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Abstract.  This article proposes a method for detecting surface cracks in building concrete based on improved 
YOLOv8. By introducing deformable attention mechanism (DAttention) in the backbone network, the crack growth 
trend can be dynamically focused; Enhance multi-scale feature expression capability in neck design (Cross scale 
Feature Fusion Module, CCFM); Embedding Efficient Channel Attention (ECA) in the head to enhance the weight of 
key features; And replace the Complete Intersection over Union (CIoU) loss function with the Scale invariant 
Intersection over Union (SIoU) loss function to optimize the bounding box regression process. The experimental results 
show that our method achieved a detection accuracy of 88.4%, a recall rate of 95.2%, and an average precision mean 
(mAP) of 96.4% on a self built dataset, which is significantly improved compared to the benchmark YOLOv8 model. 
This method is capable of extracting crack features in a complete and continuous manner, effectively identifying subtle 
cracks and suppressing background interference, providing reliable technical support for the health assessment and 
safety risk prevention of building structures. 
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1. Introduction 

 
As the cornerstone of modern engineering construction, the structural integrity and durability of 

building concrete directly determine the safety and service life of the building. However, during 
long-term service, concrete structures are inevitably subjected to the coupling effects of multiple 
factors such as loads, material aging, temperature stress, and chemical erosion, leading to the 
generation and development of surface cracks [1-3]. These cracks are not just superficial defects, 
but also "warning signals" for the internal health status of the structure. They will significantly 
weaken the load-bearing capacity of the structure and provide entry paths for harmful media such 
as moisture and chloride ions, accelerating the corrosion of internal steel bars and the deterioration 
of concrete, ultimately posing a serious threat to the overall stability and safety of the structure [4-
5]. Therefore, timely and accurate detection of surface cracks in concrete has become an 
indispensable key link in the health monitoring and safety management of building structures. It is 
of great significance for preventing catastrophic accidents, formulating scientific maintenance 
strategies, and extending the service life of structures. 
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Traditional concrete crack detection mainly relies on manual visual inspection, which is not only 
inefficient and subjective, but also difficult to implement in certain high-risk or concealed 
environments. In recent years, significant progress has been made in intelligent detection methods 
based on computer vision and deep learning, providing possibilities for automated detection. 
However, due to the complex surface texture and diverse background interference of concrete, as 
well as the characteristics of variable scale and complex topological structure of crack morphology, 
achieving high-precision and strong robustness in automated detection still faces severe challenges. 
Although current research methods have their own characteristics, they also have corresponding 
limitations. Yamaguchi et al. proposed a crack detection method based on convolutional neural 
networks (CNNs) and self-organizing maps (SOMs) [6]. They used the CNN architecture to extract 
crack features from images, constructed a SOM network, and conducted cluster analysis on the 
extracted crack features. By training the SOM network, similar crack features were mapped to 
adjacent positions in the network, thereby achieving the classification and visualization of crack 
types. The image to be detected was input into the trained CNN model to extract crack features, and 
the extracted features were then input into the SOM network. The type and location of the cracks 
were determined based on the clustering results. The extraction of crack features by CNNs relies on 
a large amount of high-quality training data. In practical applications, the diversity and complexity 
of crack images can lead to insufficient feature extraction, thus affecting the detection accuracy. 
Yadav et al. proposed a crack detection method based on bridged CNNs and transformers [7]. They 
designed a crack detection model that bridged CNNs and transformers. The CNN architecture 
employed stacked convolutional and pooling layers for local feature extraction, while the 
transformer leveraged self-attention to model long-range feature dependencies. The model was 
trained using a preprocessed image dataset, and data augmentation techniques were employed to 
increase the diversity of the dataset and improve the generalization ability of the model. The image 
to be detected was input into the trained model, and the model would output the crack detection 
results. In real scenarios, cracks may appear in complex backgrounds, such as those with rich 
textures and uneven illumination, which can cause interference when the model extracts crack 
features, thus affecting the detection accuracy. Manjunatha et al. proposed a method for crack 
detection using a deep convolutional neural network based on semantic segmentation [8]. They 
collected an image dataset containing cracks and annotated the images to generate crack label images 
for semantic segmentation. They designed and trained a deep convolutional neural network 
architecture based on semantic segmentation. The image to be detected was input into the trained 
model, and the model would output the crack detection results. To enhance detection accuracy, post-
processing techniques were applied. While semantic segmentation-based DCNNs have 
demonstrated strong crack detection performance, their generalization capability remains 
constrained. If the crack features in the image to be detected differ significantly from those in the 
training data, the model may not be able to accurately identify them. Bhardwaj et al. proposed a 
crack detection method based on fuzzy c-means clustering and selective edge enhancement [9]. They 
set the number of clusters and the fuzzy factor and applied the fuzzy c-means clustering algorithm 
to perform pixel-level clustering on the preprocessed image. Based on the results of the fuzzy C-
means clustering, the pixels belonging to the crack region were identified, and edge enhancement 
processing was performed on the pixels in these crack regions. In the image after edge enhancement, 
the crack regions were further extracted through methods such as threshold segmentation and 
morphological operations. The extracted crack regions were identified and annotated to generate the 
crack detection results. The effectiveness of fuzzy C-means (FCM) clustering is critically influenced 
by both the cluster count and fuzziness parameter, which directly determine segmentation quality 
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and subsequent edge enhancement outcomes. Improper parameter settings can lead to the crack 
regions being incorrectly classified into other regions or poor edge enhancement effects for the 
cracks. Niu et al. combined artificial intelligence and computer vision technology to propose a pixel 
level fine automatic recognition and segmentation method for concrete dam cracks in complex 
backgrounds [10]. To overcome the interference of complex environmental background factors, 
various digital image processing methods were used to preprocess the crack images of concrete 
dams. Based on Mask Region-based Convolutional Neural Network (Mask R-CNN), the model 
backbone network was improved to enhance the crack feature extraction ability. Although this 
method enhances the ability to extract crack features by improving the backbone network of Mask 
R-CNN, its average accuracy may still be limited by residual interference from complex 
backgrounds, which affects the further improvement of overall average accuracy. Su and Wang 
proposed a road crack recognition method based on YOLO v3 deep learning algorithm [11]. Firstly, 
the dataset images are scaled to 416 × 416. Then, Labelme is used to label the data for cracks and 
convert the bounding box position information. Finally, the YOLO v3 algorithm framework is used 
for model training Although this method utilizes the YOLO v3 algorithm to achieve efficient crack 
recognition, scaling the input image uniformly to 416 × 416 pixels can result in loss of crack detail 
information, especially insensitive to subtle cracks, which directly leads to a low recall rate. 

In summary, addressing the shortcomings of existing methods such as poor adaptability in 
complex backgrounds, low sensitivity to fine cracks, and insufficient generalization capabilities, this 
paper proposes a building concrete surface crack detection method based on an improved YOLOv8. 
The main contributions and novelty of this work are as follows: 

(1) Introducing the deformable attention mechanism (DAttention) into the backbone network 
enables the convolutional kernel to dynamically adapt to the irregular morphology of cracks, 
overcoming the limitations of fixed geometric structures and effectively suppressing interference 
from complex backgrounds. 
(2) Design a cross-scale feature fusion module (CCFM) in the neck network, which integrates 
deep semantic and shallow detail information through lightweight upsampling and weighted 
concatenation, addressing the issue of fine cracks being easily lost in the feature pyramid. 
(3) An Efficient Channel Attention (ECA) mechanism is embedded in the head network to 
adaptively recalibrate channel weights with minimal computational overhead, enhancing crack-
related features and improving the model’s discriminative capability. 
(4) Replace the CIoU loss function with the SIoU loss function, introducing angular cost and 
redefined distance cost to optimize the convergence stability and localization accuracy of 
bounding box regression. 
The synergistic effects of the aforementioned four contributions provide reliable technical 

support for the health assessment of building concrete structures. 
 
 

2. Building concrete surface crack detection method 
 
To clearly demonstrate the overall architecture and core improvements of the concrete crack 

detection method proposed in this article, a flowchart of the construction concrete surface crack 
detection method based on the improved YOLOv8 is provided, as shown in Fig. 1. 

 
2.1 Construction of the building concrete surface crack detection model based on 

YOLOv8 
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Figure 1. Overall process of surface crack detection method for building concrete based on improved YOLOv8
 
 
Developed by Ultralytics in 2023, YOLOv8 represents a significant advancement in real-time 

object detection and image segmentation technology. This latest iteration introduces architectural 
refinements that enhance both computational efficiency and recognition performance compared to 
its predecessors, achieving superior balance between speed and precision. Therefore, when 
conducting building concrete surface crack detection, the YOLOv8 network model is selected. 
However, the core innovation of this study is not simply the use of YOLOv8, but rather the 
systematic improvement of YOLOv8 to address specific issues such as irregular crack morphology, 
variable scales, strong background interference, and easy omission of subtle cracks in the detection 
of surface cracks in building concrete. Specifically, this article proposes targeted optimization 
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Figure 2. Structural diagram of the building concrete surface crack detection model based on YOLOv8
 
 

strategies in the following four aspects: (1) introducing deformable attention mechanism 
(DAttention) in the backbone network to enhance the model’s spatial adaptability to irregular cracks; 
(2) Design a Cross Scale Feature Fusion Module (CCFM) in the neck network to enhance the fusion 
effect of multi-scale crack features; (3) Embedding efficient channel attention mechanism (ECA) in 
the head network to enhance the feature expression of crack related channels; (4) Using SIoU loss 
function instead of CIoU to optimize the convergence stability and positioning accuracy of bounding 
box regression. The detailed principle of the above improvements can be found in section 2.2. Fig. 
2 shows the structure of the building concrete surface crack detection model based on YOLOv8 [12], 
which is mainly composed of four parts: the input end (Input), the backbone network (Backbone), 
the neck (Neck), and the head (Head). 

As the starting point for the model to perform the building concrete surface crack detection task, 
the input end mainly pre-processes the input building concrete surface crack images, such as 
adaptive input size, mosaic data enhancement, and adaptive grayscale filling, to improve the 
robustness of the model to the size changes of building concrete surface cracks. 

The backbone network extracts crack features from concrete surfaces, where the C2f module 
replaces YOLOv5’s C3 structure with fewer parameters while enhancing feature extraction 
efficiency. This optimized architecture maintains detection accuracy while significantly reducing 
computational complexity. 
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As a key component connecting the backbone network and the head, the neck part is designed 
for multi - scale feature fusion and generating multi - scale building concrete surface crack feature 
maps, which can perform high - precision detection of building concrete surface cracks of different 
sizes under the requirements of low computational cost and low latency. 

The head is the last layer of the YOLOv8 detection model, which is responsible for processing 
the extracted building concrete surface crack features and outputting the final building concrete 
surface crack detection results. 

By leveraging multi-layer collaboration, YOLOv8 significantly improves its processing 
capability for concrete surface crack images in buildings. This architectural enhancement boosts 
crack detection accuracy while maintaining computational efficiency, simultaneously strengthening 
the model’s robustness and generalization capacity across diverse structural scenarios. 

 
2.2 Improvement of the YOLOv8 network model 
 
To systematically enhance YOLOv8’s ability to detect irregular and subtle cracks in complex 

backgrounds, this paper improves the benchmark model from four dimensions: feature extraction, 
multi-scale fusion, channel recalibration, and bounding box regression. Each module forms a 
progressive optimization chain, and the specific integration method is as follows. 

 
2.2.1 Improvement of the backbone network based on the deformable attention 

mechanism 
Building concrete typically dominates the background in crack detection images, where cracks 

predominantly exhibit elongated, narrow characteristics. To enhance detection precision, we 
integrate the deformable attention mechanism (DAttention) into YOLOv8’s backbone network. This 
spatial adaptation module enables dynamic focus adjustment during image processing [13-14], 
particularly optimizing performance for thin linear features characteristic of concrete surface cracks. 
It can better capture the growth trend and direction of surface cracks in building concrete, to 
minimize background interference while enhancing both recognition precision and detection 
efficiency for concrete surface cracks, Fig. 3 illustrates the modified YOLOv8’s backbone 
architecture. 

The DAttention mechanism enhances crack detection through deformable convolution and 
attention integration. Its key innovation involves: 

(1) Augmenting standard convolution with learnable offsets, enabling dynamic sampling point 
adjustment to match crack morphology and orientation. 

Let the input feature map be 𝑋 ∈ 𝑅ு×ௐ×஼, where 𝐻, 𝑊 and 𝐶 represent the height, width, and 
number of channels of the output features of surface cracks in building concrete. An additional 
convolutional layer is used to generate the offset 𝛥𝑝௞, where 𝑘 represents the index of the sampling 
point of the convolution kernel 

 𝛥𝑝௞ = 𝐶𝑜𝑛𝑣ሺ𝑋ሻ (1)
 
Among them, 𝑝 represents the position of the output feature map, 𝑝௞ is the sampling point of the 

standard convolution kernel. Sample the input feature map according to the offset 𝛥𝑝௞ to obtain the 
deformable feature 𝑋ௗ 

 𝑋ௗሺ𝑝ሻ = ෍𝑤௞ ⋅ 𝑋ሺ𝑝 + 𝑝௞ + 𝛥𝑝௞ሻ௄
௞ୀଵ  (2)
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Figure 3. Improved YOLOv8 Model Backbone Network
 
 
Among them, 𝑤௞ is the weight of the convolution kernel. 
(2) The attention mechanism assigns adaptive weights to sampling points, emphasizing crack 

features while suppressing background interference. 
 𝛼௞ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥൫𝐶𝑜𝑛𝑣ሺ𝑋ௗሻ൯ (3)
 
(3) Combine the features extracted by deformable convolution with the attention weights to 

generate a more accurate representation of crack features 
 𝑦௣ = ෍𝛼௞௄

௞ୀଵ ⋅ 𝑋ௗሺ𝑝ሻ (4)

 
Embed the DAttention module into the backbone network of YOLOv8, replacing the original 

standard convolutional layer. In this way, the model can better capture the local details and global 
structural information of cracks while reducing the interference of background noise. 

To gain a deeper understanding of how the DAttention module guides the model to focus on the 
crack area, the decision logic is explained by extracting and analyzing the spatial attention map 
output by the module. This graph is directly generated by the spatial attention weight 𝐴 in the 
DAttention module, and its value 𝐴ሺ𝑥, 𝑦ሻ represents the importance of position ሺ𝑥, 𝑦ሻ on the feature 
map. 

Assuming the input image is 𝐼, after forward propagation through the backbone network, the 
spatial attention matrix 𝐴  can be obtained by embedding the DAttention layer. The generation 
process of this matrix can be expressed as 

 𝐴 = 𝜑௦ሺ𝐹ሻ (5)
 
Among them, 𝐹  is the input feature map of this layer; 𝜑௦  is the spatial attention calculation 
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function. 
By aggregating the L2 norm of the spatial attention matrix 𝐴 along the channel dimension and 

upsampling it to the input image resolution using bilinear interpolation, a heatmap 𝐻 is generated 
that is consistent with the input image size 

 𝐻 = 𝑈௣ ቌඨ෍𝐴௖ଶ௖ ቍ (6)

 
Among them, the areas with higher values in 𝐻 (warm tones) represent the key areas that the 

model focuses on when making crack detection decisions. If 𝐻 shows high response in the crack 
pixel area and forms a significant contrast with the background area, it proves that the DAttention 
mechanism successfully guides the model’s attention to crack features, thus intuitively verifying its 
ability to reduce background interference and capture crack growth trends. 

The DAttention module is embedded in the last three C2f modules of the backbone network, 
replacing the original standard 3×3 convolutional layer. Its core function is to enable the model to 
have spatial deformation adaptability during the feature extraction stage, dynamically fit the crack 
direction, and suppress background texture interference such as aggregate and bubble holes on the 
concrete surface. This module provides purer initial features for subsequent CCFM and ECA. 

The DAttention module proposed in this article is an original design that differs fundamentally 
from existing deformable convolution or attention mechanism methods in the following three 
aspects: 

(1) Different from standard deformable convolution: Standard DCN only adapts to geometric 
deformation by learning the offset of sampling points, but the feature importance corresponding 
to the offset sampling points is treated equally, lacking the ability to distinguish differences. This 
can make it difficult for the model to distinguish the true crack features from the background like 
aggregates, bubble holes, etc. in concrete crack detection. The DAttention module in this article 
introduces a sampling point level attention weight learning mechanism within the framework of 
deformable convolution, enabling the model to synchronously optimize the sampling position 
and feature importance, and achieve selective focusing on the crack area. 
(2) Different from existing attention mechanisms: Existing attention mechanisms usually 
calculate the weights of channels or spatial dimensions on fixed grid feature maps, and their 
receptive fields and sampling positions are fixed in advance, which cannot dynamically adapt to 
the irregular geometric shape of cracks. This article presents the first end-to-end joint 
optimization of deformable sampling and attention weight calculation in the DAttention module. 
The allocation of attention weights no longer relies on fixed position convolution features, but is 
based on a dynamically adjusted set of sampling points, enabling the model to more accurately 
capture the growth trend and direction of cracks. 
(3) Different from other fields of deformable attention applications: In natural language 
processing or general object detection, deformable attention is often used to handle global 
contextual relationships. This article addresses the special needs of concrete crack detection by 
designing lightweight offset prediction branches and attention weight generation branches, and 
embedding the DAttention module into the last three C2f modules of the YOLOv8 backbone 
network to replace the original standard convolutional layer. This embedding aims to enable the 
model to have spatial deformation adaptability during the high-level semantic feature extraction 
stage, providing purer crack features for subsequent cross scale fusion and channel recalibration. 
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In summary, the DAttention module is an improved module proposed in this article for the task 
of detecting cracks in building concrete. Its core innovation lies in the organic integration of 
deformable sampling mechanism and sampling point level attention weight learning. 

 
2.2.2 Neck network improvement based on the CCFM network model 
In the task of detecting cracks on the surface of building concrete, the feature maps of building 

concrete surface cracks at different layers have different spatial resolutions and semantic 
information. Lower-layer features capture detailed edge and texture information, whereas higher-
layer features encode abstract semantics. The CCFM integrates these multi-level representations of 
concrete surface cracks, significantly improving performance in complex backgrounds and for fine 
crack detection. Consequently, CCFM was adopted to enhance the neck network architecture. 

CCFM first extracts information from the input feature map of building concrete surface cracks 
through a series of lightweight convolutional layers. Subsequently, it horizontally fuses the feature 
maps of building concrete surface cracks at different scales through the 1×1 convolution kernel [15-
16], realizing the interaction and supplementation between the features of building concrete surface 
cracks and enhancing the expression ability of these features. During the fusion process of building 
concrete surface cracks, CCFM can utilize the features of building concrete surface cracks from 
multiple scales to obtain comprehensive information, extract the features of building concrete 
surface cracks from convolutional layers at different depths, and select the feature maps of building 
concrete surface cracks to be fused. First, the low-resolution feature map of building concrete surface 
cracks is adjusted to the same size as the high-resolution feature map through upsampling operations 
such as bilinear interpolation, obtaining the high-resolution feature map of building concrete surface 
cracks 𝑦௨௣ 𝑦௨௣ = 𝑈ሺ𝑦௟௢௪ሻ (7)

 
Subsequently, 𝑦௨௣ and the high-resolution feature map 𝑦ℎ௜௚ℎ are weighted and spliced to achieve 

multi-scale fusion of the features of building concrete surface cracks. The fused feature map of 
building concrete surface cracks 𝑦௙௨௦௘ௗ is 

 𝑦௙௨௦௘ௗ = 𝛼 ⋅ 𝑦ℎ௜௚ℎ + ሺ1 − 𝛼ሻ𝑦௨௣ (8)
 
Subsequently, CCFM applies the Rectified Linear Unit (RELU) activation function and 

convolution operation to deeply process the feature map of building concrete surface cracks to 
enhance the model’s expressiveness. The formula is described as follows 

 𝑦௣ = 𝑅𝐸𝐿𝑈 ቀ𝜕൫𝑦௙௨௦௘ௗ൯ቁ (9)
 
The CCFM module is integrated between the FPN and PAN of the neck network. Specifically, 

the P3, P4, and P5 feature maps output by the backbone network are convolved by 1 × 1 to align the 
number of channels and input into CCFM; Within CCFM, low resolution feature maps are 
upsampled to high-resolution sizes through bilinear interpolation, and then weighted and 
concatenated with high-resolution feature maps to generate fused feature maps [17]; After 
convolution and ReLU activation, the fused image is fed back to the corresponding level of PAN. 
CCFM complements DAttention: DAttention ensures the purity of single scale features, while 
CCFM ensures the fusion of multi-scale features, solving the problem of subtle cracks being easily 
diluted in the feature pyramid. 
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2.2.3 Improvement of the head network based on the ECA module 
To enhance detection of subtle concrete surface cracks, we integrate the Efficient Channel 

Attention (ECA) mechanism [18] into YOLOv8’s head network. The ECA module adaptively 
recalibrates channel-wise feature weights, prioritizing crack-relevant information while suppressing 
background interference. Compared with the commonly used SE attention mechanism and CBAM 
attention mechanism, ECA has lower computational complexity and fewer parameters, which can 
effectively enhance the feature expression ability of building concrete surface cracks while avoiding 
excessive consumption of computational resources. 

This article provides a detailed design of the integration method of ECA module in YOLOv8 
detection head. The ECA module is inserted after the 3×3 convolutional layer of each detection 
branch and before the classification/regression output, and is embedded in both the classification 
and regression branches, forming a structure of "convolution → ECA → output". In terms of 
application scope, the ECA module is applied to the three detection branches P3, P4, and P5 in a 
scale independent configuration. The parameters of each branch learn independently to adapt to the 
differences in the number of channels in feature maps of different scales (P3 has 256 channels, P4 
has 512 channels, and P5 has 1024 channels). Taking the P3 scale (256 × 80 × 80) as an example, 
the data stream is as follows: the feature map is convolved by 3 × 3, compressed into channel vectors 
through global average pooling, and adaptively convolved to generate channel weights. After 
Sigmoid activation, it is multiplied back to the original feature map channel by channel and finally 
sent to the output layer. The processing flow for P4 and P5 scales is the same, with only differences 
in feature map size and channel count. 

In the ECA module, global average pooling is first performed on the input building concrete 
surface crack feature map to compress the original building concrete surface crack feature map and 
achieve the interaction of global context information. Then, a one-dimensional convolution kernel 
is used to process the compressed building concrete surface crack feature map to ensure that the 
coverage of cross-channel interaction is proportional to the channel dimension. Among them, the 
one-dimensional convolution kernel affects the range of the receptive field and the ability to capture 
inter-channel dependencies. A smaller one-dimensional convolution kernel captures local 
information with high computational efficiency; a larger one-dimensional convolution kernel 
captures global information but incurs greater computational overhead. The value of the one-
dimensional convolution kernel is 

 𝑀 = 𝜎 ቆ𝑙𝑜𝑔ሺ𝐶ሻ𝜉 + 𝑏𝜉ቇ (10)

 
Where: 𝜉 and b  are constants, with values of 2 and 1 respectively. 
The weights of each channel are calculated using one-dimensional convolution, and the weights 

are mapped between 0 and 1 through an activation function. Finally, the obtained weight values are 
multiplied and weighted to the original input building concrete surface crack feature map to enhance 
the feature expression ability. 

To further demonstrate how the ECA module influences the final detection decision of the model 
through channel weighting strategy, the gradient weighted channel activation mapping (Grad 
CAM’s channel attention variant) technique is introduced. This technology calculates the gradient 
information of the target category (i.e., cracks) and flows it back to the convolutional layer before 
the ECA module, and weights the feature map of this layer to generate a heatmap that can explain 
the decision-making basis of the model. 
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Let the convolutional layer before the ECA module in the head network output a feature map 𝐴௞, 
where 𝑘 is the feature map index. The score of the model for crack categories is denoted as 𝑦௖. The 
importance weight 𝛼௞௖  of each feature map 𝐴௞  for crack detection decisions is obtained by 
calculating the gradient డ௬೎డ஺ೖ 

 𝛼௞௖ = 1𝐵෍෍ 𝜕𝑦௖𝜕𝐴௜௝௞௝௜  (11)

 
Among them, 𝐵 is the spatial size of the feature map; 𝑖, 𝑗 is the spatial position index. 
Subsequently, by weighting the importance weight 𝛼௞௖  with the original feature map 𝐴௞  and 

filtering out negative response pixels through the ReLU activation function, the final explanatory 
heatmap 𝐿௖ீ  is generated 𝐿௖ீ = 𝑅𝑒 𝐿 𝑈 ൭෍𝛼௞௖𝐴௞௞ ൱ (12)

 
The ECA module is inserted into each feature map branch of the detection head, located between 

the output of the convolutional layer and the classification/regression branch. The workflow is as 
follows: the input feature map is first compressed by global average pooling of channel dimensions, 
then channel weights are generated through adaptive kernel size one-dimensional convolution, and 
finally the weights are multiplied back to the original feature map channel by channel. ECA and 
CCFM work closely together: CCFM is responsible for the fusion of cross scale spatial features, and 
ECA recalibrates the semantic information carried by channels based on this, enhancing 
discriminative channels with minimal parameter count and suppressing redundant channels, thereby 
directly improving the ability to distinguish between subtle cracks and background noise. 

 
2.2.4 Improvement of the loss function 
In the task of detecting surface cracks in building concrete, cracks exhibit diversity and 

complexity in angles and shapes. Conventional loss functions poorly accommodate building 
concrete crack characteristics. Excessive penalization of the model’s flexibility in identifying crack 
geometry can destabilize training and induce overfitting. The CIoU loss enhances crack detection 
by jointly optimizing bounding box regression through three geometric factors: aspect ratio 
consistency, centroid alignment, and intersection-over-union coverage. However, when the aspect 
ratios match, CIoU’s penalty term becomes zero, allowing poor-quality samples to 
disproportionately affect regression loss and destabilize convergence. In contrast, the SIoU loss 
function enhances crack detection accuracy and stability by emphasizing crack position and 
orientation. It consists of four key components. 

Aspect 1: Angle cost. Cracks in images usually exhibit obvious directionality (such as 
longitudinal cracks, transverse cracks, or oblique cracks), and the angle deviation between the 
predicted box and the real box directly affects the convergence path of subsequent regression. The 
angle cost is reduced by introducing a trigonometric penalty term to prioritize the reduction of angle 
deviation during the training process of the model. Specifically, when the horizontal offset angle 
between the predicted box and the real box is greater than 45°, the model tends to prioritize 
optimizing the vertical alignment; On the contrary, priority should be given to optimizing the 
horizontal direction. This design enables the predicted box to rotate faster in the same direction as 
the real box, thereby accelerating convergence and improving the accuracy of locating directional 
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cracks. 
The calculation formula for defining the angle cost as Ψ, Ψ is 
 𝛹 = 1 − 2 ⋅ sinଶ ቀarcsin 𝑥 − 𝜋4ቁ (13)
 𝑥 = 𝛿ℎ𝜎 = 𝑠𝑖𝑛 𝜂 (14)
 𝜎 = ට൫𝑒௖௚ೣ௧ − 𝑒௖ೣ൯ଶ + ቀ𝑒௖೤௚௧ − 𝑒௖೤ቁଶ (15)

 𝛿ℎ = max ቀ𝑒௖೤௚௧ − 𝑒௖೤ቁ − min ቀ𝑒௖೤௚௧ − 𝑒௖೤ቁ (16)
 
In the formula: 𝜂 is the horizontal offset angle between the predicted and real crack boxes on the 

building concrete surface; 𝜎 is the distance between the center points of the real and predicted crack 
boxes on the building concrete surface; 𝛿ℎ is the height difference between the center points of the 
real and predicted crack boxes on the building concrete surface; 𝑒௖௚ೣ௧ is the abscissa of the center of 
the real crack box on the building concrete surface; 𝑒௖ೣ is the abscissa of the center of the predicted 
crack box on the building concrete surface; 𝑒௖೤௚௧ is the ordinate of the center of the predicted crack 
box on the building concrete surface; 𝑒௖೤ is the ordinate of the center of the predicted crack box on 
the building concrete surface. 

Aspect 2: Distance cost. After the angle cost guides the predicted box to the direction channel of 
the real box, the distance cost is responsible for reducing the center point distance between the two. 
Distance cost is weighted on the basis of angle cost, and when the angle cost is small (i.e., the 
predicted box is aligned with the true box direction), distance cost plays a major role; When the 
angle cost is high, the contribution of distance cost is suppressed, avoiding blind optimization of the 
model in inappropriate directions. This collaborative mechanism significantly improves regression 
efficiency. 

The calculation formula for defining the distance cost as Ω, Ω is 
 

Ω = ෍ ሺ1 − 𝛴ିఊఘ೟ሻ௧ୀ௫,௬  (17)

 
In the formula: Σ represents the exponential function. When 𝜅 is close to 0, the contribution cost 

of the distance is greatly reduced. When 𝜅 is close to 45°, the distance cost Ω contributes more. As 
the angle increases, 𝛾 is defined as the distance value with time priority. 

Aspect 3: Shape cost. Shape cost is used to constrain the consistency between the predicted box 
and the real box in terms of width and height ratios. This article fixes it at 1 in order to avoid 
excessive interference of shape constraints on the optimization of predicted box positions and angles 
during the early stages of training. For concrete crack detection, the width of cracks is usually much 
smaller than their length, and the aspect ratio of different cracks varies greatly. Applying shape 
constraints too early or too strongly may cause the model to fall into local optima and be difficult to 
adapt to the changing shapes of cracks. After fixing the shape cost to 1, the model can more flexibly 
explore the position and direction of cracks, and fine adjust the shape through IoU cost after the 
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predicted box and the real box are basically overlapped. 
The calculation formula for defining the shape cost as Z, Z is 
 𝑍 = ෍ ሺ1 − 𝛴ିே೟ሻఏ௧ୀ௪,ℎ  (18)

 
The value of 𝑍 defines the importance of the shape cost. When 𝑍 is 1, it will limit the shape of 

the predicted volume and its free movement. To avoid the excessive loss of the shape from affecting 
the movement of the prediction box for cracks on the surface of building concrete, this value is set 
to 1. 

Aspect 4: IoU cost. IoU cost is the fundamental term of the loss function, which directly measures 
the degree of overlap between the predicted box and the true box. During the training process, the 
four cost components interact synergistically according to the following logic: firstly, angle cost 
guides the prediction box to quickly align the direction of cracks; Subsequently, the distance cost is 
reduced based on directional alignment to minimize the distance from the center point; Meanwhile, 
the shape cost constrains the aspect ratio with fixed strength, but does not dominate the optimization 
direction; Ultimately, IoU cost is used as the core positioning indicator to finely optimize the degree 
of overlap. The four costs are fused into the final SIoU loss function through a combination of 
multiplication and addition, enabling the model to achieve efficient and stable bounding box 
regression for crack detection tasks. 

The calculation formula for defining the ratio of the intersection to the union of the real box and 
the prediction box as 𝐼ூ௢௎, 𝐼ூ௢௎ is 

 𝐼ூ௢௎ = |𝑄 ∩ 𝑄ீ்||𝑄 ∪ 𝑄ீ்| (19)

 
So far, the calculation formula for defining the value of the SIoU loss function as 𝐿ௌூ௢௎, 𝐿ௌூ௢௎ is 
 𝐿ௌூ௢௎ = 1 − 𝐼ூ௢௎ + Ω + Ψ2  (20)
 
On the basis of the original IoU loss function, the angle cost Ψ and the distance cost Ω are added, 

which reduces the probability that the penalty term is 0, weakens the excessive penalty of geometric 
factors on the model, makes the convergence process more stable, and improves the prediction 
accuracy of cracks on the surface of building concrete. 

The SIoU loss function directly replaces the CIoU loss function in the benchmark YOLOv8 for 
optimizing the boundary box regression branch. DAttention, CCFM, and ECA jointly improve the 
initial quality of crack prediction boxes, while the regression loss function determines the path and 
stability of convergence from the predicted box to the true box. By introducing angle cost and 
redefined distance cost, SIoU reduces the probability of zero penalty term, weakens the excessive 
penalty of geometric factors on the model, and achieves more accurate and stable crack localization. 

 
 

3. Experimental results 
 
3.1 Experimental environment 
 
This paper studies a method for detecting cracks on the surface of building concrete based on the 

541



 
 
 
 
 
 

F.Z. Hu 

Table 1. Experimental parameter settings 
Parameter Parameter values 
Input size 640×640 

Initial learning rate 0.01 
Minimum learning rate 0.0001 
Number of iterations 300 

Batch size 32 
Optimizer Stochastic Gradient Descent (SGD) 

Ratio 0.8 
 
 

improved YOLOv8. To verify the practical application performance of the method in this paper, the 
following experimental environment is set: 

The operating system used in the experiment is Windows 11, the Graphics Processing Unit 
(GPU) is NVIDIA GeForce RTX 3090, the GPU memory is 24 GB, the Compute Unified Device 
Architecture (CUDA) version is 12.1, the Torch version is 1.12.0. The model training uses 
YOLOv8s as the benchmark network, with 300 iterations during training, Batchsize of 32, initial 
learning rate of 0.01, and minimum learning rate of 0.0001. The optimizer uses SGD (momentum 
of 0.937, weight decay of 0.0005), and the input image size is uniformly 640 × 640 pixels. The 
specific experimental parameter settings are shown in Table 1. 

 
3.2 Dataset collection and processing 
 
At present, there is a lack of publicly available datasets specifically for detecting surface cracks 

in building concrete. To construct a dataset suitable for this study, crack images from multiple 
publicly available datasets were integrated, and some self collected images were supplemented. 
Specifically, the data mainly comes from the following three channels: (1) concrete structure crack 
samples in the public dataset SDNET2018; (2) Select images that meet the characteristics of building 
concrete from the Crack Detection project on the GitHub open-source platform; (3) Concrete surface 
crack images captured using high-definition cameras at actual construction sites (acquisition 
equipment: Sony α 7R IV, resolution: 7952 × 5304). The distribution of data from various sources 
is as follows: SDNET2018 contributed 1562 pieces (accounting for 46.3%), including 492 cracks in 
perforated concrete slabs, 538 cracks in plain concrete slabs, and 532 cracks in reinforced concrete 
beams; The GitHub open-source platform contributed 1024 files (accounting for 30.4%), mainly 
from publicly available datasets of road and bridge cracks; We collected and contributed 785 images 
(accounting for 23.3%), covering crack images under different lighting conditions (strong light, 
shadow, cloudy) and backgrounds (plain concrete, formwork joints, rust stains) at the construction 
site. By integrating multiple sources of data, a total of 3371 representative images of surface cracks 
in building concrete were collected, ensuring the diversity and representativeness of the dataset. 

In terms of crack type distribution, the dataset covers 1124 longitudinal cracks (33.3%), 986 
transverse cracks (29.3%), 703 network cracks (20.9%), and 558 micro cracks (with a maximum 
width less than 2 mm) (16.5%). In terms of lighting conditions, normal lighting images account for 
65%, strong light (including local overexposure) images account for 18%, shadow area images 
account for 10%, and low light images account for 7%. In terms of background environment, it 
includes clean concrete surfaces (52%), surfaces with exposed aggregates (23%), surfaces with 
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template joints or holes (15%), and surfaces covered with rust stains or pollutants (10%). The above 
distribution reflects the complexity and diversity of concrete surface cracks in actual engineering, 
while also revealing possible biases in the dataset: the proportion of fine crack samples is relatively 
low (16.5%), and there are fewer images under low light conditions (7%), which may result in 
relatively weak detection performance of the model in these scenarios. 

In the data preprocessing stage, a script is used to randomly divide the dataset into a training set 
(2359 images) and a testing set (1012 images) in a 7:3 ratio. To ensure the rigor of the evaluation, it 
is necessary to ensure that images from the same source are evenly distributed in the training and 
testing sets during partitioning to avoid data leakage. Create PASCAL VOC format annotation files 
for all images using the open-source data annotation tool LabelImg. During the annotation process, 
use the smallest bounding box to accurately label crack areas, ensuring that each bounding box 
contains only one complete crack and strictly avoiding overlap between bounding boxes. All crack 
samples are uniformly labeled as the "Crack" category. Through the systematic data collection and 
annotation work mentioned above, the quality and applicability of the dataset have been effectively 
ensured. 

During the model training phase, the method of transfer learning was adopted, and the same 
training process as that for dataset division was used for model training. To accelerate the 
convergence speed of the model and improve the training effect, the weight parameters pre-trained 
on the large-scale Common Objects in Context (COCO) dataset were selected as the initial weights 
of the model. Subsequently, training was carried out on the surface crack dataset of building 
concrete, with a total of 300 iterations. 

 
3.3 Evaluation plan 
 
To objectively evaluate the detection performance of the method proposed in this article, the 

following evaluation plan is formulated: 
(1) Evaluation indicators: Quantitative evaluation is conducted using four indicators: Precision, 
Recall, Mean Precision, and F1 score. Among them, accuracy measures the correctness of the 
detection results, recall measures the ability to detect cracks, average precision reflects the 
positioning and classification performance of the model under different confidence thresholds, 
and F1 value is the harmonic average of the first two. 
(2) Data partitioning and validation method: The dataset is randomly divided into a training set 
(2359 images) and a testing set (1012 images) in a 7:3 ratio. All models are trained and tested 
under the same partition, and the test set is only used for final performance evaluation and does 
not participate in any model tuning process. To eliminate the bias caused by random partitioning, 
five repeated experiments with different random seeds were conducted, and the average and 
standard deviation of each indicator were taken as the final result. 
(3) Testing process: The model performs forward inference on the test set, and after non 
maximum suppression (NMS) of the predicted results, calculates the IoU with the annotation 
box. When the IoU between the predicted box and the real box is greater than 0.5 and the category 
is consistent, it is judged as correct detection (TP); Otherwise, it will be judged as FP or FN based 
on the confidence threshold. Draw a P-R curve, calculate the area under the curve to obtain the 
AP value, and then take the average of the crack categories to obtain mAP. 
(4) Comparison experiment setup: In order to verify the progressiveness of the method in this 
paper, three representative methods are selected for comparison: the method based on CNN and 
self-organizing mapping in reference [6], the method based on bridging CNN and Transformer 
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in reference [7], and the method based on semantic segmentation depth convolution neural 
network in reference [8]. All comparison methods were retrained and tested on the same dataset 
and evaluation protocol, with hyperparameters set according to the recommended settings in the 
original reference. 
(5) Experimental setup for ablation: (1) Clearly redefine the original model I as the "baseline 
model"; (2) Independently construct four comparative models, namely "Baseline+Attention", 
"Baseline+CFM", "Baseline+ECA", and "Baseline+SIOU", so that the independent utility of 
each module can be quantified separately; (3) Add a complete model (Ours) to verify the 
synergistic effects between modules. 
 
 

 
(a) Original image 

 
(b) Label image 

 
(c) The detection results of this article’s method 

 
(d) Results of method detection in reference [6] 

 
(e) Results of method detection in reference [7] 

Figure 4. Crack detection results
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(f) Results of method detection in reference [8] 

Figure 4. Continued
 

Table 2. Quantitative comparison results 
Method Accuracy/% Recall rate/% mAP F1 value 

Method in reference [6] 76.2 80.5 81.3 78.29 
Reference [7] method 79.8 83.1 84.6 81.42 
Reference [8] method 81.5 86.4 87.2 83.88 

Proposed method 88.4 95.2 96.4 91.66 
 
 
3.4 Experimental results 
 
3.4.1 Analysis of crack detection performance 
Three original surface crack images of building concrete were randomly selected from the surface 

crack test set of building concrete (as shown in Fig. 4(a)). The open-source data annotation tool La-
beling was used to create label images for the selected original images (as shown in Fig. 4(b)). The 
trained model was used to perform crack detection on the selected images. To further validate the 
detection performance of the proposed method, four advanced methods were selected for 
comparison: the method based on CNN and self-organizing mapping in reference [6], the method 
based on bridging CNN and Transformer in reference [7], and the method based on semantic 
segmentation deep convolutional neural network in reference [8]. The method in this paper and the 
three comparison methods were respectively used to perform crack detection on the three selected 
initial images, and the results are shown in Fig. 4. 

By analyzing Fig. 4, for the first crack image, the methods in references [6], [7], and [8] 
misidentified a noise point in the background as a crack feature, while the method proposed in this 
paper can extract the crack feature information more accurately without being much interfered by 
noise points. For the second crack image, the methods in references [6], [7], and [8] have the 
problems of incomplete crack feature recognition and discontinuous recognition, while the method 
in this paper can recognize the cracks more completely and continuously. For the third crack image, 
the methods in references [6], [7], and [8] cannot recognize the fine cracks, while the method in this 
paper can recognize finer cracks. This indicates that the performance of the method in this paper has 
been significantly improved in the task of identifying cracks on the surface of building concrete. 

 
3.4.2 Quantitative comparison results 
In order to further verify the progressiveness of the method in this paper, quantitative comparison 

is made with the above four methods on the complete test set (1012 images), and the results are 
shown in Table 2. 

Analysis of Table 2 shows that the method proposed in this paper significantly outperforms all 
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Table 3. Calculation Results of Crack Length and Width 

Crack image 
number 

Fracture 
orientation 

Actual length/
pixel points

Based on the method proposed in
this article, the length/pixel point 

detection results are obtained 

Absolute 
error 

Relative 
error 
(%) 

1 
Longitudinal 327.829 326.035 1.794 0.55 
Horizontal 290.725 289.954 0.771 0.27 

2 
Longitudinal 305.600 304.997 0.603 0.20 
Horizontal 268.401 269.003 0.602 0.22 

3 
Longitudinal 69.844 70.264 0.420 0.60 
Horizontal 13.686 14.691 1.005 7.34 

4 
Longitudinal 194.268 193.558 0.710 0.37 
Horizontal 113.581 114.690 1.109 0.98 

 
 

comparison methods in terms of accuracy, recall, mAP, and F1 score. Specifically, compared to the 
best performing method in reference [8], the accuracy, recall, mAP, and F1 values of our method 
have been improved by 6.9, 8.8, 9.2, and 7.78 percentage points, respectively. Mainly due to the 
enhanced detection of subtle cracks by the CCFM cross scale fusion module; The improvement in 
accuracy is attributed to the synergistic suppression of background false positives by DAttention 
and ECA; The mAP improvement reflects the optimization of the SIoU loss function on the quality 
of bounding box regression. The above results validate the effectiveness and synergy of the four 
improvement strategies proposed in this paper. 

 
3.4.3 Calculation of crack length and width 
The detected crack dimensions were compared with actual measurements, with results presented 

in Table 3. 
Analysis of Table 3 shows that the detection results of crack length by the method proposed in 

this article are basically consistent with the actual length. Except for the transverse length of the fine 
crack (No. 3), which has a relative error of 7.34% due to the small number of pixels, the relative 
error of the other cracks is controlled within 1%. The method used in this article for crack detection 
has a positive impact on the calculation of crack length and width, which can help engineers more 
accurately evaluate the integrity and safety of building structures. 

 
3.4.4 Comparison of loss functions 
The improved model’s loss convergence was verified, with training curves for both loss functions 

shown in Fig. 5. 
Analysis of Fig. 5 shows that the SIoU loss function exhibits better convergence characteristics 

during the training process. Specifically, after 300 training cycles, the SIoU loss value remained 
stable at 0.115, while the CIoU loss value remained at 0.130; SIoU reaches the convergence platform 
within 150 cycles, which is about 37.5% faster than the 240 cycles required by CIoU. These data 
demonstrate that the SIoU loss function effectively reduces the bounding box regression loss, 
significantly accelerates the model convergence process, and improves generalization ability. 

 
3.4.5 Ablation experiment 
To verify the independent effectiveness of each module in the proposed improved model, 
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Figure 5. Comparison of loss functions
 

Table 4. Results of Ablation Experiment 
Model Accuracy/% Recall rate/% mAP/% F1 value/% 

Baseline 83.8 91.2 92.8 87.36 
Baseline+DAttention 85.9 92.8 94.7 89.20 

Baseline+CCFM 86.1 93.1 94.9 89.44 
Baseline+ECA 87.8 94.8 95.8 91.18 
Baseline+SIoU 84.2 91.5 93.1 87.67 

Ours 88.4 95.2 96.4 91.66 
 
 

ablation experiments were conducted on the YOLOv8 baseline model. The standard YOLOv8 
network is referred to as the baseline model (Baseline). The deformable attention mechanism 
(DAttention), cross-scale feature fusion module (CCFM), efficient channel attention mechanism 
(ECA), and SIoU loss function were independently introduced into the baseline model, resulting in 
four comparative models, sequentially denoted as Baseline+DAttention, Baseline+CCFM, 
Baseline+ECA, and Baseline+SIoU. Additionally, all modules were jointly introduced into the 
baseline model, referred to as the complete model proposed in this paper (Ours). All models were 
trained and tested under identical dataset splits, training parameters, and evaluation protocols, with 
experimental results shown in Table 4. 

Analysis of Table 4 shows that each independent module can bring performance improvements 
compared to the baseline model. Among them, after independently introducing the ECA module, 
the accuracy increased from 83.8% to 87.8% (an increase of 4.0 percentage points), and the F1 value 
increased from 87.36% to 91.18%, which is the most significant improvement effect in a single 
module, indicating that the efficient channel attention mechanism can effectively recalibrate channel 
feature weights; After independently introducing the CCFM module, the recall rate increased from 
91.2% to 93.1%, reflecting the enhanced effect of cross scale feature fusion on detecting subtle 
cracks; After independently introducing the DAttention module, mAP increased from 92.8% to 
94.7%, demonstrating that the deformable attention mechanism helps reduce background 
interference; After independently introducing the SIoU loss function, the improvement in various 
indicators was relatively small (accuracy increased by 0.4 percentage points, mAP increased by 0.3 
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percentage points), but the contribution was significant when combined with other modules in the 
complete model. After integrating the four modules in a coordinated manner, the complete model 
achieved optimal performance in all indicators, verifying the good complementarity and 
collaborative enhancement effect between the modules. 

 
 

4. Discussion 
 
4.1 Advantages of the proposed method 
 
The improved YOLOv8 model proposed in this paper achieves significant performance 

enhancements in the task of building concrete surface crack detection, with its advantages primarily 
reflected in the following four aspects: 

First, high robustness under complex backgrounds. As shown in Fig. 4, for the first crack image 
containing background noise, the methods in references [6-8] all exhibit false detection of noise as 
cracks, whereas the proposed method accurately extracts crack features with virtually no 
interference. This advantage is mainly attributed to the DAttention deformable attention mechanism, 
which learns offsets for the sampling points of convolution kernels, enabling the model to 
dynamically adapt to the irregular morphology of cracks and effectively avoid interference from 
background textures such as aggregate and air bubbles on the concrete surface. 

Second, high crack detection capability. The comparison methods suffer from incomplete or 
discontinuous crack identification, while the proposed method achieves complete and continuous 
detection. This advantage stems from the CCFM cross-scale feature fusion module, which deeply 
integrates deep semantic information with shallow high-resolution detail features, mitigating the 
dilution of fine cracks in traditional feature pyramids. As shown in Table 3, the recall of the proposed 
method reaches 95.2%, significantly outperforming that of reference [8] at 86.4%, further validating 
the enhanced detection capability of CCFM. 

Thirdly, the efficient enhancement of feature discrimination ability. The ablation experiment 
(Table 4) showed that after independently introducing the ECA module, the model accuracy 
increased from 83.8% to 87.8% (an increase of 4.0 percentage points), and the F1 value increased 
from 87.36% to 91.18%, which is the most significant improvement effect among individual 
modules. This indicates that the ECA efficient channel attention mechanism achieves adaptive 
recalibration of channel features with low computational complexity, effectively enhancing crack 
related features and suppressing redundant channel information. 

Fourth, precise and stable bounding box regression. Loss function comparisons demonstrate that 
the SIoU loss function reaches a convergence plateau within 150 epochs, whereas CIoU requires 
240 epochs, and the final loss value of SIoU (0.115) is lower than that of CIoU (0.130). Additionally, 
crack length and width calculations (Table 3) show that, except for extremely small cracks with very 
few pixels, the relative error between the detected length and the actual length is controlled within 
1%. This indicates that the SIoU loss function effectively optimizes the convergence path and 
localization accuracy of prediction boxes by incorporating angle cost and redefined distance cost. 

 
4.2 Limitations 
 
Although the proposed method achieves good detection performance, the following limitations 

remain: 
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(1) Insufficient detection accuracy for extremely fine cracks. In Table 3, the actual transverse 
length of Crack No. 3 is only 13.686 pixels, with a detection relative error of 7.34%, significantly 
higher than that of other cracks. This indicates that the model’s discriminative capability is still 
limited when crack dimensions are extremely small, likely due to irreversible loss of fine features 
caused by multiple downsampling operations. 
(2) Strong dependence on data diversity. The training data of this model mainly come from public 
datasets such as SDNET2018 and some self-collected images. In practical engineering, concrete 
surfaces may exhibit more complex appearance characteristics due to factors such as formwork 
material, curing conditions, carbonation degree, and lighting variations, leading to potential 
performance degradation of the model in such insufficiently covered scenarios. 
(3) The positive-negative sample imbalance remains to be optimized. Crack pixels typically 
account for a very low proportion in concrete surface images, causing negative samples 
(background) to dominate during model training. Although the introduction of attention 
mechanisms has alleviated this issue, the fact that recall (95.2%) is slightly higher than precision 
(88.4%) in Table 4 indicates that some false detections still exist, suggesting room for further 
improvement in the model’s ability to distinguish hard examples. 
 
4.3 Future work 
 
Based on the above limitation analysis, future research will focus on the following directions: 
(1) Detection of extremely fine cracks: Explore deep integration of super-resolution 
reconstruction techniques with feature pyramids, or introduce auxiliary branches with pixel-level 
supervision into the network to recover detailed information potentially lost during 
downsampling. 
(2) Data diversity: Study domain adaptation techniques and combine generative adversarial 
networks to synthesize diverse crack samples, improving model robustness in unseen scenarios. 
(3) Model lightweighting: Employ knowledge distillation or neural architecture search to 
compress model volume while maintaining accuracy, meeting the deployment requirements of 
edge computing devices. 
(4) Positive-negative sample imbalance: Introduce strategies such as Focal Loss or online hard 
example mining to make the model focus more on hard-to-classify crack pixels during training, 
thereby improving training efficiency and detection accuracy. 
 
 

5. Conclusions 
 
This article proposes a detection method based on improved YOLOv8 to address the problems 

of difficult identification under complex backgrounds and easy omission of subtle cracks in the 
detection of surface cracks in building concrete. DAttention, CCFM, ECA, and SIoU are introduced 
to construct a progressive optimization chain. The results show that our method achieved an 
accuracy of 88.4%, a recall of 95.2%, and a mAP of 96.4% on a self built dataset; In the calculation 
of crack length and width, except for extremely fine cracks, the relative error is controlled within 
1%. In terms of potential applications, the method proposed in this article can be deployed in key 
parts of concrete structures such as bridges and dams to achieve automated crack inspection. It can 
also be combined with drones for remote detection of high-risk areas and provide data support for 
structural health assessment and maintenance decision-making. Future work will focus on 
improving the accuracy of fine crack detection and deploying lightweight models. 
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