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Crack detection in concrete structures is an important issue 

in the maintenance and repair operations of the structures. Detecting 

and distinguishing cracks in concrete can help determine the 

structure's health and prevent the possibility of structural failure. An 

efficient method for separating cracks in concrete is to use wavelet 

transform. This paper proposes a new crack detection technique 

based on a two-dimensional discrete wavelet transform and the 

standard deviation obtained from its detail signals to select an 

optimum wavelet function.  According to our findings, there is a 

significant relation between the statistical index standard deviation 

and the desired detail signal obtained from the two-dimensional 

discrete wavelet transform for selecting the optimum wavelet 

function. Specifically, results show that as the standard deviation of 

the matrix of detail signal increases by a given wavelet function, 

crack detection resolution increases by that wavelet function. 

1. Introduction  

Structural crack detection based on image processing techniques is a suitable operation for 

structural health monitoring (Mohan & Poobal, 2018).  Based on the desired crack detection, 

performing the desired maintenance and preserving operations is possible (Jo & Jadidi, 2020). 

Therefore, timely crack detection plays a determining role in presenting structural failure 

(Heshmati et al., 2022). Also, a proper crack separation algorithm can improve deep learning-

based crack detection methods since it can highlight the main features of cracks.  

So far, many studies have suggested using edge detection and machine learning algorithms 

to detect cracks in various structures. Saadatmorad, Rezaei-Sedehi, et al. (2024) proposed an 

improved edge detection method for detecting damage in historic structures. In this study, a Prewitt 

filter was improved. Fujita et al. (2006) proposed a noise cancellation technique for removing 

noises in concrete images.  This method first eliminated noises such as blemishes, irregularly 

illuminated conditions, divots, and shading as a preprocessing operation; then, it applied the 

Hessian matrix to highlight the crack effects in images. Philip et al. (2023) conducted a 

comparative study for crack identification in concrete walls via a transfer learning approach. An 

automatic was proposed based on Convolutional Neural Networks (CNNs). The architectures 

VGG16, VGG19, Xception, ResNet50, and MobileNet were used in this study. According to their 

results, the architecture VGG16 demonstrated better accuracy and speed compared to the 

architecture VGG16. Then, the selected architecture VGG16 was compared to the architectures 

Xception, ResNet50, and MobileNet. Findings showed that the architecture Xception had the best 

performance for crack classification in concrete walls.  Prasanna et al. (2014) proposed an 

automatic crack identification procedure for concrete bridges. A robot collected input images of 

machine learning classifiers such as random forest and Support Vector Machine (SVM). They 
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named their technique as Spatially Tuned Robust Multifeature (STRUM). Their proposed method 

showed 95% accuracy in classifying cracks on concrete bridges. Crack detection by human naked 

eyes has a series of difficulties and errors such as crack misidentification, data evaluation 

inefficiency, slow detection, and subjectivity. Thus, Yu et al. (2007) suggested a crack inspection 

method using image processing to overcome common human errors for crack detection. They 

tested their methodology on a subway tunnel, a road tunnel, and an indoor structure to measure 

cracks in concrete structures based on a mobile robot system equipped with a Charged Couple 

Device (CCD) camera for acquiring image data. Cho et al. (2018) proposed an edge-based crack 

detection technique containing five steps for transforming, filling, and removing pixels for robust 

crack detection. They named their method the Crack Width Transform (CWT). 

Wavelet transform is a signal processing tool that can be used for crack detection. Surace 

and Ruotolo (1994) studied crack detection in beam structures using the One-Dimensional 

Continuous Wavelet Transform (1D-CWT). The cracked beam’s data was obtained from the finite 

element model. This research demonstrated the efficiency of wavelet transforms for detecting 

abrupt changes in signals. Saadatmorad et al. (2022) studied crack detection in steel beam 

structures using One-Dimensional Discrete Wavelet Transform (1D-DWT) and Pearson 

correlation. They processed the vibrational mode shape signal of steel cracked beams through the 

Pearson correlation filter to feed them in the 1D-DWT. Findings showed the proposed method 

acted better than just using the 1D-DWT. Kobylin and Lyashenko (2014) compared classical 

image edge detection methods such as Prewitt, Robert, Canny, and Sobel with Two-Dimensional 

Continuous Wavelet Transform (2D-CWT). Findings showed that although the classical methods 

were better in terms of computational effort, the 2D-CWT presented a better quality of edge 

detection. Thus, a combined approach can be more helpful. Divakar et al. (2022) studied image 

pattern recognition via edge detection based on the two-dimensional wavelet transform. They 

implied the edges as high-frequency parts of images representing where abrupt change takes place 

in the intensity of luminescence. Edge detection was addressed as an essential step for feature 

extraction or pattern recognition in images. The ability of the two-dimensional wavelet transform 

to separate high-frequency and low-frequency parts of images was addressed in this study.  

In this paper, statistical evaluations are performed on the matrix of detail signals obtained 

from the two-dimensional wavelet transform to determine the statistical index sensitive to the crack 

resolution separated by the discrete two-dimensional wavelet transform. We use different wavelet 

functions and then compare the statistical indices of the detail signal obtained from them to 

discover which statistical index of the detail signal is sensitive to crack detection accuracy. Finally, 

we introduce this index as a criterion for choosing the optimal wavelet function. The benefit of the 

proposed method are: 

• Discovering the best wavelet function for crack detection.  

• Proposing an optimal crack detection methodology of concrete structures. 

2. One-dimensional wavelet transform 

By definition, a wavelet 𝜓(𝑡) is an oscillatory function that satisfies the following conditions: 

∫ 𝜓(𝑡)𝑑𝑡
+∞

−∞

= 0 
        (1) 

∫ |𝜓(𝑡)|2
+∞

−∞

𝑑𝑡 < ∞ 
      (2) 

where the relations (1) and (2) are the zero mean and finite energy conditions, respectively. 

One-dimensional continuous wavelet transform is expressed as follows: 
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𝐶𝑊𝑇𝑎,𝑏 =
1

√𝑎
∫ 𝑓(𝑡)𝜓(

𝑡 − 𝑏

𝑎
)𝑑𝑡

+∞

−∞

 
(3) 

where 𝐶𝑊𝑇𝑎,𝑏 denote the wavelet coefficients obtained from the One-dimensional 

continuous wavelet transform. 𝑓(𝑡) is a function with a continuous time or space variable 𝑡. Also, 𝑎 

is the scaling parameter and 𝑏 is the shifting parameter. 𝜓𝑎,𝑏(𝑡) = 𝜓 (
𝑡−𝑏

𝑎
) shows the scaled and 

shifted family of the wavelet function 𝜓(𝑡). Note that 
1

√𝑎
 is the normalization factor of the wavelet 

transform. It influences the generated wavelet coefficient at each given scale. Thus, as 𝑎 increases, 

the wavelet function 𝜓(𝑡) becomes wider and the wavelet coefficients are multiplied by a smaller 

number. Numerical experiences have proven that the higher scales are unsuitable for detecting abrupt 

local changes in signals. Thus, a selection method for the desired scale is required. For fixing this 

problem, by setting 𝑎 = 2𝑗 and 𝑏 = 𝑎𝑘, discrete family of wavelets are rewritten as follows: 

𝜓𝑗,𝑘(𝑡) = 𝜓(2−𝑗𝑡 − 𝑘)  (4) 

Thus, one-dimensional discrete wavelet transform is expressed as follows: 

𝐷𝑊𝑇𝑗,𝑘 =
1

√2𝑗
∫ 𝑓(𝑡)𝜓(2𝑗𝑡 − 𝑘)𝑑𝑡
+∞

−∞

 
(5) 

where 𝐷𝑊𝑇𝑗,𝑘 denote the wavelet coefficients obtained from the One-dimensional discrete 

wavelet transform. 

The multiresolution analysis is used to decompose the original signal 𝑓(𝑡) into sub-signals 

to implement the discrete wavelet transform. Therefore, a theory about relations between the space 

of square-integrable functions 𝐿2(ℝ) and its closed subspaces 𝑆𝑗  is addressed (Divakar et al., 2022): 

∪ 𝑆𝑗  = 𝐿
2(ℝ), ∀  𝑗𝜖ℤ (6) 

∩ 𝑆𝑗  = {0}, ∀  𝑗𝜖ℤ (7) 

𝑆𝑗+1 ⊂ 𝑆𝑗     , ∀  𝑗𝜖ℤ (8) 

𝑓(𝑡) ∈ 𝑆𝑗 → 𝑓(2𝑡) ∈ 𝑆𝑗+1     , ∀  𝑗𝜖ℤ (9) 

𝜑(𝑡)𝜖𝑆0 → {𝜑(𝑡 − 𝑘)} ⊥ 𝑆0 (10) 

where 𝜑(𝑡) is the scaling function. Inspiring the above relations, the pyramidal 

decomposition can be performed as follows (Saadatmorad, Shahavi, et al., 2024): 

𝑓(𝑡) = 𝐴𝑗(𝑡) + ∑ 𝑑𝑚(𝑡)

𝑗

𝑚=1

 

(11) 

where 𝐴𝑗(𝑡) is an approximation function of the original function 𝑓(𝑡). Also, 𝑑𝑚(𝑡) are 

the detail signal(s) of the original function 𝑓(𝑡).  

We obtain these signals using the following relations: 
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𝑑𝑚(𝑡) = ∑ 𝐶𝑑𝑒𝑡𝑎𝑖𝑙(𝑚, 𝑛)𝜓(𝑡)𝑚,𝑛

∞

𝑛=−∞

 (12) 

𝐴𝑗(𝑡) = ∑ 𝐶𝑎𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑖𝑜𝑛(𝑗, 𝑛)𝜑𝑗,𝑛

+∞

𝑛=−∞

(𝑡) (13) 

where 𝐶𝑑𝑒𝑡𝑎𝑖𝑙  and 𝐶𝑎𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑖𝑜𝑛 are the detail and approximation coefficients. 

3. Formulation 

This section deals with our methodology. First, we expand the 1D-DWT to 1D-DWT by 

the following tensor products: 

𝜙(𝑡1, 𝑡2) = 𝜙(𝑡1)𝜙(𝑡2) (14) 

𝜓𝐷(𝑡1, 𝑡2) =  𝜓(𝑡1) 𝜓(𝑡2) (15) 

where 𝜙(𝑡1, 𝑡2) is two-dimensional scaling function and 𝜓𝐷(𝑡1, 𝑡2) is two-dimensional 

diagonal wavelet function. These functions can act as the filter to process the two-dimensional 

signals or images. Thus, the two-dimensional signal 𝑓(𝑡1, 𝑡2) is divided into four sub-images. 

These four images are respectively Aϕj,m,n(𝑡1, 𝑡2)as approximate image,DHj,m,n(𝑡1, 𝑡2) as 

horizontal detail image, DVj,m,n(𝑡1, 𝑡2) as vertical detail image, and DDj,m,n(𝑡1, 𝑡2) as diagonal 

detail image. Assuming the size of 𝑓(𝑡1, 𝑡2) is n × m, the following relations are related to the 

two-dimensional discrete wavelet transform: 

𝐴𝜙𝑗,𝑚,𝑛(𝑡1, 𝑡2)

=
1

√𝑚𝑛
∑ ∑𝑓(𝑡1, 𝑡2)2

−𝑗
2 𝜙(2−𝑗𝑡1 −𝑚, 2

−𝑗𝑡2 − 𝑛)

𝑛−1

𝑞=0

𝑚−1

𝑖=0

 
(16) 

𝐷𝐻𝑗,𝑚,𝑛(𝑡1, 𝑡2)

=
1

√𝑚𝑛
∑ ∑𝑓(𝑡1, 𝑡2)2

−𝑗
2 𝜓(2−𝑗𝑡1 −𝑚, 2

−𝑗𝑡2 − 𝑛)

𝑛−1

𝑞=0

𝑚−1

𝑖=0

 
(17) 

𝐷𝑉𝑗,𝑚,𝑛(𝑡1, 𝑡2)

=
1

√𝑚𝑛
∑ ∑𝑓(𝑡1, 𝑡2)2

−𝑗
2 𝜓(2−𝑗𝑡1 −𝑚, 2

−𝑗𝑡2 − 𝑛)

𝑛−1

𝑞=0

𝑚−1

𝑖=0

 
(18) 

𝐷𝐷𝑗,𝑚,𝑛(𝑡1, 𝑡2)

=
1

√𝑚𝑛
∑ ∑𝑓(𝑡1, 𝑡2)2

−𝑗
2 𝜓(2−𝑗𝑡1 −𝑚, 2

−𝑗𝑡2 − 𝑛)

𝑛−1

𝑞=0

𝑚−1

𝑖=0

 
(19) 

Consider a detail matrix Dm×n as follows: 
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Dm×n =

[
 
 
 
 
 
 

𝑑1 1 d1 2 d1 3   
d2 1 d2 2 d2 3   
d3 1 d3 2 d3 3   

⋯

 d1n−2      d1 n−1     d1 n
 d2 n−2      d2 n−1     d2 n
 d3 n−2      d3  n−1     d3 n

⋮ ⋱ ⋮
 dm−2  1     dm−2 2     dm−2 3    
 dm−1  1     dm−1 2     dm−1 3    
 dm 1     dm 2     dm 3    

⋯

 dm−2 n−2      dm−2 n−1      dm−2 n     
 dm−1 n−2      dm−1 n−1      dm−1 n     
 dm n−2      dm n−1      dmn     ]

 
 
 
 
 
 

 

(20) 

We compute the standard deviation of the detail signal. Because the detail signals are two-

dimensional, we have to compute the standard deviation of the matrix. For this, we compute the 

standard deviation of each column of detail signal at first as follows: 

𝐶 =

{
 
 
 

 
 
 
𝐶1
𝐶2
𝐶3..
.

𝐶𝑛−2
𝐶𝑛−1
𝐶𝑛 }

 
 
 

 
 
 

=

{
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

√
1

𝑚 − 1
∑| di 1    −

1

𝑚 − 1
∑ di 1    

𝑚

𝑖=1

|

2𝑚

𝑖=1

√
1

𝑚 − 1
∑| di 2    −

1

𝑚 − 1
∑ di 2    

𝑚

𝑖=1

|

2𝑚

𝑖=1

√
1

𝑚 − 1
∑| di 3    −

1

𝑚 − 1
∑ di 3    

𝑚

𝑖=1

|

2𝑚

𝑖=1

...

√
1

𝑚 − 1
∑| di 𝑛−2    −

1

𝑚 − 1
∑ di n−2    

𝑚

𝑖=1

|

2𝑚

𝑖=1

√
1

𝑚 − 1
∑| di n−1    −

1

𝑚 − 1
∑ di n−1    

𝑚

𝑖=1

|

2𝑚

𝑖=1

√
1

𝑚 − 1
∑| di n    −

1

𝑚 − 1
∑ di n    

𝑚

𝑖=1

|

2𝑚

𝑖=1 }
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 (21) 

Finally, the standard deviation of the detail matrix is computed as follows: 

𝑆𝑇𝐷𝐷 = √
1

𝑛 − 1
∑| Ci −

1

𝑛 − 1
∑ Ci 

𝑛

𝑖=1

|

2𝑛

𝑖=1

 (22) 

We select the detail signal with a wavelet function that provides the maximum standard 

deviation for crack detection objectives. 

4. Results 

As mentioned, the proposed methodology decomposes the image of the concrete structure 

into an approximation image and three detail images in the vertical, horizontal, and diagonal 

directions. With this method, it is possible to track cracks in the concrete structure in different 

directions. To check the performance of the proposed methodology, four damage scenarios 

corresponding to four structure samples containing cracks with different patterns are examined. 
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Figure 1 

The Original Image and Its Corresponding Detail Signals for the Scenario 1 

  

Horizontal detail: DH Original image 

  

Diagonal detail: DD Vertical  detail: DV 

Source. Original image from https://daviespropertysolutions.com  

Figure 1 shows the first structure under investigation as the first damage scenario with the 

three details signals. As seen, the horizontal edges in the structure are well separated and identified. 

The vertical cracks in the structure are visible. According to Figure 1, the detail signals give a better 

view for separating cracks in different directions than the original image. There are three vertical 

cracks in the original images that are detected with high accuracy in Figure 1. In this scenario, the 

Haar wavelet function was used to process the original image. According to the results, crack 

separation by observing the details of the discrete wavelet transform is much easier than observing 

the original image. Thus, the best detail signal for scenario 1 is the vertical signal, and we can 

investigate the optimal wavelet selection process on this detail signal. To evaluate the second 

scenario, Figure 2 shows the vertical, horizontal, and diagonal details corresponding to a concrete 

bridge structure. The vertical detail identifies the vertical crack in the concrete bridge structure. 

According to the other detail signals, there are no horizontal and diagonal cracks. Therefore, the 

vertical detail of the two-dimensional discrete wavelet transform is used for crack identification, and 

the horizontal and diagonal directions guarantee the absence of horizontal and diagonal cracks in the 

concrete structure, respectively . Thus, the best detail signal for scenario 2 is the vertical signal, and 

we can investigate the optimal wavelet selection process on this detail signal. 

 

 

 

https://daviespropertysolutions.com/
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Figure 2 

The Original Image and Its Corresponding Detail Signals for the Scenario 2 

  

Horizontal detail: DH Original image 

  

Diagonal detail: DD Vertical  detail: DV 

Source. Original image from https://www.picketplacebridge.com  

To evaluate the effectiveness of the proposed method, in this section, statistical research is 

presented to select the best wavelet function and the effect of choosing the optimal wavelet 

function on the accuracy of crack detection results. The desired index for the optimality of the 

wavelet function is the standard deviation of the images of the detail signals. It is important to note 

that increasing the standard deviation of an image matrix means that the values within the matrix 

become wider or more variable. In other words, as the standard deviation increases, the data points 

in the image matrix deviate more from the mean . For example, if the image matrix has a lower 

standard deviation, the values are clustered closer to the mean. On the other hand, a matrix with a 

higher standard deviation indicates that the values are wider and farther from the mean. In practical 

terms, an increase in the standard deviation of a matrix can indicate greater variability or dispersion 

in the data, which may have implications for statistical analysis, quality control, or other 

applications where understanding data variability is important. Figure 3 indicates the results of the 

two-dimensional wavelet transform corresponding to six different wavelet functions (i.e., Haar, 

Db3, Sym4, Coif3, Bior 3.9, and Dmey) for the first damage scenario. We use different wavelet 

families with different vanishing moments to capture both the effect of the wavelet family and the 

vanishing moments of the wavelet functions . 

 

 

 

https://www.picketplacebridge.com/
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Figure 3 

The Results of the Two-Dimensional Wavelet Transform for the First Scenario 

  

Db3 Haar 

  

Coif3 Sym4 

  

Dmey Bior 3.9 

Source. Original image from https://daviespropertysolutions.com  

Figure 4 shows the statistical results corresponding to the visual results presented in Figure 

3. By observing the resolution of the crack areas in the images provided by the wavelet transform, 

comparing the results presented in Figures 3 and 4 shows that as the standard deviation of detail 

signals increases, the ability of edge detection and crack detection increases. The best crack 

detection in Figure 3 is related to the wavelet function Haar. At the same time, the highest value 

of the standard deviation in Figure 4 is related to the wavelet function Haar, as well. 

 

 

https://daviespropertysolutions.com/
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Figure 4 

Statistical Results Corresponding to the Results Presented in Figure 3 

Haar 

 

Db3 

 

Sym4 

 

Coif 3 

 

Bior 3.9 

 

Dmey 

 

  Source. Data analysis result of the research 

Likewise, the wavelet functions that produce the detail signals with higher standard 

deviations detect cracks with higher accuracy. 

Figure 5 denotes indicates the results of the two-dimensional wavelet transform 

corresponding to six different wavelet functions (i.e., Haar, Db3, Sym4, Coif3, Bior 3.9, and 

Dmey) for the first damage scenario. Again, we use different wavelet families with different 

vanishing moments to have the effects of the wavelet family and the vanishing moments of the 
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wavelet functions. 

Figure 5 

The Results of the Two-Dimensional Wavelet Transform for the Second Scenario 

  

Db3 Haar 

  

Coif3 Sym4 

  

Dmey Bior 3.9 

Source. Original image from https://www.picketplacebridge.com  

Figure 6 present the statistical results of the visual results presented in Figure 5. Comparing 

the results presented in Figures 5 and 6 shows that as the standard deviation of detail signals 

increases, the ability of edge detection and crack detection increases. The best crack detection in 

Figure 5 is related to the wavelet function Haar. At the same time, the highest value of the standard 

deviation in Figure 6 is related to the wavelet function Haar, as well. Again, it is obvious that the 

wavelet functions that generate the detail signals with higher standard deviations can detect cracks 

with higher accuracy. 

https://www.picketplacebridge.com/
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Figure 6 

Statistical Results Corresponding to the Results Presented in Figure 5 

Haar 

 

Db3 

 

Sym4 

 

Coif 3 

 

Bior 3.9 

 

Dmey 

 

  Source. Data analysis result of the research 
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Figure 7 

The Results of the Two-Dimensional Wavelet Transform for the Third Scenario 

  

Haar Original image 

  

Sym7 Dmey 

Source. Original image from https://www.designingbuildings.co.uk  

Figure 8 

Statistical Results Corresponding to the Results Presented in Figure 7 

Haar 

 
Dmey 

 
Sym7 

 

https://www.designingbuildings.co.uk/
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  Source. Data analysis result of the research 

Figure 9 

The Results of the Two-Dimensional Wavelet Transform for the Fourth Scenario 

  

Haar Original image 

  

Bior4.4 Rbio5.5 

Source. Original image from https://www.pinterest.com  

  

https://www.pinterest.com/
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Figure 10 

Statistical Results Corresponding to the Results Presented in Figure 9 

Haar 

 

Rbio5.5 

 

Bior4.4 

 

  Source. Data analysis result of the research 

5. Discussion 

Two-dimensional discrete wavelet transform is a qualitative method for feature extraction. 

It only reacts to the magnitude of local contrasts to detect local jumps. Therefore, it is not 

dependent on the dimensions of the structural samples. Also, in the analysis of crack images, it is 

sensitive to local resolution changes and it is obvious that if the lighting conditions are such that 

this contrast is affected. In light conditions such as shadow, these local signal changes are not 

noticeable, and as a result, the edge detection performance by wavelet transform changes. In this 

paper, all important wavelet functions in Matlab software were tested to discover the relation 

between the increase in standard deviation of wavelet coefficients and the increase in accuracy (or 

resolution) of crack detection in concrete structures. A major limitation or drawback of the 

proposed method is to provide an original image without shadow and noise on the cracks and close 

enough to the crack. In this paper, both hairline cracks and structural cracks were investigated in 

horizontal, vertical, and diagonal directions in this research. 

6. Conclusions 

Accurate crack detection of concrete structures can be helpful for repairing and maintaining 

them. In this regard, a new wavelet selection criterion is proposed. The proposed criterion is based 

on the standard deviation of detail signals obtained from the two-dimensional discrete wavelet 

transform. It is found that as the standard deviation of the two-dimensional detail signals obtained 

from a given wavelet function increases, the ability of that wavelet function for accurate crack 

detection increases. According to the results, the Haar wavelet function is the best wavelet function 

for crack detection, especially for vertical cracks considered in this paper. This optimal wavelet 

selection criterion can be useful for improving computer vision-based machine learning algorithms 

for edge detection and crack detection tasks.  
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