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ABSTRACT 
 

     To date, computer vision technologies have been adopted widely in the structural 
health monitoring fields to reduce human intervention. Especially in crack inspection, two 
crack detection methods have been adopted: filter-based methods and deep learning-
based methods. In this study, an image processing procedure that can provide rich 
information of cracks has been proposed. The proposed procedure is not limited to a 
certain edge detection method; thus the crack edge detection method is performed both 
using the filter-based and deep learning-based methods. The proposed method shows 
good accuracy in a normal image, which the full appearance of the crack is taken within 
a certain range. The results of the proposed method are expected to contribute to the 
computer vision-based inspection with reduced human intervention. 

 

1. INTRODUCTION 

     Crack detection on a concrete structure is critical for the maintenance because a 

crack indicates a potential damage. To identify the impact on structures, crack analysis 
is required as well as crack detection (Shan, Zheng et al. 2016). In general, crack 
detection methods, including visual inspection and non-destructive equipment, are 
normally limited to small region and require high cost and time-consuming processes 
(Jahanshahi, Masri et al. 2011). Recently, to reduce human intervention, computer-vision 
(CV) technologies attempt to detect and analyze cracks; which in large are deep learning-
based method and filter based-method (Abdel-Qader, Abudayyeh et al. 2003). The filter-
based methods use edge detection algorithms to transform an image to only filter the 
crack edges. This approach can extract pixel-level information, crack length and width 

 
1) Graduate Student 
2) Assistant Professor 

mailto:robinekim@hanyang.ac.kr


The 2021 World Congress on 
Advances in Structural Engineering and Mechanics (ASEM21)
GECE, Seoul, Korea, August 23-26, 2021

have been evaluated while the highly precision depends on the filter methods. On the 
other hand, the deep learning-based methods process small patches of an image to 
detect crack from test images, resulting high precision. This approach has limitations in 
detection cracks and then transforming them to pixel-level after further steps. 

     Classical filter for crack detection is Sobel, Canny, and Otsu’s etc (Sobel and 
Feldman 1968, Otsu and cybernetics 1979, Canny and intelligence 1986). To enhance 
the accuracy of crack detection based on edge detection methods, additional processes 
such as contrast enhancement, smoothing, Gaussian filter, and median filter are selected 
(Parker 1991, Deng and Cahill 1993, Biggs and Andrews 1997). Especially, as concrete 
structures contain uneven surfaces and area with uneven color, a single edge detection 
step may detect unwanted parts. Through filter combinations and filter improvement, 
researchers have attempted crack analyses (Wang and Huang 2010, Qiang, Guoying et 
al. 2016, Talab, Huang et al. 2016, Hoang 2018). A result of edge detection by filter is 
shown by pixel-level. Thus, the result can be directly used to the length, width, and 
orientation of cracks by pixels (Ito, Aoki et al. 2002, Lee, Kim et al. 2013, Hoang 2018, 
Wang, Zhang et al. 2019, Shahrokhinasab, Hosseinzadeh et al. 2020). Classical filter-
based methods are still widely adopted and being improved with their advantage, while 
the research direction are proposed to conduct mathematics-based evaluations and to 
realize autonomous investigations (Spencer Jr, Hoskere et al. 2019). 

     Advances in deep learning technology are also being adopted to research to apply 
structural defect detection methods. In deep learning methods, classification identify the 
image for cracks (Zhang, Yang et al. 2016, Jang, Kim et al. 2019, Xu, Su et al. 2019), 
and object detection draws a boundary box around the cracks in the image (Cha, Choi 
et al. 2017, Mandal, Uong et al. 2018, Nie and Wang 2018). Finally, segmentation detects 
the part of the crack with pixel-level as a binary image (Garcia-Garcia, Orts-Escolano et 
al. 2017, Dung 2019, Hsieh and Tsai 2020, Li, Liu et al. 2020). Deep learning 
technologies have two methods that require learning in advance using labeled data and 
learn on input data. Deep learning methods have the advantage of crack detection with 
high accuracy, while it has disadvantage of time-consuming with a high-performance 
computer. Research on CV-based crack detection animated, and ability of technology 
which can obtain richer information about structural damage that can solve real-world 
problem is becoming more important. 

     While crack depth is one of the most important criteria in the structural damage, 
only a few research based on CV approaches, has been reported. Jahanshahi and Marsi 
(2012), Jahanshahi et al.(2013), and Adhikari et al.(2014) estimated depth by 3D 
mapping (Jahanshahi and Masri 2012, Jahanshahi, Masri et al. 2013, Adhikari, Moselhi 
et al. 2014). Sarker et al.(2017) and Yang et al.(2018) used a 3D point cloud approach in 
crack depth estimation with depth camera (Sarker, Ali et al. 2017, Yang, Li et al. 2018). 
Thus, crack depth estimation is 3D mapping and additional processing based on CV 
methods. 

     In this paper, the proposed method with the following procedure aims to provide 
richer information from a crack image; ⅰ) classification of crack types into structural and 
non-structural cracks, ⅱ) estimation of crack length, ⅲ) localization of the crack 
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branches, and ⅳ) estimation of crack depth. Note that the proposed procedure is not 
limited to a certain edge detection method. The research results show that the proposed 
method is applied both using the filter-based and deep learning-based methods. The 
results of the presented study successfully show the potential use of CV-based 
technologies for quantitatively evaluating the cracks by an image.  

 

2. OVERALL PROCEDURE 

The framework of the proposed procedure is shown in Figure 1, consisting of four 

processes that result in crack evaluation; length, radial types, nonstructural cracks, and 
depth. Distinct processes are denoted as input image, image pre-processing, edge 
detection, categorization, and localization. Note that the edge detection can be 
performed either using a filter-based and deep learning-based approach. 

     Firstly, in the filter-based case, the resolution of the obtained image is resized into 
pixel sized that are found to yield stable results. Then, the image is converted from RGB 
to grayscale format. The transformed image is applied with Canny algorithm to detect 
crack edges and a pixel refinement step employed to eliminate unwanted steps for 
improving the filter approach. In the deep learning-based case, the HED is applied to the 
RGB image. Note that any of the edge detection tools are available at this step. A binary 
image obtained from each method is divided into multiple files in the Categorization 
process. In the following Categorization process, fields are assigned to each crack on 
the image to provide information about the fields such as the circularity, extent, 
orientations, etc. The following results are crack length estimation and radial crack 
detection. In addition, if the image is applied Hough transfer in the Categorization fields, 
the procedure can determine whether the crack is non-structural crack. In the following 
Localization from the edge detection result, the procedure can identify and estimate crack 
depth. 

     The proposed procedure has been validated using test images that are 
downloaded from the web. Six images are carefully selected and summarized Figure 2. 
Note that the images are all concrete surface cracks, while detailed information on 
camera specifications or focal distance is unknown. 

 

Figure 1. The proposed procedure of crack detection and provided information. 
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(a) (b) 

 

 
 

(c) (d) 

  
(e) (f) 

Figure 2. Test images; (a) #1, (b) #2, (c) #3, (d) #4, (e) #5, and (f) #6. 

 

3. IMAGE PROCESSING BASED APPROACH 

3.1. Edge detection process 

3.1.1. Filter-based edge detection 

     Image processing parameter may affect the outcome of the whole procedure using 
filter-based edge detection. Thus, the input images have been resized and converted into 
the gray scale. Table 1 summarizes the size of the original image and preprocessed sizes. 
If the height was higher than 500 pixels, the image is resized to the original image ratio 
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to 500 pixels height. If the height is lower than 500 pixels but the width is higher than 
1000 pixels, the image is resized to the original image ratio to 1000 pixels width. If an 
image is not the case in either case, the original image was used.  

Table 1. The sizes and the resizes of the test images. 

ID Size[W×H] Resize 

#1 480×298 480×298 

#2 4032×3024 500×375 

#3 5472×3080 500×889 

#4 2048×1536 500×667 

#5 1684×1263 500×667 

#6 2126×1595 500×667 

 

     Edge detection method is adopted to Canny algorithm using an image processing 
toolbox embedded in MATLAB®. In this study, the upper and the lower limits of the double 
thresholds have been set as 0.25 and 0.01, respectively. In addition, a pixel refinement 
step can eliminate non-crack edges. The pixel refinement strategy is proposed on the 
detected edges based on the area of connected edges. The result of this process is 
illustrated for image #1 in Figure 3.  

 
 

Figure 3. The result of edge detection based on classical filter approaches. 

 

3.1.2. Deep learning-based edge detection 

     Among various CNN-based edge detection algorithms, the HED algorithm is 
chosen in this study because of its simplicity; the method do not require any pre-training 
of data (Xie and Tu 2015). The HED framework implemented in this section is built on 
top of FCN and DCN, and currently available from Caffe library (Jia, Shelhamer et al. 
2014). Figure 4 shows deep learning-based edge detection results for image #1. Note 
that Canny algorithm has been applied after HED. 
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Figure 4. Deep learning-based edge detection results. 

3.2. Categorization process 

     The categorization process classifies cracks from the identified crack edges. The 
results include estimating crack length, detecting radial crack, and detecting non-
structural crack. In this process, the evaluation is performed by first defining categorized 
fields based on the connected pixels. The process utilizes bwboundaries in MATLAB® 
to effectively extract the fields. Figure 5 illustrates the categorized fields using edge 
detection based on filter approach. 

  
(a) (b) 

  
(c) (d) 
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(e) (f) 

Figure 5. Categorized cracks based on connected pixel; (a) #1, (b) #2, (c) #3, (d) #4, 

(e) #5, and (f) #6. 

 
3.2.1. Crack length estimation 

     Crack length is one of the critical evaluation on concrete structure. The structural 
cracks tend to be consist of several branches rather than in a single direction. In this 
study, detected crack edges are categorized into fields using regionprops in 
MATLAB®. Then Extrema function is used to estimate the diagonal length estimation of 
a shape, which abstract the field into an 8-vertice shape. Figure 6 shows the measured 
part and corresponding pixel length values. Pixel length values establish a relational 
equation to the actual length, allowing to estimate the actual length. 

  
(a) (b) 

  
(c) (d) 
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(e) (f) 

Figure 6. Pixel distances for each categorized field; (a) #1, (b) #2, (c) #3, (d) #4, (e) #5, 

and (f) #6. 

 

3.2.2. Radial crack identification 

     In this study, radial cracks have been defined from crack intersections, where 
cracks with different angles meet. Radial crack may propagate large crack or large 
spalling, such as causing structural damage. To detect radial crack region, a bounding 
box with its size of 20×20 pixels is proposed. This box explores the categorized matrix 
form the top-left to the bottom-right. Then the box is drawn at the region where more than 
three different fields meet. Figure 7 shows radial crack detection using bounding box. So 
far, crack length and radial cracks are well evaluated from categorized edge images.  

  
(a) (b) 

  
(c) (d) 
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(e) (f) 

Figure 7. Identification radial crack by bonding box; (a) #1, (b) #2, (c) #3, (d) #4, (e) #5, 

and (f) #6. 

 

3.2.3. Non-structural crack classification 

     Non-structural cracks, such as shrinkages, develop in concrete structures with 
ages due to changes in ambient condition of the concrete. Those cracks are non-
structural, implying that they may have less severity. To classify structural and non-
structural cracks, the proposed method combines field properties and Hough 
transformation base on detected edges. First, three properties from regionprops, 
circularity, extent, and orientation) function, are evaluated abstraction of field. Additionally, 
Hough transformation is utilized to sort the cracks with the same angle. Result from the 
Hough process for image #1 is shown in Figure 8 where crack edges are grouped as 
possible lines with a threshold angle of 30°. 

 
 

Figure 8. Hough transformed results belong to angle threshold. 

     Indicator is further defined to identify the non-structural cracks using roundness and 
total crack group number. Roundness is defined as a function of circularity and extent. 
Total number is defined as sum of number of Orientation and Line group from Hough 
transformation. Table 2 shows two quantities summary in the sixth and seventh columns, 
respectively. If Roundness exceeds 600, the image is classified as non-structural cracks. 
Images can be also classified as non-structural crack if Roundness is between 400 and 
600 and the Total number exceeds 15. However, although Roundness is between 400 
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and 600 and Total number less than 15, it is determined that there are non-structural 
crack and structural crack in the image at the same time. Finally, if Roundness is less 
than 400, the image is classified only as a structural crack. However, no line or only one 
line may show that number of Orientation and Hough transform are zero or one. This 
case implies the structural cracks.  

Table 2. Summarize properties of crack types classification results 

 Field property 
Hough 

transform 
Evaluation standard 

ID a. b. c. d. Total number Roundness Result 

#1 0.0079 0.0092 0 3 3 13723.13 Ⅹ 

#2 0.0113 0.0759 1 2 3 1164.00 Ⅹ 

#3 0.0162 0.0589 3 4 7 1045.74 ○ 

#4 0.0517 0.1213 4 8 12 159.52 Ⅹ 

#5 0.0235 0.0808 4 7 11 527.40 △ 

#6 0.0101 0.0480 5 8 13 2059.69 ○ 

a. Circularity average 
b. Extent average 
c. No. of Orientations 
d. No. of Line group 

○ : Non-structural crack 
△ : Non-structural crack and structural crack 
Ⅹ : Structural crack 

 

4. DEEP LEARNING BASED APPROACH 

     The aforementioned used procedure is an image processing-based evaluation. The 
procedure is evaluated to be available in a deep learning-based approach (see Figure 
9). Since some missing points and detecting non-cracks exist, the results may show 
different evaluation from image processing-based approach. However, the procedure 
can apply categorization, length estimation, and radial crack detection. 

  
(a-1) (b-1) 
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(a-2) (b-2) 

  
(a-3) (b-3) 

Figure 9. Deep learning-based approach evaluation results; (a) #2, (b) #4, (1) 

categorization, (2) length estimation, and (3) radial crack detection. 

 

5. LOCALIZAITON (DEPTH ESTIAMTION) 

 The crack depth also affects structural damage. Depth is estimated using brightness 
based on visual crack depth investigation instruments and classifies whether the images 
have shallow cracks or deep cracks. For a higher accuracy, the grayscale image removes 
the background except the crack area (see Figure 10). Based on the edge detection 
process, the method found the location of the residual cracks. Pixel values are 
represented by depth indices, where a higher value is interpreted as a deep crack while 
a lower value is a shallow crack. 
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Figure 10. Remove non-crack region from the original image with marked the point. 

  
(a) (b) 

Figure 11. Pixel vale at the marked point; (a) the graph of vertical 283 and (b) the graph 

of horizontal 189. 

 

6. Conclusion 

The presented research proposed an integrated CV procedure method for 

evaluating crack by estimating length, identifying crack types, and estimating depth. To 

this end, this paper presented combining processes such as edge detection, length 

estimation, radial cracks non-structural cracks detection, and depth estimation. The 

proposed methods demonstrated the possibility of being applicable in practice through 

free images. In addition, the procedure adopted both filter-based method and deep 

learning-based method crack detection. The results showed similar to two methods. 

Therefore, the proposed procedure provided crack information with high accuracy no 

matter what crack image is inserted. The images used in this study are taken from the 

web, so the focal distance is unknown and do not have information about actual cracks. 

Therefore, future study is necessary to obtain information about the corresponding crack 
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along with directly obtained image data that knows the focal distance. With these tasks, 

length and depth of cracks estimated based on pixels have to calibrate actual values. 
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