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A High Precision Crack Classification System using Multi-layered 

Image Processing and Deep Belief Learning 

Road surfaces experience fatigue stress and loading, which often lead to cracks on 

the surface. The cracks might cause serious damage, and therefore, early detection 

can reduce the road maintenance cost. Traditional inspection methods are carried 

out by humans and are slow, costly and hazardous. To improve accuracy and 

reduce the hazards of current crack detection methods, this paper proposes a new 

autonomous crack detection system (ACDS) that can be used in any autonomous 

vehicles (UAVs). ACDS consists of three stages: image acquisition, image 

processing, and classification. The image processing stage consists of five parallel 

filtering methods, which remove noise and extract features from the images. In the 

classification stage, five deep belief network (DBN) classifiers separately analyse 

the images to detect cracks. The dataset used in this paper contains 15000 RGB 

and infrared images, with or without cracks. The results show the high precision 

of the proposed system. 

Keywords: crack detection; image processing; Hessian filter; Gabor filter; Otsu 

filter; Retinex filter; Median filter; deep belief network; classification; 

1. Introduction 

Traditional human-based inspection methods are slow, costly and often dangerous. Many 

attempts have been made to automate crack detection (Hinton, 2009; Jo, Jadidi, & Stantic, 

2017; Mohan & Poobal, 2017; Shi & Malik, 2000). The difficulties in detecting cracks 

are due to their random and irregular shapes, the sizes of cracks, and the background 

noises in images (Bu et al., 2015; Wang & Huang, 2010). These issues make it difficult 

to achieve high accuracy in the crack detection task. A number of automated crack 

detection techniques have been proposed to improve the detection rate using RGB and 

infrared images (Cha, Choi, & Büyüköztürk, 2017; Fujita & Hamamoto, 2011; 

Nishikawa, Yoshida, Sugiyama, & Fujino, 2012; Prasanna et al., 2016; Sham, Chen, & 

Long, 2008; Su, Li, Fang, & Wen, 2017; Zhang, Yang, Zhang, & Zhu, 2016). 



A threshold-based automated crack detector, composed of pre-processing, image 

segmentation and feature extraction was proposed by (Yiyang, 2014). The threshold 

method is used after smoothing the input image during the pre-processing. This approach 

calculates the area and perimeter of the roundness index to analyse the image and finds 

cracks through comparison. Gabor filtering has also been widely used to detect cracks 

(Salman, Mathavan, Kamal, & Rahman, 2013). Another automatic approach uses median 

filtering to remove shading and detect cracks in noisy concrete surfaces (Fujita & 

Hamamoto, 2011). This method uses a multiscale line filter with a Hessian matrix to 

emphasise the cracks. Finally, an adaptive threshold algorithm is used to detect cracks.  

Image processing techniques are responsible for extracting features such as crack 

shapes, then these rich features should be analysed and identified. Machine learning 

methods are utilised to analyse and classify the extracted features. For example, support 

vector machine (SVM) and Wavelet analysis methods are used in (Huo, Zhang, Zhou, & 

Huang, 2017) to classify crack features in the rotating shaft. In recent years, deep learning 

has been deployed by many studies to reduce the dimensionality of data and learn the data 

features in a hierarchical method. Deep learning can achieve higher accuracy due to its 

larger number of layers. Crack detection methods using a deep convolutional neural 

network (CNN) method are proposed by (Cha et al., 2017; Chen & Jahanshahi, 2018; 

Ding et al., 2018). The CNN method (Kang & Cha, 2018) was optimised in another paper 

(Cha, Choi, Suh, Mahmoudkhani, & Büyüköztürk, 2018) and a region-based CNN (R-

CNN) was used for surface damage detection. The results confirmed the high efficiency 

of deep learning in crack detection. This study evaluates the performance of a deep belief 

network (DBN) in crack detection and compares its outputs with other methods.  

An infrared image-based method is also deployed in (Rodríguez-Martín, Lagüela, 

González-Aguilera, & Martínez, 2016). The paper proposes an algorithm for the 



extraction of isotherms, in order to detect cracks and the geometric characters. In addition, 

it detects the orientation of the crack and hence, it could predict the direction of 

propagation of the crack. Another infrared image processing method based on super-pixel 

(Xu, Xie, Chen, & Huang, 2014) uses a fuzzy c-means clustering for segmentation. In 

this method, the super-pixels are selected from raw grey images and high pass filtered 

images. 

In this study, RGB and infrared crack images were obtained from road surfaces 

and used to perform crack detection. This paper proposes an autonomous crack detection 

system (ACDS) that provides high-quality processing of input images. This system 

adopts a parallel image processing method and a deep learning module that extracts and 

trains features of cracks. This paper studies the classification of the cracks, and the 

quantification of crack patterns is not investigated. 

Cracks on the road surface disturb the current temperature profile in the crack 

area. An infrared camera can be employed to visualise these temperature changes and 

therefore combining infrared and RGB features of cracks will be beneficial to extract all 

significant features of cracks and will improve the accuracy. This study proposes a deep 

learning based crack detection in which the features are learned from RGB and IR images. 

Deep learning based detectors analyses the outputs of filter-based detectors to mitigate 

the impact of background noise on the performance. To the best of our knowledge, this 

is the first paper that combines IR and RGB images to improve the detection rate of deep 

learning based classifiers. Two low-cost cameras were used for the data collection. The 

ACDS was evaluated in two separate experiments. It was initially tested with RGB 

dataset. Afterward, the efficiency of the hybrid images (with infrared+RGB features) in 

improving the precision was evaluated using the infrared+RGB dataset. The results 

showed that the hybrid dataset led the ACDS to provide higher precision.  



Another contribution of this study is the employment of a multi-layer method to 

extract the most efficient features from the crack images. The ACDS then uses the DBNs 

to accurately analyse features and detect cracks. 

2.  ACDS Architecture 

The proposed deep learning-based ACDS is composed of three consecutive stages as 

shown in Figure 1: image acquisition, image processing, and classification. In image 

acquisition, both infrared and RGB images are collected. A FlirOne camera 

(http://www.flir.com.au/flirone/ios/) was used to capture infrared images from road 

surfaces. The RGB images were obtained from two resources: images manually collected 

from the road surface using an RGB camera; and an online CrackForest dataset 

(https://github.com/cuilimeng/CrackForest-dataset). Both the RGB and infrared images 

were processed through the multi-layered image processing module.  

The image processing technique contains five parallel methods: Hessian-based 

method, Gabor filter, Otsu, Retinex filter, and Median filter. The output features of each 

method are used to train the dedicated DBN and the ACDS detects cracks on the road 

surfaces based on the trained model. The deep learning process in this system classifies 

the images into crack and non-crack categories. The average of the DBN results is used 

to analyse the final output. Figure 1 shows the architecture of ACDS system. This study 

combines deep learning with well-known image processing techniques, which helps to 

boost the power of deep learning by analysing filtered and rich features. The DBNs in 

ACDS are used as classifiers responsible for the classification of the input features into 

crack and non-crack groups.  
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Figure 1: The system architecture of ACDS 

3. Materials and Methods 

3.1 Image acquisition and dataset  

The infrared images contain thermal features that reflect information hidden in RGB 

images. The infrared images are useful for detecting small cracks when a crack surface 

creates heat difference (for example in sunlight). Invisible cracks can often be detected 

by infrared images (Sham et al., 2008). RGB images are helpful when there is enough 

contrast between the cracks and the surrounding areas. This research deals with a 

combination of these two image modes. 920 RGB and infrared images were collected in 

this stage. 

Figure 2 shows a number of images from the training dataset, that contain various 

cracks in different illumination conditions. To collect the training dataset, 311 RGB and 

480 infrared images were captured from different roads. In addition, a collection of 130 

road crack images from the CrackForest dataset (Ding et al., 2018), was used to train the 

crack detector. The resolution of images in CrackForest dataset was 480x320 pixels. 
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Figure 2: Road crack images in the dataset 
 

The following cameras were used in this study: 

● An iPhone SE with 12-megapixel RGB camera (resolution was 3246x2448 pixels) 

● A thermal infrared camera, which has the capability of detecting fine temperature 

changes caused by cracks occluded by objects such as grass or moss 

A Flir One Thermal Imaging Camera for IOS was used in this study to collect the 

infrared images in 480 x 640 pixels. This infrared camera plugs into the iPhone SE and 

is capable of measuring temperature differences as small as 0.1 oC. FlirOne has two 

camera lenses and can capture a single shot in two different modes, infrared and RGB. 

Both of these modes are shown in a single image. Therefore, the infrared images collected 

by FlirOne include both infrared and RGB features, and hence, these images are called 

infrared+RGB in this study. As the FilrOne shooting conditions, such as light intensity, 

temperature, and wind, affect the characteristics of the thermal images, all infrared+RGB 

images were collected in similar weather conditions. The images were captured on 15th 

April 2018 in the morning. The weather condition was: sunny, temperature 25 oC, 

humidity 45%, and no wind.  



In this stage, the size of the collected dataset was not enough to prove the 

effectiveness of the proposed ACDS. Therefore, to provide an accurate evaluation of 

ACDS performance, each image was converted to 99x99 pixel image patches (Figure 3) 

(Zhang, Yang, Zhang, & Zhu, 2016). Out of the generated image patches, the duplicated 

patches were removed and then, 10000 samples were randomly selected for training the 

DBNs and 5000 samples were used as the testing set for the evaluation of the crack 

detection, as shown in Table 1. The numbers of crack and non-crack patches are equal in 

both training and testing datasets.  

 

 

 

 

 

 

 

 

 

 

Figure 3: Images patches created from the original dataset 
 

Table 1:  The training and testing datasets 

Image type Original images Generated 
images 

Training 
images 

Testing 
images 

The ratio between 
crack and non-
crack images 

 RGB 440 
(collected images + 
130 CrackForest) 

7500 5000 2500 1 

Infrared+RGB 480 7500 5000 2500 1 

Total 920 15000 1000 5000 1 

99X99 

pixel 

image 

patches 



3.2 Image processing 

The image processing stage includes: i) receiving an image from the input; ii) removing 

noise, and extracting features of segmentation, edges and background; and iii) sending 

the features to the classifiers.  

Five parallel processing methods are used in the ACDS: Retinex, Hessian-based 

method, Gabor filter, Otsu and Median filter including edge detection. All of these 

methods process the input image and the outputs of this stage are transferred to the 

connected DBN classifiers. The average of the five DBNs is the final output. 

Median filtering, Gabor filtering and Otsu’s method used in ACDS are three well-

known methods in crack detection (Mohan & Poobal, 2017). These three methods, as well 

as Hessian-based filtering and Retinex filtering, were used in parallel to improve the 

accuracy of crack detection in this study. The contribution of this study is the employment 

of a multi-layer method to extract the most efficient features from the crack images. The 

ACDS then uses the DBNs to accurately analyse features and detect cracks. The 

efficiency of the proposed ACDS method will be shown by comparing its performances 

with other methods. To the best of our knowledge, this is the first time that a layered 

image processing method has been applied to road crack detection. 

3.2.1 Retinex filtering 

The non-local Retinex method (Zosso, Tran, & Osher, 2013) used in this study is an 

illumination correction method. This method combines previous variational models of 

Retinex and focuses on the reflectance function to improve the performance. The Retinex 

model receives the multiplication of the illumination and the true underlying reflectance 

of the object as an input (Zosso et al., 2013), then searches for a filtered gradient and 

calculates the reflectance gradient of the observed image. 



This combined Retinex, which takes into consideration the sparsity and fidelity of 

the reflectance, can be used for texture-preserving shadow removal and colour and 

hyperspectral image enhancement. The proposed ACDS method uses an adaptive 

smoothing, based on the Retinex theory to remove illumination effects. 

3.2.2 Hessian-based filter 

The Hessian-based filter has been widely applied to cerebral angiograms for enhancing 

the visualization of intracranial aneurysms (Frangi, Niessen, Vincken, & Viergever, 

1998; Jerman, Pernuš, Likar, & Špiclin, 2016a, 2016b; Li & Sone, 2003; Wiemker et al., 

2013; Zosso et al., 2013). A novel blob enhancement filter based on a modified volume 

ratio of Hessian eigenvalues was proposed by (Jerman et al., 2016b). This modified 

method showed a more uniform response inside the blob-like structures compared to other 

methods. The results also proved that this modified filter is independent of the size and 

intensity of structures, and it is capable of detecting small blob-like structures such as 

aneurysms.  

Due to the high performance of this modified filter, it was used as one layer of 

ACDS in this study to enhance the visualization of cracks in the images captured from 

road surfaces and to improve the performance of crack detection. The Hessian filter has 

been considered as a method of crack detection in a number of studies (Fujita & 

Hamamoto, 2011; Fujita, Mitani, & Hamamoto, 2006).  

3.2.3 Gabor filter 

This filter is used to distinguish cracks from the background in a crack image. A Gabor 

filter-bank proposed in (Jain & Farrokhnia, 1991) was implemented in this study. Gabor 

filtering can be used to estimate the mean and standard deviation of the energy of the 

filtered image. A Gabor impulse response has a sinusoidal plane wave of orientation and 



frequency. This can be modulated by a two-dimensional Gaussian envelope as defined by 

(El-Tarhouni, Boubchir, Al-Maadeed, Elbendak, & Bouridane, 2016; Jain & Farrokhnia, 

1991):  

             ݄ሺݔ, ሻݕ ൌ ݌ݔ݁ ିଵ

ଶ
ቄ
௫మ

ఙೣ
మ ൅

௬మ

ఙ೤
మൠ cos	ሺ2ܷߨ௫ ൅ ߮ሻ                                       (1) 

ܷ௫ and ߮ show the frequency and phase of the sinusoidal plane wave. ߪ௫ and  ߪ௬ 

represent the space constants of the Gaussian envelop. The Gabor filter-bank used in this 

research has Gabor filters with a Gaussian kernel function, which is based on sinusoidal 

plane waves of various orientations from the same Gabor-root filter: 

    ݃௠,௡ሺݔ, ሻݕ ൌ ܽି௠݄ሺݔᇱ, ,ᇱሻݕ ܽ ൐ 1                         (2) 

Where x, y and  are defined as follows: 

ᇱݔ   ൌ ߠݏ݋ܿݔ ൅  (3)                       ߠ݊݅ݏݕ

ᇱݕ       ൌ െߠ݊݅ݏݔ ൅       ߠݏ݋ܿݕ

ߠ   ൌ ௡గ

௞
ሺ݇ ൌ ,݊݋݅ݐܽݐ݊݁݅ݎ݋	݈ܽݐ݋ݐ ݊ ൌ 0,1, … , ݇ െ 1,݉ ൌ 0,1,… , ݏ െ 1ሻ     (4) 

For the image ܫாሺݎ, ܿሻ with size ܪ ൈܹ, the Gabor filtered output is as: 

,ݎ௚ሺܫ    ܿሻ ൌ ∑ ݎாሺܫ െ ,ݏ ܿ െ ,ݏሻ݃௠,௡ሺݐ ሻ௦,௧ݐ          (5) 

Based on this convolution, the energy of the filtered image is used to predict the 

mean and standard deviation, which are used as features. In this study, the Gabor filter is 

used for texture segmentation 

3.2.4 Otsu  

Otsu is an automatic threshold selection providing with high contrast segmentation (Otsu, 

1979). This method can be used to select a threshold by analysing the distribution of grey 

values of an image. Otsu is based on grey histogram and it uses maximum inter-class 

variance between target and background to find the best segmentation threshold (Garcia, 



2010; Hoang, 2018). This method has shown high performance in crack detection (Mohan 

& Poobal, 2017) and is used as a layer of the image processing phase of ACDS. 

3.2.5 Median filter 

A Median filter is an image processing method with high accuracy in crack detection 

(Mohan & Poobal, 2017; Kang & Cha, 2018). In ACDS, the output of this method is fed 

into an edge detector, the Prewitt method (Senthilkumaran & Rajesh, 2009), to show the 

edges of the crack.  

In this study, the Median filter was used to improve the capability of detecting a 

crack in noisy images (Kang & Cha, 2018). Gabor filtering was chosen because it is a 

potential technique for multidirectional crack detection. Therefore, it can help the 

proposed ACDS to detect cracks aligned to different directions (Mohan & Poobal, 2017). 

Otsu has been widely used in crack detection due to its computational efficiency, which 

is due to the calculation of the threshold of grey intensity by the interclass separability. 

Due to this advantage of Otsu, this thresholding algorithm is used in ACDS (Hoang, 

2018). Hessian-based multi-scale line filter is another method used to remove the 

background noise. Retinex is an image enhancement method, which synthesises a high 

local contrast using a non-linear spatial transform, and it helps to remove shadow (Hines, 

Rahman, Jobson, & Woodell, 2004). 

Each of the image processing methods in this study has shown high accuracy in 

feature extraction. However, the performance of these methods depends on the image 

quality and the background surface. Due to the high complexity of the background noise 

in a road surface, a layered image processing method can utilise the advantages of all 

methods and reduce false negative alarms. 



3.3 Deep Belief Network  

The DBN (Bengio, 2009; Carreira-Perpinan & Hinton, 2005; Chen, Zhao, & Jia, 2015; 

Hinton, Osindero, & Teh, 2006; Larochelle, Erhan, Courville, Bergstra, & Bengio, 2007; 

Senthilkumaran & Rajesh, 2009) has become one of the most popular methods of deep 

learning. In this method, a generative model is employed for pre-training, and back-

propagation is used in the fine-tuning stage. This fast learning algorithm can find the 

optimal parameters very quickly.  The DBN is a powerful hierarchical neural network 

beneficial for feature extraction. The input layer receives images as inputs. The features 

of these images will be transferred through multiple hidden layers and new features will 

be extracted. Then, the output layer is responsible for detecting the class of features using 

a linear classifier.  The DBN provides an accurate classifier, which can detect cracks 

based on the optimised images received from the image processing stage (Hinton, 2009).  

The DBN has several hidden layers, representing non-linear patterns in training 

data. It consists of a stack of Restricted Boltzmann Machines (RBMs) and uses a layer-

wise pre-training phase. Each layer is trained by an unsupervised algorithm to fix the 

parameters of that layer, and then the next layer will be trained on top of the data that is 

received from the previous hidden layer. Once pre-training is completed, the output layer 

is added and the whole network will be trained using a supervised learning algorithm. 

This phase is called fine-tuning. The joint distribution of observable data x and hidden 

layers ݄௜ is defined as Equation (6), where  shows the network parameters, weights, 

and biases (Wu et al., 2017). 

ܲሺݔ, ݄ଵ, … , ݄௞|ߠሻ ൌ ܲሺ݄௞ିଵ, ݄௞|ߠሻ∏ ܲሺ݄௜ିଵ|݄௜, ,ଵ݄|ݔሻܲሺߠ ሻ௞ିଵߠ
௜ୀଶ                    (6) 

DBN has a layer-by-layer learning system. In another word, the learned features 

of the first RBM are used as the input data for the second RBM (Le Roux & Bengio, 

2010; Salakhutdinov & Larochelle, 2010). This method helps DBN to extract the deep 



features of the input data. Then, pre-training in a hierarchical method is employed in the 

DBN to learn these deep features of the input. This research employed a two-layer DBN, 

in which different numbers of hidden layers were manually tested to find the most 

efficient structure. There were 800 nodes in each hidden layer and 2 nodes in the output 

layer. Figure 4 shows the structure of a two-layer DBN. 

After training the RBMs, the whole pre-trained network is fine-tuned to integrate 

the DBN layers to classify inputs based on the learned features (Hecht-Nielsen,1992; 

Sutskever &Hinton,2008). To evaluate the performance of the proposed ACDS, precision 

(P) and recall (R) are defined as Equations (7) and (8) (Zhang et al.,2016). False negative 

shows the wrong detection of cracks, and false positive reflects the wrong detection of 

non-crack images. True positive shows the correct detection of non-crack images. 

ܲ ൌ ௧௥௨௘	௣௢௦௜௧௜௩௘

௧௥௨௘	௣௢௦௜௧௜௩௘ା௙௔௟௦௘	௣௢௦௜௧௜௩௘
               (7) 

                        ܴ ൌ
௧௥௨௘	௣௢௦௜௧௜௩௘

௧௥௨௘	௣௢௦௜௧௜௩௘ା௙௔௟௦௘	௡௘௚௔௧௜௩௘
         (8) 

Then, the F1 score is expressed as: 

ଵܨ ൌ
ଶ௉ோ

௉ାோ
            (9)  

 

 
 
 
 
 
 
 
 
 
 
 
 

                Figure 4: A DBN with two layers RBM 
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4. Results 

DBNs with two hidden layers were used for classification. Each hidden layer had 800 

nodes, and the output layer had 2 nodes. In this study, DBN-based classifiers were 

simulated in MATLAB R2017b. The results were saved after 500 iterations of the 

algorithm training. The data set comprised 15000 images, of which 10000 samples were 

used for training purposes. Then, the classifiers were separately tested using the RGB and 

infrared+RGB testing datasets. For each image, five image processing methods were 

employed to remove noise and extract features. The output of each image processing 

method is shown in Figure 5. The cracks in infrared samples became visible due to the 

heat difference. After the extracted features of training images were used to train the DBN 

classifiers, these classifiers became capable of detecting crack images in a new dataset. 

To evaluate the performance of the DBNs, they were tested with features extracted from 

testing images using five image processing methods.  

The root-mean-square-error (RMSE) rates over different iterations are shown in 

Figure 6. RMSE value represents the difference between the predicted output and the 

desired output. Figure 6 shows the RMSE error for every 100 iterations and that the 

percentage of RMSE is reduced when the iteration number increases, and is stabilized 

after 100 iterations in all methods. Minimising RMSE is important because the predicted 

output should be very close to the actual output. Figure 6 shows the results for the 

infrared+RGB testing images. In this research, the classifiers were evaluated in two 

phases. Initially, each classifier was trained and evaluated using the same dataset to 

ensure that training appropriately adjusted the weight coefficients of the classifier. The 

system required the high performance of the classifiers in the training dataset. Secondly, 

the classifiers were evaluated with new samples, as they should be able to deal with the 

combination of known and new samples in the real world. 

 



Original image Hessian based filter Otsu Retinex filter Gabor filter Median filter + Edge 
detection 

      

      

  

   

     
Figure 5: Comparison of the outputs of different image processing methods for crack images (from 

left to right: Original image, Hessian-based filter, Otsu, Retinex filter, Gabor filter, and Median filter 

+ Edge detection) 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: RMSE versus fine-tuning iterations for DBNs trained and tested with different 

image processing methods  



The maximum, minimum and average precision results of the ACDS over 10 

experiments are shown in Table 2. The evaluation results are provided for both training 

and testing datasets. The results show the high performance of ACDS in both known and 

new images. As can be seen in Table 2, the ACDS trained by infrared+RGB outperforms 

the ACDS trained by RGB only images, because of the combination of RGB and infrared 

features in infrared+RGB images. 

For further evaluation, the averaged performance of ACDS is compared with other 

studies in Table 3. As the results show, the precision of ADCS with infrared+RGB is 

superior to the other methods’. Crack detection using infrared+RGB images helps the 

system extract features of thermal and RGB information together, and therefore, ACDS 

can detect even thin cracks via the existence of heat difference. 

Table 2. The precision of ACDS in detecting cracks in training and testing datasets 

Type of image  Testing dataset = 

Training dataset 

Testing dataset 

(new samples) 

RGB  Minimum Precision 

Average Precision 

Maximum Precision 

92.41 

95.12 

98.21 

88.11 

90.18 

95.13 

Infrared+RGB Minimum Precision 

Average Precision 

Maximum Precision 

92.26 

97.63 

98.91 

90.63 

91.98 

95.36 

  

Table 3. The precision of ACDS in comparison with other methods 

Method Reference Precision Recall F1 Score 

SVM  (Zhang et al., 2016) 0.81 0.67 0.74 

Boosting  (Zhang et al., 2016) 0.74 0.76 0.75 

ConvNets  (Zhang et al., 2016) 0.87 0.92 0.89 

ACDS (RGB)           …… 0.90 0.88 0.87 

ACDS 

(Infrared+RGB) 

          …… 0.92 0.93 0.91 



SVM and Boosting methods (Zhang et al., 2016) were used to evaluate images of 

smaller size (300X300) compared with the ACDS (Table 3). For these methods, the 

features were automatically generated by manually annotated image patches. The SVM 

and Boosting methods were trained with features, which were based on the colour and 

texture of patches. The patches had binary labels representing crack and non-crack 

groups. As Table 3 shows, the ACDS still outperforms these methods. Compared with 

the ConvNets used in (Zhang et al., 2016), ACDS provided better performance especially 

when it was trained with hybrid images. 

All ACDS experiments were performed using an Intel(R) Core™ i5-3230M CPU 

@2.60 GHZ with 8GB RAM. As shown in Table 4, the recorded training speed for ACDS 

was about 63 minutes in which the averaged feature extraction time was about 20 minutes.  

Table 4. The processing time of ACDS  

Method Average processing 

time (min) 

Max. processing 

time (min) 

Min. processing 

time (min) 

ACDS (RGB) 61 64 59 

ACDS 

(Infrared+RGB) 

63 65 60 

 

A key challenge for UAVs is power consumption. However, novel machine 

learning algorithms introduce high computational workload and affect the battery and 

flight time of the UAV. Convolutional Neural Networks should use Graphics Processing 

Units (GPUs) to process inputs and reach high performance. However, GPU-based 

analysis generates a high overhead which is inappropriate for low-power UAVs (Kyrkou 

et al., 2015).  

In this paper, cloud-based processing is required to integrate the proposed ACDS 

into UAVs with two cameras. The UAV will transfer its collected images to a cloud server 



for analysis. Therefore, image processing and classification tasks can be performed using 

a CPU processor on the cloud server. By off-loading the computational operations, energy 

consumption will be reduced. Therefore, the proposed ACDS can be implemented in a 

small and low-price UAV. 

5. Conclusions 

This paper proposed an autonomous crack detection system to reduce the maintenance 

cost for civil infrastructures. The ACDS could improve the performance of crack 

detection on road surfaces. Two types of images, RGB and infrared, were used for 

analysis by the image processing stage of the ACDS. Infrared images can represent 

features hidden in RGB images and this is useful for detecting small cracks with visible 

thermal features. In this study, the ACDS was evaluated separately with RGB and the 

hybrid images (with infrared+RGB features) to evaluate the impact of infrared features 

on the detection rate of deep learning based classifiers. This was the contribution of this 

study. 

The proposed image processing stage of ACDS included five parallel feature 

extraction methods. These features were utilised to train the deep learning-based 

classifiers. The performance parameters of the proposed ACDS were compared with other 

studies and the results showed improvement in the performance. The precision of the 

ACDS in detecting cracks in RGB images was 90.18%, about 10% more than the SVM 

and Boosting methods in another study. This precision increased to 91.98% when the 

ACDS was trained with both infrared and RGB features. Another contribution of this 

study is the deployment of a multi-layer image processing method to improve the 

precision and minimise the number of false negatives in crack detection. The features 



created by the layered image processing stage were classified by deep learning into the 

crack and non-crack groups.  

This proposed ACDS may also be applied to other structures such as bridges, 

buildings, etc. This study aimed to improve the precision of crack detection and examine 

the impact of thermal features on the performance. However, the processing time of the 

proposed ACDS is still higher than for a single layer crack detector. This problem will be 

addressed in a future study.  
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