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Abstract

:

Concrete wall surfaces are prone to cracking for a long time, which affects the stability of concrete structures and may even lead to collapse accidents. In view of this, it is necessary to recognize and distinguish the concrete cracks. Then, the stability of concrete will be known. In this paper, we propose a novel approach by fusing fractal dimension and UHK-Net deep learning network to conduct the semantic recognition of concrete cracks. We first use the local fractal dimensions to study the concrete cracking and roughly determine the location of concrete crack. Then, we use the U-Net Haar-like (UHK-Net) network to construct the crack segmentation network. Ultimately, the different types of concrete crack images are used to verify the advantage of the proposed method by comparing with FCN, U-Net, YOLO v5 network. Results show that the proposed method can not only characterize the dark crack images, but also distinguish small and fine crack images. The pixel accuracy (PA), mean pixel accuracy (MPA), and mean intersection over union (MIoU) of crack segmentation determined by the proposed method are all greater than 90%.
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1. Introduction


Concrete is the most widely used construction material in the world [1]. Some researchers have used the fractal dimension to analyze the characteristics of concrete [2,3]. Concrete often has some cracks. It is very important to detect the concrete cracks because the damage of cracked concrete will control the action of the concrete structure. At present, the most common detection method is still manual detection, which is not only inefficient and has low accuracy, but also presents safety problems to personnel. With the development of computer vision technology, crack detection based on digital image processing method has become a hot research topic in concrete surface crack detection.



Currently, the recognition of concrete cracks mainly includes the traditional image processing methods and the machine learning methods.



The traditional image processing methods include spatial domain filtering processing [4], edge detection [5], threshold processing [6], region segmentation [7], etc. The machine learning methods mainly include deep learning [8] and clustering method [9]. For instance, Adhikari et al. [10] used phase angle and gray distribution to improve the Canny algorithm, and achieved the recognition of small cracks. However, it produced a lot of noises and the pure cracks cannot be obtained. Nhat-Duc et al. [11] proposed a novel edge detection method based on metaheuristic algorithm, which could be used to detect concrete surface cracks. The advantage of this method is the elimination of part noises. However, the result of fracture skeleton extraction is not good. Arena et al. [12] proposed a crack quantification method based on 2D images that employs binarization, morphological processing, separation, geometrical analysis, and filtering. Li et al. [13] proposed a method to recognize concrete cracks in which local binarization and connected component analysis were used to segment candidate cracks from the background. Then, the method extracted the geometrical properties, which was used to filter noise and false results. Therefore, the remaining objects were regarded as cracks and their geometrical attributes were recorded. Chen et al. [14] applied the Otsu to improve the Canny edge detection and realized the extraction of cracks in building walls. The drawback of this method is that it does not have the ability to recognize the whole crack skeleton. In view of this problem, Safaei et al. [15] proposed a moving average adaptive threshold segmentation method. It can extract the skeleton completely, but it can only be used for small cracks and micro-gray cracks. Krawczuk et al. [16] used the improved selection operator genetic programming algorithm to realize the illumination normalization of crack images, which can recognize cracks in concrete pavement under a certain complex background, but the effect is not significant.



Generally, conventional crack detection methods follow the extraction process of image graying, binarization, edge extraction, or morphological operations and filtering [17]. Therefore, some researchers always use the post-processing approach to reduce errors of crack segmentation and to estimate crack parameters [18]. Although conventional image-based methods are more effective compared with manual detection, they are highly dependent on sophisticated classifiers and processing flows, and this dependence leads to low efficiency and weak generalizations [19].



The machine learning method is also a popular approach to concrete crack recognition. Compared with traditional image processing methods, the machine learning method requires a larger number of samples for training and can also get better crack recognition effect. For example, the convolutional neural network (CNN) has been applied in the pixel-level crack segmentation [20]. Song and Wang [21] used Faster R-CNN to recognize and locate pavement distress, including detecting pavement cracks, and achieved an accuracy rate of 90.4% for all pavement distress. Mandal, Uong, and Adu-Gyamfi [22] used YOLOv2 to detect concrete cracks, and achieved a precision of 0.8851, recall of 0.8710, and F1 score of 0.8780, which could be further improved. Cha et al. [23] used CNNs to construct a four-layer classifier to detect cracks, and the classifier was trained by more than 40,000 labeled images with or without cracks. Then, the test images under various conditions were used to verify the performance of the classifier. Gopalakrishnan et al. [24] first conducted the training of the VGG-16 CNN network, and then used the pre-trained network to segment cracks. The CNN architecture includes thirteen convolution layers and a new classifier. The pre-trained CNN was fine-tuned on a crack detection dataset and demonstrated good performance in crack segmentation. Yang et al. [25] proposed an automated crack recognition method, which is called the ‘feature pyramid and hierarchical boosting network’ (FPHBN). This network assimilated contextual information of cracks into low-level characteristics using feature pyramid method. Elkashef et al. [26] constructed a supervised deep-learning method, which extracts the features of crack in the image using CNN without pre-processing for structural prediction as a multi-label problem. Some researchers have compared the CNN-based crack detection methods with six common edge detectors, which showed that the performance of CNN in crack segmentation is superior to the edge detectors [19]. Although CNN network has achieved a good performance in the field of crack segmentation, it cannot determine the location of crack and provide the accuracy information of the crack shape. Therefore, it is necessary to develop a pixel-level crack segmentation method, which will be suitable to detect the small crack and extract detail information of the cracks. Recently, some researchers have developed the pixel-level crack segmentation based on the convolution technique [27]. For example, Long et al. [28] proposed fully convolutional networks (FCNs), which is an extension of CNN structure without a fully connected layer. Yang et al. [29] collected many crack images and used 80% of these images to train the FCN network, and used the remaining 20% to verify the performance of the network. Results show that the precision, recall, and F1 score of this network are 81.73%, 78.97%, and 79.95%, respectively at the 14th epoch. Dung and Anh [30] used the FCN to conduct the crack segmentation, and obtained a max F1-score of 89.6% in the validation set. Ronneberger [31] proposed a U-Net convolutional networks, which can also be used in the field of the image segmentation. U-Net is a network of encoder–decoder structures, and the encoder extracts features by convolution, pooling, etc., which gradually reduce the input dimension [32]. Another Crack SegNet multi-scale crack feature extraction network structure for concrete tunnels was proposed [17]. This method is capable of whole crack segmentation, but it is still difficult to extract fractures of cracks under complex conditions. C.B. Zhang et al. [33] proposed a faster and simpler single-layer convolutional neural network based on real-time target detection technology. Although there are a lot of studies on cracks recognition, the high-precision and high-efficiency identification of multi-morphologic cracks under a complex background still proves diffucult.



Although some researchers have studied the segmentation of cracks, segmentation of concrete cracks under complex background is still a difficult problem. Simultaneously, some small and fine concrete cracks cannot be segmented accurately. In view of this, the paper first uses the fractal dimension to determine the location of concrete cracks. Then the U-Net Haar-like (UHK-Net) network is built according to the analysis of up-sampling and down-sampling characteristics of concrete cracks. Ultimately, the different types of concrete cracks are accurately segmented by the UHK-Net network.




2. Proposed Method


2.1. Fractal Dimension of Concrete Crack Image


The fractal dimension is a feature quantity, which is used to measure the surface complexity of an object. If the roughness of an image surface is higher, the fractal dimension is larger. Consequently, the smaller the fractal dimension is, the lower the roughness is [34,35].



For the concrete crack image, the complexity of concrete crack skeleton structure represents the roughness of concrete crack image. Therefore, the fractal dimension can be used to conduct the segmentation of concrete crack which presents a linear skeleton structure. In order to calculate the fractal dimension of concrete crack, the unit scale  ε  as the measurement standard of concrete cracks image is selected. Many unit scale  ε  can cover broken line segment continuously in a broken line manner. Then, the number of measuring units of broken line segment   N  ε    are obtained. Ultimately, the length of the broken line segment will be obtained [36], as described in Equation (1).


  L  ε  = N  ε  ×  ε D   



(1)




where  D  is constant,  ε  is the unit scale, it is the grid size in the field of fractal of image, as  ε  decreases,   N  ε    increases.



The relationship between  ε  and   N  ε    can be determined, as described in Equation (2).


  N  ε  ∝  ε D   



(2)







We obtain the fractal dimension [37,38,39]. of concrete crack images by taking the logarithm of both sides of the Equation (2), as described in Equation (3).


  D =   lnN  ε    ln  ε     



(3)







In order to measure the fractal dimension of different concrete crack images, the size of measurement unit  ε  should be selected according to the concrete crack images, which is closely related to the spatial dimension of the detected images.



The mesh grid of unit size  ε  should be selected to cover the concrete crack image, and the number of squares in a grid that contain image pixels are counted. Thereby, the fractal dimension of one concrete crack image with the area   M × M   will be determined.  M  is described as Equation (4).


  M =  1 ε   



(4)







Figure 1 shows the concrete crack image with   256 × 256   pixel. We use the grid size with   ε =  1 2  ,  1 4  ,  1 8  , ⋯   to cover the concrete crack image, and then calculate the number of squares with fire pixels in the grid. We obtain the number of squares   N  ε   , as shown in Table 1.



According to Table 1, the fitting of   lnN  ε    and   ln  ε    in linear coordinate system is established, as shown in Figure 2.



It is clearly visible that the relationship between   lnN  ε    and   ln  ε    is linear function, and the fitting degree is 0.9979. It illustrates that the linear fitting of box dimension is suitable for quantitative characterization of fire distribution characteristics. According to the linear fitting function, the fractal dimensional of different grid size is −1.114.



According to the above concept of global fractal dimension, we use the local fractal dimension to conduct the initial concrete crack detection. An image with   M × M   is selected and the center point of any pixel   I   i , j     is determined. We select the region L and its center point is   I   i , j    . The fractal dimensions   D   i , j     of all pixels are obtained according to the fractal dimension of region L. The fractal dimensions   D   i , j     will be compared with the threshold    D ˜   . If   D   i , j   <   D ˜    , the pixel contains a crack, or else the pixel does not contain a crack. Thereby, we can achieve the initial concrete crack detection.




2.2. U-Net Network Model


In the field of image segmentation, U-Net network model has been studied by many researchers. Comparing with FCN network, U-Net network structure includes contracting path and expanding path, which is completely symmetric. The role of the contracting path is to extract features, while the role of the expanding path is to carry out upsampling operation. For each upsampling operation, the same scale fusion is carried out with the number of channels corresponding to the feature extraction. In the section of skip connection, U-Net adopted the concatenation. U-Net network model was mainly used to the medical image segmentation. Most medical images mainly present human skeleton information, and the skeleton structure information has the characteristic of line distribution. Concrete cracking also has linear characteristics that are very similar with medical images. Therefore, we use the U-Net network to conduct the semantic segmentation of concrete crack images. The structure of U-Net network is described as Figure 3.



In the U-Net network, there are about 20 convolutional layers, four subsampled operations, and four upsampling operations. U-Net network model has better performance in semantic segmentation. This network model not only used in the field of medical image segmentation, but also in the field of concrete crack image semantic segmentation.




2.3. UHK-Net Network Model


In this paper, we propose a UHK-Net network model, as described in Figure 4. This network structure also includes contracting path and expanding path, as described in Section 2.2.



In the U-Net network model, the feature extraction block replaces the ordinary convolution layer. The feature extraction block is used to extract features from two inputs, as described in Equation (5).


         F  i n  o  =  f  F E B      I  I r  o           F  i n  u  =  f  F E B      I  I r  u           



(5)




where    I  I r  o    and    I  I r  u    are the initial feature extraction of over-exposed and under-exposed input.



The structure of feature extraction block includes two convolutional layers, and it uses PReLU activation function. The first convolutional layer has 256 convolution kernels, and their size is   3 × 3  . This layer is used for the initial feature extraction. The second convolutional layer has 64 convolution kernels, and their size is   1 × 1  . This layer can be understood as further integration of features between channels. Thereby, the feature extraction block can reduce the number of subsampled operations.



In addition to the feature extraction block, the proposed UHK-Net network model also includes upward transition layer and downward transition layer. In view of the complicated background of concrete cracks, we adopt Haar-like feature extraction algorithm to extract edge and contour feature of concrete cracks. Haar-like define four basic feature structure, as shown in Figure 5A–D.



These four basic feature structures are considered as four windows. These windows conduct the slide with one step, and traverse the image. When one iteration is done, the window will be enlarged proportionally in width or length. Repeat the previous steps, until it enlarges the last scale. Assume the maximum enlargement times of the width and height are    K ω    and    K h    respectively, as described in Equation (6).


         K ω  =    ω I     ω  w i n            K h  =    h I     h  w i n            



(6)




where    ω I    and    h I    are the height of the image,    ω  w i n     and    h  w i n     are the initial width and height of the Haar window.



The process of the Haar-like feature extraction is to use the Haar window to slide in the image. When sliding to a position, one of the dimensions of the Haar feature is obtained by the subtraction between the sums of the pixels of the white position covered by the window with the black position. For the window C, in order to obtain the same number of pixels, the sum of the pixels in the black area should be multiplied by weight 2.



Haar-like algorithm has only black and white rectangular feature templates which coincide with actual concrete crack features. We use the edge and linear attribute feature of Haar-like algorithm to extract features from input images. There are two down-transition layers and two up-transition layers in the network. The size of the last output layer is the same as the input image. In the process of upsampling, the output features of each block are not only transferred to the next layer, but also are used for feature fusion in the process of symmetric subsampled, so as to obtain better prediction results and feature extraction effect.



Table 2 shows the parameters of each layer. From Table 2, it is visible that different layer has different output size, operation type, operation size, and depth. For the Convl layer, the operation type is conv and operation size is 3 × 3. However, for the TD1 layer, there is only one output size, but two operation types which are conv and pool.



In the process of calculation of Haar eigenvalues, the rectangular feature region will always be traversed repeatedly every time. As a result, it takes a lot of time. The integral graph can be used to quickly calculate the rectangular features. The main idea of this method is to sum the pixel values of the rectangular region formed between the initial pixel and its neighboring pixel. In other words, the original images are converted into an integral graph. Therefore, the Haar eigenvalues can be obtained by calculating the values of the four corners in the integral graph when conduct the sum of pixels in a rectangular region. The whole process only needs to traverse the image once, and the time complexity of computing features is constant, so the computing efficiency will be greatly improved.



After constructing the integrogram, the sum of the pixel values of any rectangular region in the image can be quickly obtained by addition and subtraction. In order to reduce the computational expense and improve the performance of the algorithm, two kinds of integral images are introduced to calculate features quickly. For the horizontal rectangle, the integral formula of the sum of image pixels is constructed, as described in Equation (7).


  SAT   x , y   =   ∑    x ′  ≤ x ,  y ′  ≤ y   I    x ′  ,  y ′    = SAT   x , y − 1   + SAT   x − 1 , y   + I   x , y   − SAT   x − 1 , y − 1    



(7)




where SAT (x,y) is the sum of pixels in a rectangular integral diagram from upper left (0,0) to lower right (x,y).   I   x , y     is the pixel coordinates



For a rectangle with an inclination of 45°, as shown in Figure 6, the integral formula of the sum of image pixels is shown in Equation (8).


  RSum   R e c t   = RSAT   x + w , y + w   −    RSAT    x , y   + RSAT   x − h , y + h   − RSAT   x + w − h , y + w + h    



(8)









3. Performance Evaluation Results


3.1. Model Preparation


In order to evaluate the performance of the proposed method, we conduct the segmentation of concrete cracks under complex background. First, we use the fractal dimension to conduct the initial recognition of concrete cracks, and obtain some images which includes cracks. Then we use the UHK-Net network model to conduct the segmentation of concrete cracks. In order to train the UHK-Net network model, we used the CCD industrial camera (Basler aca1300-30 gm) mounted on the drone to collect 1000 original images, most of which are crack pictures with complex backgrounds, and each image is different due to different photographing conditions. The size of the collected original images is 4896   ×   3672 pixels. They are divided into 512   ×   512 sub-images in steps of 248, and 1000 original images are divided into 46,000 sub-images. Simultaneously, we take some pictures of concrete crack and collect some crack images on the internet. The final data set contained 51,000 images. 48,000 images are used for training and 3000 for testing and verifying the effectiveness of the network. We train the UHK-Net network model with batch size of 128 on a Nvidia GTX 2080ti GPU, and use the test dataset to verify the training results, the accuracy and loss of training and validation are obtained, as shown in Figure 7.



From Figure 7a, it is clearly visible that the convergence rate of UHK-Net training loss rate is very fast. Although, there are severe fluctuations in the first 20 traversals, the overall training accuracy tend to a stable value after 20 traversals. Therefore, the UHK-Net model training is accomplished after 20 traversals. Similarly, training loss shows the opposite process. Figure 7b shows that the validation loss curve has been decreasing, and it begins to converge rapidly from the 10th traversal. The validation loss tends to a stable value after the 20th iteration, and the validation accuracy tends to 97%.



The first and second images in Figure 8 include simple cracks. Even in the dark light, the overall segmentation effectiveness is very clear and complete. There is a little noise around the cracked skeleton. In view of the third image, the segmentation effectiveness is also good. However, there are some noises in the middle of crack and the segmented crack skeleton is discontinuity in the lower part because of the dark light. Although the lighting in the fourth image is uneven, UHK-net can completely extract the concrete crack skeleton, which includes small and branching cracks in the middle area and the discontinuous region of the right side. However, there are many discontinuities in the middle and lower part of the crack. The reason for this phenomenon is that difference brightness in the two regions. For the fifth concrete crack image, the overall crack can be extracted clearly, and there is no noise. However, the annular crack in the middle area of the crack cannot be identified. The reason for this result is that the annular crack is too small and its color is dark. For the last image, the overall extraction effectiveness of the concrete crack is similar with the fourth image. However, there are small gaps in the upper left and lower right of the crack skeleton, and the bottom of the crack is not extracted. Because the bottom of the concrete crack image contains shading. According to the above analysis, UHK-Net network model has the performance of segmentation of concrete crack image which includes shading, especially suitable for the extraction of reticulation cracks. In order to verify the advantage of the UHK-Net network model, we compare the UHK-Net network with U-Net, FCN, and YOLO v5 network models. The training and validation loss curves obtained by different networks are obtained, as shown in Figure 9.



From Figure 9a,b, it is clearly visible that the fluctuation of loss curves of U-Net and FCN are severe, and the convergence is slow. The validation loss of the FCN model fluctuates greatly in the first 50 traversals. However, the fluctuation of verification loss of U-Net is not as large as that of FCN network model, but it still fluctuates greatly. Both of these two networks tend to stabilize after 50 iterations. Simultaneously, the training and validation loss of U-Net network are similar to FCN after they are stable. Comparing with YOLO v5 and UHK-Net, the convergence rate of U-Net and FCN network model are slow. The training and validation loss of YOLO v5 tend to a minor fluctuation after the 10th iteration, and then there is a large fluctuation until the 50th iteration. After 50 iterations, the YOLO v5 network model tend to stable, it is similar to the UHK-Net network model. However, the convergence rate of the UHK-Net is faster than the YOLO v5 network. It illustrates that the computational complexity of UHK-Net is lower than the other three methods. Furthermore, the training and validation loss of the UHK-Net is lower than the other three networks.




3.2. Evaluation of Computational Complexity of Different Methods


In order to evaluate the computational complexity, we use the U-Net, FCN, YOLO v5, and UHK-Net networks to train and segment 51,000 concrete cracks images, the training and segmentation time are obtained, as shown in Table 3.



From Table 3, it is clearly visible that the training time of U-Net is the longest. The training time of FCN is greater than YOLO v5 and UHK-Net networks. By the same token, the segmentation time of U-Net is greater than the other three networks. Nevertheless, training and segmentation time of YOLO v5 is similar to that of the UHK-Net network. The training time of the UHK-Net network is less than the other three networks. Additionally, the segmentation time of UHK-Net network is less than U-Net and FCN, and almost the same as UHK-Net. Thereby, the computational complexity of UHK-Net network is similar to that of YOLOv5, and they are lower than U-Net and FCN.




3.3. Comparison Analysis Based on the Visualization


Five concrete crack images taken under dim light are used to conduct the comparison between FCN, U-Net, YOLO v5, and proposed method in the field of crack segmentation. These four methods segment the concrete crack, as shown in Figure 10.



Figure 10a shows that the first crack image is complex, and there are many fine cracks. It is difficult to extract the fine cracks by the FCN network, as shown in the first row of Figure 10b. Although U-Net can extract part of crack skeleton, there are many crack noise points. For example, the top right corner of the first row of Figure 10c shows that the non crack pixel is regarded as crack. YOLO v5 over-segments the crack skeleton, results in the weakening of the extracted linear features, which makes some small cracks join together into a black shadow. Simultaneously, this network ignores the linear cracks at the bottom right of the first row of Figure 10d. From the first row of Figure 10e, it is clearly visible that the U-NET network can accurately segment all cracks. It not only ensures the continuity and integrity of the crack skeletons, but also clearly extracts the linear features of the cracks. The circle in the second row of Figure 10a shows that there is a very fine small annular crack. The FCN, U-Net, and YOLO v5 do not have the ability to segment it. Additionally, the crack skeleton extracted by the FCN and U-Net exist many breakages, as shown in the second row of Figure 10b,c. Although the segmentation effectiveness of YOLO v5 is superior to the FCN and U-Net, it still failure to segment part fine cracks. The second row of Figure 10e shows that the segmentation effectiveness of proposed method is superior to other three networks. The third row of Figure 10a shows that the third crack image has uneven brightness distribution. The extraction effect of FCN is not very good, and there are a few ruptures and noise points. Although U-Net has good performance in removing noise, there are also a few noise points. YOLO v5 has over-segmentation in the bright region and under-segmentation in the shadow region, as shown in the third row of Figure 10d. The proposed method can clearly segment the mesh cracks. The fourth image take under dark light and there is a small sunken, as shown in the circle of the fourth row of Figure 10a. Although the crack shape in this image is simple. The FCN and U-Net networks have bad segmentation results, and can hardly extract the crack skeleton correctly. The fourth row of Figure 10b,c shows that there are a lot of noise points by the FCN and U-Net segmentation results. YOLO v5 can roughly segment the crack skeleton and eliminate most of the noises, but fails to segment the sunken, as shown in the fourth row of Figure 10d. The proposed method not only segments the crack skeleton but also extract the sunken, as shown in the fourth row of Figure 10e. For the fifth image, there are a lot of splashes and a few of fine cracks, as shown in the rectangle and ellipse of the fifth row of Figure 10a. This image brightness is better than the other four images. Therefore, the cracks in the fifth image can be approximately segmented by the four networks. FCN almost does not has the ability to segment the fine cracks, and there are a few ruptures in the extracted cracks. The performance of U-NET is superior to the FCN, but it cannot segment the fine cracks. Although the performance of YOLO v5 is a little better than U-NET and it can segment more crack details than U-NET, it still missed a few fine cracks, as shown in the fifth row of Figure 10d. The proposed method not only ensures the integrity of the main crack skeleton, but also achieves the segmentation of the fine cracks. According to the above analysis, the proposed method is not only suitable for image crack segmentation under dark light, but also for image crack segmentation under non-uniform brightness. Simultaneously, the segmented crack by the proposed method is almost the same as the actual crack, as shown in the Figure 10e.




3.4. Quantitative Evaluation of Different Methods


In the process of concrete crack recognition, if an image pixel is concrete crack and it is identified as concrete crack, then it is counted as a true positive (TP). If it is identified as non-crack, it is then counted as false negative (FN). If the correct hypothesis of an image pixel is non-crack and it is identified as non-crack, it is then counted as true negative (TN). If it is identified as a crack, then it is counted as FP. For the image semantic segmentation, the use of the tri-partite measures of pixel accuracy (PA), mean pixel accuracy (MPA), and mean intersection over union (MIoU) is an effective way for assessing the performance of concrete crack recognition. PA is the proportion of exact pixels to total pixels.


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



(9)







MPA is first calculate the proportion of correctly classified pixels in each class, and then calculate the average of all classes.


  MPA =  1 2      TP   TP + FN     +     TN   TN + FP      



(10)







MIoU is the ratio of the intersection and union of the two sets of true and predicted value.


  MIoU =  1 2      TP   TP + FN + FP   +   TN   TN + FP + FN      



(11)







According to the recognition results, we can obtain the PA, MPA, and MIoU of the proposed method, FCN, U-Net, and YOLO v5 network model, as shown in Table 4.



From Table 3, it is clearly visible that the PA of the four network models is greater than 90%; among those models, the proposed method even greater than 97%. The YOLO v5 is similar with proposed method. The PA obtained by FCN is lowest. The MPA of the FCN network is less than 90%, and other three networks are similar and all greater than 90%. For the MIoU, only the proposed method is greater than 90%, the other three networks are lower than 90%. According to the comparison of different methods in the four indicators, the performance of the proposed method is superior to the other three methods in the field of segmentation of concrete crack images.





4. Case Study


In this section, we use the proposed method to conduct the segmentation of some concrete crack images, which include simple mesh cracks and complex mesh cracks. For a large area (building wall), we first divide the image into several sections according to the image size. Second, the fractal dimension is used to conduct the initial detection of every sections. The section images which include cracks can be determined and other sections without cracks will be deleted, as shown in Figure 11.



Therefore, the proposed method mainly includes two steps: initial detection based on fractal dimension and fine segmentation based on UHK-Net network, as shown in Figure 12.



In order to verify the applicability of the proposed method, the simple and complex crack images are used for the segmentation by the proposed method. Simultaneously, the brightness of different crack images is also different. For example, some crack images are brighter, some are darker, as shown in Figure 13 and Figure 14.



Figure 13a–d show that the crack images taken under dark light and the crack brightness are not uneven. Figure 13a shows that the first crack image is very simple, and there are two main cracks. The proposed method accurately extracts the cracks, as shown in Figure 13e. The second crack image is more complex than the first, and the brightness of the crack area is dark. The complex cracks are accurately segmented by the proposed method, as shown in Figure 13f. For the third crack image, the crack is wide and obvious. Therefore, it is easy to segment the crack by the proposed method. Figure 13d shows that the brightness of the crack is similar to that of the surrounding concrete, and the crack is not clear. The cracks are still segmented by the proposed method, as shown in Figure 13h.



From Figure 14a–d, it is visible that the crack images are more complex than the crack in Figure 13. Especially, the first and fourth crack images contain many mesh cracks, as shown in Figure 14a,d. The proposed method only segments overall crack skeleton but also extracts small cracks. For example, the first crack image is a mesh shape, and there are fractures between the cracks. The proposed method segments all cracks, which includes fractured cracks, as shown in Figure 14e. The second and third crack images are simpler than the first and fourth, and the crack morphology is more obvious. Therefore, the proposed method can easily segment the second and third cracks image, as shown in Figure 14f,g. The fourth crack image is very clear, and the crack width is larger than the other three crack images. Although the luminance of the middle region in fourth image is low, the proposed method can accurately segment the cracks, as shown in Figure 14h.




5. Conclusions


This paper studied the segmentation of concrete cracks by using the fractal dimension and UHK-Net network. We first use the fractal dimension to identify the pixels of concrete cracks. Then, the UHK-Net is constructed based on the feature extraction of contracting path and expanding path. Ultimately, the performance of the UHK-Net network is compared with FCN, U-Net, and YOLO v5 network models.



(1) The UHK-Net network can be rapidly converged. The training time of UHK-Net only is about 7 h. It is similar to that of YOLO v5, and is shorter than that of other two networks.



(2) The computation complexity of the proposed method is lower than other methods. The segmentation time of the proposed method is less than 1 s.



(3) The PA, MPA, and MIoU of all of the proposed methods is greater than 90%, and the segmentation performance of the proposed method is superior to other three methods.



The proposed method can only segment the concrete cracks. However, the size of the concrete cracks cannot be measured. In the future, we will focus on the semantic segmentation of concrete cracks and determine the size of concrete cracks.
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Figure 1. The grid size with   ε =  1 4  ,  1 8  , ⋯   to cover the concrete crack image. (a)   ε =  1 4   , (b)   ε =  1 8   . 
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Figure 2. Linear fitting of concrete crack box fractal dimension. 
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Figure 3. U-Net network structure. 
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Figure 4. UHK-Net network model. 
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Figure 5. Four basic Haar-like feature structures. (A) Edge feature of left and right, (B) Edge feature of up and down, (C) Line feature, (D) Center-surround feature. 
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Figure 6. Rectangular integral diagram with an inclination of 45°. 
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Figure 7. Training and validation results. (a) Training accuracy, (b) Validation accuracy. 
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Figure 8. Segmentation of concrete cracks by the UHK-Net network model. 
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Figure 9. Training and validation results by different methods. (a) U-Net, (b) FCN, (c) YOLO v5, (d) UHK-Net. 
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Figure 10. Segmentation results of the crack by four networks, (a) is the original crack images, (b–e) are the FCN, U-Net, YOLO v5, and proposed method, respectively. 
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Figure 11. Steps of crack detection of larger area. 
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Figure 12. Segmentation process of the proposed method. (a–d) are the original images, (e–h) are the detection results of cracks, and (i–l) are the segmentation results of concrete cracks. 
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Figure 13. Segmentation results of simple concrete mesh cracks. (a–d) are the original images, (e–h) are the segmentation results of cracks. 
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Figure 14. Segmentation results of complex concrete mesh cracks. (a–d) are the original images, (e–h) are the segmentation results of cracks. 
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Table 1. Determination of   N  ε    by box-counting method.
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	    ε    
	     1 2     
	     1 4     
	     1 8     
	     1  16      
	     1  32      
	     1  64      
	     1  128      
	     1  256      





	   N  ε    
	3
	5
	11
	25
	58
	114
	267
	602
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Table 2. Different parameters.
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Layer

	
Output Size

	
Operation Type

	
Operation Size

	
Depth






	
Input

	
512 × 512 × 3

	
non

	
non

	
non




	
Convl

	
512 × 512 × 36

	
conv

	
3 × 3

	
3




	
UHK-Netl

	
512 × 512 × 36

	
conv

	
3 × 3

	
36




	
TD1

	
256 × 256 × 36

	
conv

	
3 × 3

	
36




	
256 × 256 × 36

	
pool

	
4 × 4

	
non




	
UHK-Net2

	
256 × 256 × 36

	
conv

	
3 × 3

	
36




	
TD2

	
128 × 128 × 36

	
conv

	
3 × 3

	
36




	
128 × 128 × 36

	
pool

	
4 × 4

	
non




	
UHK-Net3

	
128 × 128 × 36

	
conv

	
5 × 5

	
36




	
TUI

	
256 × 256 × 36

	
deconv

	
3 × 3

	
36




	
UHK-Net4

	
256 × 256 × 36

	
conv

	
3 × 3

	
36




	
TU2

	
512 × 512 × 36

	
deconv

	
3 × 3

	
36




	
UHK-Net5

	
512 × 512 × 36

	
conv

	
3 × 3

	
36




	
Conv2

	
512 × 512 × 36

	
conv

	
3 × 3

	
36




	
Output

	
512 × 512 × 3

	
non

	
non

	
non
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Table 3. Training and detection time of different methods.
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	Different Methods
	U-Net
	FCN
	YOLO v5
	UHK-Net





	Training time (h)
	12.7
	10.5
	7.1
	7



	Segmentation time (s)
	1.4
	1.1
	0.8
	0.9
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Table 4. Recognition accuracy of the four different methods.
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	Different Methods
	PA
	MPA
	MIoU





	FCN
	0.9366
	0.8971
	0.8406



	U-Net
	0.9542
	0.9037
	0.8594



	YOLO v5
	0.9608
	0.9143
	0.8831



	Proposed method
	0.9723
	0.9298
	0.9012
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