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After preprocessing of images, a multiple directional non-minimum suppression (MDNMS) method is applied for crack

detection. A linear SVM classifier is used to differentiate between various pavements across Spain to determine optimal

parameters for crack detection. The performance of the crack detection method is improved by adapting parameters

specific to the pavement.
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1. Introduction

Annually, millions of dollars are spent to acquire various tools and assets to carry out defect detection from key

infrastructure which includes roads, bridges, buildings, and water bodies . Civil structures such as roads, bridges,

buildings, and pavements are often exposed to extreme physical stress which may be caused by natural disasters like

earthquakes, catastrophic incidents like blasts or daily usage. Such incidents can either cause a complete collapse of the

structure or may lead to physical damage that is often represented in the form of cracks. Usually, cracks emerge at a

microscopic level on the surface of the infrastructure component . These cracks make the component weak, reduce its

loading capacity and lead to discontinuities on the surface . If such cracks are detected at an early stage, further

damage can be reduced . Undetected cracks can however spread through the surface and may lead to the complete

collapse of the structure, resulting in fatalities, injuries, and financial loss. Manual methods of crack detection involve

experts who examine the component visually and the use of specific tools to identify any deficiency in the component .

However, this method is tedious, labour extensive and prone to human error. Automatic crack detection deals with using

technologies to identify cracks from infrastructures. The level of degradation can be determined by analyzing the length,

width, depth and severity of a crack. These measures can be used to make decisions regarding the classification of the

crack, durability of the structure and its usage . Using the traditional inspection procedures which involve manual

inspection, it is very time-consuming to determine the crack measures which make it difficult to make inference regarding

the level of degradation. Hence, for a quick, effective, and reliable damage assessment, the crack detection process must

be automated to replace the manual defect inspection methods. Some testing methods like laser, infrared, thermal,

radiographic, and thermal testing approaches have been used in the past to automate the process of crack detection 

. However, more recently, there has been an increasing trend of using image-based methods for detecting cracks.

These methods involve capturing images of the target component and analyzing them programmatically to find and

classify cracks. Such methods are fast, less expensive, and robust. The methods can be categorized into two types

namely as image processing and machine learning. The image processing methods do not require a model training

process and involve the use of filters, morphological analysis, statistical methods, and percolation techniques for the

detection of crack . On the other hand, the machine learning process involves the collection of a dataset of images,

which are supplied to the selected machine learning model for training. Such methods may involve image processing

steps for preprocessing and noise removal, but the crack detection task is done by the trained machine learning model

.

Figure 1 shows the basic architecture of an image processing-based method for crack detection. First using a camera or

any other imaging mechanism, high-resolution images of the target component are collected. The images are then

preprocessed which involves using filters, segmentation and other approaches to remove noise and shadows from the

image. The image may be converted to grayscale or binary form if required by the specific crack detection method being

used. The resultant image is applied to the crack detection procedure which uses image processing techniques like edge

detection, segmentation, or pixel analysis to highlight or segment the cracked part in the image . Parameter estimation

involves calculating the specific properties of the detected crack such as its length, width, depth and density. Such

measures help in making decisions regarding the severity of a crack.
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Figure 1. Image Processing Methods for Crack Detection.

The basic steps to build a machine learning model for crack detection are depicted in Figure 2 . In the first step, a dataset

must be collected showing surface cracks, which are to be detected using the machine learning model. Previously, a

study led by Lin et al. used 30,000 low-resolution images for training . The images are preprocessed using image

processing techniques to reduce noise, remove shadows and adjust other properties such as size and brightness of

images. The cracks in these images then undergo pixel-wise annotation or labelling, where the defected pixels are

annotated in the image. This step can be performed manually or using a labelling tool. One such example of labelling is to

set crack pixels as white or “1” in the image while the remaining pixels will be set as black or “0”. After this step, a machine

learning model needs to be selected, which is to be used for crack detection. In past studies various machine learning

models such as support vector machines (SVM), CNN, and decision trees have been used for crack detection . A

cost/loss optimization function is then formulated to minimize the loss or cost of training the model. A weighted cross-

entropy loss function can be used for this purpose . The designed model will then be trained using the set of

annotated images collected in the dataset. After training the model, a new set of images will be applied to the model to

see if the model successfully classifies the cracked regions in the image.

Figure 2. Machine Learning Methods for Crack Detection.

In this paper, we present a review of the image processing and machine learning-based methods for crack detection

which have been proposed over the last decade. For this purpose, 30 research articles from journals and top tier

conferences were retrieved and the respective crack detection methods were analyzed concerning the crack detection

technique proposed, its features, performance, dataset details and the specific component to which the method is

applicable. The results of each method are documented along with the corresponding limitations. A comparative analysis

of these methods is conducted to highlight the most promising methods for automatic crack detection. The paper is

organized as follows: Section 2 presents the methodology followed to collect data for the study. The article retrieval and

screening process are explained in detail in this section. Section 3 presents the result of the study, discussing the crack

detection techniques proposed in the articles and highlighting the strengths and limitations of each method. Section 4

discusses the results, analyzing the features of the methods and presenting a general picture of the current advancement

in this domain. Section 5 summarizes the goals, outcomes, and achievements of this research along with the prospects.

2. Analysis and Current Insights

Different articles were reviewed in the entry focused on crack classification. Table 1 shows the crack types identified by

researchers while categorization of the detected crack. This table illustrates that all the articles proposed some unique

categories to classify cracks. Longitudinal (caused due to late or shallow saw cutting, inadequate base support, and built-

in warping and curling) and transversal cracks (extends along the cross-section of structure, usually perpendicular to its

centerline) have been tackled in two studies  while a new crack type called “sealed crack” was proposed in . The

authors of  classified the cracks based on their dimensions , hence concluded that thousands of types exist for the

cracks detected in their study.

Table 1. Studies focusing on crack classification.

Crack Types Ref.

Longitudinal cracks, transversal cracks or miscellaneous.

Types based on dimensions

Crack, sealed crack

Transverse cracks, longitudinal cracks and alligator cracks.
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Each method reviewed in this study is designed to detect cracks from a specific element or component. In this review, it is

observed that a large majority of papers focused on detecting cracks from pavements ( Figure 3 ). A large portion of

articles focused on civil structures in general. Hence, these methods can detect cracks from any infrastructure element

like roads, bridges, walls and pavements. Crack detection from other materials such as leather, steel and nuclear power

plant components are also considered in three of the studies . However, the rest of the articles only focused on

infrastructure components like subway tunnels, roads, bridges, pavements and walls. Hence, this points towards the need

to focus on developing methods for crack detection which can be applied to other elements as well such as leather, steel,

textiles and other industrial products.

Figure 3. The domain of the Crack Detection Techniques.

3. Gaps and Challenges

Crack detection is a challenging task as cracks have an irregular form with no specific shape or size. Hence, no pre-built

method can be used to recognize a crack or distinguish it from the background texture and noise. In this paper, we

reviewed crack detection methods belonging to two domains, namely image processing and machine learning. By

examining the methodology presented in the articles and the limitations, we can infer that both these domains pose

specific challenges when it comes to accurate crack detection from any component. Crack classification has been rarely

addressed in the articles. The type of the detected crack facilitates the inspection process by giving important indications

regarding the nature of the crack, its cause and its severity. More research needs to be focused on developing methods to

classify the detected crack so that the system can recognize the type of the crack and the maintenance operations can be

focused on dealing with the specific type of crack. Image processing methods have given satisfactory performance on the

custom datasets built by the researchers. However, these methods are dependent on the lighting conditions, resolution of

the images and the level of the noise present in the images . Also, the surfaces of the concrete structures have

varying textures as they are exposed to external disturbances and may not have the same texture even if they are built

from the same material. Hence, they may not give as good results when a new image having a different texture,

brightness, resolution or noise level is given as input. Furthermore, crack detection in transversal direction is not enough

accurate as compared to measurement carried out longitudinally. this difference in directional measurement could be an

issue when establishing a relationship between the width and longitude of the crack. Hence, the practical applicability of

using image processing-based methods is still obscure .

On the other hand, machine learning methods also pose several limitations to the researchers. Increased processing time

has been observed in many methods . Many methods require manual parameter setting of the model which limits the

full automation of the crack detection method . Reliance on GPU is another limitation as some methods do not work as

efficiently without it due to a large number of images in the dataset . To avoid overfitting of the model it becomes

necessary to train the model using a large dataset. These methods require extensive labelling of data images. In practical

scenarios, a limited option for labelling is also available, so the acquisition of labels can be a difficult task . Due to the

difference in surface conditions, a different algorithm may be needed to accurately detect the cracks. In addition, crack

detection is carried out offline so performance in real-time detection is poor. Therefore, there is a need to improve the

performance of algorithms and detection accuracy in real-time. The method selected should be robust as factors such as

climatic conditions may impact crack detection. Limitations in terms of the need for large datasets in order to train neural

network can be overcome by empirically decomposing the fitted networks into ensembles of low-bias sub-networks, thus

making use of small data sets. In addition, deep learning methods can be applied to unsupervised tasks, using a small

dataset that does not require extensive labelling of data, thus reducing time and cost .
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The presence of noise, shadows, blemishes and other disturbances in the images is a problem commonly faced by

researchers in using both image processing and machine learning methods . Hence, more research needs to be

conducted to develop methods that can remove noise and other irregularities from images .
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