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Abstract: Concrete building structures are prone to cracking as they are subjected to environmental 

temperatures, freeze-thaw cycles, and other operational environmental factors. Failure to detect 

cracks in the key building structure at the early stage can result in serious accidents and associated 

economic losses. A new method using the squeeze and excitation (SE)-U-Net model based on a 

conditional generative adversarial network (GAN) has been developed to identify small cracks in 

concrete structures in this paper. This proposed method was a pixel-level U-Net model based on a 

generative network, that was integrated the original convolutional layer with an attention 

mechanism, and an SE module in the jump connection section was added to improve the 

identifiability of the model. The discriminative network compared the generated images with real 

images using the PatchGAN model. Thus, the crack-recognition images generated by the generative 

network were infinitely close to the genuine crack images through the repeated adversarial training 

for the generative and discriminant networks. In damage assessments, the crack skeleton was 

represented by the individual pixel width and recognized using the binary morphological crack 

skeleton method, in which the final length, area, and average width of the crack could be 

determined through the geometric correction index. The results showed that compared with other 

methods, the proposed method could better identify subtle pixel-level cracks, and the identification 

accuracy is 98.48%. These methods are of great significance for the identification of cracks and the 

damage assessment of concrete structures in practice. 
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1. Introduction 
The concrete building structure is affected by operational loads and external environments—such as 

environmental temperatures and freeze-thaw cycles, and  it prone to crack. The crack could be 

spread gradually to form a wider or longer crack. When the crack width in the concrete structure, 

especially in the key building structural member, is greater than 0.3 mm, the performance of the 

building can be compromised seriously (ACI, 1999). Consequently, the regular crack detection for 

concrete structures is very important for assuring the performance, service life, and aesthetics of 

buildings. 

Local non-destructive techniques have been developed for concrete crack detection, including 

the pulsed laser scanning and infrared thermographic techniques (Sabeenian et al., 2021). Pulsed 

laser scanning is to generate ultrasonic waves and the propagation waves are received by a fixed 

transducer to detect the defects in concrete members. Infrared thermographic technology is to 

measure the infrared waves to construct the digital image for defect detection (Hao et al., 2022; 

Moghnieh et al., 2022). Both techniques have a lack of clarity in its results and its high cost. The 

computer vision technique has been used to detect the surface crack of concrete structures and it has 

been attracted the attention of researchers due to its low cost. Early image processing based crack 

detection methods mainly use threshold recognition algorithms (Hoang, 2018a; Chen et al., 2019) 

and backpropagation (BP) neural networks (Li et al., 2014). Typical threshold recognition 

algorithms include Prewitt's algorithm (Lei et al., 2018) and Canny's algorithm (Hoang and Nguyen, 

2018b) and these algorithms are susceptible to background clutter that induces a large number of 

burrs around cracks, resulting in incomplete crack-recognition edge contours. A BP neural network 

has been used to update the weights between different layer nodes through multiple iterations until 

the desired crack output effect could be obtained. Although this method improved accuracy, the 

difficulty of parameter adjustment could result in over- and under-recognition (Liu et al., 2017). The 

probabilistic analysis framework, which combines dynamic Bayesian network and fracture 

mechanics, is utilized for predicting the fatigue crack propagation of multiple fatigue details in 

long-span bridges and tracking the predicted component-level fatigue reliability (Xu et al., 2022). 

Automatic crack recognition using the Mask-Rcnn network (Li et al., 2021; Wu et al., 2021b) is also 

a commonly used crack-recognition algorithm. As the above, for fine cracks, the continuity between 

crack pixels and background pixels is ignored, and the detail edge information is missing. 

In recent years, with the rapid development of computer hardware, many deep learning 

algorithms for crack detection have been proposed. The convolutional neural network is used to 

extracted features of images for automatic detection of pavement cracks by smart phones (Zhang et 

al., 2016). A constrained Boltzmann machine is used to detect cracks (Li et al., 2018) and a fused 
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convolutional neural network to detect distributed cracks in steel girders of real bridges with great 

success (Li et al., 2019). Using Dual Attention Network can adaptively integrate local features with 

their global dependencies to obtain accurate segmentation results (Fu et al., 2019). K-means is 

applied in the field of image recognition as a clustering-division method (Chen et al., 2017), and it 

is used for crack recognition by iterative approximation of the defined objective function. It needs 

to set and determine the parameter values manually, such as the initial number of clusters, and the 

recognition accuracy is affected by noise in the image (Cui et al., 2014). As above, there is still a 

big challenge for fine crack detection in concrete structures, such as incomplete edge contours, 

over- and under-recognition phenomena, loss of edge details, and low recognition accuracy. 

The crack detection methods based on deep learning and computer vision needs a large amount 

of training data. In many cases, the data in training set is lacking or uneven and it makes insufficient 

training for an accurate detection model. The generative adversarial networks (GANs) are widely 

used to solve the problem (Sabeenian et al., 2021). To address the problem of interdependence 

between cracks and background pixels, and enhance the continuity of recognition results and ensure 

edge detail information, GANs are used in the field of target recognition image generation (Liu and 

Wu, 2021; Chen et al., 2021; Zhang et al., 2019). GANs have been used to recover blurred images 

to solve the problem of image blurring during camera imaging (Sang et al., 2019) and image 

recognition (He et al., 2019). However, the conventional GAN models are very unstable for training 

because of the inherent adversarial relationship between the generative and discriminative networks. 

To better balance these two networks, a conditional GAN (CGAN) is constructed by adding 

conditional information to both the generative and discriminative networks (Mirza and Osindero, 

2019). As a method to learn data based on generative and discriminative networks, the CGAN uses 

games to continuously optimize the generative and discriminative networks so that the generated 

images are increasingly similar to the real images in terms of distribution, and achieving enhanced 

pixel-to-pixel continuity, thus improving recognition accuracy. Adversarial training methods are 

proposed for training semantic recognition models to improve the recognition accuracy using 

iterative game training between generative and discriminative networks with the addition of 

conditions (Yildiz et al., 2021). Traditional error functions, such as the mean squared error (MSE), 

are much sensitive to outliers. If there are outliers in the sample, the MSE assigns higher weights to 

the outliers, which sacrifices the prediction effect of other normal point data, eventually reducing 

the overall model performance. PatchGAN models perform binary discrimination on the truth or 

falsity of the input data (Gao et al., 2019; Huo et al., 2018). Unlike other discriminant functions that 

output a single value, PatchGAN outputs an N × N matrix X. Gatys et al. (2016) used PatchGAN 

models to enhance the consistency of a generated image using a target image in terms of texture. 
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Zhang et al. (2021) used PatchGAN discriminant networks in pix2pix networks, not only improving 

the speed of image computation but also ensuring the model focused on image details to meet the 

requirements of high-resolution and high-definition details. 

 

Compared to object detection, pixel segmentation can identify and locate cracks more 

accurately as cracks occupy a relatively small proportion of pixels. In addition, pixel segmentation 

can provide the distribution path and shape of cracks, which is crucial for evaluating the health of 

concrete structures. To obtain quantitative information such as crack length and area, the semantic 

segmentation algorithm is used to detect cracks (Xu et al., 2023a) and the proposed method has 

achieved significant improvement in the damage identification of complex structures (Xu et al., 

2023b). The U-Net network is an improved fully convolutional neural network model (Shelhamer et 

al., 2015), and it has been applied to improve the image recognition performance in the field, such 

as water body recognition for remote sensing images (Feng et al., 2019) and road detection (Zhang 

et al., 2018). The method projects the features of the coding layer to that of the decoding layer and a 

large volume of contextual information in the downsampled part is propagated to the 

higher-resolution network layer to avoid the information loss during the coding process, which 

helps to identify crack-edge contours more accurately and completely. A new self-attentive adaptive 

(SAA) neuron to the conventional U-Net network is added to enable the microcrack segmentation 

of real steel box girder bridges (Zhao et al., 2022). However, the edge detail information for fine 

cracks is not detected. To address the above issues such as the loss of crack-edge details during 

crack recognition, the squeeze and excitation (SE) module is used to identify image features by 

incorporating an attention mechanism in the U-Net architecture (Liu et al., 2021; Zhu et al., 2021; 

Chen et al., 2020). It can add the weight for each feature channel based on the value of the feature 

image to enhance the crack features and reduce the irrelevant features, such as background features. 

The effect of crack-feature recognition is enhanced, the edge detail information of cracks is retained, 

and then the recognition accuracy is improved. The CGAN can satisfy the requirements of pixel 

continuity, and the attention mechanism based on the SE module introduced in the U-Net can ensure 

the maintenance of crack-edge detail information in crack image recognition.  

In this study, an SE-U-Net recognition model based on CGANs has been developed to identify 

pixel-level fine cracks in concrete structures. The issues of incomplete edge contours, loss of edge 

details, and low recognition accuracy in the fine crack detection are studied. Different with the 

traditional crack detection method based on image features, the proposed method utilises the CGAN 

as the basic architecture combined with an improved U-Net pixel-level image recognition method. 

The U-Net model for pixel-level recognition is used as the generative network and the PatchGAN 
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model is used as the discriminative network. The output of the generative network is fed into the 

discriminant network in the form of a convolution to recognize the image features and discriminate 

the image source. The discriminant result is then fed back to the generative network to reduce the 

error between the recognition result and the true value. The generative network is trained against the 

discriminant network to continuously improve the image recognition accuracy and solve the 

problems of incomplete edge contours and loss of edge details in crack-recognition images. To 

achieve a quantitative calculation of the cracks, the morphological characteristics of cracks, 

including crack area, length, width and other attributes, is identified and calculated using the 

diametrical morphological skeleton recognition method. The results show that the proposed method 

could locate crack widths down to 0.1 mm and provide valuable insights for the health assessment 

of concrete and wooden structures. 

2. Theory: Crack Identification based on CGAN SE-U-Net Model 

2.1 Conditional generative adversarial networks 

The pixel classification using the baseline model can improve the accuracy of pixel recognition. 

However, the continuity between crack pixels and background pixels can be easily ignored, causing 

the loss of crack-edge details or the cracks to differ considerably in size and shape from the real 

standard in the recognition results. A GAN can better solve such problems. However, an inherent 

adversarial relationship exists between the generative network (G) and discriminative network (D) 

in a GAN, making the generated results unstable. To better balance the two networks, a CGAN can 

be constructed by adding conditional information to both the generative and discriminative 

networks. This allows the generative network to generate the final result in a way that is not 

completely free and unsupervised, but rather generates the appropriate result according to the 

specified conditions, avoiding the problem that the generative network would incorrectly identify 

the cracks. CGAN can effectively solve the problem that GAN is difficult to converge, and does not 

significantly exacerbate the training burden of GAN. The objective function of the CGAN can be 

expressed as follows: 

LcGAN(D,G)=Ex,y[logD(x,y)]+Ex,z[ log %1-D&x,G(x,z)'( ]       (1) 

where x denotes the input-assembled prefabricated component crack image, y denotes the manually 

segmented labeled image, function D (x, y) denotes the probability that the input image is from 

manual segmentation, D (x, G (x, z)) denotes the probability that the input image is from the 

generator, G attempts to minimize the objective function and D attempts to maximize it. 

Mathematically, this can be expressed as follows: 
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L= arg minGmaxDLcGAN(D,G)                   (2) 

where L denotes the outcome generator when Eq. (2) reaches the Nash equilibrium. 

 
Fig. 1. The CGAN structure. 

To enhance the generative power of the generator, stabilize the training of the generator, and 

ensure the integrity of the crack-edge segmentation, a distance function L1 is added to the objective 

function as follows: 

LL1(G)=Ex,y,z[‖y-G(x,z)‖]                  (3) 

The new objective function can be obtained by combining the original objective function with 

the distance function L1 as follows: 

L*=LcGAN(D,G)+λLL1(G)                  (4) 

where λ denotes the penalty coefficient of the L1 loss. 

2.2 Generative networks: improving the U-net model 

The U-Net network is a semantic segmentation convolutional neural network, comprising three 

parts—that is, an encoder, decoder, and skip connection (Olaf et al., 2015), as shown in Fig. 2. In 

contrast to a general convolutional neural network, the U-Net network adds upsampling while 

performing deconvolution to obtain a pixel-level segmented image. It requires less training data and 

is suitable for accurate segmentation of small targets.  
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Fig. 2. The U-Net network model. 

In this study, a pixel-level U-Net segmentation network was used as the generator, and the 

convolutional layer was replaced with an SE module to improve the model segmentation effect. The 

SE module was also added to the jump connection to enhance the model's ability to extract crack 

details, and a dropout layer was added to prevent the network from overfitting. 

Fine crack mis-detection can be relatively easy in the difficult task of image feature 

recognition in concrete structures with complex backgrounds. In the construction of the GAN 

generative and discriminative networks, this study adopted a pixel-level U-Net structure as the 

generative network for the pixel-level recognition of crack edges.  
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Fig. 3. The SE module. 

To further solve problems such as the loss of crack-edge details during crack recognition, this 

study used the SE structure to recognize the image features. It weighs each feature channel based on 

the value of the feature image, enhances the weight of crack features, and reduces the weight of 

irrelevant features—such as the background—to improve the effect of crack feature recognition. 

Consequently, in this study, the original convolutional structure was replaced by a convolution and 

SE structure. The combined SE module is shown in Fig. 3. 

The SE module uses two convolutions—that is, the first adjusts the number of channels and 

the resolution of the input feature image to the desired output size and the second is used to perform 

the SE operation.  

First, after global pooling of the feature images, a fully connected network with a bottleneck 

structure is passed through, and a sigmoid function is used for the output of each neuron to obtain 

weights with a value range of (0,1), where the number of neurons is determined by the 

hyperparameter r (r being the compression multiplier of the neurons). Replacing the convolutional 

layer with an SE module—which contains a convolutional layer—and a convolutional layer with an 

SE structure—compared with a single convolutional layer—further improves the model’s 
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recognition ability. 

Second, to satisfy the need for multilevel feature learning in recognition tasks, the attention 

mechanism SE module is added to the jump-connected part of the U-Net structure to learn the 

multiscale features of the encoder and obtain the importance of each feature channel. Crack features 

are boosted based on the importance of each feature channel, and the weights of feature recognition 

are distributed to all stages of the contraction path to solve the problem of the U-Net relying on 

fixed weights in the process of image feature recognition to enhance the effect of feature 

recognition and improve the recognition accuracy of the model. 

After adding the SE module, the U-Net model is as shown in Fig. 4, the U-Net encoder 

comprising the SE module with downsampling—the main function of which is to recognize features 

and expand the perceptual field—and the decoder consisting of the SE module with 

upsampling—the main function of which is to recognize features and expand the resolution. A jump 

connection exists between the encoder and the decoder, which splices the shallow features in the 

encoder with the deep features in the decoder, providing detailed information to the decoder and 

enabling it to obtain finer recognition boundaries. 

Fig. 4. The 

U-Net model added to the SE module. 

2.3 Discriminative networks: PatchGAN 

When selecting a discriminative network, different construction forms can be selected based on 

different data types. In the field of imaging, convolutional networks are often used to discriminate 
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between input data sources. To meet the demands of adversarial networks, focus on image details, 

and ensure high-resolution and high-definition details, the PatchGAN model was used as the 

discriminative network. The output image of the generative network and labeled image are used as 

inputs separately, and the image is convolved using a convolution kernel adapted to the input image 

to reduce the image area and identify the image features. A fully connected convolution was used to 

find the discriminant network values corresponding to the generative network sub-pest image and 

recognition label image. The discriminative network loss values can then be calculated using 

cross-entropy, the Ranger method being used for network learning optimization. 

The U-Net was used as the generative network. After obtaining the generative network image 

recognition data, the PatchGAN multilayer convolutional network was used as the discriminative 

network model to maintain the high resolution and detail of the image. The output recognition 

image and the real labeled image of the generative network are used as the input, and the image is 

convolved using the convolution kernel adapted to the input image to reduce the image area and 

identify the image features. Each pixel of the real image and the generated image is then scored. 

Finally, all the pixel scores are averaged to determine the authenticity of the image. Fully-connected 

convolution is used to determine the discriminative network values corresponding to the generated 

network-recognized image and the recognized labeled image. In this study, a convolutional kernel 

with a step size of 2 and a length and width of 3 × 3 was selected for the four-layer convolutional 

network, the specific discriminative network structure of which is as shown in Fig. 5. 

Although the number of parameters can be reduced by decreasing the number of convolutional 

kernels in the network, the number of eigenmaps generated per layer also decreases, leading to a 

decrease in the expressiveness of the network. In this study, we attempted to replace the stochastic 

gradient descent (SGD) algorithm with the Ranger optimizer. Stochastic gradient descent is one of 

the most widely used optimization algorithms in current neural networks, but the training speed of 

this algorithm can be slow, and the model can fall into local optimal solutions. For concrete 

crack-recognition applications, it is desirable for the model to exhibit a better generalization ability 

and faster training speed. 
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Fig. 5. The discriminator structure model. 

During training, the Ranger optimizer updates the parameters during each iteration round 

based on the BP algorithm. Owing to the slender contour characteristics of cracks, the initial 

learning rate was ten in this study. Moreover, the smaller the loss, the smaller the deviation between 

the identification result and the true value. If the loss value is large or changes considerably, the 

parameters—that is, the initial learning rate, iteration rounds, and network depth—must be finely 

adjusted. The Ranger optimizer was used to dynamically adjust the learning rate during training so 

that the model could achieve a higher convergence rate. 

2.4 The overall composition of the crack image segmentation network 

In the adversarial learning process between the generator and discriminator, not only can the loss 

functions of the discriminator and generator be calculated, but the discriminator’s ability to 

discriminate the segmentation result of the generated image as false can also be improved, while the 

labeled image can be fitted by the continuous optimization of the generator, which can make the 

discriminator discriminate it as true. The two are continuously played off against each other during 

the training, the adversarial update based on the discriminator and generator models being used as 

an update of the entire network after training to improve the generator image segmentation accuracy. 

At the end of the training process, accurately segmented images are obtained in the generator. The 

overall framework of the model is as shown in Fig. 6. 
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Fig. 6. The overall model framework. 

3. Methods: Project examples 

3.1 Crack database establishment and testing environment 
In the field of image processing, it is critical to acquire and create high-quality images. CCD 

technology, a semiconductor imaging sensor, occupies an important position in solid-state arrays 

with a light-sensitive substrate comprising discrete silicon elements that can effectively capture 

subtle changes in the environment by injecting, transmitting, and detecting charges to provide 

accurate image data. CCD technology offers better performance, higher sensitivity, less image 

distortion, and faster response time, offering considerable advantages in crack detection. In this 

study, we considered this to be the best image-acquisition device. 

To effectively suppress external interference, we used a light source as an important part of 

image acquisition and carefully studied its indicators, including brightness, distribution of the light 

source, distribution of the spectrum, age of use, and contrast. For example, if the light is too dim it 

can reduce the image contrast and be more likely to cause noise. Consequently, it is necessary to use 

light continuously to ensure image accuracy, selecting the light to ensure that it echoes the 

surroundings and better captures and displays all information. Based on the selection indicators 

mentioned earlier, as well as the characteristics of the concrete and precast components, we chose a 

light-emitting diode (LED) as the light source for image acquisition. LED light sources exhibit 
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excellent brightness, efficient luminescence, easily adjustable brightness, long life, and rapid 

response. Moreover, the light source comprises many LEDs, thus meeting the needs of a variety of 

illumination angles. 

Before capturing images of cracks in precast concrete, it is important to ensure that the 

distance between the camera and member is reasonable, depending on the accuracy of the camera 

and crack detection. When cracks of size 0.2–0.3 mm appear in precast concrete members, the 

accuracy of the measurement must be lower than 0.2 mm to ensure its proper use. For this purpose, 

the pixel resolution was 1600 × 1200; therefore, we could obtain images that included the actual 

dimensions of the precast members—that is, 160 × 120 mm.  

 
(a) Image-acquisition distance diagram. 

 
(b) Precast concrete members. 
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(c)Equalization transformation of the crack image histogram. 

Fig. 7. Crack image acquisition and processing 

 

As shown in Fig. 7(a), the following steps can be performed to determine the position of the 

camera: 

1) Place a 160 or 120 mm rectangle on a blank sheet of paper and attach it to the wall. 

2) The image-acquisition device is mounted in a horizontal position and the head is adjusted to 

ensure that it remains perpendicular to the blank sheet of paper with a rectangle drawn on it. 

3) By adjusting the position of the image-acquisition device, the rectangle on the sheet of paper 

can be fully captured. 

4) Calculate the average value of the distance between the paper and camera by measuring them 

several times. 

Crack images of precast concrete were obtained from an engineering project in Tianjin, China. 

An industrial light source was used for illumination to maintain a uniform light intensity in the 

camera's field of view, and a CCD camera with 20 million pixels was used to capture 5000 raw 

images of cracks in the precast elements at a resolution of 4000 × 3000. Prefabricated elements 

included columns, beams, slabs, stairs, and balconies. Fig. 7(b) shows the precast concrete 

members. 

To obtain a large number of crack images that met the input requirements of the model, the 

original images were cropped to obtain 5,000 images of resolution 512 × 512. Each image 

contained a sample of 262,144 pixels, the entire database containing a sample of 1,310,720,000 

pixels. The crack images were edge-labeled with a 2-pixel width using the LabelMe software, black 

indicating the background and red indicating the crack—that is, (0 0 0) indicating a background 

pixel, and (255 0 0) indicating a crack pixel. 

To train and validate the performance of the model, 80% of the images were used as the 

training dataset, 10% as the validation dataset, and 10% as the test dataset. Five thousand images 

were randomly disordered; 4000 images were classified as the training dataset, 500 images were 

classified as the validation dataset, and the remaining 500 images were used as the test dataset. 

Because cracks in concrete structures can be easily disturbed by external light or 

electromagnetic waves, the quality of the crack images was degraded, using unclear edges and 

insufficient contrast. Consequently, we must first solve these problems by preprocessing to improve 

the accuracy of the subsequent recognition. Crack image preprocessing operations include image 

grayscale, image contrast enhancement, and image multi-structure morphology filtering and 
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denoising, as shown in Fig. 7(c). 

 The test environment for this experiment is built using TensorFlow on windows with Intel(R) 

Core (TM) i7-3770 CPU @ 3.40GHz, training, validation, and testing will be executed on HP 

workstations configured with 8GB GPUs as Quadro P4000/PCle/SSE2. Anaconda is an 

environment creation software; it can be used to create different python environments for different 

scenarios. A virtual environment for the SE-U-Net network was created using Anaconda. CUDA 

10.0 and CUDNN 7.4.1.5 are used to accelerate the training of the network.  

3.2 Evaluation indicators 
To quantitatively analyze the segmentation results of the model and evaluate the goodness of the 

crack-segmentation model for precast concrete components, the most commonly used evaluation 

metrics (Wang et al., 2021; Wu et al., 2021a), such as the pixel accuracy (PA), dice similarity 

coefficient (Dice), intersection over Union (IoU), and recall rate (Recall), for assessing the semantic 

segmentation effect were selected in this study.  

 PA= TP+TN
TP+FP+TN+FN

                       (5) 

        Dice= 2TP
FP+2TP+FN

                         (6) 

 	IoU= TP
TP+FP+FN

                         (7) 

			Recall= TP
TP+FN

                       (8) 

where PA is used to measure the accuracy of the model predictions; Dice is used to measure the 

degree of similarity between the model predicted values and the true values; IoU is used to measure 

the degree of overlap between the predicted results and the true annotations; and Recall is used to 

measure the completeness of the model predictions. 

Description of the four parameters: 

• True positive (TP): Predicted result is a positive class, the actual class is positive. 

• False positive (FP): Actual negative class; the predicted result is a positive class. 

• True negative (TN): Predicted result is a negative class, the actual class is negative. 

• False negative (FN): Actual positive class; the predicted result is negative. 

4. Results and Discussion 

4.1 Model training 
Instead of being classified into an entire network, each pixel was detected. The training was 

performed using one image as the batch size with a maximum of 50 epochs, the entire network 
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using a learning rate of 0.0005. A discard rate of 0.4 was used, and the network was optimally 

trained using Ranger gradient descent method. Network training was initiated after completing the 

hyperparameter configuration. There were 4000 images in the training dataset, and one image was 

used as the input for training in each epoch. Therefore, 4000 epochs were required to traverse the 

entire training dataset. During each iteration, the training accuracy and loss rate of the network were 

calculated. After each epoch, 30 images were randomly selected from the validation dataset to 

verify the performance of the network, and the validation accuracy and validation loss rate of the 

network were calculated. Fig. 8(a) and Fig. 8(b) show the accuracy and loss curves for the training 

and validation of the SE-U-Net, respectively. The red solid line represents the loss curve for the 

training dataset, and the blue dotted line represents the loss curve for the verification dataset. As the 

training period increases, the errors in the training and validation sets decrease and the segmentation 

accuracy improves, the training loss curves are identical to the validation loss curves. When the 

number of the epochs increases, both the accuracy and loss of the model no longer change 

significantly, and the proposed model reaches convergence. 

 
(a) Case of accuracy with epoch during training 

 
  (b) Case of loss rate with epoch during training 

 
(c) The accuracy of the SE-U-Net network for the test images. 

Fig. 8. The experimental results of the SE-U-Net network 
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After network training and verification, we viewed the model segmentation PA on the test 

dataset to evaluate the network performance. Fig. 8(c) shows the evaluation results of the SE-U-Net 

network on the test dataset with a learning rate of 10"#. There were 500 images used in the test 

dataset, the PA being calculated for each image, reaching 98.48% after 50 epochs. These variations 

are shown in Fig. 8(c). 

4.2 Crack quantification calculation 
To identify cracks more accurately, new methods needed to be developed to estimate their lengths 

and widths. These methods could be approximated by calculating the diagonal length of the outer 

rectangle of the crack, to identify regular or straight cracks more precisely. However, these methods 

could also lead to errors owing to the complexity of shape bending, preventing accurate results from 

being obtained. Consequently, a new method was proposed in this study to estimate the length L of 

the cracks as follows: After the crack skeleton was extracted, we replaced it with the width of each 

bit of data and determined its final length by calculating the geometric correction index, expressed 

as follows: 

 L=∫ f(x,y)dl=∑ f(x,y)dlC
c                    (9) 

W= ∫ f2(x,y)dsC
c

L
= ∑ f2(x,y)ds

∑ f(x,y)dl
                   (10) 

By calculating the length (L) of the crack skeleton—used for geometric correction—L can be 

used to determine the average width (W) of the crack based on an estimate of the crack pixel area 

and its ratio to the length (Eq. (10)). 

When a single pixel width is used to represent the crack skeleton, the length of the crack can 

be obtained by summing the skeleton pixels, the crack area being the sum of all crack pixels and the 

average width being obtained by the ratio of area to length.  

To verify the quantization performance of the model, crack quantization at the pixel level was 

considered. Table 1 describes the procedure used to quantify the cracks. First, the established model 

is used to estimate the location of each point, morphological techniques are used to analyze the 

characteristics of each point to infer the length of each point, the overall area of each point is 

inferred from these values, and finally, the average width of each point is determined. 
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 Table 1 Test set crack prediction results and quantitative analysis 

Input Image 

   

Predicted images 

   
Real Area 2310.19 plxel 2555.56 plxel 2655.56 plxel 

Predicted area 2272.56 plxel 2323.25 plxel 2292.32 plxel 

Real Length 665.52 plxel 654.23 plxel 563.20 plxel 

Predicted Length 666.63 plxel 612.32 plxel 610.32 plxel 

Real Width 3.41 plxel 3.51 plxel 3.69 plxel 

Predicted Width 3.21 plxel 3.65 plxel 3.95 plxel 

Table 1 lists the number of cracks predicted and quantified in the test dataset. We used a 

recognition model to estimate the sizes of the cracks and compute their skeletons. We also counted 

the number of pixels in each skeleton to derive their lengths. Finally, we summed the values of all 

the pixels to derive their average widths. Based on the quantitative analysis, we determined that the 

lengths of the cracks were closer to the predicted values of the area and average width, which also 

matched the true values of the labels. 
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Fig. 10. Statistical results of crack geometry on the test dataset (a) area, (b) length, (c) average width. 

Fig.10 shows the crack prediction metrics for a sample of 100 test dataset images, including 

the area, length, and width of the cracks; the statistics of these metrics matching the labeled 

dimensions. As is evident, except for a few anomalous prediction results, most of the data points are 

within the range of y = x, indicating that the prediction results do not differ much from the actual 

labeled results. Based on the statistics shown in Fig. 10(a) and 10(b), it is evident that the area of 

the cracks is concentrated between 3000 and 4000, whereas the length of the cracks is between 600 

and 800. Additionally, Fig. 10(c) shows that the average width of the cracks is concentrated 

between 3 and 6. 

5. Comparative study 
Currently, with the development of convolutional neural networks, there are an increasing number 

of deep learning methods for image semantic segmentation, although the segmentation performance 

can exhibit obvious differences in the face of different tasks and methods. To further test the 

advantages and disadvantages of the real-time semantic segmentation methods for cracked images 

of assembled prefabricated components in this study, four image semantic segmentation models 

commonly used in current image semantic segmentation tasks—namely, DeepLabV3++, 

Mask-Rcnn, U-Net, and U-Net++ models—were introduced for comparison with the GAN U-Net 

model. The training parameters of these four models were the same as those of the GAN U-Net, and 

all were trained based on the strategy of automatically saving the optimal model before being tested 

against the test dataset. The recognition results and accuracy of different models are shown in Table 

2. 
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Table 2 The recognition results and accuracy of different models 

Original image (a) 
DeepLabV3+ 

(b) 
Mask-Rcnn 

(c) 
U-Net 

(d) 
U-Net++ 

(e) 
Proposed method 

      

      

      

      

      

      
Dice (%) 80.91 82.91 82.16 80.71 83.64 
IoU (%) 71.92 94.73 95.68 71.71 94.80 

Recall (%) 77.46 80.63 79.41 76.02 82.78 
PA (%) 85.46 95.85 95.58 87.66 98.48 

 

Table 2 lists the detection results as well as the accuracy of identifying six cracks with five 

different methods, through which it can be seen that although DeepLabV3+ can help the network to 

capture multi-scale information by increasing the sensory field, it still has a low recognition rate 

when dealing with small cracks due to the algorithmic limitations. U-Net++ captures more complex 

features by increasing the depth and width of the network, but it still has limitations in segmenting 

small areas of detail, especially when the cracks are similar to the texture of the surrounding 

environment. texture of the surroundings, so U-Net++ has a low recognition accuracy for small 

cracks. Mask-Rcnn over-segmentation and under-segmentation of the crack image processing by 

the Mask-Rcnn model are manifested by the fact that the crack-segmentation result is wider than the 
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original crack. This may be due to the low depth of the Mask-Rcnn. The sampling module in 

surface research is used to extract multiple branches and basic features, making it difficult to extract 

abstract image depth features for network teaching under a limited volume of crack data, which is 

unfavorable for feature localization in later stages. The crack image segmented by the U-net 

algorithm alone detects the cracks appearing in the image and can present the cracks completely; 

however, there are also cases in the detection result map where fine cracks are not segmented and 

small parts of the pixel points are missed or mis-segmented. Although the aforementioned methods 

have high accuracy, they are prone to over-segmentation, under-segmentation, discontinuous 

segmentation, and the loss of crack-edge details for pixel-level cracks with small boundaries. By 

contrast, the greater depth of the GAN-based U-Net model proposed in this study and the 

encoding-decoding structure make the model not only extract richer semantic features, but also join 

the GAN to form a confrontation through continuous gaming between the generator and 

discriminator during the training process, which improves the segmentation accuracy after repeated 

training. The proposed method improves the PA by 3%, recovers the edge information of the object, 

enhances the continuity between pixels, and ensures segmentation accuracy. Although in the crack 

detection experiments of Case 6 although U-Net++ could detect the edge fine cracks as well as the 

proposed method, it could not detect the edge fine cracks of Case 4. That is, the model proposed in 

this paper is able to accurately identify cracks up to 0.3 mm, improving the accuracy of small cracks 

without significantly reducing the results of normal width cracks. The Dice, IoU, Recall, and PA of 

the five models are shown in Table 2. 

Based on the data summarized in Table 2, the proposed GAN-based U-Net segmentation 

method is more accurate than the other methods. The results of the algorithm proposed in this study 

were 83.64%, 94.80%, 82.78%, and 98.48% for the Dice, IoU, Recall, and PA, respectively. The 

accuracy, completeness, and similarity of the model prediction results to those of the real labeling 

process improved. Although the proposed network used in this study had a lower IoU index than the 

U-net model, it can be concluded that the overall performance was better and could achieve 

accurate segmentation of fine cracks by combining all the evaluation indexes. 

Table 3 Ablation experiment 
Method Dice (%) IoU (%) Recall (%) PA (%) 
w/o SE  
module 82.73 95.91 82.11 96.42 

Proposed 
method 83.64 94.80 82.78 98.48 

In order to evaluate the effectiveness of the SE module in the crack segmentation task, a series of 

ablation experiments were designed in this study. After eliminating the SE module, the method was 

renamed as “w/o SE module”. The experimental results are shown in Table 3. Compared with the 
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version without SE module, the addition of SE module improves the Dice coefficient of the model 

by 0.91 percentage points to 83.64%, although the IoU is slightly reduced by 1.17 percentage points 

to 94.80%. Meanwhile, the Recall and PA of the model had an increase of 0.67 percentage points 

and 0.02 percentage points to 82.78% and 98.48%, respectively. These results indicate that the SE 

module can enhance the network's ability to recognize crack features to a certain extent, especially 

in improving the accuracy of segmentation significantly. 

6. Conclusions 
A CGAN-based SE-U-Net model has been developed for identification of fine cracks in concrete 

structures. The proposed model used a CGAN as its architecture, a modified U-Net network to 

design the generative network, and an attention mechanism SE module to enhance the weights of 

the crack features and suppress the weights of the background features to improve the network's 

ability to capture crack details. PatchGAN was used as the discriminant network to score each pixel 

of the real and generated images and was combined with the Ranger optimization algorithm to solve 

the problem of too many parameters in the optimization process, making the model converge 

quickly and improving its recognition efficiency and accuracy. Through repeated game training of 

the generative and discriminative networks, the crack-recognition image generated by the 

generative network was very close to the real image, thus realizing the effect of the generative 

network in recognizing cracks with high accuracy. The results showed that the proposed method 

could accurately and effectively identify fine cracks in concrete structures. Some conclusions are 

obtained as follows, 

1) Compared with traditional recognition algorithms and other models, the results showed 

that the proposed method could retain detailed crack-edge information for fine cracks of 

pixel-level width and near-fine extreme cracks and the PA rate reaching 98.48%.  

2) The crack skeleton was represented by a single pixel width, identified by binary 

morphology. The area, length, and average width of the cracks could be calculated, providing 

useful information for the damage assessment of building structures. 
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