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Abstract. Cracks are the most common manifestation of diseases in concrete 

dams. For dam cracks, many projects still use traditional measurement methods 

for detection, which are inefficient and subjective. To improve the accuracy and 

efficiency of crack detection, this paper presents a progressive automatic annota-

tion algorithm that uses a three-stage process to annotate sample images of 

cracks. Firstly, draw black lines to simulate cracks on white paper, followed by 

application of edge detection to find crack contours. Secondly, the detected crack 

contours and sample information are integrated to generate an annotation file for 

training, thus obtaining the first-order weight file. Thirdly, calculate the Euclid-

ean distance between the background area and the RGB components of the pixels 

in the detection area to optimize the mask and extract the crack coordinates. An 

8-neighbor mask and the shared number are used at each coordinate point to sys-

tematically extract crack contours. And the crack sample information is inte-

grated to automatically generate the image annotations for training, thus obtain-

ing the second-order weight file for batch detection of concrete cracks. Finally, 

after optimizing and extracting mask contours, crack sample information is inte-

grated to generate the image annotations for training and the subsequent batch 

detection, thereby, producing the third-level weight file. When used for the clas-

sification of images of black lines on white paper, black cracks on white rendered 

concrete, and cracks in concrete, the trained Mask region-based convolutional 

neural network (RCNN) model had a comprehensive evaluation index of 95.2%, 

83.3%, and 79.2% respectively. The high detection rate shows that this model 

can be used effectively for fast detection of cracks in concrete structures.  

Keywords: Cracks; automatic annotation; progressive; optimization; contour 

extraction; deep learning 

1 Introduction 

Deep learning techniques have been successfully implemented in crack detection, and 

many important contributions have been made in this rapidly developing field. Zhang 

et al[1] . used small patches extracted from pavement images to differentiate crack pixels  
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from background pixels. Zeiler and Fergus[2] constructed a fast region-based convolu-
tional neural network (RCNN), which required only 0.03 s per image to detect cracks 
in concrete. Yokoyama and Matsumoto[3] classified training samples into five catego-
ries, namely, cracks, chalk writing, joints, surface, and other parts and developed a neu-
ral-network based detector with a consistent classification accuracy rate of approxi-
mately 79%. 

The accuracy of crack measurements depends on the quality and quantity of image 
samples, but using a large number of samples requires a lot of time and energy to com-
plete the labelling process. Xu et al[4]. proposed a hybrid attention-based model for au-
tomatic image-caption generation based on the convolutional neural network (CNN) 
and recurrent neural network (RNN) models; the proposed model could detect and se-
lect objects correctly, but the selection frame contained a large amount of background 
information. As a result, the detected object was not segmented very accurately. Maier-
Hein et al[5]. carried out the annotation of endoscopic images based on the concept of 
crowd-algorithm collaboration; the proposed method is well suited in medical image 
annotation, but its universality has not yet been established. Zhou et al[6]. used a large 
number of unlabelled medical images to establish a set of self-supervised learning mod-
els, known as Models Genesis. Although Models Genesis outperforms conventional 
models, it also learns a lot of redundant information related to image background. 

Current research in the field of automatic image annotation focuses on improving 
the accuracy of object detection, while speeding up the sample annotation process [6]-

[19]. However, these two goals cannot be well balanced. In this study, we propose a 
progressive learning method for fully automated image annotation. The proposed 
method combines morphological techniques with deep learning technology to allow the 
learning process to gain more traction. Images of black lines on white background, 
black cracks on white rendered concrete, and cracks in concrete are used for crack de-
tection, and the detection results are optimized and converted into image annotations. 
The training process is repeated iteratively until accurate segmentation of the crack im-
age is achieved, which is fully automated, reducing the subjectivity of human factors 
while improving computational efficiency and accuracy. 

2 Model Training Process 

The training process is as follows. 
Stage 1: Black lines, simulating cracks, are drawn on white paper, which is then cut 

into fixed-size samples. Internal voids (points located within crack contours) are elim-
inated during image preprocessing using morphological operations of binarisation, cor-
rosion, and expansion, followed by application of edge detection to find crack contours. 
Next, the detected crack contours and sample information are integrated to generate an 
annotation file for training, thus obtaining the first-order weight file. 

Stage 2: The first-order weight file is used to detect cracks in images, in which con-
crete is rendered in white. Next, the Euclidean distance between the background area 
and the RGB components of the pixels in the detection area is calculated and used to 
optimize the mask and extract the crack coordinates. An 8-neighbour mask and the
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shared number are used at each coordinate point to systematically extract crack con-
tours. Finally, the crack sample information is integrated to automatically generate the 
image annotations for training, thus, obtaining the second-order weight file. 

Stage 3: The style transfer technique is used to combine the white rendered concrete 
and regular concrete images. The base64 code in the original annotation file is modified 
for training, and the upgraded second-level weight file is used for batch detection of 
concrete cracks. After optimizing and extracting mask contours, crack sample infor-
mation is integrated to generate the image annotations for training and the subsequent 
batch detection, thereby, obtaining the third-level weight file. 

The process of progressive self-training algorithm is shown in Figure 1. 

Fig. 1. Flowchart of the progressive self-training algorithm[20] 

3 Annotation Generation Method 

Generally, a weight file generated in one stage is used in the following stage to detect 
cracks and generate mask coordinates. After optimization, the mask information is
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transformed into a new JSON file through a series of operations: first, the contour co-
ordinates in the detection region are extracted and arranged sequentially; next, the rel-
evant crack image information is given as an input to the JSON file. 

3.1 Mask Contour Extraction 

The mask is composed of a series of coordinate points. The mask contour extraction is 
essentially an analysis of a series of coordinate points to eliminate any point located 
between the crack contours and retain only the contour points. 

The void number of a given coordinate point is the number of pixels among its 8 
neighbour cells unoccupied by other coordinate points. In Figure 2, there are 3 unoccu-
pied pixels around contour point P1, so its void number is 3 whereas, all 8 neighbour 
pixels of contour point P2 are occupied, so its void number is 0. 

Fig. 2. Determination of the void number 

The shared number is the number of unoccupied pixels shared by two adjacent mask 
points. In Figure 3, points P3 and P4 share 2 common void pixels (shown in green), 
thus, the shared number is 2. 

Fig. 3. Determination of the shared number 

Contour extraction is carried out based on the following principles: 
1. Before contour detection, go over the mask points and delete any scattered point, 

that is, the point with shared number exceeding 6 out of 8 (Figure 4).



2. Starting point A of the contour is selected by finding the point with the highest void 
number and the smallest x and y coordinates (Figure 5). 

3. Among the points adjacent to P, find the one with the highest void number and set it 
as the next contour point, ensuring that the new point is not the same as the current 
contour point (Figure 6).
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Fig. 4. Elimination of scattered points 

Fig. 5. Selection of the contour starting point 

Fig. 6. Contour point selection



4. When two points, M and N, adjacent to P have identical void numbers, select the 
point with the higher shared number with P (point M in Figure 7). 

5. The contour extraction process is completed when point P meets starting point A 
(Figure 8). 

6. Save the crack contour points and delete the points inside the contour in the original 
cluster (Figure 9).

Fig. 7. Contour extraction process 

Fig. 8. Closing of the extracted contour 

Fig. 9. Crack contour diagram
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7. Find the coordinate points in the original file and draw the contour, until all coordi-
nate points are deleted (Figure 10).
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Fig. 10. Newly detected crack contour 

3.2 JSON File Generation 

The number of closed contours is counted to establish a fixed framework for the anno-
tations. The file is divided into five sections: LabelMe version information, contour 
coordinates, image path, encoding, and size. 

The adjusted contour coordinates, the image path, and its encoding format are im-
ported into the JSON file based on the fixed annotation framework. The image is then 
loaded into a binary format, and its raw bytecode is compiled and encoded into base64 
format. The obtained data is then inserted into the corresponding position of the JSON 
file, and the complete JSON file is provided as an input to the Mask RCNN model. The 
training process is continued using the previous-order weight file to generate a new 
weight file. 

4 Training Process 

4.1 Black Lines on White Paper 

A 12B pencil is used to draw black lines resembling cracks on white paper, which are 
photographed, as shown in Figure 11(a). The original image is cut into 512 × 512 tiles 
(Figure 11(b)), so that 20,000 image tiles are obtained. The subsequent image pro-
cessing consists of image binarisation and pixel corrosion and expansion (Figure 11(c)), 
followed by crack contour detection (Figure 11(d)). Each image tile and its correspond-
ing JSON file are given as inputs to the Mask RCNN model for training to obtain the 
first-order weight file.



  (a)  

(b)                     (c)                      (d)  

Fig. 11. Processing of black lines on white paper images 

4.2 Black Cracks on White Rendered Concrete 

The appearances of black lines on white paper and black cracks on white rendered con-
crete are similar. The test results show that the model can easily transition between the 
two types of samples; the first-order weight file can be used effectively to filter and 
detect cracks in white rendered concrete. The optimized mask coordinates are converted 
into a JSON file using the annotation algorithm, and the file is given as an input to the 
model for further training, thereby, obtaining the second-order weight file. 

4.2.1 Screening of Annotation Results. 
During the crack detection process, false results often occur in shaded or blistered 

areas of the concrete. The following principles are used to eliminate false detection 
results: 

1. Delete any detection result with a confidence level <0.95 (Figure 12).
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2. Delete any image with a detected mask containing less than 750 points (Figure 13). 

3. Rotate the coordinate system and project the mask coordinates on the x and y axes, 
respectively, and then calculate the ratio L of the average number of x and y coordi-
nates using the following formula: 
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Fig. 12. Image elimination based on confidence level 

Fig. 13. Image elimination based on the number of mask points 

L =
௞∑ ௡ೣ೔

ೕ
೔సభ

௝ ∑ ௡೤೔
ೖ
೔సభ

(1) 

(Note: ݊௫೔ represents the number of coordinates when x=ݔ௜, and ݊௬೔  represents the 
number of coordinates when y=ݕ௜) 

If L is close to 1, the cluster of points detected erroneously will be eliminated (Figure 
14). 

Fig. 14. Image elimination based on the mean ratio
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4. Determine the propagation direction of the crack, and eliminate any crack with a 
width greater than 100 pixels (Figure 15). 

5. After converting the image to grayscale, calculate the difference C between the clas-
sification result and the average value of the background pixels using the following 
formula: 

Fig. 15. Image elimination based on the crack width anomaly 

C = 
∑ ௫೔
೘
೔సభ
௠

 -
∑ ௬೔
೙
೔సభ
௡

(2) 

(Note: m is the number of background pixels, n is the number of points classified as 
crack pixels, ௜ is the pixel value of the i-th background pixel, andݔ  ௜ is the pixel valueݕ
of the detected i-th pixel) 

When C is in the range of [-10, 10], find and eliminate the detection errors and cracks 
with very light colour (Figure 16). 

Fig. 16. Image elimination based on the pixel difference value 

4.2.2 Optimization Algorithm. 
To obtain more accurate crack mask coordinates, the deep learning-based classifica-

tion results (Figure 17(a)) are optimized with the aid of the RGB components of the 
raw image. The classification results are divided into three types: accurate (red), erro-
neous (blue), and missed (yellow), as shown in Figure 17(b).
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(a) Classification results  (b) Comparison of accurate, erroneous, and missed detection areas 

Fig. 17. optimization results 

All the pixels in the rectangular frame are categorized as belonging to either the 
crack area or the background area. The average RGB values of the two types of areas 
are used as the discrimination indices in the subsequent processing. The average RGB 
values of the crack pixels are given by the following:

ܴ௖തതത = ଵ
ே௎ெ೎

∑ ܴ௖௜
ே௎ெ೎
௜ୀଵ (3)

௖തതതܩ = ଵ
ே௎ெ೎

∑ ௖௜ܩ
ே௎ெ೎
௜ୀଵ (4)

௖തതതܤ = ଵ
ே௎ெ೎

∑ ௖௜ܤ
ே௎ெ೎
௜ୀଵ (5) 

whereܴ௖തതത,ܩ௖തതതandܤ௖തതതare the average RGB component values, respectively, of the pixels in 
the crack area; ௖ is the total number of pixels in the crack area; and,, andܯܷܰ  ௖௜ areܤ
the colour components of the i-th pixel in the crack area. The subscripts b and c indicate 
the background and crack pixels, respectively. The average RGB values of the pixels 
in the background area can be obtained in a similar way. 

4.2.3 Screening of the Mask Area. 
Traverse all pixels in the mask area and calculate the Euclidean distances between 

the RGB values of each pixel and the average RGB values of the crack area and between 
the RGB values of each pixel and the average RGB values of the background area, 
using the following formulas:

௖ܦ = ඥ(ܴ଴ −ܴ௖തതത)ଶ ଴ܩ) + − ௖തതത)ଶܩ ଴ܤ) + − ௖തതത)ଶܤ (6)

௕ܦ = ඥ(ܴ଴ −ܴ௕തതതത)ଶ ଴ܩ) + ௕തതത)ଶܩ− ଴ܤ) + − ௕തതത)ଶܤ (7)
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௖ andܦ -௕ represent the Euclidean distances between the RGB values of the seܦ
lected pixel and the average RGB values of the crack and the background areas, respec-
tively; and ଴ܤ  represent the RGB components, respectively, of the selected pixel. If, 
the Euclidean distance between the selected point and the average pixel value of the 
background area is smaller than that between the selected point and the average pixel 
value of the crack area, which means that the RGB value of this point is closer to that 
of the background area; therefore, the selected point is eliminated; otherwise, this point 
is retained. After all the mask points are traversed, a new set of mask coordinates is 
obtained. 

4.2.4 Expansion of the Mask Area. 
The mask points are expanded outwards along the mask boundary, and the newly 

acquired pixels are screened using the method described in the previous section. After 
each screening and expansion, the average RGB values of the mask area and the back-
ground area are recalculated. When the mask coordinates before and after the iteration 
are consistent, it is considered that the screening and expansion in this iteration have 
not modified the mask area. Thus, the iteration process is stopped, and the final opti-
mized crack mask is obtained. The original image and the images before and after the 
mask optimization are shown in Figure 18. 

(b) Crack mask before optimization(a) Black cracks on white rendered concrete  

(c) Crack mask after optimization 

Fig. 18. Image optimization process
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4.3 Concrete Cracks 

Firstly, images of plain concrete are cut into 512 × 512 tiles, and from these, 2,000 
crack-free background images (Figure 19(a)) are selected. Secondly, the second-order 
weight file is used to detect black cracks on white rendered concrete (Figure 19(b)) and 
obtain the crack mask coordinates, which are then plotted on the crack-free background 
images. Finally, the original JSON file of the black cracks on the white rendered con-
crete is modified: the image code is replaced, and the image path and annotation file 
name are adjusted; the contour coordinates remain unchanged. The newly generated 
image is shown in Figure 19(c). 

(a)Concrete background image (b)Black cracks on white rendered concret 

(c)Cracks on concrete background (using style transfer technique) 

Fig. 19. Image generation process 

After transitioning from the black cracks on white rendered concrete to the cracks in 
concrete successfully, the preceding stage is repeated, starting with the sample screen-
ing, followed by crack detection (Figure 20(a)), mask optimization (Figure 20(b)), ex-
traction of contours (Figure 20(c)), image information generation, and further training.
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(a) crack detection (b) mask optimization (c) extraction of contours 

Fig. 20. Image optimization process 

5 Evaluation 

The data sets of black lines on white paper, black cracks on white walls, and cracks on 
concrete are divided into three types. The training set consists of 80% images, and the 
verification set consists of 20% images. According to the results in Tables 1 and 2, it 
can be seen that this method has good accuracy for crack identification. 

Table 1. Testing results (average value)[21] 

Stage Accuracy Recall Evaluating indicator 
Black lines on white paper 95.502 92.729 94.055 

Black cracks on white rendered concrete 81.025 79.178 76.294 
Concrete cracks 78.003 79.500 76.675 

Table 2. Testing results (median)[21],[22] 

Stage Accuracy Recall Evaluating indicator 
Black lines on white paper 96.7 93.6 95.2 

Black cracks on white rendered concrete 86.1 85.1 83.3 
Concrete cracks 77.8 83.1 79.2 

6 Conclusion 

This paper presents a progressive automatic annotation algorithm that uses a three-stage 
process to annotate sample images of cracks. The high detection rate shows that this 
model can be used effectively for fast detection of cracks in concrete structures. Spe-
cifically, it mainly includes the following aspects: 

1. The optimization algorithm can further optimize the crack mask to obtain the com-
plete crack mask coordinates. 

2. The principle of choosing cracks can effectively find crack images from a large num-
ber of background images.



3. The contour extraction algorithm can extract the mask coordinations to complete 
marking of cracks automatically. 

4. The application of edge detection can find crack contours accurately on black lines, 
simulating cracks that are drawn on white paper. 

5. After JSON files made from black lines on white paper are given as inputs to the 
Mask RCNN model for training, the first-order weight file can be used effectively 
to filter and detect cracks in white rendered concrete, and the optimized mask coor-
dinates are converted into new label files further. 

6. The crack mask coordinates are transferred to the concrete crack-free background 
images to generate new JSON files, which can further train the model. 

7. The model obtained by automatic method for annotation of concrete crack images 
has good recognition speed and accuracy in building crack identification, and it only 
needs 0.02s to detect the crack position; In the comprehensive evaluation index of 
crack detection accuracy, black lines on white paper reaches 95.2%, black cracks on 
white rendered concrete reaches 83.3%, and the concrete cracks reaches 79.2%. 
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The research described in this paper only selected the most common cracks as the 
research object and studied the image processing methods of cracks. However, in prac-
tical engineering, various diseases such as cracks, leaks, and exposed reinforcement are 
often encountered. In complex practical hydraulic engineering, further research is 
needed. 
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