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1. Introduction 

 
The detection of fatigue crack damage, which usually 

caused by the initial flaws in the welding parts and live 
loads, plays an essential role in the maintenance and 
protection of steel box girder (de Freitas et al. 2012). The 
development of crack will shorten the service life and 
decrease the reliability of bridges. Therefore, it is crucial to 
detect cracks accurately and promptly. 

In the past few decades, the early researchers 
implemented damage detection by adopting advanced signal 
processing techniques, such as blind feature extraction, 
sparse representation classification and compressive sensing 
algorithm (Yang and Nagarajaiah 2014, 2016). However, it 
is difficult for the traditional structural health monitoring 
method to precisely capture the fatigue cracks in time. 
Besides, the frequently employed ultrasonic technique 
(Mutlib et al. 2016) and acoustic emission technique (Han 
et al. 2015) are complex and expensive. 

Crack diseases have strong visual characteristics, so 
detection methods based on computer vision and image 
processing are proposed by researchers, such as outlier 
elimination algorithm (Canny 1986) or edge detection 
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algorithm (Ong et al. 2015), to detect cracks automatically. 
For example, Sun and Qiu (2007) proposed a pavement 
crack recognition algorithm based on mathematical 
morphology, including eliminating Impulse noise and 
Gaussian noise, using multi-scale morphological edge 
detection methods to extract crack edges and labelling 
algorithms to segment cracks in images. However, the 
results of these methods are greatly affected by the 
environment, and the detection result is not robust. 
Therefore, it is difficult to utilize their proposed techniques 
in actual working conditions. 

In recent years, breakthroughs in the research of 
convolutional neural networks (CNN) (Krizhevsky et al. 
2017) improved the ability of a computer to process images. 
Methods that proposed based on CNN can significantly 
enhance the robustness of the result of crack detection. For 
example, Chen and Jahanshahi (2017) proposed a technique 
of using CNN to analyze a single video frame for crack 
detection, which combined with the Naive Bayes data 
fusion scheme; Cha et al. (2018) used RCNN model, which 
was proposed by Girshick et al. (2014), to detect various 
concrete diseases such as cracks and rust, and establishes a 
framework model of apparent diseases. Xu et al. (2019) 
proposed a deep fusion convolutional neural network to 
detect the area in the picture of steel box girder cracks 
collected by consumer cameras, and obtain a more accurate 
crack location. However, these models can only get the 
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Abstract.  Crack detection plays an important role in the maintenance and protection of steel box girder of bridges. However, 
since the cracks only occupy an extremely small region of the high-resolution images captured from actual conditions, the 
existing methods cannot deal with this kind of image effectively. To solve this problem, this paper proposed a novel three-stage 
method based on deep learning technology and morphology operations. The training set and test set used in this paper are 
composed of 360 images (4928 × 3264 pixels) in steel girder box. The first stage of the proposed model converted high-
resolution images into sub-images by using patch-based method and located the region of cracks by CBAM ResNet-50 model.  
The Recall reaches 0.95 on the test set. The second stage of our method uses the Attention U-Net model to get the accurate 
geometric edges of cracks based on results in the first stage. The IoU of the segmentation model implemented in this stage 
attains 0.48. In the third stage of the model, we remove the wrong-predicted isolated points in the predicted results through dilate 
operation and outlier elimination algorithm. The IoU of test set ascends to 0.70 after this stage. Ablation experiments are 
conducted to optimize the parameters and further promote the accuracy of the proposed method. The result shows that: (1) the 
best patch size of sub-images is 1024 × 1024. (2) the CBAM ResNet-50 and the Attention U-Net achieved the best results in the 
first and the second stage, respectively. (3) Pre-training the model of the first two stages can improve the IoU by 2.9%. In 
general, our method is of great significance for crack detection. 
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position instead of the geometric edge of the crack in the 
original picture. Therefore, it is difficult for these methods 
to quantitatively describe the geometric boundaries of the 
crack quantitatively. 

With the development of image semantic segmentation 
technology based on deep learning, crack geometric edge 
detection efficiency and accuracy have been significantly 
improved. In 2014, Long et al. (2015) proposed an effective 
model named fully convolutional networks (FCN), which is 
composed of two modules: encoder and decoder. Later, 
Ronneberger et al. (2015) proposed the U-Net model which 
is designed based on FCN, and further improves the 
segmentation effect. In terms of the segmentation of cracks, 
Ye et al. (2019) and Dung and Anh (2019) applied semantic 
segmentation technology to concrete crack detection and 
successfully obtained the geometric edges and the width of 
cracks. Zhang et al. (2018) proposed an improved CrackNet 
to obtain better results in the segmentation of road cracks. 
Later, researchers proposed various improved semantic 
segmentation models for pixel-level automatic crack 
detection of low-resolution images (Yang et al. 2018, Li et 
al. 2019, Bang et al. 2019, Bao et al. 2019, Bao and Li 
2021, Spencer et al. 2019). Since Vaswani et al. (2017) 
brought up the idea of Self-Attention layers in the deep 
neural network, it is widely used in computer vision tasks. 
This is because the attention mechanism has a good effect 
in obtaining the details of the image. What's more, cracks 
account for a small proportion of the pixels in the picture, 
so there are many related researches in crack detection to 
improve the effect of segmentation (Qiao et al. 2021, Song 
et al. 2019, 2020, Wan et al. 2021). However, these 
methods can only be effectively applied to images where 
the crack accounts for a large proportion. Besides, limited 
by the size of computer memory size, it is arduous to 
implement these methods on high-resolution images. Since 
the steel box girder cracks are relatively small, high-
resolution images, such as 3264 × 4926, are often used for 
crack detection. Thus, using these methods in actual 
conditions is unlikely to have effective and acceptable 
results. 

To address these limitations, this paper proposes a three-
stage method that can enhance the accuracy and 
effectiveness of pixel-level crack detection on high-
resolution images. In the first stage, we employ a patch-
based method for image classification, which converts a 
large high-resolution image into several small sub-images 
of a fixed size. Then, the classification model based on a 
convolutional neural network with self-attention mechanism 
is applied to classify the region where crack exists. In the 
second stage, by using the Attention U-Net model to 
segment sub-images, the veracious crack edges will be 
obtained. The Attention module is integrated into these 
models to filter out high-value information rapidly from a 
large amount of data with accurate classification and 
segmentation of crack images. After stitching sub-images, 
the geometric edges of the cracks in the high-resolution 
images can be accurately segmented. In the third stage, we 
apply the outlier elimination algorithm and the dilation 
algorithm to post-process the predicted results of the second 
stage. Based on retaining the segmented cracks, we 

successfully remove most of the noise pixels in the 
predicted result, which makes it more conform to the 
ground truth. Several high-resolution crack images of the 
steel box girder were used to verify the performance of our 
method. The results show that our method has high 
identification accuracy of crack images and successfully 
achieved accurate crack segmentation on high-resolution 
images. 

 
 

2. Methodology 
 
Since cracks have self-similarity on two orders of 

magnitude (Saouma et al. 1990), the probability of only 
obtaining part of the crack by simply utilizing object 
detection algorithms such as Faster R-CNN (Ren et al. 
2016) is exceptionally high. In the problem of crack 
detection, the target object detection can realize the 
detection of fragments of cracks, which may cause the 
detected cracks to appear discontinuous (Cha et al. 2018). 
Inspired by the patch-based method (Hou et al. 2016), we 
first converted the original image into several small sub-
images. A classification model is proposed to judge whether 
the crack exists in each sub-images, which will effectively 
locate the region of cracks. Then, by utilizing a 
segmentation model on the area where the crack exist, all of 
the crack areas will be processed. Since the classification 
and segmentation model has errors inevitably, we use the 
dilate operation and outlier elimination algorithm to 
eliminate the noise in the prediction results. Generally 
speaking, the process is divided into three stages. The flow 
chart is shown in Fig. 1. 

The convolutional neural network model used in the 
first two stages can be replaced by any classification and 
segmentation model according to the actual engineering 
situation. The remainder of this section will describe the 
detail of the three-stage method individually. 

 
2.1 The first stage 
 
Deep residual networks (ResNet) (He et al. 2016) is a 

widely used and recognized deep learning architecture in 
the field of image classification, which shows compelling 
accuracy and excellent convergence behaviours. To be 
capable of classifying slight cracks, we employ a simple yet 
effective attention module called convolutional block 
attention module (CBAM) (Woo et al. 2018) to improve the 
performance of ResNet. 

 
2.1.1 Data preprocessing 
For a high-resolution image, we assume that the size of 

the patch is s × s, while the overlap length is s/2. The 
overlapping patch is aimed at improving the accuracy of 
judging the fracture area. After acquiring the small image, 
we normalize each pixel to between 0 and 1 by dividing the 
value of each pixel in the image by 255 and standardize 
each pixel to between -1 and 1. The expression of image 
standardize is shown as Eq. (1). 

 𝑥’ = 𝑥 − 𝜇𝜎  (1)
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where x’ is the standardized pixel value; x is the normalized 
pixel value; μ and σ are the average and standard deviation 
of all pixels on each image channel, respectively. 

 
2.1.2 Model architecture 
The model we selected for classification in the first 

stage is CBAM ResNet-50. Among them, the role of the 
CBAM module is to quickly filter out high-value 
information from a large amount of data, which refers to the 
information of cracks. Therefore, the ability of the model to 
identify cracks can be significantly improved after adding 
this module. 

The CBAM module has two sequential sub-modules, 
which are the channel module and the spatial module. For 
the convolutional layer of a neural network at any depth, the 
two modules of CBAM can adaptively refine the 
intermediate feature maps. 

The aim of channel attention module aims to render a 
one dimension channel map (C × 1 × 1). The module will 
generate a channel attention map using the relationship 
between channels of features. Since each channel of the 
feature map is treated as a feature detector, the channel 
attention map focuses on what is meaningful for a given 
input image. The average-pooling is widely used to gather 
spatial information, and max-pooling is used to collect 
different object characteristics from inferring better channel 

 
 

 
 

attention. To combine their advantages, the module uses 
both average-pooling and max-pooling features. After the 
input feature map passes through two pooling layers, the 
two feature maps are obtained through the shared multi-
layer perceptron (MLP). The final feature vectors are 
combined by element-wise summation. The Sigmoid 
function shown as Eq. (2) is used at the end of the channel 
attention module to distinguish the feature more prominent. 

 𝜎 = 11 + 𝑒ି௭ (2)

 
where z is the input value of Sigmoid function. To sum up, 
the channel attention is computed as Eq. (3). 

 𝑀𝑐(𝐹) = 𝜎(𝑀𝐿𝑃(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹)) +𝑀𝐿𝑃(𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝐹))) (3)

 
where F represents the input feature. The whole process of 
the channel attention module is shown in Fig. 2. 

The aim of the spatial attention module is to render a 
two-dimension channel map (1 × H × W). The module uses 
the spatial relationship between features to generate a 
spatial attention map. To supplement channel attention, 
spatial attention focuses on the location of information. 
When calculating the spatial attention, the average-pooling 

 
 

 
Fig. 1 Flowchart for the three-stage crack segmentation strategy 

 
(a) Diagram of channel attention module

 

 
(b) Diagram of spatial attention module

Fig. 2 Diagram of module in CBAM
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(a) The detailed structure of 

ResNet-50 
(b) The detailed structure of 

Bottleneck 

Fig. 3 The architecture of ResNet-50 
 
 

and the max-pooling are carried out along the channel axis. 
Then, a convolutional layer is used to generate the spatial 
attention map. Finally, a two-dimensional spatial attention 
map is generated after calculating by the Sigmiod function. 
To sum up, the spatial attention is computed as Eq. (4). 

 𝑀𝑠(𝐹) = 𝜎(𝐶𝑜𝑛𝑣(ሾ𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹); 𝑀𝑎𝑥𝑝𝑜𝑜𝑙(𝐹)ሿ)) (4)
 

where F represents the input feature. The whole process of 
the spatial attention module is shown in Fig. 2. 

The architecture of ResNet-50 is shown in Fig. 3. The 
bottleneck part can be easily replaced by the bottleneck that 
contains the CBAM module by implementing this structure. 
The detailed structure of the bottleneck implemented in the 
model is shown in Fig. 3, which contains both channel 
attention module and spatial attention module. 

 
2.2 The second stage 
 
2.2.1 Data preprocessing 
The size of the input image for the model in stage two is 

conformed with stage one. Since the regions where crack 
exists were located, the segmentation model only needs to 
identify sub-images from crack regions, which means only 
the sub-image judged to contain cracks in the first stage 
should be processed. Thus, the sub-images preprocessed in 
stage one can be directly used by the segmentation model in 
stage two. 

 
2.2.2 Model architecture 
The Attention U-Net model we employed in the second 

stage is implemented based on U-Net (Ronneberger et al. 
2015). It has skip connections between the encoder and 
decoder. The whole model is consists of four modules: 
Attention CNNLayer, CNNLayer, Downsample module and 
Upsample module. The overall architecture of the model is 
shown in Fig. 4. 

The skip connection between encoder and decoder can 
make full use of the multi-scale features in the crack image. 
At the same time, five Attention modules were implemented 

in the model to improve the performance further. They can 
make it capable of focus on practical crack information. The 
final layer of the model only contains one channel. Thus 
each pixel in the output result represents the probability of 
whether the point belongs to a crack. 

The Attention U-Net consists of four kinds of 
substructures: Attention CNNLayer, CNNLayer, 
Downsample module and Upsample module. The function 
of the CNNLayer is to perform continuous convolution 
operations and increase or decrease the number of the 
channel of the feature maps. The detailed network structure 
diagram is shown in Fig. 4. The function of the 
Downsample module is to reduce the size of the extracted 
feature maps, which is composed of a convolutional layer 
and a ReLU layer. As for the Upsampling module, it is 
capable of restoring the size of the input image by applying 
a bilinear interpolation layer. After processed by the 
Upsampling module, the feature maps will be concatenated 
channel-wise with the corresponding feature maps extracted 
by the encoder. 

The Attention CNNLayer is designed mainly based on 
CNNLayer, which contains three sub-blocks, namely 
Channel Attention block, Spatial Attention block and 
CNNLayer. The overall structure diagram is shown in Fig. 
5. By adding the Channel Attention module and Spatial 
Attention module on CNNLayers, the model gains the 
ability to concentrate on high-value information on the 
channel and spatial dimensions. The Spatial Attention block 
is entirely the same as the spatial attention module of 
CBAM, which is introduced in the previous section. To sum 
up, the channel attention is computed as Eq. (5). 

 𝑀𝑐’(𝐹)= 𝜎 ൬𝐶𝑜𝑛𝑣ሾ𝐶𝑜𝑛𝑣(𝑅𝑒𝐿𝑢ሾ𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹)ሿ)ሿ ⊕𝐶𝑜𝑛𝑣ሾ𝐶𝑜𝑛𝑣(𝑅𝑒𝐿𝑢ሾ𝑀𝑎𝑥𝑝𝑜𝑜𝑙(𝐹)ሿ)ሿ ൰ ⊗ 𝐹 (5)

 
where F represents the input feature. The detailed structure 
of the Channel Attention module is shown in Fig. 5. 

 
 

 
(a) The detailed structure of the 

Attention U-Net
(b) The detailed structure 

of CNNLayer

Fig. 4 The overall architecture of the Attention U-Net
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2.3 The third stage 
 
All of the operations utilized in the third stage are 

designed to eliminate the noise in the results predicted by 
the model of the second stage. Since the images of the input 
model overlap each other in the first two stages, the 
maximum value of the pixels in the overlapping area should 
be taken as the prediction result. 

Due to the inevitable errors in the prediction results of 
the previous model, if the prediction results of the second 
stage output directly, the prediction results will contain 
some isolated points. To eliminate these points, the outlier 
elimination algorithm can be utilized. However, it is 
difficult for the algorithm to eliminate large isolated points, 
especially when the crack is not consecutive, making the 
size of the crack similar to isolated points. Therefore, 
morphological processing is required to connect the 
fractured crack temporarily. 

The flow chart of the processing method is shown in 
Fig. 6. First, adjust the threshold to a deficient level and 
eliminate small outliers through the outlier elimination 
algorithm. Then expand the picture to connect the 
discontinuous cracks and increase the threshold of the 
outlier elimination algorithm to eliminate large isolated 
points. Finally, to not damage the crack boundary in the 
predicted image, it is necessary to perform a logical AND 
operation between the generated image and the original 
predicted image. After processing these operations, the 
predicted results without isolated points will be obtained. 

 
 

 
 
The steps to remove outliers are as follows: By using a 

connected domain labelling algorithm, the total number of 
the connected regions and the number of pixels in each 
connected regions can be calculated. If the number is less 
than the preset threshold, the corresponding regions are 
regarded as outliers and removed. 

 
 

3. Experiment 
 
3.1 Dataset description 
 
The dataset used in this article is from the 1st 

International Project Competition for Structural Health 
Monitoring (Bao et al. 2021), which is composed of 360 
images taken in a steel box girder. This dataset consists 120 
original images with corresponding labels and 240 
additional images. A total of 180 images were randomly 
selected as the training set, and 20 images were prescribed 
as a validation set, while the remaining 160 images were 
selected as a test set. The dataset consists of RGB images 
with 3264 × 4928 pixel resolution and corresponding mask, 
as shown in Fig. 7. 

The dataset has the following characteristics, which 
makes it challenging to distinguish cracks: 

 

● Cracks in the image have various shapes, sizes and 
strikes. 

● The region that contains cracks is extremely small 
compares to the whole image. Since the width of the 

 
(a) The detailed structure of the attention module

 

 
(b) The detailed structure of channel attention module employed in the attention module 

Fig. 5 The architecture of the attention module

 
Fig. 6 The flow chart of the third stage
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Fig. 7 Partial dataset presentation. The left side is the 
original image, and the right side is the 
corresponding mask. The black background has 
been removed for display convenience 

 
 

cracks is mostly within 10 pixels, the relevant 
information may be lost after the general 
convolution operation. 

● There are interference factors such as handwriting 
and scratches in the steel box girder, making it very 
difficult to distinguish the cracks 

 
To enable the semantic segmentation model to learn 

more valuable features, we selected images which pixels 
belong to crack is more than 500 as a dataset. 

 
3.2 Implementation details 
 
3.2.1 Loss function 
For the loss function in the first stage, we adopt 

balanced cross entropy loss. Cross entropy loss is 
commonly used in the classification task. However, under 
this circumstance, the number of crack images in the dataset 
is far less than that of images without cracks, which means 
using the standard cross entropy loss function in the training 
process will make it difficult for the model to identify crack 
images. Therefore, we employ balanced cross entropy loss, 
which introduced a weight factor α into on the cross entropy 
loss. α is multiplied by the loss value of crack images, while 
(1 − α) should be multiplied by the loss value of the non 
crack category. The α is set to 0.9 in this paper. The 
expression of the balanced cross entropy loss is shown as 
Eq. (6). 𝐵𝐶𝐸(𝑝௧) = −𝛼௧ 𝑙𝑜𝑔( 𝑝௧) 𝛼௧ = ቄ 𝛼1 − 𝛼   𝑖𝑓 𝑦 = 1  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 𝑝௧ = ቄ 𝑝1 − 𝑝    𝑖𝑓  𝑦 = 1   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

(6)

 
where p is the prediction probability of the model for 
category y = 1. 

As for the loss function employed in the second stage, 
since the crack only occupy a relatively small area, using 
binary cross entropy loss alone will affect the efficiency of 
the training process. Therefore, the combination of dice loss 
and binary cross entropy loss are used as loss function in 
the training process. The expression of the dice loss 
function is shown as Eq. (7). 

𝐷𝐿ଶ = 1 − 2|𝑋 ∩ 𝑌||𝑋| + |𝑌| (7)

 
where X is the real crack label; Y represents the crack 
prediction result output by the model; |X ∩ Y| indicates the 
intersection of set X and set Y, that is, the number of pixels 
whose prediction result is a crack and whose real label is 
also a crack; |X| and |Y| represent the number of elements of 
sets X and Y, that is, the number of pixels in the groundtruth 
and the number of pixels predicted as cracks. 

Using dice loss combined with binary cross entropy loss 
in the training process, the values calculated through these 
two loss functions are added together to get the final loss 
value. Then, the loss function is minimized to derive the 
loss function from optimizing the network parameters and 
the optimal prediction effect of the model can be achieved. 

 
3.2.2 Learning rate 
In the first stage and the second stage of training, the 

cosine learning rate method is used to value the learning 
rate. The expression is shown as Eq. (8). 

 𝐿𝑅 = 𝐿𝑅௜௡௜௧ − 𝐿𝑅min2⋅ 𝑐𝑜𝑠 ൬𝑚𝑜𝑑( 𝑥 − 1, 𝑐𝑦𝑐𝑙𝑒) ⋅ 𝜋𝑐𝑦𝑐𝑙𝑒 + 1൰ + 𝐿𝑅min 
(8)

 
In Eq. (8), LRinit is the starting value of learning rate, 

LRmin is the minimum value of learning rate, x is the 
iteration number of training, mod indicates remainder 
operation, cycle is the iteration number of a training cycle. 
In this paper, cycle is equal to 8000. 

By using the method that fluctuates the value of learning 
rate similar to the cosine function, the model can realize a 
more extensive learning rate and find the better potential 
region of learning rate. At the same time, it can use a puny 
learning rate to quickly converge the model quickly. 
Therefore, the cosine learning rate can make the model 
easier to optimize to a better value. 

In terms of specific numerical value, the initial learning 
rate of the CBAM ResNet-50 model in the first stage is set 
to 0.01, while the minimum value is 0.0001. In the second 
stage, the initial learning rate of the Attention U-Net is set 
to 10-5, while the minimum value is 0. The choice of these 
values is due to the attempt of several possible optimal 
learning rates, and it is found that they can best adapt to this 
problem while a slight change in this parameter does not 
have a significant effect on the final result. 

 
3.2.3 Other parameters 
The optimizer of the models used in the first and the 

second stages is Adam optimizer (Kingma et al. 2015), 
which parameters are as follows: β1 = 0.9, β2 = 0.999, EPS 
= 10-8, weight decay = 5 × 10-4. 

In the first stage of training, the CBAM ResNet-50 loads 
the parameters of the ResNet model, which is fine-tuned on 
the training set after pre-trained on the Imagenet dataset 
(Deng et al. 2009). Both CBAM ResNet-50 and the 
Attention U-Net were trained for 100 epochs. 
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3.2.4 Evaluating indicator 
In the first stage, the purpose of the model is to identify 

areas with cracks in high-resolution images successfully. 
Thus, we choose the Recall as the evaluating indicator, 
which is equal to the number of images identified to crack 
images correctly divided by the total number of crack 
images. 

In the second stage and the third stage, IoU is selected 

 
 

 
 

as the evaluation standard. The IoU equals the ratio of 
intersection and union of ground truth and prediction 
results. This method can effectively evaluate the 
performance of semantic segmentation. If IoU is greater 
than or equal to 0.5, segmentation is considered to be 
successful. Since most of the pixel in the images are 
background, only the IoU of the crack (not the IoU of the 
background) was a significant indicator. 

(a) Loss curve for the first stage (b) Loss curve for the second stage 

Fig. 8 The loss curve for training and validation part

Fig. 9 The visual display of the detection result
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3.3 Train and evaluate process 
 
To verify the effect of the proposed model of the first 

stage, we used CBAM ResNet-50 to conduct an experiment 
on the training set, and validate the result on the test set. 
The loss curve of CBAM ResNet-50 in the training set and 
validation set is shown in Fig. 8. Correspondingly, we also 
experiment on the second stage by using the Attention U-
Net. The loss curve of the Attention U-Net on the training 
set and validation set is also shown in Fig. 8. The 
experiment results indicate that the $Recall$ of the first 
stage model reaches 0.95 on the test set, while the IoU of 
the second stage model achieves 0.48. 

To verify the effectiveness of the third stage of image 
processing, we compared the IoU of the input image and the 
output image of the third stage. Since the image processing 
operation in the third stage has a solid ability to obliterate 
the noise generated by the previous model, the IoU will be 
effectively improved. The experiment result shows that 
after processed by the third stage of our method, the IoU of 
the test set reaches 0.70, which is 45.8% higher than the 
output of the second stage model. Thus, the effectiveness of 
the third stage can be confirmed. The visual display of the 
prediction results is shown in Fig. 9. 

 
3.4 Ablation study 
 
To do further research on the parameters of the three-

stage method and propose strategies to improve the 
effectiveness of our method further, we conducted ablation 
experiments on the following three most influential aspects: 
the patch size of the first stage, the selection of the 
classification and segmentation model, and whether the 
model is pre-trained. 

 
3.4.1 The size of patch 
For an entire high-resolution image, the strategy we 

adopted is to use a patch that retains a fix-sized sliding 
window to preprocess each sub-images separately. In this 
section, the identification results for different size of 
patches are presented. Since the models we use in the first 
and second stages are fully convolutional neural networks, 
the size of the input images of these two models is variable. 
Therefore, we selected the following five patch sizes for 
ablation experiments. The results of the experiments are 
shown in Table 1. It can be seen that 1024 × 1024 patch has 
the highest IoU in the final result. 

 
 
 
 

Table 1 Ablation study for the size of patch 

Patch size Recall of 
the first stage 

IoU of 
the second stage Final IoU

64 × 64 0.95 0.24 0.50 
128 × 128 0.94 0.41 0.54 
256 × 256 0.94 0.38 0.58 
512 × 512 0.94 0.40 0.63 

1024 × 1024 0.95 0.48 0.70 
 

3.4.2 Model architecture 
To verify the effect of the classification and 

segmentation model we proposed, we selected a variety of 
different models to conduct ablation experiments for the 
first and the second stage. The test set we used in this 
ablation study is sub-images instead of entire high-
resolution images. And the size of the sliding window we 
selected in this experiment is 1024 × 1024. The types of 
models used in the experiment and the results of the 
experiments are shown in Tables 2 and 3 below. It can be 
seen from the experimental results that the CBAM ResNet-
50 model presents the best results for the classification part, 
and the Attention U-Net we proposed is the best for the 
second stage. 

 
3.4.3 Pre-training 
Pre-training is an effective technique for training neural 

network models. This method is widely adopted in the 
training phase of various neural network models. The pre-
training method is to obtain prior knowledge by pre-training 
the model on heterogeneous datasets and then using the 
trained parameters as the initial parameters of the formal 
training model. To improve the identification effect of our 
method, we pre-trained the CBAM ResNet-50 and the 
Attention U-Net respectively. The dataset used for pre-
training includes 10000 crack images, which size varies 
from 227 × 227 to 3456 × 5184, as shown in Fig. 10. And 
the size of the sliding window we selected in this 
experiment is 1024 × 1024. The results of the experiments 
are shown in Table 4. It can be seen that implementing pre-
training can improve the accuracy of our crack detection 
model by 2.9%. 

 
 

Table 2 Ablation study for the selection of classification 
model 

Model Recall 
CBAM ResNet-50 0.95 

SE ResNet-50 0.92 
ResNet-50 0.81 

 
 

Table 3 Ablation study for the selection of segmentation 
model 

Model Recall 
Attention U-Net 0.67 
CBAM U-Net 0.52 

SE U-Net 0.52 
DenseUNet-161 0.58 

Attention DenseUNet-161 0.60 
 
 

Table 4 Ablation study for the pre-training of model, using 
CBAM ResNet-50 and the Attention U-Net 

Pre-trained IoU of the second stage Final IoU 
Yes 0.49 0.72 
No 0.48 0.70 
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4. Conclusions 
 
This paper proposed a novel three-stage method based 

on CBAM ResNet-50, the Attention U-Net and morphology 
operations. The first stage of the proposed model converted 
high-resolution images into several sub-images using a 
patch-based method. Then a CBAM ResNet-50 model was 
implemented to classify each sub-image and judge whether 
cracks exist. The second stage of the proposed method can 
detect the geometric edges of the crack images by 
employing the Attention U-Net. The third stage of the 
proposed method contains dilate operation and outlier 
elimination algorithm, which can remove the wrong-
predicted isolated point in the predicted image of previous 
steps. Based on the proposed three-stage method, this paper 
realizes automatic identification and segmentation of the 
cracks in high-resolution images that captured from the 
inner side of the steel girder box. To verify the performance 
of the proposed method, ablation experiments were 
conducted. The conclusions are summaries as follows: 

 
(1) Using CBAM ResNet-50, the first stage of the 

proposed method automatically located the regions 
of cracks and converted the original images into 
several sub-images, which greatly enhance the 
efficiency of the segmentation model to detect the 
geometric edges of cracks. As a result, the Recall of 
the trained model reaches 0.95, and the generated 
images form a dataset for the second stage 
detection. 

(2) Using Attention U-Net, the second stage of the 
proposed method realized pixel level segmentation 
with a high IoU of 0.48 on the test set. The 
geometric edges of cracks can be obtained through 
the second stage. 

(3) By using dilate operation and outlier elimination 
algorithm, the third stage of the proposed method 
can obliterate the wrong-predicted isolated points 
in the predicted results of the second stage model, 

 
 
which will improve the performance of the final 
output significantly while retaining the geometric 
edges of cracks indicated by the second stage. The 
final IoU reaches 0.70. 

(4) Ablation experiments were conducted to obtain the 
optimized parameters and further improve the 
performance of the proposed method. The 
experiment results show that the best IoU, which is 
0.70, is obtained when the path size is 1024 × 1024. 
Besides, the CBAM ResNet-50 we used performed 
best in the first stage, which Recall achieves 0.95. 
As for the second stage, the proposed Attention U-
Net also outperform other models on the test set 
that composed of sub-images, which IoU reaches 
0.67. In addition, the experiment result has proved 
that pre-training can improve the proposed method 
for crack detection, and the improvement effect can 
reach 2.9%. 
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