 0.9538 0.9538
VGG16 0.8773 0.8379 0.8335 0.8379
MobileNet v2 0.2500 0.5000 0.3333 0.5000
DenseNet121 0.9053 0.8841 0.8826 0.8841
MoCo v2 0.9689 0.1250 0.2214 0.5605
DinoV2 0.9171 0.9999 0.9567 0.9548

SDNET2018 ResNet50 0.5259 0.5432 0.4599 0.5026
ResNet101 0.5092 0.5155 0.4571 0.5150
VGG16 0.4638 0.4553 0.3081 0.3107
MobileNet v2 0.0911 0.5000 0.1542 0.1823
DenseNet121 0.4873 0.4816 0.3608 0.3723
MoCo v2 0.1285 0.0377 0.0583 0.8157
DinoV2 0.2901 0.5790 0.3865 0.7220

HBC2019 ResNet50 0.7956 0.7872 0.7912 0.8711
ResNet101 0.8020 0.7887 0.7951 0.8744
VGG16 0.6193 0.6888 0.5597 0.5890
MobileNet v2 0.0971 0.5000 0.1626 0.1943
DenseNet121 0.5902 0.6156 0.4324 0.4363
MoCo v2 0.7609 0.4667 0.5785 0.8686
DinoV2 0.4551 0.9709 0.6197 0.7685

Table 3.6 shows the results of cross-testing on the remaining three datasets after training

on the HBC2019 dataset. Overall, DinoV2 performed excellently across all datasets. On

the CCiC dataset, DinoV2 achieved the highest precision of 0.9945, F1-score of 0.9104,
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and accuracy of 0.9093. On the Xu dataset, DinoV2 also excelled, obtaining the highest

precision of 0.9761, recall of 0.9887, F1-score of 0.9824, and accuracy of 0.9763. However,

on the SDNET2018 dataset, DinoV2’s accuracy of 0.6863 was lower than some other mod-

els, such as VGG16 and MobileNet v2 both at 0.8176. Nevertheless, DinoV2 still achieved

the highest recall rate of 0.5586 on this dataset. It’s worth noting that ResNet101 per-

formed well on the CCiC dataset with an accuracy of 0.8559, while MoCo v2 achieved the

highest recall rate of 0.9538 on the CCiC dataset. On the SDNET2018 dataset, ResNet101

achieved the highest F1-score of 0.5100, while VGG16 and MobileNet v2 had the highest

accuracy of 0.8176. These results demonstrate DinoV2’s strong feature extraction and gen-

eralization capabilities across di!erent datasets, especially on the CCiC and Xu datasets,

but show relatively weaker performance on the SDNET2018 dataset. The varied perfor-

mance of di!erent models across datasets highlights the importance of model selection

based on specific dataset characteristics and performance metrics of interest.

Table 3.6: Testing three other di!erent models based on a model trained on the
HBC2019 dataset. Values in bold indicate the model’s best performance.

Dataset Model Precision Recall F1-score Accuracy

CCiC ResNet50 0.8313 0.8153 0.8130 0.8153
ResNet101 0.8872 0.8559 0.8530 0.8559
VGG16 0.2500 0.5000 0.3333 0.5000
MobileNet v2 0.2500 0.5000 0.3333 0.5000
DenseNet121 0.5494 0.5437 0.5301 0.5437
MoCo v2 0.6008 0.9538 0.7372 0.6601
DinoV2 0.9945 0.9215 0.9104 0.9093

SDNET2018 ResNet50 0.5161 0.5268 0.4745 0.5422
ResNet101 0.5204 0.5130 0.5100 0.7575
VGG16 0.4088 0.5000 0.4498 0.8176
MobileNet v2 0.4088 0.5000 0.4498 0.8176
DenseNet121 0.4768 0.4835 0.4771 0.7312
MoCo v2 0.1179 0.0755 0.0920 0.7748
DinoV2 0.2549 0.5586 0.3501 0.6863

Xu ResNet50 0.6781 0.6800 0.6055 0.6055
ResNet101 0.7348 0.7196 0.6247 0.6253
VGG16 0.1659 0.5000 0.2491 0.3318
MobileNet v2 0.1659 0.5000 0.2491 0.3318
DenseNet121 0.6512 0.5151 0.2845 0.3529
MoCo v2 0.6688 0.9721 0.7990 0.6665
DinoV2 0.9761 0.9887 0.9824 0.9763



Finally, Table 3.7 shows the results of cross-testing on the remaining three datasets after

training on the SDNET2018 dataset. Overall, DinoV2 performed excellently across all

datasets. On the CCiC dataset, DinoV2 achieved the highest precision of 0.9767, F1-

score of 0.8499, and accuracy of 0.8671. On the HBC2019 dataset, DinoV2’s performance

was equally impressive, reaching the highest precision of 0.9513, F1-score of 0.8536, and

accuracy of 0.9484, although its recall rate of 0.7741 was significantly lower than that

of Moco v2 of 0.9392. On the Xu dataset, DinoV2 once again demonstrated outstanding

performance, obtaining the highest precision of 0.9917, recall of 0.9386, F1-score of 0.9644,

and accuracy of 0.9537. It’s worth noting that other models also performed well in certain

metrics. For instance, on the CCiC dataset, Moco v2 achieved the highest recall rate

of 0.8279, while MobileNet v2 showed good overall performance with precision, recall,

F1-score, and accuracy all above 0.78. On the HBC2019 dataset, other models (such as

ResNet50, ResNet101, VGG16, and MobileNet v2) all reached the same accuracy of 0.8056

apart from DinoV2, which is notably high considering DinoV2’s accuracy of 0.9484. On

the Xu dataset, Moco v2’s recall rate of 0.7356 was second only to DinoV2, although its

other metrics were considerably lower. The performance of other models on this dataset

was generally poor, with accuracies ranging from 0.3318 to 0.4200. These results further

demonstrate DinoV2’s strong feature extraction and generalization capabilities in handling

complex and imbalanced data, especially its advantages in tackling challenging datasets.

However, the results also show that in certain specific cases, other models may perform

better on some metrics, particularly in terms of recall rate where MoCo v2 excelled.

Through in-depth analysis of the CCiC, SDNET2018, Xu, and HBC2019 datasets, we dis-

covered that DinoV2 exhibits exceptional performance in multiple aspects, particularly in

key metrics such as accuracy, recall rate, and F1-score, significantly outperforming other

models. Despite training DinoV2 for only 5 epochs, its accuracy did not show signifi-

cant improvement with further training. However, its high sensitivity to complex features

and outstanding performance in handling highly imbalanced data, especially achieving a

100% recall rate, an F1-score of 0.9884, and an accuracy of 0.9844 on the Xu dataset, not

only demonstrate its strong capability in identifying complex features but also showcase

its superior generalization performance. While DenseNet121 performed best on the CCiC

dataset, a direct comparison with DinoV2 reveals the latter’s more pronounced advantages
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Table 3.7: Testing three other di!erent models based on a model trained on the SD-
NET2018 dataset. Values in bold indicate the model’s best performance.

Dataset Model Precision Recall F1-score Accuracy

CCiC ResNet50 0.7557 0.5224 0.3813 0.5224
ResNet101 0.7558 0.5227 0.3820 0.5227
VGG16 0.2500 0.5000 0.3333 0.5000
MobileNet v2 0.8514 0.7947 0.7861 0.7947
DenseNet121 0.6970 0.5198 0.3805 0.5198
MoCo v2 0.4616 0.8279 0.5927 0.4311
DinoV2 0.9767 0.7522 0.8499 0.8671

HBC2019 ResNet50 0.4028 0.5000 0.4461 0.8056
ResNet101 0.4028 0.5000 0.4461 0.8056
VGG16 0.4028 0.5000 0.4461 0.8056
MobileNet v2 0.4028 0.5000 0.4461 0.8056
DenseNet121 0.5999 0.5045 0.4595 0.8041
MoCo v2 0.1888 0.9392 0.3145 0.2045
DinoV2 0.9513 0.7741 0.8536 0.9484

Xu ResNet50 0.6688 0.5173 0.2779 0.3493
ResNet101 0.6686 0.5122 0.2760 0.3481
VGG16 0.1659 0.5000 0.2491 0.3318
MobileNet v2 0.6819 0.5659 0.3833 0.4200
DenseNet121 0.6722 0.5273 0.3081 0.3684
MoCo v2 0.6384 0.7356 0.6836 0.5450
DinoV2 0.9917 0.9386 0.9644 0.9537

in overall performance and adaptability in specific scenarios. Moreover, although other

models like the ResNet series and DenseNet121 also showed commendable performance

across di!erent datasets, they generally fell a step behind DinoV2 in comparisons. This

further emphasizes the higher standard set by DinoV2 across all performance metrics,

proving its robust detection capabilities and resilience in various scenarios. Notably, Di-

noV2 maintains high scores across all evaluation metrics, demonstrating its comprehensive

abilities in crack detection tasks. Additionally, MoCo v2, as another self-supervised learn-

ing method, also demonstrated good performance across multiple datasets. Although it

slightly lagged behind DinoV2 in some metrics and its performance may not be as strong

as DinoV2, MoCo v2 still performed well in handling complex and imbalanced data, fur-

ther proving the advantages of self-supervised learning methods in feature extraction and

generalization capabilities. Overall, both DinoV2 and MoCo v2 exhibited their potential

and advantages in crack detection tasks, especially when dealing with challenging datasets.



The superior performance of DinoV2 can be attributed to its self-supervised learning ap-

proach. By learning to recognise and di!erentiate between various image transformations

during pre-training, DinoV2 develops a rich, generalizable understanding of image features.

This allows it to adapt more e!ectively to new datasets and crack patterns that it hasn’t

explicitly seen during training. In contrast, the performance of other models, including

MoCo v2, varied more significantly across di!erent cross-dataset scenarios. This variability

highlights the challenges that traditional supervised learning and even some self-supervised

approaches face when generalizing to new datasets. For instance, MoCo v2’s performance

was inconsistent across di!erent cross-dataset evaluations. While it performed well in some

scenarios, such as when trained on HBC2019 and tested on CCiC (Table 6), it struggled in

others, like when trained on Xu and tested on SDNET2018 (Table 5). This inconsistency

suggests that MoCo v2’s contrastive learning approach, while e!ective in some cases, may

not be as robust as DinoV2’s approach when faced with significantly di!erent datasets.

The traditional CNN architectures (ResNet, VGG16, MobileNet v2, DenseNet121) also

showed limitations in cross-dataset generalization. Their performance often dropped sig-

nificantly when tested on datasets di!erent from their training data. This observation

underscores the importance of developing models with strong generalization capabilities,

especially in domains like crack detection, where the test data may vary considerably from

the training data due to di!erences in materials, lighting conditions, and crack patterns. In

conclusion, our comprehensive analysis across multiple datasets and cross-dataset evalua-

tions provide strong evidence for the superior performance and generalization capabilities

of DinoV2 in crack detection tasks. Its consistent high performance, particularly in recall

and accuracy, makes it a promising candidate for real-world applications where robustness

and reliability are crucial. The self-supervised learning approach employed by DinoV2

appears to be a key factor in its ability to adapt to various datasets and crack patterns,

outperforming both traditional CNN architectures and other self-supervised methods like

MoCo v2.
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As demonstrated in our results section, features extracted through self-supervised learning

methods, such as DinoV2, exhibit significant advantages in handling naturally imbalanced

data. Particularly on the highly imbalanced datasets SDNET2018 and HBC2019, Di-

noV2 not only leads substantially in the F1-score (0.7836 for SDNET2018 and 0.8536

for HBC2019). This contrasts sharply with features extracted using traditional supervised

learning methods, whose predictions often heavily favor the majority class, resulting in sig-

nificantly diminished performance on highly imbalanced data (for example, the F1-score of

supervised models like ResNet50, ResNet101, VGG16, MobileNetV2, and DenseNet121 are

extremely low on the SDNET2018 dataset). The features extracted from supervised-based

models are biased towards the majority class and fail to predict cracks e!ectively. This

performance disparity becomes more pronounced as the level of class imbalance increases.

In datasets with extreme imbalance ratios, such as SDNET2018, the superiority of DinoV2

in identifying the minority class is particularly evident. This suggests that self-supervised

learning methods are more robust to class imbalance, maintaining their ability to extract

meaningful features even when positive samples are scarce. Interestingly, features learned

through the self-supervised method (DinoV2) consistently outperform their corresponding

baselines. Significant improvements on extremely imbalanced datasets suggest that the

biased label information can be greatly mitigated through self-supervision[97]. This miti-

gation of bias is crucial in real-world applications where class imbalance is common, such

as crack detection. In these scenarios, the ability to accurately identify rare but critical

instances (like cracks) is of paramount importance.

3.4.4 Attention Visualization

As shown in the model attention map in Fig.3.6, in datasets predominantly characterized

by expansive viewpoints of cracks, conventional CNN architectures marginally outper-

formed DinoV2. Such performance nuances may be attributed to the rigorous training

paradigms inherent to CNNs, which possibly equips them with a specialized prowess in

recognizing cracks from expansive viewpoints. This depth of specialized learning might be

38 List of Tables

3.4.3 The Impact of Class Imbalance on Features Extracted from Self-

Supervised vs. Supervised Models



Figure 3.6: Attention visualization of the models across four datasets. The three
columns represent Ground Truth, ResNet50, and DinoV2 respectively.

the impetus behind CNN’s advantageous stance in this specific scenario. However, when

the nature of the dataset diversifies, capturing cracks across diverse environments and ma-

terials, DinoV2 distinctly showcases its superior generalization capability. We must also

acknowledge that the attention mechanism of our DinoV2 model occasionally fixates on

areas that are not cracked, particularly in the Xu and HBC datasets. This observation

suggests that, despite its general robustness, the DinoV2’s attention could be influenced

by features within the image that resemble cracks, potentially a!ecting the accuracy of the

classification. In these heterogeneous datasets, The advantage of DinoV2 lies in its self-

supervised learning approach, enabling it to decipher data structures without extensive

labeled datasets. Nonetheless, we have observed instances where DinoV2’s adaptability to

environmental variances and material textures leads to some misallocation of attention.

This reinforces the notion that self-supervised learning focuses on discerning fundamental
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data features and structures rather than solely on annotations, which can be a double-

edged sword in terms of model precision.

In practical applications, choosing the right model is crucial. CNN architectures may lead

to large datasets with specific labeled data types. But for tasks requiring adaptability

across di!erent scenarios and materials for crack detection, DinoV2 stands out as a strong

contender, despite the need for vigilance regarding its attention distribution. Furthermore,

an astute observation reveals DinoV2’s heightened adaptability to environmental variances

and distinct material textures. This could be a testament to the fact that self-supervised

learning leans more towards discerning fundamental features and structures within data

rather than its annotations. Such innate focus on data’s structural integrity potentially

renders DinoV2 more adept at navigating unfamiliar terrains or novel material types.

In practical implementations, judicious model selection remains pivotal. For voluminous

datasets with a specific type of labeled data, CNN architectures might be the frontrunner.

However, when the task at hand mandates a model’s adaptability across a spectrum of

scenarios and materials for crack detection, DinoV2 indisputably emerges as a formidable

contender. These insights illuminate the profound potential of self-supervised learning,

particularly the DinoV2 model, in crack detection and classification endeavors. Conversely,

traditional supervised learning architectures might necessitate intricate fine-tuning and

optimization when pitted against dynamically diverse datasets.

3.5 Summary

This study showcases the prowess of the self-supervised model, DinoV2, in crack classifica-

tion over diverse datasets. We observed that while DinoV2 can identify cracks adeptly, its

attention mechanism tends to cover the entire image rather than centring exclusively on

the crack regions. This expansive attention span could sometimes lead to distractions in

the model’s output. Compared to traditional supervised models like CNNs, which some-

times show inconsistencies over di!erent datasets, DinoV2 stands out with its persistent

robustness and precision. A significant strength of this model is its ability to leverage the

inherent data information without extensive annotations, enhancing both generalization

and e”ciency. In light of these findings, we are optimistic about DinoV2’s potential to lead
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the way in crack classification, paving a path for broader applications in crack detection

and beyond. Recognizing this limitation, future studies will focus on refining DinoV2’s

feature extraction mechanism to minimize these distractions and improve its accuracy.
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Chapter 4

Source-Free Domain Adaptation

for Concrete Crack Classification

Using CLIP

4.1 Introduction

Concrete structures currently serve as core components of modern buildings and infras-

tructure, and their structural health can be directly related to the safety and service life of

engineering facilities[98]. As the most common cause of accidents in concrete structures,

concrete cracks require timely detection, classification, and maintenance, which can play a

significant role in preventing structural failure and guiding repairs. The traditional crack

detection method is usually manual visual inspection, which is time-consuming and labo-

rious. Meanwhile, inspection results are often a!ected by human subjective factors, which

makes it di”cult to meet the increasing inspection demands of large-scale engineering

facilities[99].

With the development of computer vision and deep-learning technology, automated crack

detection and classification based on computer vision has gradually become a popular

topic. These methods not only address the limitations of manual detection but also

provide more objective detection results. However, the application of machine learning
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methods across di!erent concrete datasets faces significant challenges due to inherent dis-

tribution shifts. These variations arise from multiple factors including surface texture

di!erences (such as roughness and porosity), environmental conditions (lighting, mois-

ture, and weathering e!ects), imaging settings (camera angles, resolutions, and exposure),

and crack morphological characteristics. Such domain gaps often result in substantial per-

formance degradation when models trained on one type of concrete surface are deployed

on another, necessitating costly data collection and model retraining processes for each

new deployment scenario[100, 101].

This challenge is widely recognized in the machine learning community as the domain adap-

tation problem, where the goal is to improve the generalization ability of the model by

reducing the di!erence in feature distribution between the source and target domains[102].

Traditional domain adaptation methods mainly achieve knowledge migration through ad-

versarial learning and feature alignment. These methods usually require simultaneous

access to data in both the source and target domains, which tends to increase the storage

costs and resource usage limitations[103]. Most also rely on task-specific labeling spaces,

making it di”cult to cope with new categories or complex semantic changes emerging in

the target domain.

With the present evolution of large language models, the contrastive language image pre-

training (CLIP) proposed by OpenAI has become the representative model at present[104].

It builds a powerful bridge for visual language understanding in multimodal domains by

learning from 400 million images and text comparisons, breaking through the traditional

visual dependence on fixed category labeling restrictions for the first time. It achieves vi-

sual task definition through natural language description and at the same time e!ectively

handles the di!erences between di!erent visual domains by its domain generalization ca-

pability, providing a new solution for domain adaptation tasks[105].

To address these challenges, we propose an approach that enables e!ective domain adap-

tation for crack detection without requiring source domain data during adaptation. Our

method integrates three key components: (1) a CLIP-based pseudo-label generation strat-

egy that leverages natural language descriptions to bridge domain gaps, (2) a three-layer
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feature fusion network for comprehensive feature alignment, and (3) an e”cient data selec-

tion mechanism inspired by Moderate Coreset. While our method is primarily validated

on concrete crack detection scenarios, its underlying principles of cross-modal feature

alignment and e”cient data selection can be generalized to other computer vision tasks

where domain adaptation is required, such as medical image analysis or industrial defect

detection.

1. A CLIP-based pseudo-label generation strategy that aligns crack features with natu-

ral language descriptions, breaking through traditional fixed-category labelling lim-

itations and improving cross-domain categorization accuracy.

2. A data selection module inspired by Moderate Coreset that identifies representative

samples for e”cient model training, e!ectively reducing computational overhead

while maintaining domain adaptation performance.

3. A three-layer feature fusion network that adaptively integrates CLIP’s high-level

semantic features with CNN’s low-level visual features, enhancing both local crack

recognition and domain generalization capability.

4. Extensive experimental validation across di!erent materials and data ratios demon-

strates the e!ectiveness and superiority of our proposed approach in source-free

domain adaptation for crack classification.

4.2 Methodology

In this section, we introduce a domain adaptation framework designed to address the

challenges of crack classification under source-free scenarios. As illustrated in Figure 4.1,

the proposed method leverages the powerful cross-modal understanding capabilities of the

CLIP model to generate high-quality pseudo-labels, ensuring e!ective utilization of target

domain data without relying on source domain samples. To further enhance the quality of

pseudo-labels and optimize domain adaptation performance, we incorporate a moderate

coreset selection strategy that identifies the most representative samples in the feature

space. Additionally, we propose a three-layer feature fusion network that aligns features
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across domains at multiple abstraction levels, supported by complementary alignment loss

functions.

4.2.1 Clip

Owing to the powerful cross-modal understanding capability of the CLIP model obtained

through pre-training on large-scale image-text pairs, it can e!ectively map images and

text into the same feature space, as shown in Figure 1. We leverage this characteristic to

address the issue of unavailable source-domain data by using the pre-trained CLIP model

to generate high-quality pseudo-labels. First, given an input image f , we extract image

features through CLIP’s visual encoderfv as shown in equation 4.1 [106].

hl = fv(I) (4.1)

Meanwhile, we design two text prompts Tc (a photo of concrete surface with cracks) and

Tn (a photo of concrete surface without cracks) , Through CLIP’s text encoder ft, we ob-

tain the corresponding text features as shown in equation 4.2.

hTc = ft ( Tc)

hTn = ft ( Tn)
(4.2)

To ensure feature comparability, we performed L2 normalization on all features as shown

in equation 4.3, where hI represents the image features extracted from the CLIP visual

encoder, hTc denotes the text features of crack class descriptions, and hTn represents the

text features of no-crack class descriptions. The normalized features ĥI, ĥc, and ĥTn are

obtained by dividing each feature vector by its L2 norm, ensuring all features have unit

length and lie on a hypersphere, which is essential for subsequent similarity computations.
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Figure 4.1: Overview of the proposed source-free domain adaptation framework for
crack classification. The framework consists of three main components: (1) CLIP-based
pseudo-label generation with confidence assessment, (2) moderate coreset selection for
representative sample filtering, and (3) three-layer feature fusion network with hierarchical

alignment strategies.

46 List of Tables



List of Tables 47

ĥI =
hI

↔ hl↔2

ĥc =
hTc

↔hTe↑2

ĥTn =
hTn

↔ hTn↔2

(4.3)

4.2.2 Pseudo-label Generation and Confidence Assessment

Building upon the normalized features obtained from the previous section, we leveraged

CLIP’s cross-modal alignment capability to generate pseudo-labels. Specifically, we de-

termined the image category by calculating the cosine similarity between the normalized

image features ĥI and the normalized text features (ĥTc for crack and ĥTn for no-crack),

as shown in equation 4.4.

s =
[
ĥI · ĥTc , ĥI · ĥTn

]
(4.4)

The resulting similarity vector s contains two values representing the semantic similarity

between the input image and each class description. To convert these similarity scores

into probability distributions, temperature scaling and softmax functions were applied, as

shown in equation 4.5.

p = softmax(εs) (4.5)

where ε is the temperature parameter that controls the sharpness of the probability dis-

tribution. The final pseudo-label and confidence level are determined by the maximum

value in the probability distribution, as shown in equation 4.6.

ypseudo = argmax
i

pi

c = max
i

pi

(4.6)
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To facilitate subsequent domain adaptation training, we extracted and saved three key

components for each image: a 512-dimensional CLIP image feature vector, binary classifi-

cation pseudo-labels (where 0 indicates no cracks and 1 indicates cracks), and confidence

scores for the model predictions. This information was systematically organized and stored

in an array format, providing a structured database for subsequent model training and

evaluation. Among them, the high-confidence pseudo-labels are used as reliable super-

visory signals in the domain adaptation process, whereas the extracted feature vectors

provide a good initial feature representation for the domain adaptation task, which helps

to improve the performance of the model on the target domain.

4.2.3 Moderate coreset selection

To further improve the quality of pseudo-labels and study the impact of di!erent data

sizes on domain adaptation performance, we employed the moderate coreset selection

strategy [107] to identify and retain the most representative samples while filtering out

potential noisy or redundant samples. This method operates in the feature space by ana-

lyzing the distribution characteristics of samples. Specifically, for each category (crack and

no-crack), we first calculated its centroid in the feature space, as shown in equation 4.7.

The selection process is based on two key criteria: distance-based filtering and density-

based selection. In distance-based filtering, samples that are too far from their respective

class centroids are removed as potential outliers or noisy samples. Through density-based

selection, we select samples from the remaining set that best represent the data distri-

bution, maintaining a balance between diversity and representativeness. This approach

e!ectively removes three types of samples: those with unreliable pseudo-labels (samples

far from class centroids), redundant samples in densely populated regions, and outliers

that may negatively impact the domain adaptation process.

µc =
1

| Sc|
∑

xi↓ Sc

fi (4.7)



where Sc represents the sample set of class c and fi is the CLIP feature vector of sample

xi. Then, we calculated the Euclidean distance from each sample to its corresponding

class center, as shown in equation 4.8.

di = |fi ↓ µyi |2 (4.8)

where yi is the pseudo-label of sample xi. To select the most representative samples, we

calculated the median dmed of all distances and ranked them according to their proximity

to the median distance, as shown in equation 4.9.

si = |di ↓ dmed | (4.9)

Finally, we select the top ϑN samples with the smallest si. Where ϑ is the preset selection

ratio set to 1.0, 0.8, 0.6, 0.4, and 0.2. This selection strategy ensures that the selected

samples are neither too concentrated around nor too far from the class centre.

4.2.4 Three-Layer Feature Fusion Network

Inspired by the hierarchical feature alignment strategy [108] and correlation alignment

techniques [109], we propose a domain adaptation method based on hierarchical feature

alignment. Building upon the research findings from deep adaptation networks [110], we

gradually reduce the discrepancy between source and target domains while maintaining

the e!ectiveness of discriminative features through feature alignment strategies at three

di!erent levels.

To achieve this goal, we design a three-layer feature fusion network architecture, where each

layer processes features at di!erent levels of abstraction. The low-level feature extraction

is formulated as shown in equation 4.10.

flow = ϖlow (x) = BN (Dropout (ReLU ( Wlow x + blow ))) (4.10)
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This layer mainly maintains feature structure information and captures inter-domain struc-

tural similarity through covariance. The intermediate feature layer is as shown in equa-

tion 4.11.

fmid = ϖmid (flow ) = BN (Dropout (ReLU (Wmid (flow + bmid ))) (4.11)

This layer mainly maintains the feature structure information and captures the inter-

domain structural similarity through covariance. The high-level feature layer is as shown

in equation 4.12.

fhigh = ϖhilh (fmid ) = BN (ReLU ( Whigh fmid + bhigh )) (4.12)

This layer focuses on feature alignment at the semantic level using the confidence infor-

mation of pseudo-labels to guide the migration of high-level semantic features.

To achieve full domain adaptation, we designed three complementary alignment loss func-

tions. The visual alignment loss is as shown in equation 4.13.

Lvisual = |Exs↔Xs [flow (xs)]↓ Ext↔Xt [flow (xt)] |22 (4.13)

The loss of structural consistency is as shown in equation 4.14.

Lstruct = |Cov (fmid (Xs))↓ Cov (fmid (Xt)) |2F (4.14)

where (Cov (·)) represents the feature covariance matrix, and (| · |F ) represents the Frobe-

nius norm. The third is semantic alignment loss, as shown in equation 4.15.

Lsemantic = MMD(fhigh (Xs)↗ cs, fhigh (Xt)) (4.15)

where cs represents the pseudo-label confidence of the source domain samples, and ↗

represents element-wise multiplication. The total domain-adaptation loss function is the

weighted sum of these three losses, as shown in equation 4.16.
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Lalign = ϱvisualLvisuaω
+ ϱstructLstruct + ϱsemanticLsemantic (4.16)

The final optimization objective combines the classification loss and domain adaptation

loss, as shown in equation 4.17.

Ltotaε = L↗ε↘ + ϱalignL↑ω↓}\ (4.17)

where (ϱalign) is the weight coe”cient used to balance the domain adaptation tasks.

4.3 Experiments

4.3.1 Dataset

4.3.1.1 SDNET2018

This study conducted experiments using the SDNET2018 dataset, a large-scale structural

crack image dataset collected and labeled by Utah State University. As shown in Table 4.1,

the dataset contained 11,200 high-resolution (4032 × 3024 pixels) images of concrete sur-

faces covering three di!erent structural types: bridge decks (2,025 images), pavements

(2,507 images), and walls (6,668 images). The images for each structure type contained

both cracked and non-cracked samples, which maintained a balanced distribution, as illus-

trated in Figure 4.2. The images were acquired under di!erent environmental conditions

(e.g., light and weather) and contained various types of cracks (transverse, longitudinal,

mesh, etc.) ranging from 0.06 mm to 25 mm, as well as various surface textures, stains,

and non-crack defects.

Table 4.1: Distribution of SDNET2018 Dataset

Structure Type Total Images Cracked Non-cracked

Bridge Decks 13,620 2,025 11,595
Pavements 24,334 2,608 21,726
Walls 18,138 3,851 14,287

Total 56,092 8,484 47,608



Figure 4.2: Distribution of images in SDNET2018 dataset across di!erent structure
types and their crack/non-crack categories.

4.3.1.2 O!ce-31 Dataset

The O”ce-31 dataset is a widely used benchmark dataset in domain adaptation research,

consisting of 4,652 images across 31 categories collected from three distinct domains: Ama-

zon (A), Webcam (W), and DSLR (D). The Amazon domain contains product images

downloaded from amazon.com, the Webcam domain includes images captured by web

cameras in o”ce environments with various lighting conditions and poses, and the DSLR

domain comprises high-resolution images taken by a digital SLR camera. This dataset is
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particularly valuable for evaluating domain adaptation methods due to its realistic domain

shifts and varying image qualities across di!erent domains.

Table 4.2: Detailed Statistics of the O”ce-31 Dataset

Domain Total Images Categories

Amazon (A) 2,817 31
Webcam (W) 795 31
DSLR (D) 498 31

Total 4,110 31

Amazon (A) domain consists of images downloaded from amazon.com product pages
Webcam (W) domain contains images captured by a web camera in o”ce environment
DSLR (D) domain includes high-resolution images taken by a digital SLR camera
All three domains contain the same 31 object categories but with varying image qualities and
viewpoints

4.3.2 Experiment Setting

All experiments in this study were conducted on a workstation equipped with an NVIDIA

GeForce RTX 4090 (24GB of video memory). Model training was performed using a small-

batch stochastic gradient descent method with a batch size of 32, parameter optimization

using the Adam optimizer with an initial learning rate set to 0.001, and learning rate

tuning using a cosine annealing strategy. The model training lasted for 100 epochs, and

four work processes (num workers) were used for data loading. For feature extraction, we

used 512-dimensional CLIP features as inputs, which were processed through a three-layer

feature fusion network with the hidden dimensions of each layer also maintained at 512

dimensions. To ensure the reproducibility of the experiments, the random seed was fixed

at 42. In terms of the weight configuration of the loss function, the total feature alignment

loss weight was 0.5, and the weights of the visual, structural, and semantic alignment

losses were 0.2, 0.3, and 0.5, respectively. To comprehensively evaluate the performance of

the model under di!erent data sizes, we used source domain data with 100%, 80%, 60%,

40%, and 20% with five di!erent sampling ratios for the experiments, while the complete

dataset was always used for the target domain.
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Table 4.3: Performance Comparison across Di!erent Domain Adaptation Methods

Method
Tasks

B↘P B↘W P↘B P↘W W↘B W↘P

ResNet50[111] 0.4816 0.5890 0.3701 0.3830 0.6230 0.4818
ViT[112] 0.6899 0.6704 0.5735 0.5513 0.7344 0.7184
DANN[113] 0.8911 0.8674 0.8942 0.8448 0.8516 0.8880
CDAN[114] 0.5892 0.7913 0.8491 0.5661 0.8513 0.8765
Our Method 0.9488 0.9691 0.9878 0.9823 0.9842 0.9566

B: Bridge, P: Pavement, W: Wall

4.4 Results

As shown in Table 4.3, our experimental results demonstrate significant performance ad-

vantages in the crack-detection migration task for di!erent material types. In all six

migration scenarios, our proposed method achieves a target domain test accuracy of more

than 95%, which is significantly better than that of the baseline method. Specifically,

in the bridge-to-pavement (B↘P) migration task, the present method achieves 94.88%

accuracy, which is 5.77 percentage points better than that of DANN (89.11%) and 35.96

percentage points better than that of CDAN (58.92%). The baseline models ResNet50 and

ViT only achieved 48.16% and 68.99% accuracy, respectively, in this scenario, indicating

that direct migration is less e!ective.

In the other two scenarios, bridge → walls and pavement → bridge, our method achieved

96.91% and 98.78% accuracy, respectively, which are the two best performers among all

migration scenarios. Especially in the Pavement to Bridge migration, it improves 13.87 and

9.36 percentage points compared to CDAN (84.91%) and DANN (89.42%), respectively,

showing a significant performance advantage. In pavement-to-wall (B↘W) migration,

the proposed method achieves 98.23% accuracy compared to only 56.61% for CDAN and

84.48% for DANN, indicating that the proposed method has a significant advantage in

dealing with challenging cross-material migration tasks. Similarly, in wall-to-bridge (wall

→ bridge) migration, the 98.42% accuracy of the proposed method significantly outper-

forms the other methods.

Even in the relatively di”cult wall-to-pavement (W↘P) migration scenario, the present
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method still maintains an accuracy of 95.66%, and although CDAN (87.65%) and DANN

(88.80%) perform relatively better in this scenario, the present method still maintains a

clear lead. It is worth noting that the ResNet50 and ViT models generally perform poorly

in direct migration, with most accuracies being lower than 70%, which further proves the

necessity of domain-adaptive methods in the cross-domain migration task. The method

in this study maintains a consistently high performance in all migration scenarios, which

fully demonstrates its e!ectiveness and robustness in handling the migration task of crack

detection between di!erent types of building materials.

Table 4.4: Performance Comparison across Di!erent Data Ratios on SDNET2018
Dataset

Data Ratio
Tasks

B↘P B↘W P↘B P↘W W↘B W↘P

100% 0.9488 0.9691 0.9878 0.9823 0.9842 0.9566
80% 0.9338 0.9493 0.9890 0.9702 0.9780 0.9316
60% 0.9195 0.9248 0.9838 0.9545 0.9659 0.9090
40% 0.9176 0.9159 0.9600 0.9372 0.9581 0.9264
20% 0.9003 0.9038 0.9203 0.8859 0.9490 0.8942

B: Bridge, P: Pavement, W: Wall

As shown in Table 4.4, in all six migration scenarios (bridge to roadway, bridge to wall,

roadway to bridge, roadway to wall, wall to bridge, and wall to roadway), the model

maintained a relatively stable performance even when the amount of source domain data

was reduced to 20%.

Specifically, when using the full amount of source domain data (100%), the target do-

main test accuracies for all migration scenarios exceeded 95%, with the most significant

e!ect for pavement-to-bridge migration, which achieved a test accuracy of 98.79%. As

the amount of source domain data decreased (80%, 60%, 40%, and 20%), the model per-

formance exhibited a flat decline, but the decline was controlled within an acceptable

range. It is particularly noteworthy that even in the extreme case of using only 20% of the

source domain data, the accuracy of the migration scenarios can still be maintained above

90%, except for the relatively challenging wall-to-pavement (89.42%) and pavement-to-

wall (88.59%) scenarios. This result indicates that the method proposed in this study has

good data e”ciency and can realize e!ective domain adaptation under the condition of
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limited source domain data. In addition, the best model during training usually appeared

within the first 50 epochs, indicating that the model had a fast convergence rate. The

performance metrics (accuracy and F1 score) on the training set are generally close to

100%, whereas the performance on the test set only slightly decreases, indicating that the

model has good generalization ability and does not show obvious overfitting.

4.5 compared dataset

Table 4.5: Performance Comparison across Di!erent Domain Adaptation Tasks on
O”ce-31 Dataset

Source Domain Target Domain Best Target Accuracy

amazon webcam 0.8931
amazon dslr 0.8594
webcam amazon 0.7820
webcam dslr 0.9056
dslr amazon 0.7696
dslr webcam 0.8792

The table shows the best target accuracies for each domain adaptation task.

The O”ce-31 dataset is a classic benchmark for domain adaptation tasks and is widely

used in research on cross-domain transfer learning algorithms. It consists of three dis-

tinct domains: Amazon (A), Webcam (W), and DSLR (D). Amazon contains product

images with simple backgrounds, Webcam features images captured by webcams with

complex backgrounds, and DSLR includes high-resolution images taken by professional

DSLR cameras. The dataset covers 31 categories of images, with significant variations in

data distribution across domains. In typical transfer tasks, models are required to transfer

from one domain (source domain) to another (target domain), such as Amazon → Web-

cam (A → W) and Webcam → DSLR (W → D). Experimental results show significant

di!erences in transfer performance across domains. For instance, in the A → W task,

the best target accuracy is 89.31%, while in the D → A task, the best target accuracy is

only 76.96%. Moreover, the W → D transfer task achieves the best performance with an

accuracy of 90.56%. These results highlight the impact of domain data distribution dif-

ferences on transfer learning performance. The O”ce-31 dataset provides a standardized

benchmark for the development and evaluation of transfer learning algorithms.



4.5.1 Feature Distribution Analysis

(a) Original feature distribution (b) Feature distribution after domain

adaptation

Figure 4.3: t-SNE visualization of feature distributions before and after domain adapta-
tion. Di!erent colors and markers represent di!erent material types and crack conditions

(NC: Non-Cracked, C: Cracked).

We employ t-SNE visualization to demonstrate the e!ectiveness of our domain adaptation

approach, with results presented in Fig.4.3. The visual comparison between pre- and

post-adaptation feature spaces o!ers qualitative validation of our methodology.

The initial feature representation (Fig.4.3(a)) reveals considerable feature entanglement

across material types and crack classifications, especially evident between bridge decks

and wall surfaces, suggesting shared visual properties. Pavement features exhibit relative

clustering but demonstrate classification ambiguity within crack categories. Such feature

overlap underscores the complexity of cross-domain transfer and accounts for suboptimal

baseline performance when models are directly transferred across material domains.

Following domain adaptation (Fig. 4.3(b)), the feature landscape shows marked organi-

zational improvements consistent with our quantitative findings. Material-specific fea-

tures achieve enhanced clustering with preserved crack/non-crack discriminability within

each domain. This structural refinement confirms successful material-aware feature learn-

ing while maintaining detection capability. Interestingly, intra-material sub-clustering

emerges, likely representing distinct crack morphologies or surface variations, indicating

preserved domain-specific nuances during adaptation. The spatial arrangement reflects

material relationships, positioning similar surfaces (bridge decks, pavements) in proximity

while distancing distinct materials (walls).
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The achieved feature separation validates our quantitative performance gains while demon-

strating that our hierarchical adaptation preserves fine-grained discriminative information

essential for reliable crack identification.

4.6 Discussion

Based on the analysis of the above experimental results, the hierarchical domain adaptation

method proposed in this paper demonstrates significant performance advantages in the

crack-detection migration task. This advantage mainly stems from three key designs:

the hierarchical feature extraction strategy e!ectively captures the multi-scale features

of the cracks, enabling the model to focus on both the local details and global structural

information of the cracks; the improved domain-adversarial training mechanism e!ectively

mitigates the di!erences in the feature distribution between the source and target domains;

and the adaptive feature fusion mechanism dynamically adjusts the importance of the

features according to di!erent migration scenarios. The synergistic e!ect of these designs

enables the model to maintain stable and high performance in various migration scenarios.

The experimental results highlight the excellent data-e”ciency characteristics of this method.

Even when the amount of data in the source domain drops to 20%, most migration sce-

narios can still maintain more than 90% accuracy with relatively flat performance decay

curves. This high data e”ciency characteristic is of great significance for practical appli-

cations, as it can significantly reduce the cost of data acquisition and labeling. At the

same time, this method can e!ectively utilize limited labeled data to extract key domain-

invariant features, which provides an e!ective solution to the data scarcity problem often

encountered in practical engineering applications.

The experimental results revealed some interesting phenomena in terms of the performance

di!erences between di!erent migration scenarios. Road-to-bridge and wall-to-bridge mi-

grations are the best, whereas wall-to-pavement migration is relatively poor. This dif-

ference may stem from the degree of variation in the surface properties of the materials:

the surface texture characteristics of the bridge and roadway are relatively close to each
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other, while the surface characteristics of the wall and roadway are more di!erent. In ad-

dition, di!erences in environmental factors (e.g., lighting conditions and shooting angle)

and crack morphology characteristics across scenes may also a!ect the migration e!ect.

These findings provide an important reference for the further optimization of migration

strategies.

It is worth exploring in depth that the success of this study is largely attributed to the

inherent advantages of the CLIP model as a feature extractor, which provides a novel per-

spective for addressing Source-Free Domain Adaptation (SFDA) problems. Traditional

domain adaptation methods often rely on aligning the underlying feature distributions

between source and target domains, but under the SFDA setting, the absence of source

domain data makes this approach challenging. Through its pre-training on billion-scale

image-text pairs, CLIP has learned a highly generalizable visual feature space that is well-

aligned with human semantics. This powerful prior knowledge implies that its feature

representations inherently exhibit strong robustness to domain variations. More critically,

CLIP’s core advantage lies in its cross-modal alignment capability, which allows us to uti-

lize text prompts as ”semantic anchors” to guide the model in generating reliable pseudo-

labels in the target domain. This achieves a paradigm shift from ”distribution alignment”

to ”semantic alignment,” enabling the model to perform self-calibration and optimization

in the target domain solely through high-level semantic concepts (such as ”crack” or ”non-

crack”) without requiring access to source domain data. Therefore, CLIP’s success lies

not only in its role as a powerful feature extractor, but more importantly, in providing a

novel, semantically-driven solution for SFDA problems.

Beyond academic performance, deploying this model in real-world scenarios requires care-

ful consideration of fairness, reliability, and safety concerns. Regarding fairness, the

model’s performance heavily depends on the diversity of training data—if the training set

lacks representation of certain surface materials or environmental conditions, the model

may exhibit bias when encountering these scenarios. To enhance reliability in practical

applications, we can leverage the confidence scores provided by the model: when the

model lacks su”cient confidence in a prediction, the system should automatically flag it

for human review, thereby ensuring overall system stability.
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Despite the remarkable results of this method, there are still some limitations that need to

be addressed in future work. First, hierarchical feature extraction and multi-scale fusion

mechanisms enhance the performance but also increase the computational complexity of

the model. Second, the relatively low performance in some specific migration scenarios

(e.g., wall-to-pavement) suggests that the method still has room for improvement when

dealing with widely varying domain migration tasks.

4.7 Summary

In this study, a CLIP-based passive domain adaptation method is proposed to solve the

domain migration problem in concrete crack detection. By designing a CLIP-based pseudo-

label generation strategy, cross-modal feature alignment was successfully achieved, which

e!ectively solved the dependence of traditional methods on source domain data. The

experimental results show that the method achieves more than 95% accuracy in the mi-

gration task between six di!erent material types, which is significantly better than the

existing methods. Meanwhile, the proposed three-layer feature fusion network achieves

comprehensive feature alignment through loss-function design at three levels: visual align-

ment, structural consistency, and semantic alignment, which enables the model to demon-

strate strong migration capabilities among di!erent material types. Notably, the proposed

method exhibits excellent data e”ciency, maintaining more than 90% accuracy in most

migration scenarios even when the source domain data is only 20%, which is an important

feature for data collection and annotation cost control in practical engineering applica-

tions. This study provides a new solution to the domain adaptation problem of concrete

crack detection, which not only makes a breakthrough in performance but also has obvious

advantages in practicality. Future research will focus on several directions. Firstly, we will

explore optimizing the model structure to reduce computational complexity. Secondly, we

will investigate more e!ective feature alignment strategies to improve performance in cases

of extreme domain di!erences. Furthermore, a highly promising direction is to integrate

our SFDA framework with Few-Shot Learning. While our method performs e!ectively with

unlabeled target data, incorporating a very small number of high-quality labeled target

samples (e.g., 1-5 shots) for fine-tuning could further calibrate and refine the pseudo-labels

60 List of Tables



generated by CLIP. This could lead to enhanced accuracy and robustness, particularly in

the most challenging adaptation scenarios. Finally, we aim to extend the present method

to more types of structural defect detection tasks to promote the practical application of

deep learning technology in the field of engineering structural health monitoring.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

This thesis presents two innovative research projects that provide comprehensive and sys-

tematic solutions to the domain adaptation challenges in concrete crack detection. The

DINOv2-based method and CLIP-based source-free domain adaptation approach address

key challenges in practical applications from di!erent perspectives, forming a complemen-

tary and mutually reinforcing technical framework. Specifically, our major contributions

include: developing a novel DINOv2-based feature extraction method that e!ectively cap-

tures and characterizes crack features across di!erent material surfaces, providing a solid

technical foundation for cross-domain crack detection; proposing a CLIP-based source-free

domain adaptation framework that completely eliminates the dependency on source do-

main data during adaptation, significantly improving the practicality and scalability of the

method; and introducing an innovative moderate core set selection strategy that signifi-

cantly enhances pseudo-label quality and adaptation e”ciency through intelligent sample

selection and optimization. Extensive experimental results thoroughly demonstrate the

e!ectiveness and superiority of our proposed methods across various complex scenarios,

achieving substantial improvements in cross-domain crack detection performance com-

pared to existing state-of-the-art approaches. Our methods not only maintain stable high

accuracy in the target domain but also demonstrate remarkable robustness when dealing
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with di!erent types of domain shifts and environmental variations, making them particu-

larly valuable and promising for practical engineering applications.

5.2 Future Work

Although this research has achieved significant results in domain adaptation tasks for cross

crack detection, there are still several important directions worthy of further exploration

and improvement. First and foremost, a key area for future investigation is the integra-

tion of Few-Shot Learning (FSL) techniques. As mentioned in the introduction, FSL is

critical for scenarios where a small number of labeled examples from the target domain

are available. While this thesis focused on source-free and self-supervised methods, FSL

presents a complementary approach. Future work could explore hybrid models that use

the source-free adapted model as a strong starting point, which is then fine-tuned using

few-shot techniques to achieve even higher accuracy and robustness with minimal labeling

cost. The primary task is to optimize the existing model structure through in-depth re-

search on lightweight network architectures and advanced model compression techniques

to reduce computational complexity and achieve e”cient model deployment on various

edge devices. This includes developing more e”cient model quantization strategies and

exploring hardware-specific acceleration methods for di!erent platforms to further enhance

the practicality and universality of our approach. Additionally, to better address perfor-

mance issues in scenarios with extreme domain di!erences, more advanced and robust

feature alignment strategies need to be developed, including designing adaptive feature

weight dynamic adjustment mechanisms and exploring innovative multimodal information

fusion methods to enhance model robustness and adaptability in complex and varying en-

vironments. The incorporation of uncertainty estimation mechanisms in the feature align-

ment process and the development of more sophisticated and e”cient domain-invariant

feature learning approaches are also key areas that require focused attention in future

research. Meanwhile, we recognize that in practical applications, model interpretability

and traceability are equally important, necessitating the development of more transparent

and understandable feature extraction and decision-making mechanisms.
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Furthermore, future work will deeply explore the use of advanced generative models (such

as Stable Di!usion combined with ControlNet technology) to generate high-quality syn-

thetic crack images. By fully utilizing these advanced generative models, we can create

more diverse and realistic crack image datasets that accurately mimic the characteristics

and variations of di!erent material domains, thereby significantly enhancing the overall

performance of domain adaptation algorithms. This generative model-based approach

aims to enhance model generalization ability and adaptability by systematically enrich-

ing training data and significantly reducing dependence on real-world labeled datasets.

In-depth development of domain-specific data augmentation strategies and systematic re-

search into the optimal balance between real and synthetic data during training will play

a crucial role in maximizing the practical benefits of this approach. Meanwhile, we also

plan to explore more diverse data generation strategies, including incorporating physi-

cal model constraints to ensure that generated images are not only visually realistic but

also conform to the physical characteristics and formation mechanisms of actual cracks.

These future research directions are interconnected and mutually supportive, collectively

dedicated to further improving the practicality, reliability, and overall performance of our

domain adaptation framework, ultimately providing more reliable, e”cient, and univer-

sally applicable crack detection systems and solutions for various industrial application

scenarios. Additionally, we will also focus on developing more comprehensive evaluation

metrics and testing methods to more thoroughly measure model performance across dif-

ferent application scenarios, and explore the possibility of extending our methods to other

types of defect detection tasks.
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based structural health monitoring”. In: Automation in Construction 161 (2024),

p. 105328.

[12] Jun Bai, Di Wu, Tristan Shelley, Peter Schubel, David Twine, John Russell, Xuesen

Zeng, and Ji Zhang. “A comprehensive survey on machine learning driven material

defect detection: Challenges, solutions, and future prospects”. In: arXiv preprint

arXiv:2406.07880 (2024).

[13] Yuqi Fang, Pew-Thian Yap, Weili Lin, Hongtu Zhu, and Mingxia Liu. “Source-free

unsupervised domain adaptation: A survey”. In: Neural Networks (2024), p. 106230.

[14] Jingjing Li, Zhiqi Yu, Zhekai Du, Lei Zhu, and Heng Tao Shen. “A comprehen-

sive survey on source-free domain adaptation”. In: IEEE Transactions on Pattern

Analysis and Machine Intelligence (2024).

[15] Song Tang, Yuji Shi, Zihao Song, Mao Ye, Changshui Zhang, and Jianwei Zhang.

“Progressive source-aware transformer for generalized source-free domain adapta-

tion”. In: IEEE Transactions on Multimedia 26 (2023), pp. 4138–4152.

[16] Youngeun Kim, Donghyeon Cho, and Sungeun Hong. “Towards privacy-preserving

domain adaptation”. In: IEEE Signal Processing Letters 27 (2020), pp. 1675–1679.

[17] Xinyang Huang, Chuang Zhu, Bowen Zhang, and Shanghang Zhang. “Learning from

Di!erent Samples: A Source-free Framework for Semi-supervised Domain Adapta-

tion”. In: arXiv preprint arXiv:2411.06665 (2024).

66 Bibliography



[18] Christian Koch, Kristina Georgieva, Varun Kasireddy, Burcu Akinci, and Paul

Fieguth. “A review on computer vision based defect detection and condition as-

sessment of concrete and asphalt civil infrastructure”. In: Advanced engineering

informatics 29.2 (2015), pp. 196–210.

[19] Xincong Yang, Heng Li, Yantao Yu, Xiaochun Luo, Ting Huang, and Xu Yang.

“Automatic pixel-level crack detection and measurement using fully convolutional

network”. In: Computer-Aided Civil and Infrastructure Engineering 33.12 (2018),

pp. 1090–1109.

[20] Qi Yuan, Yufeng Shi, and Mingyue Li. “A review of computer vision-based crack

detection methods in civil infrastructure: Progress and challenges”. In: Remote

Sensing 16.16 (2024), p. 2910.

[21] Qiyuan An, Ruijiang Li, Lin Gu, Hao Zhang, Qingyu Chen, Zhiyong Lu, Fei Wang,

and Yingying Zhu. “A privacy-preserving unsupervised domain adaptation frame-

work for clinical text analysis”. In: arXiv preprint arXiv:2201.07317 (2022).

[22] Bruno Oliveira Santos, Jónatas Valença, João P Costeira, and Eduardo Julio. “Do-

main adversarial training for classification of cracking in images of concrete sur-

faces”. In: AI in Civil Engineering 1.1 (2022), p. 8.

[23] Shamendra Egodawela, Amirali Khodadadian Gostar, HAD Samith Buddika, AJ

Dammika, Nalin Harischandra, Satheeskumar Navaratnam, and Mojtaba Mah-

moodian. “A deep learning approach for surface crack classification and segmen-

tation in unmanned aerial vehicle assisted infrastructure inspections”. In: Sensors

24.6 (2024), p. 1936.

[24] Mohammad R Jahanshahi, Sami F Masri, Curtis W Padgett, and Gaurav S Sukhatme.

“An innovative methodology for detection and quantification of cracks through in-

corporation of depth perception”. In: Machine vision and applications 24 (2013),

pp. 227–241.

[25] Hyunjun Kim, Eunjong Ahn, Myoungsu Shin, and Sung-Han Sim. “Crack and

noncrack classification from concrete surface images using machine learning”. In:

Structural Health Monitoring 18.3 (2019), pp. 725–738.

Bibliography 67



[26] NTS Board. “Collapse of I-35W Highway Bridge Minneapolis”. In: Minnesota Au-

gust 1 (2007).

[27] Samir Mustapha, Ali Braytee, and Lin Ye. “Multisource data fusion for classifi-

cation of surface cracks in steel pipes”. In: Journal of Nondestructive Evaluation,

Diagnostics and Prognostics of Engineering Systems 1.2 (2018), pp. 021007–021007.

[28] R Zaurin and FN Catbas. “Integration of computer imaging and sensor data for

structural health monitoring of bridges”. In: Smart Materials and Structures 19.1

(2009), p. 015019.

[29] Nana Li, Xiangdan Hou, Xinyu Yang, and Yongfeng Dong. “Automation recognition

of pavement surface distress based on support vector machine”. In: 2009 Second

International Conference on Intelligent Networks and Intelligent Systems. IEEE.

2009, pp. 346–349.

[30] Mohamed S Kaseko and Stephen G Ritchie. “A neural network-based methodology

for pavement crack detection and classification”. In: Transportation Research Part

C: Emerging Technologies 1.4 (1993), pp. 275–291.

[31] Yong Shi, Limeng Cui, Zhiquan Qi, Fan Meng, and Zhensong Chen. “Automatic

road crack detection using random structured forests”. In: IEEE Transactions on

Intelligent Transportation Systems 17.12 (2016), pp. 3434–3445.

[32] Lei Zhang, Fan Yang, Yimin Daniel Zhang, and Ying Julie Zhu. “Road crack detec-

tion using deep convolutional neural network”. In: 2016 IEEE international con-

ference on image processing (ICIP). IEEE. 2016, pp. 3708–3712.

[33] Young-Jin Cha, Wooram Choi, and Oral Büyüköztürk. “Deep learning-based crack
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