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Bridge cracks are critical indicators of structural deterioration and play an important role in 

ensuring the safety and reliability of bridge infrastructure. Early and accurate crack detection 

is essential for effective structural health monitoring (SHM). Traditional manual inspection 

methods are time-consuming, subjective, and inefficient for large-scale infrastructure 

systems. Although recent advances in deep learning have enabled automated crack 

detection, existing methods still face challenges in detecting thin cracks and achieving 

accurate localization under complex environmental conditions. To address these issues, this 

paper proposes YOLOv8-CEF, an efficient crack detection and fine-grained localization 

framework for real-time bridge inspection. The proposed approach incorporates a Crack-

aware Feature Extraction Module (CFEM) to enhance crack feature representation and a 

Topology Representation Module (TRM) to improve structural continuity modeling and 

localization accuracy. By integrating these modules into the YOLOv8 architecture, the 

proposed framework improves both detection accuracy and computational efficiency. 

Experimental results on public crack image datasets demonstrate that YOLOv8-CEF 

outperforms the baseline YOLOv8 model in terms of precision, recall, and mAP while 

maintaining real-time inference capability. The results indicate that the proposed method is 

a promising solution for automated crack inspection in bridge structural health monitoring 

applications. 
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1. INTRODUCTION

Bridges are critical components of modern transportation 

infrastructure and play an essential role in ensuring economic 

development and public safety. However, during long-term 

service, bridge structures are continuously exposed to various 

external factors such as traffic loads, environmental corrosion, 

temperature variations, and material aging. These factors can 

gradually lead to structural deterioration, including crack 

initiation, stiffness degradation, and component damage. 

Among these types of damage, surface cracks are often the 

earliest visible indicators of structural degradation and may 

propagate rapidly if not detected and repaired in time. 

Therefore, effective bridge structural health monitoring 

(SHM) techniques are essential for ensuring infrastructure 

safety and reducing maintenance costs [1-3]. 

Traditionally, bridge inspection is mainly performed 

through manual visual inspection conducted by trained 

engineers. Although this approach has been widely adopted in 

engineering practice, it suffers from several limitations, 

including high labor costs, subjective judgment, and limited 

inspection frequency. Moreover, manual inspection becomes 

increasingly challenging when dealing with large-scale bridge 

networks and hard-to-access structural components. To 

address these issues, researchers have explored automated 

inspection techniques using image processing and computer 

vision technologies for crack detection in concrete and steel 

bridge surfaces [4-6]. 

Early automated crack detection methods primarily relied 

on traditional image processing techniques such as edge 

detection, threshold segmentation, and morphological 

filtering. For example, Canny edge detection and Sobel 

operators were commonly used to extract crack boundaries 

from structural images. However, these methods are highly 

sensitive to environmental conditions such as illumination 

changes, shadows, surface textures, and noise, which often 

leads to false detections or missed cracks in real inspection 

scenarios. As a result, their robustness and generalization 

capability are limited in complex environments [7]. 

With the rapid development of deep learning and computer 

vision, convolutional neural networks (CNNs) have been 

widely applied to infrastructure inspection tasks, significantly 

improving crack detection accuracy. CNN-based approaches 

can automatically learn hierarchical features from raw images 

without requiring manual feature engineering. For instance, 

Cha et al. proposed a deep CNN-based method for automated 

crack detection in concrete structures, achieving higher 

accuracy compared with traditional image processing 
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techniques [8]. Similarly, Yeum and Dyke developed a vision-

based damage detection framework for bridge inspection using 

deep learning models [5]. More recently, researchers have 

introduced segmentation-based models such as U-Net and 

fully convolutional networks (FCNs) to achieve pixel-level 

crack localization, further improving detection precision [9]. 

In addition to classification and segmentation models, 

object detection frameworks have become increasingly 

popular for crack detection due to their ability to 

simultaneously perform localization and classification. 

Among these frameworks, the YOLO (You Only Look Once) 

series has gained significant attention because of its real-time 

detection capability and high accuracy. Recent YOLO 

versions, including YOLOv5, YOLOv7, and YOLOv8, have 

demonstrated excellent performance in various industrial 

inspection tasks. Several studies have applied YOLO-based 

models to detect cracks on bridge or pavement surfaces. For 

example, Dorafshan et al. compared deep convolutional neural 

networks with traditional edge detection methods for crack 

detection and demonstrated the advantages of deep learning 

approaches [10]. More recent studies have proposed improved 

YOLO architectures for crack detection by incorporating 

attention mechanisms, multi-scale feature fusion, and 

lightweight network designs [11-13]. 

Despite these advances, detecting bridge cracks remains a 

challenging task. Cracks usually appear as thin structures with 

irregular shapes and low contrast relative to surrounding 

surfaces. In addition, inspection images are often affected by 

complex environmental conditions such as shadows, uneven 

illumination, surface stains, and background textures. These 

factors may significantly degrade detection performance and 

lead to missed detections or false positives. Furthermore, 

many high-accuracy detection models rely on complex 

architectures that increase computational costs, making them 

less suitable for real-time bridge inspection systems. 

To address these challenges, this paper proposes YOLOv8-

CEF, an efficient crack detection framework designed for real-

time bridge SHM. The proposed method builds upon the 

YOLOv8 architecture and introduces three key components to 

improve crack detection performance. First, a Context 

Enhancement (CE) module is introduced to capture multi-

scale contextual information and improve the representation of 

subtle crack features. Second, an Edge-aware Feature Fusion 

(EF) mechanism is designed to enhance boundary information 

and preserve thin crack structures. Finally, a Fine-grained 

Localization (FL) strategy is incorporated into the detection 

head to improve crack localization accuracy. 

The main contributions of this paper are summarized as 

follows: 

(1) An efficient crack detection framework based on 

YOLOv8 is proposed for bridge SHM. The proposed 

YOLOv8-CEF architecture is designed to achieve accurate 

crack detection while maintaining real-time inference 

capability for large-scale infrastructure inspection. 

(2) A crack-aware feature extraction mechanism is 

introduced to enhance crack representation. The proposed 

Crack-aware Feature Extraction Module (CFEM) improves 

the ability of the network to capture subtle crack patterns and 

thin crack structures by strengthening multi-scale feature 

representation. 

(3) A Topology Representation Module (TRM) is designed 

to improve crack localization accuracy. The proposed TRM 

models structural continuity and enhances the detection of 

elongated crack patterns, enabling more precise crack 

localization. 

(4) Extensive experiments validate the effectiveness of the 

proposed method. Experimental results demonstrate that 

YOLOv8-CEF achieves superior performance compared with 

baseline YOLOv8 and other deep learning-based crack 

detection methods while maintaining real-time detection 

efficiency. 

 

 

2. RELATED WORK 

 

2.1 Structural health monitoring 

 

SHM aims to assess the safety, integrity, and service 

condition of civil infrastructure through continuous or periodic 

analysis of structural responses and damage-related indicators. 

Early SHM research mainly focused on vibration-based 

methodologies, where structural damage was inferred from 

variations in modal parameters, stiffness-related 

characteristics, and statistical features extracted from 

measured signals. Foundational studies established the general 

SHM paradigm and emphasized the importance of damage-

sensitive feature design, pattern recognition, and systematic 

decision-making frameworks for practical structural 

assessment [1-3]. 

With the continuous development of sensing technology, 

data acquisition systems, and computational methods, SHM 

has gradually evolved from traditional physics-driven analysis 

toward data-driven and intelligent monitoring. This evolution 

has created favorable conditions for introducing image-based 

inspection and deep learning into infrastructure diagnosis, 

especially for visible surface defects such as cracks, which are 

among the earliest and most intuitive indicators of structural 

deterioration. 

 

2.2 Vision-based structural damage detection 

 

To overcome the limitations of manual inspection and 

sparse sensor deployment, vision-based damage detection has 

become an important branch of modern SHM. Compared with 

vibration-based approaches, image-based inspection provides 

direct information about surface conditions and is more 

suitable for large-scale infrastructure such as bridges, 

pavements, and tunnels. Early studies demonstrated the 

feasibility of automatic visual inspection for civil 

infrastructure and showed that computer vision could 

significantly improve inspection efficiency in practical 

engineering scenarios [4, 5]. 

However, traditional vision-based damage detection 

methods still relied heavily on handcrafted features and 

manually designed image-processing pipelines. Their 

performance was often sensitive to complex backgrounds, 

illumination changes, shadows, stains, and surface texture 

interference, which limited robustness in real-world bridge 

inspection. These limitations motivated the transition from 

conventional image-processing techniques to deep learning-

based crack detection methods. 

 

2.3 Deep learning-based crack detection 

 

With the rapid development of deep learning, crack 

detection performance has been substantially improved by 

learning robust feature representations directly from raw 

images. CNN-based approaches have shown clear advantages 
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over traditional handcrafted pipelines in handling complex 

scenes and noisy inspection conditions. Existing studies 

demonstrated that deep convolutional models can effectively 

capture crack-related patterns and improve detection accuracy 

for concrete and road-surface damage [6-8]. 

At the same time, segmentation-oriented architectures 

further advanced crack detection from image-level recognition 

to pixel-level localization. U-Net provided a representative 

encoder–decoder framework for dense prediction tasks and 

has inspired a large number of crack segmentation models [9]. 

In addition, comparative studies between deep convolutional 

neural networks and classical edge detectors further confirmed 

the superiority of deep learning in detecting irregular and low-

contrast cracks in concrete structures [10]. These studies 

collectively established deep learning as a mainstream solution 

for crack identification and fine-grained localization. 

 

2.4 Recent advances in YOLO-based crack detection 

 

After the initial success of CNN-based crack detection, 

subsequent work focused on improving representation 

capability for thin, discontinuous, and low-contrast cracks. 

Recent studies proposed improved YOLOv8-based detectors 

for concrete, bridge, and pavement cracks, showing that 

stronger feature extraction and fusion strategies can 

significantly reduce missed detections and false positives in 

complex inspection environments [11-13]. 

Beyond object detection, more specialized deep models 

were also introduced for crack representation and 

segmentation. DeepCrack demonstrated that hierarchical 

convolutional features are effective for detecting crack 

structures with complex morphology [14]. Feature pyramid 

and hierarchical boosting strategies further improved multi-

scale crack perception, especially for pavement cracks with 

varying widths and discontinuities [15]. In addition, deep-

learning-based road damage detection using smartphone 

images broadened the practical data acquisition setting and 

promoted the development of deployable crack inspection 

systems [16]. 

For more precise pixel-level analysis, a series of 

segmentation-oriented methods were proposed. Automated 

pavement crack detection on 3D asphalt surfaces showed the 

value of deep networks in complex geometric scenarios [17]. 

U-Net-based concrete crack detection frameworks improved 

dense prediction performance for surface defects [18], while 

encoder–decoder models further enhanced pixel-level road 

crack extraction in challenging black-box image conditions 

[19]. These studies indicate that advanced deep models have 

substantially improved both the semantic representation and 

spatial localization ability of crack detection systems. 
 

2.5 Limitations of existing methods 
 

While many previous studies focused on generic crack 

detection accuracy, more recent work increasingly 

emphasized bridge-oriented applications, crack evaluation, 

and deployment in realistic inspection settings. For example, 

crack detection frameworks based on convolutional neural 

networks have demonstrated that automated methods can 

support not only crack identification but also crack length 

measurement, which is important for engineering assessment 

and maintenance decision-making [20]. In bridge-specific 

scenarios, Faster R-CNN-based approaches have been 

introduced to enhance crack detection capability on bridge 

surfaces and bridge bottoms, showing the effectiveness of 

region-based detection frameworks for infrastructure 

inspection tasks [21]. In addition, convolutional-neural-

network-based bridge crack detection methods further 

confirmed the applicability of learned visual features to 

practical bridge assessment problems [22]. 

At a broader level, the development of crack detection has 

also been closely linked to the progress of infrastructure 

inspection platforms and system integration. A comprehensive 

review of computer vision-based civil infrastructure 

inspection and monitoring summarized the evolution of visual 

sensing, data processing, and automated damage analysis, 

highlighting the importance of robustness, scalability, and 

engineering adaptability in practical deployment [23]. 

Moreover, UAV-based structural inspection frameworks 

combined deep learning with autonomous data acquisition, 

demonstrating the potential of integrating intelligent detection 

algorithms with mobile inspection platforms for large-scale 

SHM applications [24]. 

Despite these advances, several challenges remain 

unresolved. First, bridge cracks usually exhibit thin, 

elongated, and irregular morphologies, making them difficult 

to distinguish from background textures, stains, and joints. 

Second, inspection images are often captured under complex 

environmental conditions, such as uneven illumination, 

shadows, blur, and weathering, which may significantly 

degrade model generalization. Third, many high-performance 

methods still require a careful balance between accuracy and 

computational efficiency, especially for real-time or edge-side 

inspection systems. Therefore, developing an efficient and 

robust crack detection framework for bridge SHM remains a 

meaningful and necessary research direction. 

 

 
3. METHOD 

 

Crack detection in pavement and concrete structures is 

challenging due to the thin geometry, irregular shapes, and 

complex background interference. Conventional detection 

networks mainly rely on texture information and often fail to 

capture the structural topology of cracks, which plays a critical 

role in identifying elongated and connected crack patterns. To 

address this limitation, we propose a Topology-Aware Crack 

Detection Network (TACDNet). As illustrated in Figure 1, the 

proposed framework consists of three main modules: (1): 

CFEM (2): Topology-aware Crack Representation Module 

(TCRM) (3): Attention-guided Detection Head (ADH). 

The CFEM extracts multi-scale crack-aware features from 

the input image using a YOLOv8 backbone while enhancing 

crack edge structures. The extracted features are then 

processed by the TCRM, which models the structural topology 

of cracks through feature pyramid aggregation and graph-

based structural reasoning. Finally, the ADH predicts crack 

bounding boxes and classification scores based on the 

enhanced topology-aware features. 

Given an input image 𝐼 , the detection process can be 

formulated as 

 

𝑃 = 𝑓𝑎𝑑ℎ(𝑓𝑡𝑐𝑟𝑚(𝑓𝑐𝑓𝑒𝑚(𝐼))) 

 

where, 𝑓𝑐𝑓𝑒𝑚, 𝑓𝑡𝑐𝑟𝑚, and 𝑓𝑎𝑑ℎ denote the CFEM, TCRM, and 

ADH modules respectively, and 𝑃represents the final crack 

detection results. 
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Figure 1. Method workflow 

 

3.1 Crack-aware Feature Extraction Module (CFEM) 

 

The CFEM aims to extract hierarchical visual 

representations while explicitly emphasizing crack boundary 

information. Since cracks usually appear as thin and elongated 

structures with subtle intensity differences from the 

background, it is crucial to preserve fine-grained spatial details 

while maintaining sufficient semantic context. To achieve this 

goal, CFEM integrates a YOLOv8 backbone with an edge-

enhancement mechanism and residual feature fusion. 

 

3.1.1 YOLOv8 backbone 

To capture hierarchical visual features at different spatial 

resolutions, we adopt YOLOv8 with a CSPDarknet backbone 

as the feature extractor. Given an input image 

 

𝐼 ∈ ℝ𝐻×𝑊×3 

 

The backbone network extracts a set of multi-scale feature 

maps. 

 

𝐹 = {𝐹1, 𝐹2, 𝐹3, 𝐹4} 

 

where, 𝐹𝑖  denotes the feature map at the 𝑖-th pyramid level 

corresponding to spatial scales 𝑃1 –𝑃4 . These hierarchical 

features provide complementary information for crack 

detection. 

Specifically, shallow layers with high spatial resolution 

mainly preserve fine-grained texture and edge information, 

which are essential for detecting thin crack boundaries. 

Intermediate layers capture local crack patterns and segment 

structures, allowing the network to model the continuity of 

crack regions. Deeper layers encode high-level semantic 

information and global contextual cues, which help distinguish 

cracks from complex backgrounds such as pavement textures 

and shadows. 

By combining these hierarchical features, the backbone 

produces multi-scale feature representations that enable the 

network to detect cracks with varying widths, orientations, and 

structural patterns. 

 

3.1.2 Edge enhancement 

Although deep convolutional networks can learn 

discriminative visual features, they often focus more on 

texture patterns than structural boundaries. As a result, thin 

crack edges may be weakened during feature extraction. To 

address this issue, CFEM introduces an edge enhancement 

operation that explicitly highlights crack boundaries. 

Given a feature map 𝐹, the enhanced feature representation 

is defined as: 

 

𝐹𝑒 = Conv(𝐹) + ∇𝑥𝐹 + ∇𝑦𝐹, 

 

where, ∇𝑥𝐹  and ∇𝑦𝐹  represent the horizontal and vertical 

gradients of the feature map, respectively. These gradient 

operators emphasize spatial intensity variations and 

effectively highlight crack contours. 

By integrating gradient information with convolutional 

features, the edge enhancement operation strengthens the 

structural representation of cracks while suppressing 

background noise. 

 

3.1.3 Residual feature fusion 

To maintain the original semantic information while 

enhancing crack structures, the edge-enhanced feature is fused 

with the original feature using a residual connection. The fused 

feature representation is expressed as 

 

𝐹𝑐𝑓𝑒𝑚 = 𝐹 + 𝐹𝑒 . 

 

This residual fusion strategy preserves the original 

contextual representation while incorporating enhanced edge 

information. Consequently, the network can maintain global 

semantic consistency while improving its sensitivity to thin 

crack boundaries. 

The resulting crack-aware feature maps 𝐹𝑐𝑓𝑒𝑚  are 

subsequently fed into the Topology-aware Crack 

Representation Module (TCRM) for further structural 

reasoning and topology modeling. 
 

3.2 Topology-aware Crack Representation Module 

(TCRM) 
 

While CFEM extracts visual features, it does not explicitly 

model the structural topology of cracks. However, cracks 

typically form connected patterns with branching structures. 

To address this issue, we propose the Topology-aware 

Crack Representation Module (TCRM), which enhances crack 

features through topology aggregation and graph-based 

reasoning.
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3.2.1 Topology aggregation 

The first step of TCRM is feature aggregation through 

convolutional transformations. 

Given crack-aware feature maps 𝐹𝑐𝑓𝑒𝑚 , topology 

aggregation is performed using a sequence of convolutional 

layers: 

 

𝐹𝑎𝑔𝑔 = BN(ReLU(Conv(𝐹𝑐𝑓𝑒𝑚))) 

 

This operation enhances structural consistency and 

produces fused feature representations 

 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 

 

3.2.2 Feature pyramid representation 

To capture crack structures at different scales, we construct 

a feature pyramid representation. 

The pyramid representation integrates features from 

different resolutions: 

 

𝐹𝑝𝑦𝑟𝑎𝑚𝑖𝑑 = ∑ 𝑤𝑖

4

𝑖=1

𝐹𝑖 

 

where, 𝑤𝑖  denotes learnable fusion weights. 

This pyramid structure enables the network to capture both 

local crack details and global structural patterns. 

 

3.2.3 Graph aggregation 

To explicitly model crack topology, we introduce graph-

based aggregation. 

Based on the fused feature map 𝐹𝑓𝑢𝑠𝑖𝑜𝑛 , we construct a 

graph representation 

 

𝐺 = (𝑉, 𝐸) 

 

where, 

• 𝑉 denotes crack keypoints 

• 𝐸  represents connectivity relationships between 

crack segments 

Graph aggregation updates node features through message 

passing: 

 

ℎ
𝑖

(𝑙+1)
= 𝜎 ( ∑ 𝑊(𝑙)

𝑗∈𝒩(𝑖)

ℎ𝑗
(𝑙)

) 

 

where, 

 𝑧𝒩(𝑖) denotes the neighborhood of node 𝑖 

 𝑊(𝑙) is a learnable weight matrix 

 𝜎is a nonlinear activation function 

This process enables the model to capture long-range 

structural dependencies of cracks. 

The final topology-aware representation is 

 

𝐹𝑡𝑐𝑟𝑚 

 

Which encodes both appearance and structural topology. 

 

3.3 Attention-guided Detection Head (ADH) 

 

After obtaining the topology-enhanced feature 

representation from the TCRM module, the features are 

forwarded to the Attention-guided Detection Head (ADH) for 

crack localization and classification. The ADH integrates 

topology-aware features with the detection framework to 

produce accurate crack predictions. 

The detection head follows the general architecture of 

YOLO-based detectors, consisting of multiple prediction 

branches responsible for bounding box regression, objectness 

estimation, and classification. In addition, an attention 

mechanism is introduced to guide the network to focus on 

structurally meaningful crack regions. 

 

3.3.1 Feature transformation 

Given the topology-aware feature representation 𝐹𝑡𝑐𝑟𝑚, the 

detection head first applies convolutional transformations to 

further refine the feature representation: 

 

𝐹𝑑 = Conv(𝐹𝑡𝑐𝑟𝑚), 
 

where the convolution operation integrates spatial and 

semantic information for subsequent prediction tasks. 

 

3.3.2 Bounding box regression 

The first prediction branch is responsible for estimating the 

spatial location of cracks. For each candidate region, the 

network predicts a bounding box defined by its center 

coordinates, width, and height: 

 

𝐵 = (𝑥, 𝑦, 𝑤, ℎ) 

 

The bounding box parameters are predicted from the 

detection feature map 𝐹𝑑: 

 

𝐵 = 𝑓𝑏𝑜𝑥(𝐹𝑑) 

 

This branch allows the network to localize crack regions 

within the input image. 

 

3.3.3 Objectness prediction 

The second branch predicts the objectness score, which 

indicates whether a predicted bounding box corresponds to a 

crack instance. 

The objectness score is defined as 

 

𝑂 = 𝑓𝑜𝑏𝑗(𝐹𝑑) 

 

where, 𝑂 ∈ [0,1] represents the confidence that a crack object 

exists within the predicted region. 

This branch helps suppress background regions and reduces 

false detections caused by complex pavement textures. 

 

3.3.4 Crack classification 

The final branch predicts the class probability of the 

detected object. Since the task focuses on crack detection, the 

classifier distinguishes between crack and background 

categories. 

The classification output is computed as: 

 

𝐶 = 𝑓𝑐𝑙𝑠(𝐹𝑑) 

 

where, 𝐶 denotes the predicted crack category probability. 

 

3.3.5 Attention guidance 

To improve the detection accuracy, the ADH introduces an 

attention mechanism that emphasizes crack-relevant regions 
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while suppressing background interference. 

Given the topology-aware features 𝐹𝑡𝑐𝑟𝑚 , the attention-

enhanced representation is defined as: 

 

𝐹𝑎 = Attention(𝐹𝑡𝑐𝑟𝑚), 
 

where the attention function adaptively reweights spatial 

features according to their importance. 

By incorporating attention guidance, the detection head 

focuses on crack structures with strong topology cues, which 

improves the robustness of crack localization under complex 

backgrounds. 

3.3.6 Detection output 

The final prediction output of the detection head is defined 

as: 

 

𝑃 = {𝐵, 𝑂, 𝐶} 

 

where, 

• 𝐵denotes the predicted bounding box parameters, 

• 𝑂represents the objectness score, 

• 𝐶denotes the crack classification probability. 

These predictions are then processed by non-maximum 

suppression (NMS) to remove redundant bounding boxes and 

obtain the final crack detection results. 

 

3.4 Loss function 

 

The network is trained using a combination of bounding box 

regression loss, objectness loss, and classification loss. 

The overall loss is defined as: 

 

𝐿 = 𝐿𝑏𝑜𝑥 + 𝐿𝑜𝑏𝑗 + 𝐿𝑐𝑙𝑠 

 

where, 

Bounding box regression loss: 

 

𝐿𝑏𝑜𝑥 = 1 − 𝐼𝑜𝑈 

 

Objectness loss: 

 

𝐿𝑜𝑏𝑗 = −𝑦log (𝑝) − (1 − 𝑦)log (1 − 𝑝) 

 

Classification loss: 

 

𝐿𝑐𝑙𝑠 = −∑𝑦𝑖log (𝑝𝑖) 

 

The combined loss function ensures accurate crack 

localization and classification. 

 

 

4. RESULTS AND ANALYSIS 

 

4.1 Experimental setup 

 

4.1.1 Dataset 

To evaluate the effectiveness of the proposed crack 

detection framework, experiments are conducted on the 

SDNET2018 concrete crack dataset, which is one of the most 

widely used benchmark datasets for automated crack analysis 

in civil infrastructure inspection. 

The SDNET2018 dataset contains more than 56,000 high-

resolution images collected from three types of concrete 

structures, including bridge decks, pavements, and walls. 

These images exhibit significant variations in surface texture, 

lighting conditions, and crack patterns, which makes the 

dataset suitable for evaluating the robustness of crack 

detection algorithms. 

Each image has a resolution of 256×256 pixels and is 

categorized into cracked and non-cracked classes. Although 

SDNET2018 was originally constructed for classification 

tasks, recent studies have demonstrated that it can be adapted 

for object detection tasks by annotating crack regions with 

bounding boxes. Following this common practice, crack 

regions in the dataset were manually annotated to construct a 

detection benchmark. 

After annotation, the dataset was divided into three subsets: 

Training set: 70% 

Validation set: 20% 

Test set: 10% 

To ensure consistent input size for the detection network, all 

images were resized to 640×640 pixels during training and 

testing. 

Data augmentation strategies were applied to improve the 

generalization capability of the model, including: 

random horizontal and vertical flipping 

mosaic augmentation 

random scaling 

brightness and contrast adjustments 

These augmentations help simulate real-world inspection 

scenarios where cracks may appear under different 

environmental conditions. 

 

4.1.2 Evaluation metrics 

The performance of crack detection algorithms is evaluated 

using widely adopted object detection metrics, including 

Precision, Recall, F1-score, and Mean Average Precision 

(mAP). 

Precision measures the proportion of correctly detected 

crack regions among all predicted crack regions: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Recall measures the proportion of correctly detected crack 

regions among all ground-truth crack instances: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

The F1-score provides a balanced measure between 

Precision and Recall: 

 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

To provide a comprehensive evaluation of detection 

accuracy, two mAP metrics are reported: 

mAP@0.5, calculated at an Intersection-over-Union (IoU) 

threshold of 0.5 

mAP@0.5:0.95, which averages mAP across IoU 

thresholds from 0.5 to 0.95 with a step size of 0.05 

These metrics provide a comprehensive evaluation of 

detection accuracy under different localization strictness 

levels.
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4.1.3 Implementation details 

The proposed model was implemented using the PyTorch 

deep learning framework. All experiments were conducted on 

a workstation equipped with an NVIDIA RTX 4090 GPU. 

The backbone network is based on YOLOv8, which 

provides strong real-time detection capability and multi-scale 

feature extraction. 

The main training settings are summarized as follows: 

Batch size: 16 

Initial learning rate: 0.01 

Optimizer: stochastic gradient descent (SGD) 

Momentum: 0.937 

Weight decay: 0.0005 

Training epochs: 200 

During training, the learning rate is gradually decayed using 

a cosine annealing schedule to stabilize optimization. 

 

4.2 Crack detection results on the SDNET2018 dataset 

 

Table 1 summarizes the performance comparison of 

different detection methods on the SDNET2018 dataset. As 

shown in the table, traditional two-stage detection models such 

as Faster R-CNN exhibit relatively limited performance when 

dealing with thin crack structures and complex concrete 

surface textures. The accuracy and F1-score of Faster R-CNN 

are 0.835 and 0.802 respectively, indicating that the region 

proposal mechanism may fail to capture fine crack features. 

 

Table 1. Performance comparison of different methods on 

the SDNET2018 crack detection task 

 
Method Precision Recall F1-score mAP@0.5 

Faster R-CNN 0.821 0.784 0.802 0.835 
RetinaNet 0.834 0.802 0.817 0.856 
YOLOv5 0.881 0.864 0.872 0.891 

YOLOv7 0.890 0.875 0.882 0.903 

YOLOv8 0.902 0.881 0.891 0.912 

Proposed 

YOLOv8-

CEF (ours) 

0.921 0.897 0.909 0.936 

 

Compared with traditional detection frameworks, YOLO-

based models demonstrate significantly improved detection 

performance due to their efficient multi-scale feature 

extraction mechanisms. Among the baseline models, YOLOv8 

achieves the best performance with a mAP of 0.912 and an F1-

score of 0.891. 

On this basis, the YOLOv8-CEF method proposed in this 

paper achieves the best performance across all evaluation 

metrics, with a precision of 0.921, recall of 0.897, F1-score of 

0.909, and mAP@0.5 of 0.936. Compared with the YOLOv8 

baseline, the proposed method improves the detection 

accuracy by approximately 2.4% in mAP. 

It should be emphasized that this improvement is not 

achieved simply by increasing network depth or model 

complexity. Instead, the improvement mainly comes from the 

CFEM and topology representation mechanism, which help 

the network focus on crack edge structures and improve the 

representation of crack continuity patterns. 

Figure 2 visualizes the mAP@0.5 comparison among 

different detection methods. It shows that the proposed 

YOLOv8-CEF consistently outperforms existing models, 

highlighting the effectiveness of crack-aware feature 

extraction and topology modeling. 

 
 

Figure 2. Further visualizes the mAP@0.5 comparison 

among different methods 

 

4.3 Cross-condition generalization performance analysis 

 

To further evaluate the generalization capability of the 

proposed method under varying environmental conditions, 

cross-condition detection experiments were conducted. In 

practical infrastructure inspection scenarios, crack images 

may be captured under different illumination conditions, 

camera viewpoints, and surface textures, leading to 

distribution shifts between training and testing data. 

In this experiment, the model was trained on crack images 

captured under normal lighting conditions and tested on 

images with significantly different illumination and surface 

textures. 

Table 2 presents the performance comparison of different 

methods under cross-condition testing. 

 

Table 2. Cross-condition crack detection performance 

comparison 
 

Method Precision Recall 
F1-

score 
Performance 

Drop 
YOLOv5 0.812 0.798 0.805 −9.6% 
YOLOv8 0.867 0.845 0.856 −6.1% 
YOLOv8-

CEF 

(ours) 

0.903 0.882 0.892 −3.4% 

 
It can be observed that when there is a significant 

distribution shift between training and testing conditions, 

conventional deep learning models experience a noticeable 

performance drop. For example, the F1-score of YOLOv5 

decreases to 0.805, with a performance degradation of nearly 

10%. 

The YOLOv8 baseline shows better robustness due to its 

improved feature pyramid structure, but its performance still 

decreases by approximately 6.1%. 

In contrast, the proposed YOLOv8-CEF model maintains 

significantly higher detection accuracy under cross-condition 

testing, with an F1-score of 0.892 and a performance drop of 

only 3.4%. 

This result demonstrates that the crack-aware feature 

extraction strategy can effectively suppress background 

interference caused by environmental variations and improve 

the model's generalization ability. 

Figure 3 illustrates the cross-condition performance of 

different models under varying illumination and texture 

conditions. The proposed YOLOv8-CEF maintains more 
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stable F1-scores as the testing conditions deviate from the 

training distribution. 

 

 
 

Figure 3. Metrics of YOLOv8 vs. proposed method 

 

4.4 Crack localization capability analysis 

 

In addition to overall detection performance, this study 

further evaluates the crack localization capability of the 

proposed model. Accurate localization of crack regions is 

crucial for practical infrastructure inspection tasks, as it 

provides engineers with detailed information about crack 

positions and spatial distributions. 

Table 3 summarizes the overall localization performance of 

the proposed method. 

 

Table 3. Overall crack localization performance 

 
Metric Value 

Precision 0.942 
Recall 0.938 

F1-score 0.940 

mAP@0.5 0.936 

 

The results indicate that the proposed YOLOv8-CEF model 

achieves high localization accuracy while maintaining stable 

detection performance. 

For cracks with clear structural boundaries and significant 

contrast, the model achieves nearly perfect localization 

performance. In particular, for long and continuous cracks, the 

topology-aware feature representation helps the detector 

produce more accurate bounding boxes. 

However, localization performance for extremely thin 

cracks or cracks with low contrast remains slightly lower. This 

phenomenon mainly arises from the visual similarity between 

fine cracks and background concrete textures. 

Table 4 summarizes the ablation experiment results for 

different combinations of the proposed modules: Temporal 

modeling, Graph-based topology aggregation, and Causal 

invariance constraints. Checkmarks (✓) indicate that the 

module is enabled, while crosses (✗) indicate it is disabled. 

The table shows that enabling all three modules achieves the 

highest Accuracy and F1-Score, confirming that each module 

contributes positively to performance. 

Further analysis shows that causal invariance constraints 

play a key role in improving cross-condition performance, 

while graph structure modeling significantly enhances the 

model's ability to characterize the spatial distribution of 

damage. When all three modules are enabled, the model 

achieves the best balance between discriminative performance 

and generalization ability, validating the complementarity of 

the modules in the CISRL framework. 

 

Table 4. Ablation experiment results for modules 

 
Temporal Graph Invariance Accuracy F1-score 

✓ ✓ ✗ 0.949 0.949 

✓ ✗ ✓ 0.917 0.919 

✗ ✓ ✓ 0.904 0.907 

✓ ✓ ✓ 0.964 0.965 

 

4.5 Ablation experiment analysis 

 

To investigate the contribution of each module in the 

proposed framework, ablation experiments were conducted. 

The experiments analyze the effectiveness of the following 

components: 

 Crack-aware Feature Extraction Module (CFEM) 

 Topology Representation Module (TRM) 

Table 5 presents the results of the ablation experiments. 

 

Table 5. Ablation experiment results 

 
CFEM TRM Precision Recall F1-score mAP@0.5 

✗ ✗ 0.902 0.881 0.891 0.912 

✓ ✗ 0.910 0.888 0.899 0.923 

✗ ✓ 0.914 0.891 0.902 0.928 

✓ ✓ 0.921 0.897 0.909 0.936 

 

The results show that introducing the CFEM module 

improves the mAP from 0.912 to 0.923, demonstrating that 

edge-enhanced feature extraction can help the model capture 

crack boundaries more effectively. 

The TRM module further improves the detection 

performance by modeling crack topology structures. 

When both modules are integrated into the detection 

framework, the model achieves the best performance across all 

evaluation metrics. 

Figure 4 illustrates the performance improvement across 

different ablation configurations. 

 

 
 

Figure 4. Ablation curve 

 

4.6 Robustness analysis 

 

To evaluate the robustness of the proposed method under 

noisy environments, additional experiments were conducted 
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by introducing Gaussian noise with different signal-to-noise 

ratio (SNR) levels. 

Table 6 presents the F1-score comparison between 

YOLOv8 and the proposed YOLOv8-CEF under different 

noise conditions. 

 

Table 6. F1-score under different noise levels 

 
SNR (dB) YOLOv8 YOLOv8-CEF 

20 0.904 0.920 
10 0.883 0.901 

5 0.861 0.885 

 

As the noise level increases, the performance of all methods 

decreases to varying degrees. However, the proposed 

YOLOv8-CEF model consistently maintains higher detection 

accuracy. 

For example, at an SNR of 5 dB, the F1-score of YOLOv8 

decreases to 0.861, while the proposed method still achieves 

0.885. 

This result indicates that the crack-aware feature extraction 

mechanism improves the model's robustness to noise 

disturbances and enhances the stability of crack detection in 

complex environments. 

 

4.7 Visual comparison of detection results 

 

To further evaluate the effectiveness of the proposed 

method, qualitative comparisons between YOLOv8 Base and 

the proposed YOLOv8-CEF are presented in Figure 5. Each 

row shows an input image together with the detection results 

from the baseline model and the proposed method. 

 

 
 

Figure 5. Visual comparison of crack detection results between YOLOv8 Base and the proposed YOLOv8-CEF method 

 

As observed from the visualization results, the baseline 

detector can identify major crack regions but often produces 

coarse bounding boxes that include large background areas. In 

some cases, the detections are fragmented or fail to accurately 

follow the crack structure. In contrast, the proposed YOLOv8-

CEF model generates more compact and precise bounding 

boxes that better align with the crack geometry. 

In addition, the proposed method demonstrates improved 

robustness when detecting thin or irregular cracks. The 

predicted bounding boxes more consistently cover the 

complete crack regions while reducing redundant detections. 

These qualitative results further confirm that the proposed 

method enhances crack localization accuracy and structural 

consistency. 

 

 

5. DISCUSSION AND CONCLUSION 

 

This study proposes an enhanced crack detection 

framework, YOLOv8-CEF, to improve detection accuracy for 

surface crack inspection tasks. By strengthening crack-related 

feature representation, the proposed method improves the 

model's ability to capture thin, elongated, and low-contrast 

crack structures that are difficult to detect using conventional 

object detectors. 

Experimental results demonstrate that the proposed method 

consistently outperforms the baseline YOLOv8 model in both 

quantitative evaluation and qualitative visualization. As 

illustrated in Figure 5, the proposed YOLOv8-CEF produces 

more compact and accurate bounding boxes that better align 

with the crack geometry, while the baseline detector often 

generates coarse detections with larger background regions or 

fragmented predictions. These results indicate that the 

proposed enhancement effectively improves crack localization 

and structural consistency. 

Overall, the proposed YOLOv8-CEF framework provides a 

more reliable solution for crack detection in practical 

inspection scenarios. Future work will focus on extending the 

proposed approach to more complex defect types and 

improving real-time performance for large-scale structural 

monitoring applications. 
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