
 

A New Approach for the Detection of 

Concrete Cracks Based on Adaptive 

Morphological Filtering 

Huan Hou and Weiguo Lin1 

College of Information Science and Technology, Beijing University of Chemical 
Technology, Beijing 100029, China 

Abstract. Cracks are an important sign of distress of concrete bridges and may 

reduce their service life and safety. For the case where there are stains, peeling, 

scratches, and uneven illumination on the surface of concrete bridges, and where it 

is difficult to accurately detect complete cracks, this paper proposes a new method 

to connect the breaks in cracks by adaptive morphological dilation based on crack 

direction. Most of the existing crack image detection methods attempt to achieve 

high detection accuracy by increasing the algorithm complexity but sacrifice real-

time detection efficiency. A multiple filtering method based on a few adaptive 

feature thresholds is proposed to filter non-cracks and obtain a clear crack image 

by analyzing the morphological characteristic differences between real cracks and 

noise and pseudo-cracks  The experimental results show that the proposed method 

can effectively improve the integrity of cracks, remove different noise and pseudo-

cracks, without modeling, and has a higher detection accuracy and speed, which is 

suitable for practical engineering applications. 
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1.  Introduction 

Bridges play an important role in transportation. Most modern bridges are constructed 

from reinforced concrete, which can be damaged by natural disasters, environmental 

temperature, aging of building materials, overload, and other factors. This reduces 

bridge lifespan, safety, and transport efficiency [1]. Cracks are a common defect in 

bridges, which belong to the first stage of bridge hazards. They not only affect the 

normal use of bridges, but also induce other damage [2]. Therefore, crack detection and 

evaluation of the surface of bridge structures play an important role in the maintenance 

of the structural health and reliability of concrete bridges [3]. Traditional manual crack 

detection methods are time-consuming, laborious, dangerous, and subjective, and 

cannot meet the requirements of high efficiency, automatic detection, and convenient 

accessibility [4]. 
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The development of high-speed camera technology and large storage hardware 

makes it straightforward to collect road images in real time. Therefore, image-based 

technology provides an efficient and economical way to detect cracks. Combined with 

unmanned aerial vehicles (UAVs) and portable equipment, this area has attracted more 

and more attention from academic research and industry [5]. Image-based crack 

detection processing mainly includes image noise reduction, crack extraction, and crack 

recognition. Su and Yang [6] proposed a morphological segmentation algorithm based 

on edge detection to realize the automatic detection of cracks on concrete surfaces. In 

order to make use of the local structural features of cracks, Shi et al. [7] proposed the 

CrackForest method to detect road cracks automatically based on random structured 

forests, which can effectively suppress noise. However, this method requires manual 

threshold selection to segment the image. Zhao et al. [8] regarded each crack gray 

image as a parametric surface, and cluster the candidate points by geometric 

representation and anisotropy of cracks to detect inconspicuous cracks. Jahanshahi et al. 

[9] proposed a non-contact remote sensing crack detection and quantization method 

based on 3D scene reconstruction, image processing, and pattern recognition. This 

method uses depth perception to detect cracks and quantify their width, which has high 

reliability, but the 3D image requires more computation and cannot achieve real-time 

performance.  

In order to improve crack detection performance, Lee et al. [10] combine 

morphology with a neural network to detect, measure, and analyze the width, length, 

direction, and pattern of cracks. Jang et al. [11] proposed a concrete crack detection 

approach based on deep learning (DL). This method uses hybrid images, which 

combine visual and infrared thermal imaging images, and improves the convolutional 

neural network (CNN) structure, which can automatically detect macro and micro 

cracks while minimizing the false alarm rate. Nhung et al. [12] applied a CNN to detect 

cracks in pavement images, achieving high accuracy without image preprocessing. 

Although the CNN-based method has high detection accuracy, it requires a large 

number of labeled images including actual crack and non-crack images to support the 

training process. It also requires a large amount of computation and high-performance 

hardware, taking a long time to run. 

Due to the complex geographical and natural environment and concrete surface 

roughness, the collected concrete images have problems such as spalling, stains, 

scratches, and uneven illumination, which affect the detection accuracy. Most crack 

detection algorithms cannot address these problems simultaneously. Compared with 

ordinary images, infrared image detection greatly reduces the impact of these problems. 

Any object produces thermal radiation. The intensity of the infrared radiation of the 

object is not only related to the material type, morphological characteristics, and 

chemical and physical structure (such as surface oxidation, roughness, etc.), but is also 

related to the temperature. In the application of concrete crack detection, by analyzing 

infrared thermal imaging and comparing the difference of the infrared radiation 

distribution between the crack area and the surrounding concrete surface, the 

morphology and location of cracks are determined to achieve the detection of crack 

defects [13]. Tashan et al. [14] used an active infrared thermal imaging detection 

method to investigate carbon fiber reinforced polymer concrete samples containing 

various artificial and loading cracks on the concrete surface. It can detect the location 

and width of cracks well, but it is affected by the heating angle and position. Jang et al. 

[15] proposed a line laser thermography scanning system for multiple crack evaluation 

on a concrete structure, and infrared images are used to successfully visualize and 
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evaluate multiple cracks. However, the detection speed is slow, and the system is only 

designed for use with large laboratory equipment. 

In this paper, infrared images are used to detect concrete cracks. Generally, crack 

detection methods based on image processing often have the problem of crack breaks 

after threshold segmentation, resulting in low detection accuracy and incomplete cracks 

detected. This paper proposes a new method of morphological dilation based on the 

direction of cracks to connect the breaks and improve the integrity of the crack. Most 

existing crack image detection methods try to achieve higher detection accuracy by 

increasing the algorithm complexity, but at the same time sacrifice the real-time 

detection efficiency. Taking into account the difference in the morphological 

characteristics of the connected domain between cracks and noise, a multi-filtering 

method based on adaptive feature thresholds is proposed to remove non-cracks and 

detect more complete cracks. The method does not need to establish a crack diagnosis 

model, and has a high detection accuracy rate, which not only improves the 

applicability of the method, but also ensures real-time performance. 

2. Infrared image crack detection method 

In the process of the automatic detection of cracks in concrete bridge images, the 

collected infrared images have large noise interference due to light, equipment noise, 

and other reasons. Therefore, it is necessary to preprocess the image first to improve 

the quality, and then perform image background removal and threshold segmentation. 

After this, the binary image is subjected to morphological dilation based on the crack 

direction to improve the integrity of the crack, and finally, adaptive morphological 

filtering is performed to obtain the detection result. The flow chart of the crack 

detection method proposed in this paper is shown in Figure 1. 
 

 
Figure 1. Flow chart of the crack detection processes. 

2.1. Connected domain feature distribution for crack infrared images 

After threshold segmentation, binary images can be obtained. The image domain 

composed of target pixels with the same pixel value and adjacent positions is called the 

connected domain. Pixels of the same crack target usually have connectivity. In this 

paper, by analyzing the differences in the morphological characteristics of the 

connected domains between cracks, noise, and pseudo-cracks, several connected 

domain features are proposed, and then the distribution characteristics of the features 

are analyzed. The features of the crack connected domain used in this paper mainly 
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include: (1) The area of the connected domain A; (2) Convexity feature CV; (3) 

Compactness feature COM; (4) The max distance L in the connected domain [16-19].   

Figure 2 shows the binary images with and without cracks after background 

subtraction and adaptive threshold segmentation [19]. The distributions of the four 

kinds of features mentioned above are shown in Figure 3(a). It can be seen that the two 

curves for crack and non-crack images are significantly different because of the 

influence of the crack features, in which the positions of the crack features are marked 

with small circles. For the image with cracks, the kernel smoothing density estimation 

(ksdensity) curves for the four features were obtained and then their normal 

distribution  curves are obtained, as shown in Figure 3(b). It can be 

seen that for the infrared image with cracks, most of the connected domains are still 

noise and pseudo-cracks, with only one or a few real cracks. Therefore, the above four 

features of noise and pseudo-cracks which account for the majority are basically within 

the range ( ) of the normal distribution , while the 

features of real cracks (marked by dots) are distributed outside this range.  
 

 
(a) Non-crack image. 

 
(b) Crack image. 

Figure 2.  Images after background removal and segmentation. 
 
 

  

 

(a) Comparison of images with and without cracks.  
 

 
(b) Distribution of crack image features. 

Figure 3. Distribution and comparison of connected domain features in infrared images. 
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 Through the statistical analysis of the experimental results, the parameters a and b 

that fit the normal distribution can be obtained. Several infrared images with cracks are 

randomly selected as samples, and experimental statistical analysis is conducted for the 

four features to obtain the parameters a and b that minimize the mean squared error 

(MSE) of the fitting normal distribution  According to the results, 

the normal distribution  and the feature value distributions of the four 

connected domain features in the image are as follows:  
(1) , TA > +σ1/2. 

(2) F( , TCV < µ2 2σ2. 

(3) , TCOM <0.6µ3 σ3. 

(4) , TL>µ4+σ4/2. 

Here, TA, TCV, TCOM, and TL can be used as the four adaptive crack feature 

thresholds which are the basis for selecting the target connected domains that conform 

to crack characteristics in the image. According to these adaptive thresholds, multi-

stage filtering can be performed on noise and pseudo-cracks. 

2.2. Adaptive dilation based on crack direction 

After threshold segmentation, multiple breaks often appear in the image, resulting in 

incomplete cracks. In the basic operations of morphology, dilation will fill the edge 

breaks or holes, but usually the dilation operation will connect the target crack with 

surrounding noise, destroying the real shape of the crack. In this paper, an adaptive 

dilation method based on the crack direction is proposed, which can enhance the 

completeness of cracks and ensure that the shape of cracks is unchanged to a certain 

extent. The method first constructs structural elements that can adapt to the direction of 

the crack connected domain, which determines the direction of the subsequent dilation 

operation  Second, only the connected domains conforming to crack characteristics is 

processed by morphological dilation, while the noise domains are not, which protects 

the edge of the cracks and also reduces the amount of operations. 

(1). For the image after threshold segmentation, the adjacent target connected 

domains with larger areas and less compactness are selected, which are more 

consistent with crack characteristics. An initial horizontal structural element S0 is 

constructed with a length of 12 pixels, as shown in Figure 4(a). (n represents the n-th 

target connected domain.) 

(2). The angle of domain ,which is the angle between the major axis of the 

same standard second order center distance ellipse and the positive x-axis. S0 rotates at 

the angle of  to construct the adaptive structural element , so is in the same 

direction as . Figure 4(b) shows examples of a structural element rotated at different 

angles. 
 

                
            (a) Initial element.             (b) Examples of adaptive structural element . 

Figure 4. Construction of adaptive structural elements with angles of . 
 

(3). The structural element  is used for adaptive morphological dilation with the 

domain ; the result is fused with the original image B0 to obtain whole image Bn. 
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(4). Steps 2 and 3 are repeated until the adaptive dilation of all target domains is 

completed; the final image  is obtained, as shown in Eq. (1). 

 (1)

This method extends each target domain towards both ends, and thus connects the 

two adjacent crack fragments. The red circle mark on Figure 5(a) is one of the crack 

breaks after threshold segmentation, and Figure 5(d) is the crack fragment in the circle. 
 

 
(a) Image after segmentation. 

 
(b) Result of ordinary dilation. 

 
(c) Result of the proposed method. 

 
(d) Crack fragment in (a). 

 
(e) Adaptive structure element. 

 
(f) Fragment after adaptive dilation. 

Figure 5. Result of adaptive dilation based on crack direction:(a)-(c), (d)-(f). 

Figure 5(e) shows the structural element that is adaptively constructed according to 

the angle of the fragment θ. When Figure 5(d) is dilated with this structural element, 
the obtained image is dilated along the direction of θ and does not expand in other 
directions, as shown in Figure 5(f). Therefore, the dilated crack fragments can be 

connected to adjacent crack parts, making the crack more complete. Figure 5(b) is the 

result of common morphological dilation. It can be seen that the morphological 

operations are performed on each noise and crack fragment; however, there are still 

multiple crack breaks in the red circle mark. As shown in Figure 5(c), after the 

application of the method of adaptive dilation based on crack direction given in this 

paper, crack breaks are completely connected, and only the domains which conform to 

the crack characteristics have been dilated. 

2.3. Multiple filtering based on adaptive feature thresholds 

After dilation, the cracks are relatively complete, but it is necessary to further remove 

non-cracks by filtering. Filtering by using a feature threshold alone is not ideal. A 

multiple filtering method based on adaptive feature thresholds is proposed. According 

to the analysis of the results of the feature distributions in Section 2.1, four adaptive 

feature thresholds, namely TA, TCV, TCOM, and TL, can be used for filtering, one after 

another. The process is as follows: 

(1). Filtering based on the connected domain area. The image after adaptive 

dilation is denoted as , then the connected domain can be extracted, the 

area of each domain is , and the total number is .  is filtered based on the 

area adaptive threshold TA.  is obtained, as shown in Eq. (2). 

    (2)

H. Hou and W. Lin / A New Approach for the Detection of Concrete Cracks 695



(2). Filtering based on connected domain convexity. Extract all connected domains  

 from ; the convexity of each domain is  and the total number is . 

The adaptive threshold TCV is used to filter .  is obtained, as in Eq. (3). 

  (3)

(3). Filtering based on connected domain compactness. Extract connected domains 

from ;the compactness of each domain is and the total is 

.Use the adaptive threshold TCOM to filter . is obtained, as in Eq. (4). 

(4)

(4). Filtering based on connected domain max-distance. Extract connected domains 

from ;the maximum distance of each domain is  and the total number 

is . Use the adaptive threshold TL to filter .  is obtained, as in Eq. (5). 

(5)

The result of the four-stage adaptive morphological filtering is the final crack 

detection result, as shown in Figure 6. It can be seen that without modeling, the 

multiple filtering method in this paper can effectively filter out almost all noise and 

pseudo-cracks, and the cracks in the obtained image are complete and clear. Figure 7 

shows the filtering result for an image with cracks without adaptive dilation based on 

the crack direction. It can be seen that the crack breaks are serious. Therefore, 

comparing Figure 6 and Figure 7, we can see that the adaptive dilation method 

proposed in this paper can effectively fill crack breaks and improve the crack integrity, 

and to a certain extent provide a guarantee for the accuracy of the multi-level filtering 

based on adaptive thresholds. 

 
(a) After adaptive dilation. 

 
(d) Filtered by TA. 

 
(d) Filtered by TCV. 

 
(d) Filtered by TCOM & TL. 

Figure 6. Result of multiple adaptive feature threshold filtering:(a)-(d). 
 

 
(a) Image without adaptive dilation. 

 
(b) Filtering result. 

Figure 7. Result of multiple filtering based on adaptive feature thresholds without adaptive dilation:(a)-(b). 
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(a) Original infrared image. (b) SVDD method. (c) The proposed method. 

Figure 8. Original infrared image and detection result. 

The test results of this method and Support Vector Data Description (SVDD) [19] 

are compared in Figure 8. The crack image detected by SVDD usually has breaks, and 

there are still some noise and pseudo-cracks in the image, which need to be identified 

one by one to distinguish them from a real crack. Based on the proposed method, when 

there is no crack in the original image, the method can accurately detect no crack in the 

image. In the case of uneven illumination, the method can still accurately detect clear 

and complete crack images. A disturbing object on the concrete surface will also be 

filtered out, leaving only the crack image.  

3. Validity of the method 

Some quantitative indicators are used to evaluate the performance of the detection 

methods and the results of this paper [20]. For the crack image detection results, TP 

(true positives) is the number of crack images detected correctly, TN (true negatives) is 

the number of non-crack images detected correctly, FP (false positives) is the number 

of non-crack images detected as crack images, and FN (false negatives) is the number 

of crack images detected as non-crack images. 

The test sample images were taken from laboratory concrete samples and bridge 

surfaces using the TC388 uncooled focal plane infrared sensor module with maximum 

supported resolution of 640×480 pixels, including 123 crack images and 43 non-crack 

images, with a ratio of 3:1. For the image processing and filtering method proposed in 

this paper, as shown in Figure 1, the results are shown in Table 1. For further 

comparative verification, we selected 43 infrared images with cracks and 43 images 

without cracks, and compared the results with those of the algorithm CrackIT [21-22] 

and SVDD [19] in recent years, as shown in Table 2.  

Table 1. Detection performance 

TP TN FP FN Accuracy Precision Recall FPR 
121 40 3 2 96.99% 97.58% 98.37% 6.98% 
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Crack IT method SVDD method The proposed method  
70.34% 92.49% 95.35%  

 

Table 1 and Table 2 show that the proposed crack detection algorithm can not only 

filter out most of the interference and pseudo-cracks, but also has higher detection 

accuracy. In actual images, the detection accuracy of the CrackIT algorithm is not ideal 

due to uneven illumination, etc. In this paper, by using the difference of morphological 

characteristics between real cracks and noise and pseudo-cracks, the proposed adaptive 

morphological dilation and multiple filtering based on adaptive feature thresholds 

method can obtain and detect real cracks effectively, with a high detection accuracy of 

95.35%. This method has a fast processing speed and a detection time of 0.35s, which 

meets the requirements of real-time detection of concrete bridge cracks and is suitable 

for practical engineering applications. 

4. Conclusion 

This paper proposed a real-time crack detection method for bridge concrete based on 

infrared images. Generally, crack detection methods based on image processing often 

have the problem of crack breaks after threshold segmentation, resulting in low 

detection accuracy or incomplete cracks detected. To address this problem, an adaptive 

morphological dilation method based on crack direction is proposed in this paper, 

which can not only enhance the completeness of crack images, but also protect the 

crack edges to a certain extent. Most of the existing crack image detection methods 

attempt to achieve high detection accuracy by increasing the algorithm complexity, 

which is not suitable for application scenarios that require real-time detection. This 

paper proposed a detection method using multiple filtering based on adaptive feature 

thresholds, which can filter out almost all noise and pseudo-cracks, and finally detect 

complete real cracks without modeling. It is simple and reliable, with a detection 

accuracy that can reach 95.35%. It has a fast processing speed and takes 0.35 seconds 

for detection, which meets the requirements of real-time processing and is suitable for 

practical engineering applications. 
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