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ABSTRACT: The clearest signs to structural degradation is appearance the cracks in structures, which may indicate the start of a 

catastrophic failure. The crack detection based on Image analysis has been studied by several researchers as one of the most 

important alternatives of human-based inspection. In recent years, the crack detection based on deep learning has been explored 

among several methodologies However, how to automatically extract cracks quickly and accurately is a challenging issue. This 

work aims to develop a model based on deep learning to detect cracks on structural surfaces. This model is prepared to increase 

the automation of cracks level when combined with unmanned aerial vehicles (UAVs). The developed crack detection model is 

based on a Faster region-based convolutional neural network (Faster R-CNN) image classification algorithm. Provided with a 

relatively heterogeneous dataset, the use of deep learning allows the development of a crack detection system. For the dataset used 

in this work, modeled with an accuracy of 95.5%, highlighting the potential of using deep learning for the detection of cracks in 

structural surfaces. 
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1 GENERAL GUIDELINES 

Structural Health Monitoring (SHM) is defined as the process 

of gathering adequate in-formation that allows detecting, 

locating and quantifying structural vulnerabilities early on 

fatigue cracking, degradation of boundary conditions, etc., 

thereby improving the resilience of the civil and mechanical 

structure. Significant efforts on SHM have been extensively 

undertaken. These studies could be mainly classified in two 

categories: a) parametric approaches (physics-based 

approaches) which are based on vibratory characteristics of 

structural systems including natural frequency, mode and 

curvature, and b) non-parametric approaches (data-driven 

approaches) which extract sensitive features from sensor data 

or structures pictures to assess the structural conditions [1-14]. 

However, most of these approaches have not been implemented 

to remove the operational and environmental effects aggregated 

in extracted features; rather, they have been used to classify 

directly the extracted features in a supervised way, i.e., when 

data from the undamaged and damaged conditions are 

available. However, for most mechanical and civil engineering 

structures, where SHM systems are applied, the unsupervised 

learning algorithms are often required because only data from 

the undamaged condition are available [15-24].Currently, 

visual inspection techniques such as Unmanned Aerial 

Vehicles (UAV) have been commonly utilized for 

infrastructures Damage assessments. UAV usually consists of 

HDC mounted on a drones. During the inspection, the drones 

unit moves along the outer walls of different infrastructures and 

transmits the inspection video to an external UAV monitor on 

the ground. After the inspection, the inspector needs to watch 

the captured images or videos to identify the defect type and 

location. Such manual interpretation of the inspection images 

or videos is time-consuming, labor intensive and the results can 

be subjective and inaccurate. There is recently a trend of 

applying computer vision for interpreting the inspection images 

or videos automatically. However, conventional computer 

vision techniques require designing complex feature extractors 

and images used for training need a large amount of 

preprocessing. In addition, the training process is tedious and 

inefficient. In recent years, deep learning has obtained 

promising performance in various computer vision tasks such 

as image classification and object detection [25]. 

In this work, an automated approach will be developed for 

detecting structures defects based on a deep learning technique 

namely faster region-based convolutional neural network 

(faster R-CNN). The detection model will be trained using big 

number of images collected from UAV images of different 

structures for identifying structures cracks. After training, the 

model will be evaluated in terms of detection accuracy. 

2 METHODOLOGY 

In this work, a novel deep learning based framework is 

proposed for structural surfaces crack delineation automatically 

at a pixel level. As shown in Figure 1 and Figure 2, the core 

contribution of this framework is the development of deep 

learning network (DLN). To construct the DLN model, the 

Feature Deep Learning Add-on Network is employed to 

achieve feature-map. With the fused feature maps, the DLN 

layers are used to achieve pixel-level crack detection and 

segmentation (i.e. crack delineation). 

The overall framework proposed in Deep Learning Add-on 

method includes two processing phases: (1) to extract the 

pipeline defects and generate the binary map; (2) and to 

measure and estimate crack width. During Phase 1, two Faster 

R-CNN models at different imagery feature scales are initially 

used to get the approximate location of crack then followed by 

a binarization mapping step. During Phase 2, a simple 

procedure is first developed for defining the crack width. For 

narrower cracks, Figure 3 summarizes the workflow of this 

two-phase framework. 
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Figure 1. Deep Learning Add-on Network framework. 

 
Figure 2. Methodology workflow of the proposed framework. 

 
Figure 3. Overall workflow of the proposed approach. 

3 CONVOLUTIONAL NEURAL NETWORK (CNN) 

Deep learning has been widely developed and applied in 

various areas such as computer vision, speech recognition and 

natural language processing through various deep learning 

architectures, among which convolutional neural networks 

(CNNs) are commonly applied. As shown in Figure 4 a CNN 

model typically consists of feature extraction through a stack of 

layers on the input image such as convolution, activation and 

poling, and classification through fully connected layers for 

outputting the scores for each class. Each layer is responsible 

for different functions and uses the result from the previous 

layer as the input [26].  

For supervised computer vision tasks, CNNs (1) extract 

features from raw images, (2) feed the features forward using 

filters assigned with initial random weights and bias to predict 

the classes, (3) calculate the loss between predicted scores and 

the ground truth, (4) apply backpropagation to adjust the filter 

weights and bias continuously to finally obtain an optimized 

model. 

Compared with conventional approaches, CNNs require less 

image pre-processing, and image features are extracted through 

learning. Therefore, there is no requirement of expertise for 

manual design of complex feature extractors. The promising 

performance of CNNs in various computer vision tasks such as 

image classification, object recognition and localization in 

recent years indicates the great potentials of CNNs for 

automated defect detection for civil and mechanical structures. 

Currently, there have been some studies attempting to apply 

deep learning approaches for civil and mechanical structures. 

For example, CNN based approaches are proposed for 

detecting concrete cracks and the advantages of the proposed 

model over conventional image processing techniques have 

been proven. In addition, CNNs have also been applied for 

efficient tunnel inspection and road crack detection. However, 

the application of CNNs for infrastructure inspection is still in 

its infancy and there has been limited research using CNNs for 

structures damage detection. The region-based convolutional 

neural network (R-CNN) is one typical deep learning approach 

for object detection [27, 28].  

 

Figure 4. Architecture of a CNN model. 

As shown in Figure 5, region proposals are generated through 

an external method called selective search for the input image. 

Each warped region proposal image is forwarded into a CNN 

model to compute the features, which is then fed into a support 

vector machine (SVM) classifier to calculate the classification 

scores. Bounding box regression is then conducted for the 

classified image such that the location of each object can be 

predicted. One limitation of R-CNN is that the multi-staged 

training process which is time consuming and requires large 

computation cost. In addition, the detection speed is quite slow 

for each image as the convolution, classification and regression 

need to be implemented for each region proposal. 

 

Figure 5. Example architecture of R-CNN. 

Faster R-CNN has two networks: region proposal network 

(RPN) for generating region proposals and a network using 

these proposals to detect objects. The main difference here with 

Fast R-CNN is that the later uses selective search to generate 

region proposals. The time cost of generating region proposals 

is much smaller in RPN than selective search, when RPN shares 

the most computation with the object detection network. 

Briefly, RPN ranks region boxes (called anchors) and proposes 

the ones most likely containing objects. The architecture is as 

follows [29]. 

Figure 6 illustrates the Faster R-CNN architecture. A Faster 

R-CNN network takes as input an entire image and a set of 

object proposals. 

The network first processes the whole image with several 

convolutional (conv) and max pooling layers to produce a conv 

feature map. Then, for each object proposal a region of interest 

(RoI) pooling layer extracts a fixed-length feature vector from 

the feature map. 

 

Figure 6. Example architecture of R-CNN. 
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 Training, Validation and Test Sets 

In Deep Learning, as in all fields of machine learning, it is 

very important to follow correct methodology. The most 

important rule is to separate the Training set from the 

Validation set. The Training set is a set of samples used for 

creating a model. We cannot use it to measure the model’s 

performance, as this often generates results that are 

overoptimistic. Thus, we use separate data – the Validation set 

– to evaluate the model. Our Deep Learning tool automatically 

creates both sets from the samples provided by the user. 

Learning rules in this platform fall into two broad categories: 

supervised learning, and unsupervised learning. In a supervised 

learning model, the deep learning algorithm learns on a labeled 

dataset, providing an answer key that the algorithm can use to 

evaluate its accuracy on training data. An unsupervised model, 

in contrast, provides unlabeled data that the algorithm tries to 

make sense of by extracting features and patterns on its own 

[30, 31]. In this platform we used the supervised mode, in the 

supervised mode the user needs to carefully label pixels 

corresponding to defects on the training images. The tool then 

learns to distinguish good and bad features by looking for their 

key characteristics as shown in Figure 7. 

 

Figure 7. Deep Learning Training using supervised mode. 

In Deep Learning, as in all fields of machine learning, it is 

very important to follow correct methodology. The most 

important rule is to separate the Training set from the 

Validation set. The Training set is a set of samples used for 

creating a model. We cannot use it to measure the model’s 

performance, as this often generates results that are 

overoptimistic. Thus, we use separate data – the Validation set 

– to evaluate the model. Our Deep Learning tool automatically 

creates both sets from the samples provided by the user.  

4 RESULTS AND DISSCUTIONS 

To develop the database of concrete cracks for fine-tuning 

training and validation, 800 images were extracted from three 

videos collected in our work by operating a camera installed in 

drone (see Figure 8 (a)). These videos were taken from different 

structural surfaces in order to secure a wide range of 

adaptability and to involve distinct levels of complex scenes. 

Parts of the images were taken by the structural surfaces visual 

inspection. In order to enhance the generalization ability of the 

trained model, cracks images of asphalt concrete and building 

surface, non-cracks images like corrosion and joint/edge are 

included in the database. Each image has a resolution of 1920× 

1080 pixels, part of the images are shown in Figure 8 (b). 

First, the Deep Learning platform classifier is used to 

perform bivariate classification by sliding in the 1920× 1080 

image domain. Within each input image (1920× 1080), the 

classification is performed automatically, detecting even hardly 

visible cracks, part of the images are shown in Figure 8 (b). 

  

  

  

  

  

  
(a) Sample of images Database 

  

  

  

  

  

  
(b) Crack detection using the proposed platform 

Figure 8. Cracks Identification results. 
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5 CONCLUSION 

This paper proposed the application of deep learning based 

model to detect cracks on structural surfaces. Considering the 

analysis done in our work, the learning approach was used in 

our paper, it has been found to be appropriate to train a model 

with a limited dataset size. The dataset used in this work, 

modeled with an accuracy of 95.5%, highlighting the potential 

of using deep learning for the detection of cracks in structural 

surfaces. 
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