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1. Introduction

Crack width is an important indicator for concrete
structure health evaluation. In recent years, the crack 
recognition methods based on artificial intelligence and 
image processing has developed rapidly (Liu et al. 2014, 
Kim et al. 2017, Dorafshan et al. 2018, Bertelsen et al. 
2019, Sony et al. 2021, Dais et al. 2021). Although the 
UAV or image acquisition platform provides convenient 
crack measurement approaches (Kim et al. 2017, Zhong et 
al. 2018, Jung et al. 2019, Ribeiro et al. 2020, Liu et al. 
2020, Ali et al. 2021, Peng et al. 2021, Peng et al. 2021, 
Jang et al. 2021, Ji et al. 2021, Jiang et al. 2021), the crack 
width gauge carried by manual is still an important means 
in special or key area. As shown in Fig. 1, when the crack 
width gauge is used, the target area (0.4 cm × 0.3 cm) is 
enlarged for obtaining an 800 × 600 pixels image by 
amplification probe, and then the width is measured through 
a built-in program to represent the real crack width in this 
area. As shown in Fig. 1(d), when the manual mode is 
adopted, the probe is rotated and moved manually to make 
the scale suiting for crack edge; As shown in Fig. 1(e), if the 
crack measurement method based on extreme point 
detection is adopted, the edge of the crack is extracted by 
connecting two extreme points, and then the crack width is 
measured. 

However, the accuracy of crack width measurement is 
related to the health condition evaluation of concrete 
structure, which has the following problems: (1) when the 
manual mode is adopted, the probe amplifier always needs 
to be moved and rotated, this process is time-consuming 
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and laborious; (2) When the crack measurement method 
based on extreme point detection is adopted, the result is 
quite different from the manual measurement result shown 
in Fig. 1(e) with a relative error of about 45%. Therefore, it 
is of great significance to propose an automatic and 
accurate crack width calculation means. In this paper, we 
consider the crack width measurement as the decision-
making process of position selection and geometric 
simplification mode, which is combining deep Q learning 
and geometric calculation. 

2. Related work of crack recognition and width
quantification

As a rapidly developing method, the Deep Learning may
be applicable for recognizing a large amount of crack image 
data (Cha et al. 2017, Song et al. 2020). The target 
recognition network has applied to detect the ROI of cracks, 
which are divided into two categories: one-stage and two-
stage network (Hu et al. 2021). To be specific, one-stage 
network such as SSD (Liu et al. 2016) and YOLO (Redmon 
and Farhadi 2018, Bochkovskiy et al. 2020), two-stage 
network such as Faster-RCNN (Girshick 2015) and R-FCN 
(Dai et al. 2016) are applied to crack detection (Deng et al. 
2020, Park et al. 2020). These studies show that the deep 
learning method has good ability in crack classification and 
location. Then, in order to extract cracks, those pixel-level 
encoder to decoder networks such as FCN (Long et al. 
2017), U-Net (Ronneberger et al. 2015, Choi and Cha 2019) 
and Deeplab (Chen et al. 2016, 2017) have applied to 
segment the crack (Ren et al. 2020, Ji et al. 2020, Kang et 
al. 2020). The application of deep learning method in crack 
recognition and segmentation improves the structure health 
assessment (Kang and Cha 2022). 
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Further, the crack width can be used to evaluate safety 

state of structures effectively, which has attracted extensive 
attention of researchers. At present, there are three main 
methods of crack width calculation: flexible kernel method, 
center-line and physical formula. The crack width 
quantification method based on flexible kernel calculate the 
width of the kernel passing through the crack. Specifically, 
Lee proposed a shape-sensitive kernel within a semantic 
segmentation framework and a modified deep layer (Lee et 
al. 2020). Jin proposes the flexible kernel applied to 
calculate the propagation direction of the crack width, and 
its resolution is investigated according to the size of the 
kernel (Jin et al. 2020). Song proposed a width 
quantification method suitable for panorama cracks through 
crack matching and property calculation (Song et al. 2022); 
The center-line methods generate the center-line of the 
crack edge first, and then the width is quantified by 
measuring the distance of center-line and crack edges. To be 
specific, Jeremy proposed a novel hybrid method of crack 
width quantification by identifying a pair of points that give 
the shortest distance while being close to the orthogonal 
direction (Ong et al. 2022). Tang proposed an effective 
definition of crack width that combines the macro-scale and 
micro-scale characteristics of the backbone to obtain width. 
(Tang et al. 2023). Notably, Kang used modified distance 
transform method (DTM) to measure crack thickness and 
length in terms of pixel measurement, which has been 
achieved good accuracy (Kang and Cha 2022). 

The crack width quantification method based on 
equation calculates crack width by specific physical 
equations. To be specific, Ni propose a Zernike-moment 
measurement of thin-crack width in images enabled by 
dual-scale deep learning. If the crack width W < 5 pixels, 
the ZM is the projections of the image data onto a set of 
complex polynomials, which form a complete orthogonal 
set over the interior of a unit circle to calculate the thin 
crack width (Ni et al. 2019). Wang propose new pavement 
crack width measurement method based on Laplace’s 
equation. (Wang et al. 2018). Those methods have high 
accuracy and promote the development of crack width 
measurement. 

However, the crack width quantification under the 
width-measuring instrument environment has some 

 
 

characteristics: (1) The amplification probe is used to 
amplify the 0.4 cm × 0.3 cm area to form an 800 × 600 
pixels image. The crack features are magnified dozens of 
times. The correct measurement position should be selected 
and showed accurately, rather than measuring the width 
based on pointwise analysis. (2) The test environment is 
complex and changes greatly, but the geometric 
classification of crack edge is obvious. 

The deep reinforcement learning is widely used in 
classification and decision-making problems because of its 
unique feedback mechanism (Mocanu et al. 2018, Liu et al. 
2019, Liang et al. 2019, Yao et al. 2020). In this paper, we 
consider we consider the crack width quantification under 
the width-measuring instrument environment as a decision-
making problem. Firstly, the U-Net network is used to 
segment the crack in pixel level, and the canny operator is 
applied to extract the crack edge. Then, the deep Q learning 
based on 4-layers neural network is constructed to form the 
intelligent decision model. Further, the fast crack width 
quantification method is proposed based on geometric 
simplification through endpoint and curvature maximum 
point detection. Finally, the usefulness of this method is 
demonstrated in a case study compared with existed 
methods, which can achieve about 90% accuracy in crack 
width measurement. 

 
 

3. Methodology 
 
In order to calculate the crack width reliably and 

accurately, we have proposed a new method combining 
deep learning and reinforcement learning, as shown in Fig. 
2, which will be introduced in the following sections. This 
framework including three main tasks: (1) crack image 
preprocessing; (2) width measurement position decision; (3) 
crack width calculation. 

 
3.1 Crack image preprocessing 
 
The crack width measurement based on width-

measuring instrument that amplify the 0.4 cm × 0.3 cm area 
to form an 800 × 600 pixels image. The crack features are 
magnified dozens of times, which are obviously different 

 
Fig. 1 Crack width measurement using width measuring camera 
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from noises such as watermark or imprint. As shown in Fig. 
3, the crack is segmented by U-Net network for image 
preprocessing. The U-Net is originally proposed by 
Ronneberger et al (2015). This network applies the jump 
connection to image segmentation, which greatly improves 
its accuracy. Its encoder includes three steps, and each step 
includes two 3 × 3 convolution layer and a 2 × 2 convolution 
layer with stride = 2. After the convolution operation, the 
multiple feature maps are output, the size of the feature map 
is reduced by each maximum pool layer twice. The number 
of feature maps output in the three steps are 16, 32 and 64 
respectively, and the size is respectively 64 × 64, 32 × 32, 
16 × 16. Compared with the encoding process, the feature 
decoding process also includes three steps. Each step first 
performs an upsampling operation with a 2 × 2 convolution 
layer with stride = 2 on the feature map from the lower 
level, then cascade with the feature map of the left encoder 
part, and finally the feature map is output through two 3 × 3 
convolutions. 

The binary crack image shown in Fig. 3(b) is obtained 
by U-Net model. Then, the edge of binary crack image is 

 
 

 
 

detected by Canny operator, which is fused with the original 
binary image to form preprocessing results shown in Fig. 
3(c). As shown in Fig. 3(d), the clear edges of several types 
crack are obtained after preprocessing. 

 
3.2 Crack width measurement position decision 
 
3.2.1 Overview of deep Q learning 
The reinforcement learning is the representative of 

behaviorism artificial intelligence, which is applied to 
describe the interaction process of maximizing the strategy 
learning reward between agent and environment (Mnih et 
al. 2005). And the deep reinforcement learning is formed by 
the complementary combination of deep learning and 
reinforcement learning, which has strong feature extraction 
and decision-making ability (Wiering et al. 2011, Mnih et 
al. 2013). The problem model is usually represented as a 
tuple ሾ𝑆,𝐴,𝑇, 𝑟ሿ , where S represents the state space, 𝐴 
represents the action, and 𝑇ሼ𝑠,𝑎, 𝑠ᇱሽ → ሾ0,1ሿ  is the state 
transition function, representing the probability of switching 
to another state 𝑆ᇱ after performing an action in state s. And 

 
Fig. 2 Framework of crack width measurement based on deep Q learning 

 
Fig. 3 The preprocessing of crack image 
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 𝑟  is the reward function, which represents the feedback 

obtained from the environment when the state transition 
occurs. Through repeated interactions with the environment, 
the value function is continuously trained and updated 
based on the obtained information, and finally the optimal 
strategy is well-trained. The iterative update equation of the 
function 𝑄 is as follows 

 𝑄௧ାଵሺ𝑆௧,𝑎௧ሻ ൌ 𝑄௧ሺ𝑆௧,𝑎௧ሻ ൅ 𝛼𝛿௧ (1) 
 
Where 𝛼  is the learning rate, 𝛿௧  represents the time 

difference error, and is expressed as Eq. (2) 
 𝛿௧ ൌ 𝑟௧ାଵ ൅ 𝛾𝑄௧ሺ𝑆௧ାଵ,𝛼ᇱሻ െ 𝑄௧ሺ𝑆௧ ,𝛼௧ሻ (2) 
 
Where 𝛼ᇱ is the action that can be executed in the state 𝑆௜ାଵ. As shown in Fig. 4, when the crack width measuring-

instrument is applied in the real environment, the test 
environment changes greatly, so it has high requirements 
for robustness and fault tolerance. Therefore, we have 
proposed a crack geometry classification method based on 
deep Q learning, the crack image data collected by width-
measuring instrument that is regarded as the environmental 
state 𝑆 . And the classification of the corresponding 
geometric operation is regarded as action 𝛼 . The reward 
function 𝑅  is established based on the corresponding 
relationship between the crack geometry classification 
results and ground-truth labels. 

 
 

 
 
3.2.2 Deep Q learning architecture 
The classical Q learning is a tabular method, which has 

the problem of dimension disaster in high-dimensional state 
environment space or continuous state space. Due to the 
strong representation ability of deep learning, the deep 
crack feature is extracted by the 4-layers network shown in 
Fig. 5(a), which is fused with the full connection layer using 
one-shot mechanism. And then the corresponding Q value 
shown in Fig. 5(b) is output. This architecture includes two 
neural networks, which are the estimated value network of 
updating neural network parameters and the target value 
network of updating Q value. These two networks have the 
same structure, and the DQN uses the deep neural network 
with parameter 𝜃 to approximate the action value function 
as Eq. (3) 𝑄ሺ𝑠,𝛼ᇱ;𝜃ሻ ൎ 𝑄గሺ𝑠,𝛼ሻ (3) 

 
During the training, the parameters are updated by 

minimizing the loss function 
 𝐿௧ሺ𝜃௧ሻ ൌ 𝐸ሺ௦,ఈ,௥,௦ᇲሻሾሺ𝑦 െ 𝑄ሺ𝑠,𝛼ᇱ;𝜃௧ሻሻଶሿ (4) 
 
Where  𝐿௧  is the loss function at time of t; 𝜃௧  is the 

parameter of Q network at time of t; E indicates 
mathematical expectation; and y is the optimization target 
value of Q network in the Eq. (5) 

 𝑦 ൌ 𝑟 ൅ 𝛾𝑄ሺ𝑠ᇱ,𝛼ᇱ;𝜃௧ି ሻ (5) 
 
 

 
Fig. 4 The crack image classification process based on deep Q learning 
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Fig. 6 The algorithm architecture of deep Q learning 
 
 
Where  𝜃௧ି   is the parameter of the target network, and 

the weight of deep Q network is updated based on gradient 
rule, and the weight of partial derivative can be obtained by 
the loss function in Eq. (6) 

 ∇ఏ೟𝐿௧ሺ𝜃௧ሻ ൌ 𝐸ሺ௦,ఈ,௥,௦ᇲሻሾሺ𝑦 െ 𝑄ሺ𝑠,𝛼;𝜃௧ሻ∇ఏ೟𝑄ሺ𝑠,𝛼;𝜃௧ሿ (6) 
 
Where ∇  represents gradient calculation. Through 

experience playback mechanism, the tuple composed of 
experience, action and reward of the agent is stored to form 
a memory sequence ሺ𝑠௧ ,𝛼௧ , 𝑟, 𝑠௧ାଵሻ . During training, a 
small batch of experience is randomly extracted from the 

 
 

experience playback pool each time, and then the network 
parameters are updated according to the random gradient 
descent method. 

 
3.3 Crack width quantification 
 
In order to calculate the crack width quickly and 

accurately, the fast simplified quantification method is 
proposed by endpoint and curvature maximum point 
detection. The crack width calculation process is mainly 
divided into (1) Crack edge shape simplification; (2) Crack 
width calculation. 

 
3.3.1 Crack edge shape simplification 
(1) Curvature extreme point detection 
The linear curvature of the crack edge is calculated as 

Eqs. (7)-(8), and the curve is expressed as a parametric 
equation of arc length 𝜇 shown in Fig. 7(c) 

 𝐿ሺ𝜇ሻ ൌ ሺ𝑥ሺ𝜇ሻ,𝑦ሺ𝜇ሻሻ (7) 
 
The expression of curve variation with scale is 
 𝐿ఙ ൌ ሺ𝑥ሺ𝜇,𝜎ሻ,𝑦ሺ𝜇,𝜎ሻሻ (8) 
 
Where x and y are the abscissa and ordinate of the points 

on the contour curve respectively, and x and y are one-
dimensional functions. Of which 

Fig. 5 The process of Q-output based on CNN network 
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 𝑋ሺ𝜇,𝜎ሻ ൌ 𝑥ሺ𝜇ሻ ∗ 𝑔ሺ𝜇,𝜎ሻ (9) 
 𝑌ሺ𝜇,𝜎ሻ ൌ 𝑌ሺ𝜇ሻ ∗ 𝑔ሺ𝜇,𝜎ሻ (10)
 
Then the curvature k can be expressed as 
 𝑘ሺ𝜇,𝜎ሻ ൌ 𝑋ఓሺ𝜇,𝜎ሻ𝑌ఓఓሺ𝜇,𝜎ሻ െ 𝑋ఓఓሺ𝜇,𝜎ሻ𝑋ఓሺ𝜇,𝜎ሻඥሺ𝑋௨ሺ𝜇,𝜎ሻଶ ൅ 𝑌௨ሺ𝜇,𝜎ሻଶሻଷ  (11)

 𝑔ሺ𝜇,𝜎ሻ represents the Gaussian function of scale 𝜎  in 
the target image; 𝜎 represents the width parameter of the 
Gaussian function. The curvature of all points on the crack 
edge is calculated shown in Fig. 7(a) and the curvature 
distribution curve is formed shown in Fig. 7(d). 

(2) Geometry simplification 
Firstly, the endpoints are detected based on template 

operator shown in Fig. 7(e), and a series of concave points 
are formed after calculating the local extreme points shown 
in Fig. 7(g) and (i). The following concave filtering 
methods are defined: 

1) Determine the curvature extreme points in the two 
edge connected domains; 

2) According to the reinforcement learning classification 

 
 

 
 

results, the number of clustering centers are determined as 
N, is found by traversing all curvature points except the 
maximum point, and the distance from the maximum point 
is calculated, and keep the store if the distance value is 
greater than 30. Repeat the above steps until the number of 
curvature extreme points is equal to the number of cluster 
centers. The final curvature filtering result is shown in Fig. 
7(d); 

3) After the concave extreme point is detected, it is 
sorted according to the spatial relationship, and the extreme 
points in the corresponding order are connected. The 
matched concave points are connected to complete the 
geometric simplification and reconstruct the crack image 
shown in Figs. 7(g) and (i), which provides a basis for crack 
width calculation. 

 
3.3.2 Crack width calculation 
In order to realize measuring crack width automatically 

and accurately, after geometric simplification, the simplified 
crack edge shape is decomposed into quadrilateral graphic 
combination. As shown in Fig. 8(a), the coordinates of the 
quadrilateral after concave point matching are 𝐴ሺ𝑥଴,𝑦଴ሻ,𝐵ሺ𝑥ଵ,𝑦ଵሻ, 𝐶ሺ𝑥ଶ,𝑦ଶሻ, 𝐷ሺ𝑥ଷ,𝑦ଷሻ, and the coordinates of the 

 
Fig. 7 Simplification of crack edge shape 

 
Fig. 8 Crack width calculation based on geometry simplification 

224



 
A fast and simplified crack width quantification method via deep Q learning 

 
 

 
 

measurement point G of the quadrilateral ABCD are 
 𝑥௚ ൌ 𝑥଴ ൅ 𝑥ଵ ൅ 𝑥ଷ ൅ 𝑥ସ4  (12)
 𝑦௚ ൌ 𝑦଴ ൅ 𝑦ଵ ൅ 𝑦ଷ ൅ 𝑦ସ4  (13)
 
Make a vertical line l through point  𝐺൫𝑥௚,𝑦௚൯, which is 

defined as the approximate width in this area 
 𝑦 ൌ 𝑥ଷ ൅ 𝑥ସ െ 𝑥ଵ െ 𝑥ଶ𝑦ଵ ൅ 𝑦ଶ െ 𝑦ଷ െ 𝑦ସ ൫𝑥 െ 𝑥௚൯ ൅ 𝑦௚ (14)
 
Finally, the width is defined as the distance between the 

intersection of vertical line l shown in Fig. 8(c). 
 
3.4 Reward function 
 
The goal of reinforcement learning is to maximize the 

reward, and the reward function defines the value obtained 
by agents performing different behaviors in the current 
environment. 𝑅௦  is the reward function, which represents 
the reward expectation when the state transition occurs at a 
certain time t in s state, which is defined as Eq. (15). 

 𝑅௦ ൌ 𝐸ሾ𝑅௧ାଵ|𝑆௧ ൌ 𝑠ሿ (15)

 
 

 
 
And the total reward function is calculated as Eq. (16) 
 𝐺௧ ൌ 𝑅௧ାଵ ൅ 𝛾𝑅௧ାଶ ൅ ⋯ ൌ෍𝛾௞ஶ

௞ୀ଴ 𝑅௧ା௞ାଵ (16)

 
Among them, the attenuation coefficient 𝛾 reflects the 

value proportion of future rewards at the current moment. 
The setting of reward function will affect the update speed 
and the generalization ability of algorithm. As shown in Fig. 
9, the cracks are classified according to the distribution state 
of edge curvature, and the reward function 𝑅௜௝  is defined 
based on the classification result. As shown in Fig. 10, these 
different types of cracks are simplified according to 
classification results. 

 
 

4. Case study 
 
In this paper, we have developed a novel crack width 

quantification method based on deep Q learning. In order to 
verify the effectiveness of the proposed method, a case 
study using crack width gauge are carried out. The proposed 
method is trained and tested by the collected image data, 
and the tested result is compared with the well-known 
methods in detection accuracy and time-cost. As shown in 
Fig. 11, the crack width gauge is applied to collect bridge 

 
Fig. 9 Reward value table of crack classification 

 
Fig. 10 Simplify results of different classification type 
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Fig. 11 Crack data acquisition based on ZBL crack measuring camera 

 
Fig. 12 Curvature value of crack edge 
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crack data with good or insufficient illumination. 
 
4.1 Data set build 
 
In order to training the model of crack width recognition 

based on deep reinforcement learning, the crack image data 
set is established. The edges of crack image are detected 
based on previous method shown in Fig. 12(2), and the 

 
 

 
 

curvature value is calculated along the crack boundary 
shown in Fig. 12(4). The cracks width along the crack 
boundary point are obtained by manual shown in Fig. 12(3). 
The crack edge distribution has obvious characteristics, and 
the change of crack width is consistent with the change of 
curvature value shown in Figs. 12(a)-(f). It shows that when 
the curvature of crack edge is within a specific range, the 
crack width changes little in this range, and this vertical 

Table 1 The classification data set of concrete cracks 
Items Images size Training Validation Total 

Classification 1 (0 curvature extreme point) 800×600 128 32 160 
Classification 2 (1 curvature extreme point) 800×600 280 70 350 
Classification 3 (2 curvature extreme point) 800×600 184 46 230 
Classification 4 (3 curvature extreme point) 800×600 144 36 180 

Classification 5 (≧ 4 curvature extreme points) 800×600 392 98 490 
Classification 6 (Special conditions) 800×600 320 80 400 

 

 
Fig. 13 Samples of crack data set; (a) 0 curvature extreme point; (b) 1 curvature extreme point; (c) 2 curvature extreme point; 

(d) 3 curvature extreme point; (e) ≧ 4 curvature extreme point; (f) 5 special conditions 
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width can represent the average width. Therefore, we have 
classified the crack dataset images according to the 
curvature distribution of the crack edge. Taking 0-4 pairs of 
curvature extreme points as the crack classification basis, a 
total of 5 common types and a special type of crack are 
formed (600 × 800 pixels) shown in Figs. 13(a)-(f). There 
are 1810 images in total, according to the ratio of the 
training set to test set to verification set to = 4:1, the image 
data are divided into the training data set (1448) and test 
data set (362) shown in Table 1. 

 
4.2 Training and evolution 
 
The reinforcement learning is trial-and-error learning 

based on behaviorism. The initial training process of the 
model can be regarded as random guess. The number of 
steps is defined in each epoch, and the trial-and-error 
interaction are carried out in each step. At each step, the 
 
 

 
Fig. 14 Training reward curve 

 
 

agent obtains an action a from the actor based on the ϵ-
greedy algorithm, and then the next state and reward is 
obtained using uses the action to interact with the 
environment. This experience would be added to memory, 
then the memory would be play back to update the critical 
parameters. The parameters of critic network are copied to 
actor network, and the total return and loss of each epoch 
are monitored. According to the strong mapping 
relationship between the crack edge geometric shape and 
the change of crack normal width, the reward function is 
defined as Eq. (17) 

 𝑅ሺ𝑠௜ ,𝛼௜ ,𝑦௜ሻ ൌ ൜൅1, 𝛼௜ ൌ 𝑦௜െ1,          𝛼௜ ് 𝑦௜ (17)
 
In the training process, the exploration probability 𝜀 

decays from 1.0 to 0.01 according to Eq. (18) 
 𝜀 ൌ max ൜𝜀௠௜௡, 1 െ ሺ1 െ 𝜀௠௜௡ሻ ൈ 𝑠𝑡𝑒𝑝𝑡𝑜𝑡𝑎𝑙 ൠ (18)
 
Where step is the current number of iterations, total is 

the number of iterations. Exploration rate 𝛾 ൌ 0.99, plot k = 
100, the number of iterations is 5000, and the mean scores 
are calculated in a group of 10 points shown in Fig. 14(b). 
At the beginning, the reinforcement learning model is a 
random guess, so the initial total score is about -80. The 100 
samples are played back in the experience pool every 
iteration of the model. When the DQN model is trained 
reaching 2000 times, the model converges well, the reward 
value is concentrated at about 90, indicating that the 
accuracy of crack classification prediction is about 90% 
shown in Fig. 14(b). 

 
4.3 Algorithm implementation 
 
According to the proposed method, the detail process of 

crack width measurement is shown in Fig. 15. Firstly, the 
 
 

 
Fig. 15 The detail process of crack width measurement 
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original crack image (800×600 pixels) shown in Fig. 15(a) 
is segmented by the well-trained U-Net network in pixel 
level shown in Fig. 15(b). Then, the edges of binary crack 
are detected by Canny operator with the Gaussian filter 
value of 8 shown in Fig. 15(c). Finally, the preprocessing 
result of crack image are fused with semantic segmentation 
result shown in Fig. 15(d). On the other hand, the original 
crack image is classified as action 3 by the trained 
reinforcement learning model shown in Fig. 15(e). The edge 
of the crack is transformed into a parametric equation, and 
the curvature of each point on the edge is calculated 
according to section 3.3.1 shown in Figs. 15(f) and (g). 
According to the classification results of well-trained 
model, three pairs of extreme points on the curvature 
coordinate curve are matched shown in Figs. 15(h) and (i). 
Finally, the geometric simplification of Fig. 15(i) is carried 
out and the measurement position is obtained. The 

 
 
corresponding crack width is calculated shown in Fig. 
15(k). And the crack widths with typical classification 
features is calculated shown in Fig. 16. 

 
 
 

 
Fig. 17 Comparison method of crack width measurement 

 

 
Fig. 16 The crack width measurement process of the proposed method; (a) 0 curvature extreme point; (b) 1 curvature 

extreme point; (c) 2 curvature extreme point; (d) 3 curvature extreme point; (e) ≧ 4 curvature extreme point; 
(f) special conditions 
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Table 3 Comparison of average accuracy parameters for 
proposed method, center-line method and extreme 
point method 

Methods Average accuracy Time (s) 
Proposed method 94.58% 1.76 

Center-line method 92.85% 6.56 
Extreme point method 67.57% 1.23 

 

 
 
4.4 Algorithm performance comparison 
 
In order to verify the effectiveness of this method for 

crack width measurement, the center-line method and the 
extreme point matching method are used for comparative 
experiments shown in Fig. 17 (Shan et al. 2015, Payab et al. 
2018). In Fig. 17(a), the centerline is obtained by the 
classical skeleton extraction algorithm (Zhou and Liu 
2019). And the ground-truth is based on manual 
measurement in original crack image. The crack thickness 
is defined as the distance between the intersection of the 
vertical line and the edge shown in Fig. 17(b). 

To evaluate the performance of these methods 
quantitatively, the 100 test images formed the data set 
concluding 6 categories are inputted into the framework 
shown in Fig. 16. The evaluation results are shown in Table 
2 and Fig. 18. Compared with the other two methods, this 
method has higher accuracy and less time cost shown in 
Table 3. As shown in Fig. 18(2), the proposed method has a 
good effect in six different conditions, but the extreme point 
matching method has a large error in the measurement 
accuracy. 

As shown in Fig. 16(f) and Table 2 (condition 6), there 
is a large width area in this crack, the centerline method 
directly defines the widest part of the centerline-width as 
the crack width, which has some errors with the manual 
measurement. However, the proposed method considers the 
distribution of crack curvature, thus the distribution of crack 
width is considered, it is consistent with the actual manual 
measurement result. 

On the other hand, although the centerline method also 
has high accuracy, it cannot directly display the position of 
the measurement point. The centerline algorithm adopts 
iterative method to obtain robust centerline, and its time 
cost is as high as 6.56 s, so it is not suitable for a built-in 
method of instrument. Therefore, the proposed method has 
high accuracy and fast calculation speed, which can be used 
in crack width measuring instrument. 

 

 
 

5. Conclusions 
 
In this paper, we have proposed a fast and simplified 

quantification crack width method via deep Q learning. The 
following findings and conclusions are offered: 

 
• Based on the statistics of concrete crack data set, a 

geometric simplified model for crack width 
calculation is proposed. The crack width 
measurement process is regarded as the geometric 
simplification of the crack edge, which not only 
meets the accuracy requirements of practical 
engineering measurement, but also greatly reduces 
the time cost. 

• Aiming at the complexity and diversity of concrete 
crack images, the crack image classification method 
based on deep Q learning is proposed. Based on the 
geometric information statistical results of crack 
edge, the cracks are divided into 6 categories. 
Compared with center-line method and extreme 
point method network, the proposed method has 
higher extraction and less time cost in crack width 
calculation. The usefulness of this method is 
demonstrated in a case study compared with existing 
methods, which can achieve about 90% accuracy in 
crack width measurement. The time cost of the 
proposed method is about 1.76 s per one 800 × 600 
pixels image. 
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