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A B S T R A C T  A R T I C L E  H I S T O R Y 

 

Accurate measurement of fatigue crack length is essential for routine maintenance of steel bridges, and automated 

technologies have already been applied in maintenance operations. However, conventional image processing strategies 

suffer from complex and multi-source interference in steel box girders. This study proposed a two-stage method combining 

region recognition and morphological processing to diminish noise in fatigue crack images, thereby improving the accuracy 

of crack recognition and length measurement. The object-recognition-former (OBFormer) model was built to detect and 

isolate the fatigue crack regions, leveraging the advanced feature extraction module and localization capabilities. Optimized 

Canny algorithm was utilized to suppress noise and extract the skeletal line of the fatigue crack from detected regions. The 

length of the crack was calculated by modifying the coordinate system of the crack plane and quantifying the number of 

pixels along the skeletal line. Experimental results showed that the OBFormer model effectively handled complex 

background interference and accurately detected the fatigue crack regions, with a mean average precision (mAP) of 91%. 

After morphological processing, the length of the crack skeleton was accurately calculated with a relative error of less than 

5%. The proposed methodology provides a reliable and efficient solution for fatigue crack measurement, offering significant 

potential for real-world applications in structural health monitoring and bridge maintenance. 
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1.  Introduction 

 

Orthotropic steel decks (OSDs) have been widely used in long-span bridges 

for their impressive spanning capabilities[1], whereas they are particularly 

vulnerable to fatigue cracks under the high load traffics[2]. Fatigue cracks could 

significantly undermining both mechanical performance and durability of 

bridges[3–5]. As the number of cracks continues to increase, the maintenance 

pressure correspondingly intensifies. Based on computer vision, automatic 

defect inspection systems had been developed to replace manual inspection. 

Particularly, crack detect model based on neural networks had been proved to 

be applicable to engineering practice, and showed its accuracy and high 

efficiency[6–8]. 

In early stage, computer vision tasks focused on objection detection which 

were applicable to the pavement crack detection challenge and had gotten great 

results[9]. For example, Chu et al.[10] proposed the Ghost-YOLO model to 

address the heavy workload associated with crack detection in CNNs, achieving 

mean average precision of 84.77%. Ye et al.[11] applied the YOLOv7 

architecture to concrete damage detection and found that the model 

demonstrated strong crack detection capabilities in complex environment. With 

the rapid development of computer vision technology, the focus of crack 

detection task was moved to semantic segmentation. Semantic segmentation 

could acquire the accurate geometrical shape through pixel-level classification. 

This method showed great performance in concrete crack detection[12–15]. 

Compared to pavement cracks, fatigues cracks in OSDs show undistinct 

visual characteristics mainly due to the small width. In the meantime, the 

surfaces of OSDs exhibit noise which shows a resemblance to the visual 

characteristics of fatigue cracks and reduces the accuracy of neural networks. 

Therefore, semantic segmentation method showed some problems when it was 

applied to crack detection on OSDs images. Specifically, some models 

misclassified small objects with visual features similar to cracks. For example, 

Dong et al. [16] demonstrated that edges of weld lines might be detected as 

small fatigue crack fragments by using the proposed pixel-level fatigue crack 

segmentation method. Xu et al.[17] proposed fusion convolutional neural 

network, which had a small probability of misclassifying handwritten notes as 

fatigue cracks. 

This study proposes a method for recognizing and quantifying fatigue 

cracks in OSDs to overcome interference targets while considering model 

lightweight. OBFormer model is designed and employed to identify cracks 

regions and to extract localized images. An optimized edge detection algorithm 

is applied to obtain the crack skeleton. Finally, the number of skeletal pixels is 

counted to calculate the crack length from distortion-corrected 2d image. 

 

2.  Crack detection on 2d image 

 

2.1. Architecture of OBFormer 

 

OBFormer is divided into encoder part and decoder part. Encoder is 

composed of multiple Transformer blocks. Each block outputs a feature map 

Feat_i, which is passed to next block as well as the decoder. Decoder mainly 

consists of Up-Down feature fusion (UDFF) module and classification-

repression-interaction (CRI) module. In training progress, images are divided 

into multiple overlapping patches in the Overlap Patch Embedding (OPE) 

module, and each patch is encoded into a vector representation. After processing 

through the OPE module, the feature maps are fed into the Transformer block 

to compute the different-level feature maps. UDFF module adjusts the sizes and 

channels of deep-level feature maps and then fuse these features. The processed 

feature maps are transmitted to CRI module to extract discriminative features. 

All the features from different layer are concatenate to form a comprehensive 

feature vector to calculate the output. 

Transformer block consists of Efficient Self-Attention module (ESA) 

mechanism, Mix Feedforward Network (Mix-FFN), and Overlapped Patch 

Merging (OPM) module. The mathematic progress is shown in Fig. 1. 

The ESA[18] mechanism is based on the Self-Attention (SA) 

mechanism[19]. Feature maps are firstly flattened into sequence, and then the 

Query (Q), Key (K), and Value (V) matrices are computed to establish 

relationships between any two pixels. These matrices are then passed to the 

Mix-FFN function to generate the deep-level feature maps. Subsequently, the 

overlap patch merging (OPM) module reorganizes the metrics back into feature 

maps. The ESA mechanism is estimated as: 

 
( ) ( )Attention , , softmax T

KQ K V QK d V=                          (1) 
 

where Q, K, and V are tensors describing the queries, keys, and values 

respectively, and dK is dimension of K. The Q, K, and V have the same 

dimensions of N×c, where N=h×w. is the length of the feature sequence. To 

improve the computational efficiency of the self-attention mechanism, ESA 

introduces a reduction ratio R to reduce the spatial dimensions of features 

sequence as follows: 

 

( )( )ˆ Reshape ,K N R C R K=                                     (2) 

 

( )( )ˆLinear ,K C R C K=                                          (3) 

 

Where K is sequence to be reduced, Reshaped(N/R, C·R)(K) refers to reshape 

K to the one with shape from N × C to (N/R) × (C·R), then the new K can obtain 

with the dimension of (N/R) × C through a linear transformation. As a result, the 

complexity of self-attention is reduced from O(N2) to O(N2/R). 

Positional code is fixed in traditional transformer [20]. When the test 

resolution is different from that the training one, the positional code needs to be 

interpolated, which lead to the drop of accuracy. Mix-FFN consider the effect 

of zero padding to the leak location information by directly using a 3×3 

convolution in the feed-forward network (FFN). Mix-FFN is formulated as: 
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( )Mix-FFN MLP(GELU(Conv3 3(MLP( )))x x x=  +                    (4) 
 

where x is the feature from the ESA module. Mix-FFN mixes a 3 × 3 convolution 

and an MLP into each FFN. 

The OPM module is based on Patch Merging (PM) operation in Swin 

Transformer[21]. The PM module was initially designed to combine non-

overlapping image or feature patches, which lacks the ability to preserve 

continuity between patches. To address this limitation, OPM introduces an 

overlapped operation on the feature maps. By incorporating overlapping regions 

between patches, OPM maintains the continuity between patches, thereby 

improving accuracy of the OBFormer.  

The feature maps extracted by the encoder are fed into the UDFF module. 

Three deep-level feature maps are stacked after channel and size transformation. 

The stacked feature maps are then passed through an MLP layer to adjust 

channels and size. The UDFF module strengthens the connection between deep-

level and shallow-level feature maps, enhancing feature fusion and contextual 

information exchange. 

The feature maps from the UDFF module are fed to the CRI module for 

decoding. Feature maps of each scale are fed into classification, regression, and 

interaction branches, followed by convolution and Sigmoid activation. The 

outputs from the three decoupled heads are stacked and flattened. Finally, the 

results from the three decoupled heads are stacked again to generate the final 

detection output. 

 

 

Fig. 1 Structure of OBFormer 

 

2.2. Construction of the dataset 

 

During long-term monitoring and crack detection for two steel bridges, 

2,350 images depicting fatigue cracks was collected to create annotated dataset. 

The images presented several challenges, including issues of overexposure and 

underexposure, which were attributed to variations in collection environmental 

conditions. To address these challenges, the data augmentation techniques were 

used to enhance the diversity of the data and improve generalization capabilities 

of OBFormer. The dataset was divided into three subsets in an 8:1:1 ratio for 

the purposes of model training, validation, and test. 

 

 

Fig. 2 Dataset construction 

 

2.3. Network training and inference 

 

2.3.1. Training parameters and metrics 

In this study, the OBFormer was established and evaluated under the 

software system of Ubuntu 18.04. The hardware mainly consists of a Ryzen 9-

5900X CPU and RTX 3090 GPU with 24GB RAM. The training phase 
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employed transfer learning strategy to initialize the parameters of the encoder. 

The initial weights were derived from the training results of the common data 

set ImageNet. Simultaneously, frozen training strategy was used to optimize 

training. Learning rate was reduced from 1e-4 to 1e-7 through a cosine 

annealing decay method[22], in conjunction with the AdamW optimizer[23], 

over 300 training epochs. The hyperparameters are shown in Table 1. 

 

Table 1  

Sets of hyperparameter 

Hyperparameter set 

Input size 448×448 

Batch size 8 

Learning rate 1e-4 to 1e-7 

Epochs 300 

Frozen epochs 20 

Optimizer AdanW 

 

Average precision (AP) was utilized to assess the performance of model. 

AP measures the ratio that a sample identified as positive is genuinely a true 

positive, as shown in Eq. (5) as 

 

1
/ ( )

N

AP TP TP FP
N

= +                                        (5) 

where TP refers to true positive samples, which are target pixels that have been 

correctly classified. FP denotes false positive samples, which are background 

pixels erroneously classified as target pixels.  

 

2.3.2. Training results of OBFormer 

Training results are shown in the Fig. 3. The loss value curve indicates that 

both the training and validation value begin to stabilize after the 200th epoch. 

After the 250th epoch, the training and validation loss values converge to similar 

levels, indicating good model convergence without signs of underfitting or 

overfitting. To verify the superiority of OBFormer, two representative state-of-

the-art object detection models are selected, YOLOv7 and Mask R-CNN, for 

comparison. For model training, all hyperparameters are configured as specified 

in Table 1. The quantitative comparison metric used was mAP, and the training 

results of the three models are illustrated in Fig. 3 (b). As observed from the 

curves, all models cease to fluctuate after the 50th epoch, with mAP values 

steadily increasing thereafter. After the 250th epoch, the values reach a stable 

region, where OBFormer achieves a final mAP of 0.91, significantly 

outperforming the other two models. Fig. 3 (c) shows the detection outcomes 

for various targets within crack images were notably satisfactory. Specifically, 

the AP values for cracks, stop-holes, and labels were 81%, 95%, and 98%, 

yielding an overall mAP of 91% across the three categories. Table 2 presents a 

comparison of OBFormer, YOLOv7, and Mask R-CNN in terms of model size 

and inference efficiency on the custom dataset. OBFormer has fewer parameters 

and FLOPs, indicating a more lightweight architecture. Meanwhile, OBFormer 

achieves an FPS of 126.7 under the same conditions, substantially higher than 

the other two models, demonstrating its superior real-time processing capability. 
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Fig. 3 Training results of OBFormer. (a) Loss curve. (b) Comparison with object detection model. (c) Average precision calculated for all 

categories 

 

Table 2  

Model size 

Model Parameter(M) Flops(G) FPS 

YOLOv7 37 60 78.3 

Mask R-CNN 44 100 35.6 

OBFormer 4.53 10 126.7 

 

The deployed results of the model applied to the test dataset are shown in 

Fig. 4, which shows various typical fatigue cracks, stop-hole and label areas. In 

instances of single crack, it was practical to reliably estimate the area of the 

cracks, which serves to reduce the quantity of background pixels. In images 

containing both stop-holes and multiple cracks, the proposed methodology 

effectively distinguished and detected the areas associated with each individual 

crack and stop-holes. This approach avoids the generation of a single prediction 
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box for multiple cracks. The deployed results indicate that the OBFormer 

exhibits a strong suitability with the test dataset, demonstrating adequate 

generalization capabilities across all data. The OBFormer is capable of 

accurately predicting the presence of cracks, stop-holes, and labels information.

 

  

Fig. 4 Results of the detection of representative samples 

 

3.  Crack feature extraction 

 

3.1. Optimized edge detection algorithm 
 

The edge detection algorithm presented is derived from the Canny detection 

algorithm[24], with the Gaussian filtering substituted by bilateral filtering. The 

bilateral filter incorporates both spatial and range information of pixel points. 

There is a clear difference in grayscale values between crack and background in 

image. The diversity enhances the range weight and reduces the spatial weight 

when convolution kernel is applied to the crack region. The adjustment reduces 

the smoothing effect on the image, thereby preserving the edge information. In 

non-crack regions, the filter reduces range weight and increases spatial weight, 

allowing for smooth processing of the background areas.  

Dense bright spots caused by the flash lights result in significant gradients 

which still exist after smoothing with a large convolution kernel. Based on the 

characteristics of images collected from steel box girders, where the background 

is typically dark with low grayscale values and the fatigue crack regions 

generally have even lower grayscale values, a threshold segmentation 

preprocessing step is introduced before smoothing the images. All bright spots 

in the image with grayscale values above the threshold are set to the threshold 

value by applying an adaptive threshold segmentation method. The 

mathematical formulation of the algorithm is delineated in Eq. (6)  

 

( )

1
( ) ( , ) ( ( ), ( ))y S r

x Sq

I I x G x y G I x I y
W 

=                              (6) 

 
2

2
( , ) exp( )

2
S

s

x y
G x y



−
= −                                        (7) 

 

2

2

( ) ( )
( ( ), ( )) exp( )

2
r

r

I x I y
G I x I y



−
= −                              (8) 

 

p d r

x s

W G G


= •                                               (9) 

 

where S represents the set of pixel points within the neighborhood during the 

filtering procedure. The x and y denote the coordinates of the target pixel point 

within neighborhood. I(x) indicates the pixel value of each pixel point in the set 

S, while I(y) represents the pixel value following the application of filtering 

processes. The GS represents the geometric space that characterizes pixel values 

in bilateral filtering. Gr represents the absolute value of the grayscale variation 

between a designated point and the central point within the neighborhood. 

Furthermore, Wp represents the sum of the weights of each pixel value within 

the filtering window, used for weight normalization, expressed as Eqs.(7)-(9). 

σd and σr represent the variances of the image and the grayscale space after 

filtering. 

 

3.2. Results of feature extraction 

 

The deployed results of OBFormer on given images generated parameters 

related to the predicted bounding box for the target object, which comprises four 

values: (bx, by, bw, bh). The bx and by denote the coordinates of the center of the 

bounding box, while bw and bh indicate width and height. The pixel position 

information for the four corners of the bounding box in the original image, 

represented as [a, b, c, d], can be obtained through Eq. (10). 

 
2 2, 2 2

x h x h y yW Wb b b b b b b ba b c d− + −= = = +=， ，             (10) 

 

   

Fig. 5 OBFormer detection results  

 

While OBFormer accurately identifies object-level bounding boxes, precise 

characterization of structural defects such as cracks requires additional pixel-

level edge information. Therefore, an optimized edge detection algorithm was 

utilized to analyze the images presented in section 3.1, with the results depicted 

in Fig. 6. The figure illustrates the efficacy of the algorithm in identifying 

various object edge information within the images, such as cracks, labels, 

handwritten text, and the contours of over-welded holes. However, noise was 

present in each image, primarily due to inadequate lighting conditions inside the 

OSDs. The usage of flashlight during photography, in conjunction with the 

rough texture of the steel surface, intensified the noise present in the images. 

To quantify the denoising performance of the two algorithms, structural 

similarity (SSIM), peak signal-to-noise ratio (PSNR), and Error Rate were used. 

Fig. 7 illustrates the results of three representative images processed by two 

different denoising methods: Gaussian filtering and bilateral filtering. It can be 

observed that bilateral filtering consistently achieves higher SSIM and PSNR 

values across all three images, indicating its superior ability to preserve edge 

features and overall structural information compared to Gaussian filtering. 

Moreover, the Error Rate is generally lower under bilateral filtering, further 

confirming its effectiveness in removing noise while minimizing the loss of 

image details. 
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Gaussian filtering 

 

Bilateral filtering 

  

 

Gaussian filtering 

 

Bilateral filtering 

  

 

Gaussian filtering 

 

Bilateral filtering 

(a) (b) (c) 

Fig. 6 Results of edge detection. (a) Original image, (b) Whole image, (c) Cropped image 
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Fig. 7 Comparison of denoising performance between gaussian and bilateral filtering 

 

Bridge maintenance necessitates the collection of data regarding the 

locations and geometric characteristics of cracks. In the analyzed images, crack 

regions were manually cropped and repositioned, and color inversion was 

applied to improve the visibility. Nonetheless, the images were considerably 

impacted by noise, which obscured the visibility of the crack areas. The 

presence of text and noise partially disrupted the continuity of the crack paths, 

complicating the quantification of relevant features. This challenge was 

exacerbated by the fact that pixels representing the cracks made up only a small 

proportion of the total pixel count in the images. As a result, the detection 

process struggled to identify crack areas and corresponding shapes. Therefore, 

accurately delineating and extracting crack areas from the images was essential 

for obtaining precise geometric features. 

Given that cracks often occupy a small portion of the image and are 

susceptible to interference from noise and annotation artifacts, crack regions 

were manually cropped and centered to reduce the influence of surrounding 

distractors. This preprocessing step also facilitates more effective denoising. 

The cropped image was centered on the crack region, reducing the influence of 

weld-joints, labels, and handwritten notes. However, the image that had 

undergone Gaussian filtering still contained a significant level of noise, which 

hindered the accurate delineation of the crack area. The outcomes through the 

application of bilateral filtering demonstrated that the majority of the noise had 

been eliminated, resulting in an image that primarily comprises pixel 

information relevant to the cracks. The edges of the cracks were clearly defined, 

and the geometric features were emphasized, thereby enhancing the ability to 

recognize the crack shape. 

 
3.3. Morphological processing 

 

The edge detection results may contain noise or boundary discontinuities 

making it difficult to directly extract complete crack regions. Therefore, a seed-

filling method based on region growing were used to construct connected 

domains of cracks. The additions enhanced the coherence of the method and 
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improved the interpretability of the crack extraction process. Crack edges were 

first detected through feature extraction and then integrated into a connected 

domain to represent the entire crack area. In this study, a seed-filling method 

based on the region growing algorithm was employed to establish the connected 

domain of the crack. Subsequently, a morphological skeletonization technique 

was implemented, involving an iterative procedure that utilized erosion and 

opening operations. The iterative process diminished the connected domain, 

resulting in linear representations while maintaining the topological integrity of 

the crack shape. The mathematical model is delineated as Eq. (11). 

 

( ) ( )
0

( ) ( )
n

k

k

S A A kB A kB B
=

= − ○                             (11) 

 

where A is the original binary image. B is the convolution kernel used for 

operations. The symbol    is used to indicate the morphological erosion 

operation. The symbol ○  represents the morphological opening operation, 

which is defined as the sequence of erosion followed by dilation. The variable 

k indicates the number of iterations applied during the erosion process. 

Furthermore, n represents the maximum value at which the resultant set A B  

becomes an empty set. 

The results obtained from the application of the detection and connected 

domain algorithm to the fatigue crack images are shown in Fig. 8. The images 

displayed a certain level of point-like noise and discontinuities. To acquire the 

total crack area, morphological processing was applied to the edge features. A 

morphological dilation operation was performed on the image, which aided in 

connecting crack edges in regions. An erosion operation was then used to the 

dilated image, using a convolution kernel size identical to that of the dilation, to 

remove noise. The Zhang-Suen algorithm was used to skeletonize the crack, 

refining the area into lines composed of single-pixel points. The missing 

segments within the crack curves typically do not exceed 20 pixels, resulting in 

minimal impact on the overall morphology of the cracks, although they can 

affect the total pixel count to some extent. To address this, a curve fitting 

approach was employed to complete the skeleton lines. Compared to the 

original discontinuities, this method significantly reduces errors in crack pixel 

quantification. 

 

   

   

   

(a) (b) (c) 

Fig. 8 Results of the morphological processing (a)Enhancement of Canny edge detection outcomes, (b) Results of morphological processing,  

(c) Crack skeletal lines 

 

4.  Feature quantification method 

 

4.1. Monocular theory 

 

In the manual gathering of crack images, a single camera was used for 

imaging capture. However, achieving a shooting angle that was perpendicular 

to the crack plane posed significant challenges, thereby complicating the 

accurate depiction of crack geometric features within the image plane. The 

monocular graphical representation is shown in Fig. 9. This study was 

conducted indoor using a steel box girder specimen with fatigue crack. Given 

that the gathering of crack images primarily relies on portable cameras in daily 

maintenance, this study utilized a smartphone as the shooting device. The 

experimental platform and crack collection process are shown in Fig. 10. 

 

  

Fig. 9 Method of monocular vision Fig. 10 Experimental platform 

 

The challenge of achieving a shooting angle perpendicular to the crack 

plane is a key limitation of the monocular vision system. Furthermore, the 

imaging process may introduce various distortions attributable to factors such 

as the lens manufacturing processes and the precision of installation. The 

distortion and intrinsic parameters of the camera are inherent attributes that can 

be quantified through a procedure known as camera calibration. The 

mathematical model that describes these parameters is delineated in the 

following equations: 

 

11 12 13

21 22 23

31 321 1 1 1

x h h h x x

y h h h y H y

h h

       
       = =      
             

                              (12) 
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                                           (13) 
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( )2 4 6 2 2

1 2 3 1 2' (1 ) 2 2x x k r k r k r p xy p r x = + + + + + +
 

               (14) 

 

( )2 4 6 2 2

1 2 3 1 2' (1 ) 2 2y y k r k r k r p r y p xy = + + + + + +
 

                (15) 

 

where H signifies the homography transformation matrix, which articulates the 

correspondence between points in the pixel coordinate system and those in the 

world coordinate system. M refers to the specific formulation of the camera 

intrinsic parameter matrix. The variables x and y denote the coordinates prior to 

correction, whereas x' and y' indicate the coordinates following correction. The 

k1, k2, k3, p1, p2, fx, fy, u0, and v0 are variables that necessitate estimation. The 

proposed solution methodology involves initially calculating the intrinsic and 

extrinsic parameters of the camera through the homography matrix, 

subsequently employing nonlinear least squares to estimate the distortion 

parameters. The derived parameters are calculated using the maximum 

likelihood estimation approach. 

 

4.2. Experiment of feature quantification 

 

Position the chessboard calibration plate, measuring 10 cm by 10 cm, on 

the surface of the steel box beam specimen. Adjust the camera orientation and 

capture a series of images of the chessboard calibration plate from various 

angles for camera calibration. The parameters of the camera are shown in Table 

3. 

 
Table 3  

the result of parameters calculation 

Distortion parameters Camera parameters 

k1 0.09093 fx 775.75 

k2 0.09174 fy 770.83 

k3 -0.52407 u0 488.24 

p1 -0.01217 v0 329.91 

p2 0.00228   

 

This study employs a standard camera projection model, utilizing the 

intrinsic camera matrix and pose parameters to perform forward projection from 

3D points to 2D image coordinates for reprojection error calculation. The multi-

angle corner detection results are shown in Fig. 11, with an average reprojection 

error computed as 0.052 pixels.

 

 

Fig. 11 Chessboard corner detection results 

 

After obtaining the camera intrinsic parameters, feature quantification 

analysis was conducted on 9 fatigue crack specimen images captured at varying 

distances and angles. The OBFormer model was employed to detect and crop 

local images depicting fatigue cracks. The image processing techniques 

described in Section 3 are applied to the acquired images to identify the crack 

edges and the associated connected components, following dilation and erosion 

operations. Subsequently, crack skeletons are extracted from the images of the 

connected components. The presentative experimental results are shown in Fig. 

12.  

Fig. 12 (e) illustrates the quantified crack length results from nine images 

captured under varying shooting angles and distances. The angles include ±45º 

and 90º, and the distances are 20 cm, 30 cm, and 40 cm. In the figure, blue bars 

represent the crack lengths extracted through image-based recognition, while 

the red line indicates the variation in relative error. As observed, the relative 

error ranges from a minimum of 1.8% to a maximum of 4.4%, all within 5%. 

These results demonstrate that the proposed crack skeleton extraction and 

breakpoint completion algorithm achieves high stability and accuracy under 

different imaging conditions. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 
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(e) 
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Fig. 12 Results of feature quantification  

(a) Cropped results, (b) Optimization algorithm for extracting crack edges,  

(c) Crack connected component, (d) Crack skeletal line, (e) Quantification results 

 

5.  Conclusion 

 
Recognizing and quantifying of fatigue cracks in steel box girders is highly 

relevant for daily maintenance, as it impacts the maintenance strategies. The 

primary objective of this study is to establish a methodology for quantifying 

crack length through the implementation of area recognition algorithms. 

Therefore, the study utilizes the OBFormer object detection model alongside 

daily maintenance image data to calculate the crack length. The efficacy of this 

approach has been confirmed. 

From the previous research, the following conclusions were made: 

1. The OBFormer model exhibits high effectiveness in detecting cracks while 

overcoming image interference on surfaces of OSDs, resulting in mAP of 

91.2%.  

2. The truncation method for threshold segmentation, combined with an 

optimized Canny edge detection algorithm, effectively extracts fatigue crack 

edges under various interference conditions. Additionally, when employed 

alongside post-processing algorithms, this approach facilitates the accurate 

extraction of the crack skeletal line. 

3. The method for quantifying fatigue crack length in steel box girders, 

integrated with monocular vision technology, allows for the precise 

measurement of fatigue crack length, typically achieves a relative error of 

less than 5%. 
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