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Abstract. To address the issues in current crack detection from road images—
such as inaccurate identification of long cracks, misdetection and missed detec-
tion of cracks in complex environments, and splitting of a single crack into mul-
tiple segments — this paper proposes an improved YOLOv8 algorithm
(YOLOv8s-CAACA) incorporating context-based adaptive confidence adjust-
ment and crack clustering-merging. The proposed method first integrates a con-
text-based adaptive confidence adjustment module into the YOLOv8s algorithm, 
enabling the model to more accurately identify road cracks and reduce isolated 
false detections caused by road potholes, protrusions, or similar conditions. Sec-
ondly, a crack clustering module is added to merge cracks within a certain thresh-
old into a single instance, allowing the model to directly recognize entire long 
cracks without splitting them into fragmented segments that render detection re-
sults unreadable. In tests on a dataset of 5,000 images under simple environments, 
the optimized YOLOv8 model achieved a slight improvement in the evaluation. 
In tests under complex conditions, however, the optimized algorithm showed sig-
nificant enhancements and greatly improved the visibility of detection results. 
Experimental results demonstrate that YOLOv8s-CAACA achieves good accu-
racy in crack detection under complex environments. Meanwhile, the model 
maintains lightweight properties, indicating its application value and prospects in 
road maintenance and upkeep. 

Keywords: YOLOv8, Road Crack Detection, Context-aware Adaptive Confi-
dence Adjustment, Clustering-Based Merging. 

1 Introduction 

Road infrastructure constitutes the cornerstone of modern transportation, facilitating 
economic activities and daily commutes [1, 2, 3]. However, prolonged service and en-
vironmental stressors inevitably lead to pavement deterioration, with cracks being the 
most prevalent and critical defect [4]. Unaddressed cracks can escalate into potholes 
and structural failures, increasing maintenance costs by up to 80% and posing severe 
safety risks [5, 6, 7]. Traditional crack detection methods, such as manual inspection 
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and conventional image processing, suffer from inefficiency, subjectivity, and poor ro-
bustness under complex conditions, such as varying (illumination) and background
clutter [8]. 

The advent of deep learning has revolutionized automated crack detection, with sin-
gle-stage object detectors, such as the You Only Look Once (YOLO) series gaining 
prominence for their speed and accuracy [9, 10]. YOLOv3-based methods, such as 
crack-YOLOv3 conducted by Nie et al, have enhanced feature extraction through multi-
scale information fusion and attention mechanisms, improving detection precision in 
dense crack scenarios [11]. YOLOv8, meanwhile, has been optimized for lightweight 
deployment, with studies, such as proposing a streamlined YOLOv8n model that bal-
ances efficiency and performance, making it suitable for mobile inspection devices 
[12]. 

Despite these advancements, challenges persist. Complex pavement backgrounds, 
diverse crack morphologies, and the need for real-time processing remain unresolved 
[13]. For instance, small and irregular cracks are often misdetected due to insufficient 
feature representation [14]. To address this, recent studies have integrated innovative 
techniques: Yao et al fused dynamic snake convolution with YOLOv8 to better capture 
tubular crack structures [15]; Pei et al employed deep feature transfer and data augmen-
tation to mitigate domain shifts between diverse pavement datasets [16]; and semi-su-
pervised learning approaches, reduced reliance on large labeled datasets [17]. 

YOLOv11, the latest iteration, has further improved feature extraction with modules, 
such as C3k2 and C2PSA, enhancing adaptability to small targets and complex back-
grounds [18]. However, optimizing its performance for crack detection—particularly 
in balancing speed, accuracy, and computational efficiency—remains an active area of 
research [19]. 

This paper focuses on improving the YOLOv8 algorithm for road crack recognition, 
integrating features such as lightweight design, real-time performance, strong anti-
noise capability, and high visibility. It innovatively develops a context-based adaptive 
confidence adjustment module and a crack clustering algorithm. The innovative algo-
rithms in this paper are designed to be applied when using the YOLO algorithm to 
detect multiple targets of the same type in the same image. The model can adaptively 
adjust the confidence based on context content, significantly enhancing its ability to 
filter noise. Meanwhile, it clusters and merges adjacent detected targets to improve the 
visualization of detection results. After optimization in this paper, the YOLOv8 algo-
rithm can accurately identify various types of cracks, effectively filter environmental 
noise, and obtain recognition results that are convenient for road inspectors to observe. 

2 Dataset Source and Description 

The dataset used in this study contains 5,466 road crack images in JPG format (Figure 
1). Referring to the recommendations from pavement defect detection research, the 
complexity of real-world scenarios is constructed by integrating diverse environmental 
conditions. The images cover variations in illumination (strong sunlight, overcast, and 
low light), weather (dry, rainy, and snowy road surfaces), shooting angles (0°-60° 
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from the horizontal), and crack types (longitudinal, transverse, and irregular reticular 
cracks). This diversity ensures the robustness of the model in practical scenarios. 

Each image is individually annotated, with specific crack locations marked by rec-

 

tangular boxes in the images, as shown in Figure 2. These image annotations are con-
verted into TXT format that can be used for YOLO model training. The TXT format 
annotation files, as presented in Table 1, include class labels (crack) and normalized 
bounding box coordinates (x_center, y_center, width, height).  

Fig. 1. Original data image. (Picture credit: Original) 

 
Fig. 2. Annotation of Image Format. (Picture credit: Original) 

Table 1. Image annotation converted to txt formatt. 

Image1 0 , 0.5 , 0.51953125 , 0.990234375 , 0.333984375 
Image2 0 , 0.361328125 , 0.541015625 , 0.0654296875 , 0.916015625 

0 , 0.7021484375 , 0.568359375 , 0.591796875 , 0.1123046875 
Image 3 0 , 0.4990234375 , 0.630859375 , 0.998046875 , 0.412109375 
... ... 
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3 Introduction to Core Algorithms 

3.1 Overall Workflow and Model Structure of YOLOv8-CAACA 

First, the image is input into the model and undergoes basic detection by the YOLOv8 
model. It then enters the first core innovative algorithm, namely the context-based adap-
tive confidence adjustment module, which adjusts confidence to filter out noise. Next, 
it proceeds to the second core innovative algorithm, the crack clustering and merging 
algorithm, which is threshold to im-
prove the visibility ncluding adding 
crack labels and en nition is output. 
The overall workflo

 

 used to cluster and merge cracks within a certain 
of detection results. Finally, after post-processing (i
hancing display), the annotated image after recog
w is shown in Figure 3. 

Fig. 3. Overall algorithm flow chart of YOLOv8-CAACA. (Picture credit: Original) 

3.2 Context-Aware Adaptive Confidence Adjustment 

Traditional object detection models use a fixed confidence threshold across the entire 
image, which often leads to missed detections in low-contrast regions and false posi-
tives in noisy areas. To address this, this paper proposes a novel context-aware adaptive 
confidence adjustment mechanism that dynamically adjusts the confidence threshold 
based on local crack density. 

For each detected crack candidate, the algorithm calculates an adaptive confidence 
threshold using the following steps, first is Context Window Definition: A square win-
dow of size (W × W) pixels centered at the candidate crack is defined. The window 
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size W is a hyperparameter determined through empirical evaluation. Second is Crack 
Density Estimation: The number of crack candidates N within the context window is 
counted. This serves as a measure of local crack density. Third is Threshold Adjust-
ment: The confidence threshold (Tadpative) for the candidate is computed as: 

Tadaptive= { Tbase-ΔT, if N≥C
     Tbase+ΔT, otherwise (1) 

Where Tbase is the base confidence threshold,  is the adjustment magnitude,
and C is the crack density threshold. This formula ensures that in regions with high 
crack density (likely actual cracks), the threshold is lowered to detect subtle cracks, 
while in sparse regions (likely noise), the threshold is raised to reduce false positives. 
3.3 Clustering-Based Crack Merging 

Road cracks often appear as fragmented segments due to occlusion, shadowing, or
model limitations. To address this, we introduce a clustering-based crack merging al-
gorithm that groups adjacent crack segments into continuous cracks. 

The distance between two crack bounding boxes B1 and B2 is defined as: 

𝑑𝑑(𝐵𝐵1,𝐵𝐵2) = √(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑥𝑥(𝐵𝐵1) − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑥𝑥(𝐵𝐵2))2 + (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑦𝑦(𝐵𝐵1) − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑦𝑦(𝐵𝐵2))2 (2) 

Where centerx and centery denote the center coordinates of the bounding boxes. 
This paper uses a greedy clustering approach where each crack segment is assigned 

to the nearest cluster if its distance is within a predefined threshold D. 
3.4 YOLOv8 Detection Framework 

The YOLOv8 model is adopted for road crack detection, leveraging its advantages in 
real-time object detection; its architecture, as shown in Figure 4, consists of three core 
components: Backbone, which utilizes a CSPDarknet structure with C2f modules to 
extract multi-scale features, enhancing the capture of fine crack details (such as edges) 
and high-level semantic information (such as crack patterns) [12, 13]; Neck, which em-
ploys a Path Aggregation Network (PAN) for feature fusion, integrating low-level high-
resolution features with high-level semantic features to improve the detection capability 
for cracks of different sizes [12]; and Head, an anchor-free detection head that directly 
predicts bounding boxes and class probabilities, simplifying the process and improving 
efficiency compared to anchor-based methods. 
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Fig. 4. YOLOv8 architecture diagram (cited from reference [20]). 

4 Result and Discussion 

4.1 Experimental Process and Results 

To comprehensively assess the model’s performance, four key metrics were selected 
based on standard practices in road defect detection: Precision (P): The ratio of true 
positives (TP) to all detected instances (TP + false positives, FP), measuring the
model’s ability to avoid false alarms. Recall (R): The ratio of TP to all actual cracks 
(TP + false negatives, FN), reflecting the model’s capability to capture existing de-
fects.mAP@0.5: Mean average precision at an intersection-over-union (IoU) threshold 
of 0.5, a critical metric for evaluating detection accuracy in crack localization. 

For the experimental data foundation of the proposed model in this paper, 4000 road 
crack images similar to the dataset in this study were used. Each crack image contains 
at least 1 crack and at most 3 cracks. Although there are no independent annotations for 
individual cracks, statistical information on the number of cracks in each image is avail-
able. 

Regarding model selection, this paper tested a conventional CNN, three differently 
sized YOLOv8 models (YOLOv8n, YOLOv8s, and YOLOv8m), as well as a modified 
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YOLOv8 integrated with adaptive confidence adjustment and crack clustering algo-
rithms(YOLO v8n-CAACA, YOLO v8s-CAACA, and YOLO v8m-CAACA). The
CNN model was trained for 200 epochs, while the remaining models were trained for 
150 epochs. The Precision (P), Recall (R), and mAP@0.5 metrics of these algorithms 
are presented in Table 2. 

Table 2. Evaluation results of each model. 

Model Precision 
(P)/% 

Recall 
(R)/% 

mAP@0.5/% mAP@0.5:0.9/%  

CNN 52.7 61.3 41.4 22.3  

YOLOv8n 80.4 70.1 75.5 54.8  

YOLOv8s 81.1 80.9 76.2 59.7  

YOLOv8m 78.6 79.7 72.8 53.3  

YOLOv8n-
CAACA 

83.8 81.2 76.3 59.9  

YOLOv8s-
CAACA 

84.3 82.6 76.8 61.2  

YOLOv8m-
CAACA 

79.2 80.5 73.1 55.1  

As can be seen from Table 2, the performance metrics generally show an increasing 
trend with the rise in model complexity. However, a decline in metrics is observed when 
moving from YOLOv8s to YOLOv8m. The study attributes this phenomenon to the 
insufficient scale of the dataset used in the experiment, which limited the performance 
of the larger model. 

From another perspective, all YOLO models achieved improved metrics after inte-
grating the adaptive confidence adjustment and crack clustering algorithms. The re-
search suggests that the complexity of the initial test set was insufficient—for instance, 
all test samples were small images containing only cracks and asphalt pavement, which 
were overly simple for the models and failed to fully demonstrate the advantages of the 
core algorithms proposed in this paper, namely the adaptive confidence adjustment and 
crack clustering algorithms. 

To address this, the study conducted a second test using a more complex dataset 
consisting of real-world wide-view road images, which included lane markings, vege-
tation around the road, and soil environments. However, due to the small sample size 
of this supplementary dataset, no further quantitative analysis of metrics was per-
formed. Instead, the paper presents the direct visualization of the detection results. 

Since this model is designed for real-time road crack detection, it is necessary to 
balance model accuracy and inference speed. Therefore, the YOLOv8s model was ul-
timately selected as the final model, and all subsequent experimental data were gener-
ated using the YOLOv8s model. 
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For the adaptive confidence adjustment and crack clustering algorithms proposed in 
this paper, there are several key parameters as follows: Base confidence threshold: The 
initial confidence threshold of the model for cracks; a higher value results in stricter 
detection, while a lower value leads to more lenient detection. Context window size: A 
user-defined local region used to calculate the presence of other cracks in the surround-
ing area.Crack density threshold: The critical value for determining whether the current 
region is a crack-dense area.Confidence adjustment magnitude: The extent to which the 
threshold is lowered in dense regions and raised in sparse regions.Crack clustering 
range: Cracks within this range are grouped into one cluster. 

In this experiment, the base confidence threshold was set to 0.1, the context window 
size to 200 pixels, the crack density threshold to 4, the confidence adjustment magni-
tude ay of 
crack

 

to 0.2, and the crack clustering range to 50 pixels. Additionally, the displ
 regions was enhanced. 

Fig. 5. Detection results based on the YOLOv8s-CAACA. (Picture credit: Original) 
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Fig. 6. Detection results based on the original YOLOv8s algorithm. (Picture credit: Original) 

As shown in Figure 5 and Figure 6, Figure 5 presents the detection results of
YOLOv8s-CAACA, while Figure 6 shows the detection results of the conventional 
YOLOv8s algorithm. Four most representative complex road crack images were se-
lected, specifically: long cracks with multiple noises and interferences under a wide-
angle view, long cracks extending in different directions, a single crack with noises 
caused by road conditions such as surrounding stones and potholes, and indistinct road 
cracks captured by a driving recorder. 

It is evident that the cracks in Figure 5 are more distinguishable, with their contours 
perfectly marked. In complex environments, the adaptive confidence adjustment and 
crack clustering algorithms play a significant role in isolating noise to a large extent. 
Particularly for the third scenario involving a single crack mixed with potholes, the 
conventional YOLO model misidentified all surrounding potholes as cracks, rendering 
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the detection results completely unreadable. In contrast, YOLOv8s-CAACA can dis-
tinguish most potholes and ultimately outline the main contour of the crack. Figure 7 
shows the evaluation results of the two models on complex scenarios. 

Fig. 7. Evaluation results of the two models on complex scenarios. (Picture credit: 

4.2 Disscussion 

It can be seen from the detection results that the conventional YOLOv8s model
achieves very poor accuracy in detecting long cracks and in complex scenarios. For 
long cracks, the conventional YOLOv8s model tends to split them into multiple short 
cracks similar in length to those in the training set, resulting in a single crack being 
identified as a dozen or even dozens of short cracks. Meanwhile, due to the absence of 
a denoising algorithm in the model, it directly identifies many isolated potholes, stone 
protrusions, and other road conditions as cracks, which greatly reduces the accuracy 
and visibility of the detection results. 

In contrast, the improved YOLOv8s-CAACA algorithm in this paper achieves quite 
excellent accuracy in long crack detection. Thanks to the crack clustering algorithm, all 
long cracks within the preset range are merged into a single crack, which significantly 
enhances the visualization of crack detection. Additionally, with the adaptive confi-
dence adjustment, many isolated road protrusions, potholes, or stones can be accurately 
identified without being misclassified as cracks. 
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Fig. 8. Detection results of YOLOv8s-CAACA for multiple cracks in a small area. (Picture credit: 
Original) 

However, in cases where there are multiple cracks within a small area of the same 
image, the crack clustering algorithm tends to merge them into a single crack, which 
affects detection accuracy. For instance, in the three typical examples shown in Figure 
8—where there are either two parallel cracks or two perpendicularly intersecting cracks 
within a small range—all are identified as a single crack by the proposed YOLOv8s-
CAACA algorithm. 

Meanwhile, due to the presence of the adaptive confidence adjustment algorithm, 
when there are obvious dark-colored stones or large granular pavement around the
cracks, the model is prone to misidentifying these normal road conditions as cracks. 
Such issues are all exemplified in Figure 8. 

5 Conclusion 

Through this research, the context-based adaptive confidence adjustment algorithm can 
be extended to various detection tasks involving multiple identical targets in the same 
image, such as dense detection targets like lane lines. This algorithm can effectively 
filter various environmental noises while avoiding missed detections in high-density 
areas, improving the model’s recognition accuracy without requiring additional optimi-
zation during the model training phase, and meeting lightweight requirements. The 
crack clustering algorithm, essentially a greedy clustering strategy, can also be widely 
applied in image recognition, such as pollutant detection in environmental protection 
zones. This algorithm can merge multiple identified small targets into a single large 
target, effectively enhancing the visualization of image recognition results. 

This paper analyzes the application of the YOLOv8 algorithm in road crack detec-
tion and incorporates context-based adaptive confidence adjustment and crack cluster-
ing algorithms. Through these optimizations, the model has achieved significant im-
provements in detecting long cracks and cracks in complex environments, enhancing 
the accuracy and visibility of the model in practical applications. 
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