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Abstract: Nowadays, asphalt road has dominated highways around the world. Among various defects of asphalt road, cracks have been paid more attention, since cracks often cause major engineering and personnel safety incidents. Current manual crack inspection methods are time-consuming and labor-intensive, and most segmentation methods cannot detect cracks at the pixel level. This paper proposes an intelligent segmentation and measurement model based on the modified Mask R-CNN algorithm to automatically and accurately detect asphalt road cracks. The model proposed in this paper mainly includes a convolutional neural network (CNN), an optimized region proposal network (RPN), a region of interest (RoI) Align layer, a candidate area classification network and a Mask branch of fully convolutional network (FCN). The ratio and size of anchors in the RPN are adjusted to improve the accuracy and efficiency of segmentation. Soft non-maximum suppression (Soft-NMS) algorithm is developed to improve the segmentation accuracy. A dataset including 8,689 images (512 × 512 pixels) of asphalt cracks is established and the road crack is manually marked. Transfer learning is used to initialize the model parameters in the training process. To optimize the model training parameters, multiple comparison experiments are performed, and the test results show that the mean average precision (mAP) value and F1-score of the optimal trained model are 0.952 and 0.949. Subsequently, the robustness verification test and comparative test of the trained model are conducted and the topological features of the crack are extracted. Then, the damage area, length and average width of the crack are measured automatically and accurately at pixel level. More importantly, this paper develops an automatic crack detection platform for asphalt roads to automatically extract the number, area, length and average width of cracks, which can significantly improve the crack detection efficiency for the road maintenance industry.
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1  Introduction

In recent years, the construction of transportation infrastructure has been developed rapidly, which has greatly promoted the global development and national economy. At present, highway construction is booming, and highway is mainly dominated by asphalt roads. Due to ageing, weathering, the action of road traffic, and other factors, the road surface condition becomes poor, and it is prone to cracks after serving for a period of time. These cracks will reduce the bearing capacity and performance of roads [1,2]. Moreover, they will affect the operational safety of highways. Therefore, if the location of road cracks can be distinguished quickly and accurately, the damaged road can be repaired in time to prevent further deterioration, which can greatly decrease the maintenance costs of the road [3,4]. Based on this, road crack segmentation has been developed in academia, and various advanced methods have been developed [5,6].

Manual detection is the traditional asphalt road crack segmentation and identification method [7], which is both time-consuming and labor-intensive. With the increased processing power of computers and the emergence of tools like artificial intelligence, methods based on image processing and computer vision will be more effective for road crack damage segmentation [8,9]. Common image processing methods include edge detection, threshold segmentation [10], and so forth. The threshold segmentation method distinguishes road surface and crack information by setting a certain threshold [10,11]. Oliveira et al. [12] used Otsu's threshold method to identify road cracks in a two-step crack segmentation process. Sun et al. [13] defined two thresholds to represent the background area and the crack area in order to improve the performance of crack segmentation. However, these methods poorly detected cracks on heavily damaged roads. On the other hand, the edge detection method utilizes the step change of the gray value near the target object to extract information on common road failures such as cracks [14], which requires that the road damage should have a strong edge. This drawback limits the practicality of these segmentation methods. In order to enhance the performance of road crack segmentation, some machine learning methods including neural networks, random forests [15], and support vector machine [16] are employed. Although these methods can better detect road cracks, it was still difficult to accurately detect road cracks when there were uneven distribution of images. Peng et al. [17] proposed a three-threshold road crack segmentation method based on random structured forest. This method realized the effective segmentation of pavement cracks.

With the development of deep learning, an effective and accurate identification method is provided for target image processing [18–23]. Image processing of road cracks based on deep learning includes target detection and target segmentation. Target detection is used to detect the specific position of the crack in the image. Modarres et al. [24] proposed a deep learning model based on CNN, which could well realize the detection and classification of damages. Yu et al. [25] proposed a deep convolutional neural network (DCNN)-based method, which has outstanding generalization capacity and higher identification accuracy. Ma et al. [26] proposed a region-based fully convolutional neural network for intelligent recognition of pavement crack, and achieved high recognition accuracy and outstanding PR curve. Li et al. [27] designed a supervised DCNN and proposed novel training methods to optimize its performance on specific tasks. This network can achieve the classification of damage, but with a moderate detection accuracy, and it is only suitable for concrete roads. Wu et al. [28] proposed a crack detection model based on faster region-based convolutional neural networks (Faster R-CNN) [29] to distinguish cracks of tunnel. This model used region proposal networks (RPN) to generate candidate regions using a sliding window, which improved the detection accuracy. However, their model utilizes region of interest (RoI) Pooling (also known as RoI Pooling), which directly extracted the corresponding feature maps of the region of interest by rounding off RoI Pooling. This procedure can result in a feature map deviating from the original image. Xu et al. [30] proposed a modified Faster R-CNN, which can achieve identification of the multiple type seismic damage of damaged reinforced concrete columns from images. Singh et al. [31] proposed an automatic road damage detection and classification method based on Mask R-CNN. However, the above methods can only detect the pavement damage, but can not extract the specific contour of damages.

Target segmentation is to segment the target area from the image. Shim et al. [32] proposed a multiscale and adversarial learning-based semi-supervised semantic segmentation method for concrete crack. Li et al. [33] proposed a pixel-level segmentation model for multiple concrete damages based on fully convolutional neural networks, which could well realize the segmentation of damages. Qu et al. [34] proposed a concrete pavement crack segmentation method based on the improved VGG16 network model. Hu et al. [35] proposed a pixel-wise crack segmentation model based on Crack U-Net. However, the above models only realized the road damage segmentation, and didn't realize the damage size measurement. Yang et al. [36] raised a crack detection model based on fully convolutional neural networks. This model adopted the novel end-to-end structure and realizes segmentation and measurement. But F1-score needs to be improved. Byunghyun et al. [37] presented an approach to detect cracks using Mask R-CNN and measure concrete crack widths using additional image processing. However, the segmentation accuracy of the above models needs to be further improved.

In summary, the current road crack segmentation method has the following technical problems and challenges: First of all, Existing research on road damage segmentation mostly focuses on concrete road damage, and seldom considers asphalt road damage. In addition, the research on asphalt pavement damage does not take into account the overlap of damage segmentation masks, which results in lower segmentation accuracy, which will further cause larger road damage measurement errors.

Therefore, regarding the problems existing in the above mentioned methods for road crack segmentation and measurement, this paper proposes an intelligent segmentation and measurement model to automatic identify road cracks based on the modified Mask R-CNN [38] algorithm. The model is segmented along the crack boundary and the damage features are extracted. To adapt to cracks of different sizes, the RPN is optimized by adjusting the ratio and size of the anchor. Moreover, the RPN uses soft non-maximum suppression (Soft-NMS) [39] instead of NMS algorithm to retain accurate RoI and improve the accuracy of damage segmentation. The proposed model cannot only segment the crack, but also extract the topological features precisely. In addition, the model can automatically measure the area, length and width of the crack at the pixel level. Furthermore, a real-time asphalt road crack detection platform is developed to automatically extract crack information such as the area, length, and average width. The platform can realize efficient information transmission and provide important reference for engineering practice.

The research contents of each section are introduced as follows. The second section introduces the architecture of the model proposed in this paper. The third section mainly introduces the procedure for generating databases, model parameter configuration and evaluation index. The fourth section introduces modified Mask R-CNN training and testing process, the topological information extraction of cracks, the automatic measurement of crack size, and the development of real-time display module. The last section concludes this paper.

2  Modified Mask R-CNN Segmentation Model

2.1 Question Definition

The segmentation of road cracks is mainly analyzing the collected road images to intelligently determine the location of the cracks. In the current paper, in order to facilitate the definition of the question, a collected road image is expressed by:

Xi=[Xi1,Xi2,…,Xin](1)

where, Xi represents the i-th road image, stands for the information value of the n-th pixel in the i-th image.

The label set corresponding to the above i-th road image, i.e., Xi is defined by:

M={(X1,Y1),(X2,Y2),…,(Xn,Yn)}(2)

where, Xn is the nth road crack image, Yn represents the label of the road crack image corresponding to Xn. n denotes the number of labels, including n road images and their corresponding crack labels.

The question of the intelligent segmentation of road cracks can be defined as follows: a deep learning prediction model is constructed, and the corresponding crack label Y, is efficiently and accurately predicted according to the input road crack image X.

2.2 Modified Mask R-CNN Model Structure

The intelligent segmentation model structure of road cracks based on modified Mask R-CNN is illustrated in Fig. 1. Firstly, the convolutional layer extracts the feature of the road image. Secondly, the extracted feature is used as an input to the optimized region proposal network to construct a candidate frame of the road crack target area. Thirdly, the candidate frame is classified. Finally, a Mask is generated to realize the segmentation of the road crack. In the following, the network design and working principle of each section are introduced in detail.
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Figure 1: Intelligent road crack segmentation model based on modified Mask R-CNN

2.2.1 Convolutional Neural Network

Convolutional neural networks of modified Mask R-CNN are based on more common and pre-trained neural networks such as VGG16 [40], Inception [41], and ResNet101 [42], and so on. After experimental comparison, a ResNet101 network consisting of five convolutional layers, due to a lower loss value, is adopted. The convolutional neural network function is to extract the feature map of the target area of the road image. The convolutional calculation is defined by:

S=X(i,j)∗W(i,j)=∑m∑kX(m,\,k)W(i−m,j−k)(3)

where, W(i, j) represents the convolution kernel, X = (i, j) is the input to the neural network, and * denotes the convolution operation, i represents the i-th row, j represents the j-th column, m represents the largest row of the image, and k represents the largest column of the image.

The input road image to this network has a dimension of 512 × 512 and is convolved by a convolution kernel of size 3 × 3. It is then passed through a nonlinear activation function (ReLU), and is further pooled in the pooling layer to finally obtain 512 feature maps of size 16 × 16. The smallest point on the feature map is called the anchor point, and two adjacent anchor points correspond to 256 pixel pitches on the original image. Then, according to three different aspect ratios, nine bounding boxes (BB for short) are generated for each anchor point. Therefore, a total of 2,304 (9 × 16 × 16) RoIs are generated in each feature map.

2.2.2 Optimized Region Proposal Network

The structure of optimized RPN is depicted in Fig. 2. The main function of the region proposal network distinguishes the multiple RoIs generated in the above convolutional neural network to determine the detected area and perform preliminary corrections on the bounding boxes.
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Figure 2: RPN structure

The key idea of RPN is to use the neural network to directly generate the region proposal [43]. The convolutional feature map returned by the convolutional neural network is used as an input to RPN. Firstly, 512 channels and a sliding window with a convolution kernel of size 3 × 3 are used to perform a sliding scan on the road feature map, so that a series of anchors are generated. To adapt to the cracks of different sizes, two sizes 32 × 32 and 64 × 64 are added to the original sizes of 128 × 128, 256 × 256 and 512 × 512. In addition, most of the cracks are spindly, so the ratio of width to height is adjusted from 1:1, 1:2, 2:1 to 1:2, 2:1, 1:3, 3:1. The RPN is optimized to reduce the amount of calculation, improve training speed and segmentation accuracy. Secondly, two convolution kernels of size 1 × 1 are used for parallel convolution operations. The classification layer is utilized to predict the road background and target area. Bounding box regression performs a preliminary correction on the road target boundary box, which is expressed in the following equation:

d(P)=ωTX(P)(4)

where, X(P) is the feature vector of the feature map, d(P) represents the predicted region value of the model, and ωT stands for the parameter matrix. RoI is usually represented by a four-dimensional vector [x, y, w, h], where x and y represent the centerline point coordinates of the RoI, w and h represent the width and height of the RoI. The following example is the translation and scale up or down of RoIs:
d(P)=ωTX(P)=[1,1,0,00,1,0,01,0,0,00,0,1,0][1,1,2,4]T=[2,1,1,2]T
At present, the common regression loss functions include L1 loss function, L2 loss function [44] and Smooth L loss function [45]. For the L1 loss function, it has a stable gradient and will not cause exploding gradients. However, when the error is very small (less than 1), if the learning rate remains the same, the loss function will fluctuate around the stable value, and it is difficult to converge to a higher accuracy. For the L2 loss function, it is convenient to find the derivative and have a stable solution. However, when the error is large (greater than 1), the robustness is poor at this time, and the phenomenon of exploding gradients may appear. The smooth L loss function can perfectly solve the above problems. Therefore, the loss function of RPN is defined as follows:

L(ti,Pi)={∑in(ti−d(Pi))2,|ti−d(Pi)|≤1|ti−d(Pi)|,|ti−d(Pi)|>1=Smooth L(ti,Pi)(5)

where ti is the real region value of the model, d(P) represents the predicted region value of the model. The loss function represents the error between the target value and the predicted value. Moreover, the back propagation and gradient descent methods are employed to minimize the loss function, and the parameter matrix is updated to achieve the goal of correcting the road crack targets boundary frame.

In RPN, many RoIs are obtained. However, the target area in the actual image is far less than the number of RoIs. In the NMS algorithm, the overlap coefficient between each RoI and the target area is calculated, the RoI with the overlap coefficient less than the threshold is deleted, and that with the highest overlap coefficient is selected. If the overlapping area of the remaining RoI and the region is greater than a certain threshold, the region frame will be deleted.

In this paper, Soft-NMS instead of NMS is used to eliminate redundant RoIs. When the overlapping area is greater than the threshold, the RoI is not deleted, but the original score is multiplied by the attenuation coefficient. The calculation method is shown in Eq. (6):

si=sie−iou(M,bi)2σ,∀bi∉D(6)

 where, M is the RoI with the largest overlap coefficient, bi is the RoI near M, D is the set of RoIs used to save the final, and σ is the hyperparameter.

2.2.3 RoI Align Layer

The main functions of RoI Align layer are extracting each RoI's corresponding features of the road image, and mapping the extracted features onto a fixed dimension to meet the input requirements of the next layer of the network. The selected fixed dimension is of size 7 × 7, so the RoI Align layer maps the features corresponding to RoI to a 7 × 7 dimension.

Compared with the RoI Pooling layer of Faster R-CNN, the RoI Align layer has considerable advantages. Assuming that the size of the target bounding box is 300 × 300, when the feature map is reduced by 32 times in Faster R-CNN for feature extraction, the target bounding box is also reduced by 32 times, i.e., 300/32 = 9.375, so the RoI pooling is directly rounded down to 9. In order to satisfy the input of the lower layer, the size of the feature map needs to be mapped to a 7 × 7, thus the side length of the anchor point is 9/7 = 1.286, and the RoI pooling must be directly quantized to 1 again as displayed in Fig. 3. After two rounding off and quantization, each RoI deviates obtained from the features affects the accuracy of the target segmentation.
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Figure 3: The two quantization operations of the RoI Pooling layer

In order to overcome the above drawbacks, modified Mask R-CNN utilizes RoI Align to replace RoI Pooling in Faster R-CNN. As shown in Fig. 4, by allowing decimal numbers, RoI Align does not apply quantization and rounding off operations. Four sampling pixels in RoI are selected, and bilinear difference is used to calculate the exact value of each position. Since there is a one-to-one correspondence between the regions of interest and the extracted features, they match each other exactly, which can improve the accuracy of road crack segmentation.
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Figure 4: RoI Align layer without quantization operation

2.2.4 Region Proposal Classification Network and the Mask Branch

The network mainly aims to classify the RoI of road cracks, and to conduct bounding box regression (BB regression) so as to re-correct the target boundary frame and realize the detection and segmentation of the RoI in the mask branch network. The mask branch is a fully convolutional network (FCN) [46] applied to each RoI to predict a segmentation mask in a pixel-to-pixel manner. After many experiments, the experimental results of Intersection-over-Union (IoU) with critical values of 0.5, 0.6, 0.7, 0.8 are compared, and the results show that when the IoU value is 0.7, there is the best segmentation effect. Therefore, if IoU of the predicted RoI and the actual region is greater than 0.7, the prediction is a positive RoI. When the RoI area agrees with the prediction result in the road crack classification module, the RoI area is the output.

2.3 Loss Function

The loss function defined in this work to train the modified Mask R-CNN model is given by:

L=L(ti,Pi)+Lcls+Lbox+Lmask(7)

 where, L(ti, Pi) is the loss function of RPN defined in this work. Lcls, Lbox and Lmask, represent the classification loss, the bounding box loss, and the mask segmentation loss, respectively.

3  Dataset and Experiment Configurations

This section details the construction process of the data set and the configuration of the parameters for modified Mask R-CNN model training, validation and testing.

3.1 Experimental Dataset

3.1.1 Dataset Collection

As shown in Fig. 5, the dataset used in the developed intelligent segmentation model of the road cracks is obtained from the high-definition road crack images captured by the charge-coupled device (CCD) on-board camera in Guangzhou Expressway. The collection includes 5,689 crack images and 3000 intact images. The dataset is separated into training set, validation set and testing set at a ratio of 3:1:1, thus 3413 road crack images and 1800 intact images are used for model training, 1138 road crack images and 600 intact images are used for model validation, and the remaining 1,138 images and 600 intact images are employed as the testing dataset, as shown in Tab. 1.
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Figure 5: Examples of captured road crack images: (a) transverse crack, (b) longitudinal crack, (c) blurred crack image, (d) complex background image, (e) cross cracks
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3.1.2 Data Preprocessing

Some of the road crack images captured by the camera may vary in size and dimension, so they need to be cropped first to achieve a similar image dimension. The size of the road crack images input to the proposed intelligent segmentation model should be 512 × 512, so they need to be cropped uniformly.

3.1.3 Dataset Labeling

Before training the model, the collected and preprocessed datasets should be labeled to meet the requirements of model training. At present, most datasets are manually labeled [47,48], and small errors caused by manual labeling are ignored in the study. Thus, LabelMe, the MIT open annotation tool, is used for manually labeling the datasets. Then, the datasets are converted into a binary mask file. The binary mask file marks the road background area pixel with 0 and the road crack area pixel with 1. The process of manually labeling the datasets is depicted in Fig. 6.

[image: images]

Figure 6: Data labeling process using the LabelMe annotation tool

Firstly, the pre-processed road crack image is imported into the LabelMe annotation tool, and the outline of the road crack is determined by hand drawing. Secondly, the division of the road crack is obtained, and the corresponding JSON file is generated separately. Finally, the JSON file is converted into the mask tag file required for the model. The mask tag file includes the original image, the eight-bit mask tag of the image file, the tag coordinate file, and the tag name file. The above steps are repeated to complete the labeled of the datasets. Some original road crack images and their corresponding labels (outlines) are displayed in Fig. 7.
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Figure 7: Original road crack images and their corresponding label images: (a) transverse crack, (b) longitudinal crack, (c) two cracks, (d) cross cracks

3.2 Model Initialization

In this paper, the method of transfer learning is adopted when training the modified Mask R-CNN model, rather than training the model from scratch. According to the strategy of transfer learning, pre-trained model is used to initialize the weight parameters in modified Mask R-CNN, which can improve the efficiency of model training. In addition, this model uses error back propagation algorithm and stochastic gradient descent method to optimize the weight parameters of the model.

4  Experiments

This section introduces the model training and testing in detail and introduces the robustness analysis of the model after training as well. The proposed method is compared with other segmentation models for performance. Then, the procedures of extracting the crack area and calculating the area, length and average width of the crack at the pixel level are introduced. In addition, this section develops a crack automatic detection module for asphalt roads, which can automatically extract the number, area, length and average width of cracks on the road.

The construction, training, and testing of the modified Mask R-CNN intelligent segmentation of road cracks are all performed on Linux operating system. The platform is equipped with 8 GB RAM and Intel® Core™ i9 processors. Moreover, Nvidia 2080Ti GPU with 6 GB memory is used to accelerate and improve the efficiency of the model. The program code for the construction, training, and testing of the proposed intelligent segmentation model is written in Python programming language (Python3.6) and experimented with TensorFlow, an end-to-end open source deep learning platform.

4.1 Hyperparameter Configuration

In deep learning, many hyperparameters that affect the model must be set. Common and important hyperparameters are learning rate, momentum, and weight decay. The learning rate affects the rate of model training and learning. If it is too large, the loss value will increase and the model will not converge. If it is too small, the loss value is almost unchanged, and the model learning speed is too slow. Momentum can improve the learning efficiency, and using a weight decay can effectively protect the model from overfitting. And employing a stochastic gradient descent (SGD) optimizer can minimize the algorithm loss. In order to optimize the model hyperparameters, through multiple experiments, the experimental effects of different hyperparameter combinations are compared, as shown in Tab. 2. The best hyperparameter combination is selected: learning rate, momentum, and weight decay are set to 0.002, 0.9 and 0.0003, respectively.
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4.2 Training and Validation the Proposed Model

There are many evaluation indicators for evaluating the accuracy of segmentation methods. Mean average precision (mAP) and F1-score was employed to evaluate the performance of the model in the image segmentation [49,50]. First, the precision is calculated using Eq. (8) and the recall is calculated using Eq. (9) [51]. The precision denotes the correct rate over all the detected objects, while the recall is the rate of completeness of detected objects among all the labeled objects. Second, mAP is calculated by Eq. (10). In addition, F1-score is used to measure the performance of the classifier by calculating the harmonic mean of precision and recall. The F1-score is calculated by Eq. (11):

P=TPTP+FP(8)

R=TPTP+FN(9)

mAP=∫01P(R)dR(10)

F1-score=2×P×RP+R(11)

where, TP is the number of true positives, FP is the number of false positives, and FN is the number of false negatives. The value of mAP is the area of the P-R curve. TP and FP are related to the value of Intersection-over-Union (IoU) of model prediction results and labeling results. When the IoU value is greater than the threshold, it is determined as TP; when the IoU value is less than the threshold, it is determined as FP. Therefore, the choice of the threshold is very important, and the experimental analysis is carried out in Section 4.2.3.

4.2.1 The Influence of Different Convolutional Neural Networks on the Model

Here, we discussed the impact of three different convolutional neural networks on the modified Mask R-CNN. As shown in Tab. 3, three convolutional neural networks including VGG16, Inception and ResNet101 are applied to the experimental results of the modified Mask R-CNN road crack intelligent segmentation model.
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After several iterations, whether the model converges is determined by observing the loss change curve. When the model converges, the loss values of VGG16, Inception, and ResNet101 could reach 0.10, 0.09, and 0.04, respectively. In addition, we verify that the loss values could reach 0.11, 0.095, and 0.052, respectively. The lowest loss value of ResNet101 network is ascribed to its deeper convolutional layers and using the residual learning module. Therefore, ResNet101 convolutional neural network is used in the proposed intelligent segmentation model.

4.2.2 The Impact of the Mumber of Epochs on the Model

When training the model, the number of epochs impacts greatly on the accuracy and efficiency of the model. On the one hand, lowering the number of epochs, cutting down the training time may increase the loss value of the segmentation, thereby leading to a lower degree of accuracy of the model. On the other hand, increasing the number of epochs helps the training loss value converge to a minimum value but lengthens the training time. Therefore, in order to find the reasonable number of epochs, the current work examines the effect of model training on the model performance, loss value, and training time at four epochs of 1,000, 3,000, 5,000, and 8,000. Tab. 4 lists the loss value, mAP value, and training time of the model at different epochs.

It can be seen in Tab. 4 that when the number of epochs is 1,000 or 3,000, the loss value is large, the mAP is small, and the training effect is poor. In addition, a comparison between the training effect when the number of epochs is 5,000 and 8,000 reveals that the loss value converges to the minimum value (0.063), but the mAP value can reach its maximum value (0.952) at 5,000. Moreover, the training time required for 5,000 epochs is much shorter than that for 8,000 epochs. Therefore, setting the number of epochs at 5,000 to train the model proposed can effectively improve the recognition accuracy and efficiency of the model, while it reduces the training time. Fig. 8 illustrates some random test results of the model, and the red curve represents the outline of the asphalt road crack. It is obvious that the model can excellently detect the road cracks.
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Figure 8: Crack detection of the proposed model: (a) Original road crack images, (b) The corresponding outline

4.2.3 The Impact of the IoU Threshold on the Model

Using 1738 images of the untrained validation set, the segmentation performance of the model is verified by changing the IoU threshold (0.50, 0.60, 0.65, 0.70, 0.80). If the degree of overlap between the model prediction area and the labeling area is greater than the threshold, it is a true positive (TP). Otherwise, it is false positive (FP). Calculate a series of evaluation indicators such as precision, recall, F1-score and mAP, and the results are shown in Tab. 5. Based on the obtained results, when the IoU threshold is 0.65, had a precision of 0.959, recall of 0.927, F1-score of 0.944, and mAP of 0.949. Therefore, it is concluded that 0.65 can be used as the best threshold for effective model segmentation.

4.3 Test of Model Robustness against Noise

To verify the robustness of the developed model against noise when there is noise interference such as blurred images and complex backgrounds, in this paper, 205 blurred images and 151 images with complex backgrounds are selected in the testing set for model testing. Some randomly selected road crack images and their corresponding contours are shown in Fig. 9, where (a) represents the original image of noise cracks, and (b) represents the crack contour images detected by the model. Fig. 10 shows that the proposed model can correctly identify road cracks even with noise, and it is still effective for segmentation effect.
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Figure 9: Road crack detection on noisy image: (a) Crack images with noise, (b) Corresponding detected results by the model

In order to show the segmentation effect of the model intuitively, this paper analyzes the evaluation index of the model accuracy. Tab. 6 shows the precision, recall, F1-score, mAP value and test time of 205 blurred images and 151 complex background images for model testing. It can be seen from Tab. 6 that the test mAP value of the blurred images is 0.926, while the mAP value of the complex background image is 0.938. The F1-score values are 0.931 and 0.935, respectively. The average test time of the two types is 23 and 18 s. Therefore, the method proposed in this paper has good noise robustness and wide applicability.

4.4 Evaluation of Different Models

4.4.1 Comparison with Basic Model

In order to well evaluate the effectiveness of the proposed method, we compare the proposed method with other basic semantic segmentation methods. FCN is a pixel-level, end-to-end deep learning algorithm for image segmentation. FCN performs well in the task of image segmentation. Threshold segmentation is the traditional image segmentation method. Under the same environment and settings, by experimenting on the testing set, the experimental results are obtained as shown in Fig. 10. Fig. 10 shows four examples of damage segmentations, (a) transverse cracks, (b) longitudinal cracks, (c) two cracks, and (d) cross cracks.
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Figure 10: Comparison results of the proposed model, FCN, and threshold segmentation: (a) transverse crack, (b) longitudinal crack, (c) two cracks, (d) cross cracks
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Comparisons of the best results in the validation processes of the modified Mask R-CNN, FCN and the threshold segmentation are listed in Tab. 7. It can be clearly seen in Tab. 7 that the mAP and F1-score of the model proposed can reach 0.952 and 0.944, respectively, which are much higher than that of the two other algorithms. In terms of the recognition time, this model is basically the same as FCN, and both of them are superior to the threshold segmentation. Therefore, according to the above comprehensive analysis, the proposed model is able to be more effectively and quickly identify the road cracks.
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4.4.2 Comparison with Advanced Crack Segmentation Model

In order to further prove the segmentation performance of the proposed model, this paper compares with the latest research results. A comparison of some recent research regarding the performance of road crack segmentation is summarized in Tab. 8. It can be seen from Tab. 8 that the algorithm in this paper has a higher F1-score value than the methods proposed in the other four references. It proves that the method in this paper has more effective segmentation performance.
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4.5 Extracting Cracks from Images

After training and testing the network, the crack prediction results are accurate, which proves that the proposed method has effective crack segmentation performance. This section intelligently extracts crack damage topological information from the images processed by this model. The successful extraction of crack topological information helps to accurately measure the area, length and average width of the crack at the pixel level.

In this paper, the predicted mask image is firstly extracted, and the mask image is binarized. Then, we completely map the binarized mask image to the original image, which can extract the crack topological information.

Fig. 11 shows extracted images of asphalt road cracks under various conditions. Figs. 11a–11d show the prediction results of normal condition images, blurred images, complex background images, and two crack images. Fig. 11 also shows the extracted results of crack damage area. It can be seen from Fig. 11 that the model proposed can effectively extract the crack topological information under the above four conditions.

[image: images]

Figure 11: Examples of prediction mask image and crack image extraction under four conditions

4.6 Automatic Measurement of Crack Information

To provide a more effective reference in the construction project, this section calculates the damage area, length and average width of the crack at the pixel level. From the topological information extracted in this paper, the crack morphological features like crack area, length and mean width could be calculated at the pixel level.

In the extracted crack image, the damage area of the crack is obtained by counting the number of pixels in the crack using a traversal algorithm [52,53], as shown in Eqs. (12) and (13). In the calculation process of the crack length, this paper firstly uses the edge examination algorithm to extract the crack skeleton. Then the number of pixels of the skeleton and calculate the pixel value of the crack length is counted, as shown in Eq. (14). The way to calculating the pixel value of the average crack width is shown in Eq. (15).

Contour=FindContours(Input image)(12)

Ap=ContourArea(Contour)(13)

Lp=ArcLength(Contour)(14)

Wavg=ApLp(15)

where Wavg represents the pixel value of the average width of the crack, Ap represents the pixel value of the crack area, FindContours() is the contour extraction function, ContourArea() is the calculation function of the contour area, ArcLength() is the calculation function of the contour length, and Lp represents the pixel value of the crack length.

Fig. 12 shows the calculation results of the crack area, length and the average width at the pixel level under the four conditions in Fig. 11, and use the same method to measure the size of the original image. The original size and predicted size information in Fig. 12 are shown in Tab. 9. At the same time, the error rate is calculated.

[image: images]

Figure 12: Examples of measurement results under for four conditions: (a) Normal condition image, (b) Blurred image, (c) Complex background image, (d) Two crack image

[image: images]

In order to further prove the validity of the predicted size in this paper, the predicted size of the damaged area of 1138 test crack images are compared with the original size, as shown in Fig. 13. It can be seen from Fig. 13 that the prediction crack areas essentially agree with the true crack areas. And the average error rate of crack damage is calculated, the value is 4.97%. The error rate results show that the method proposed in this paper is feasible and effective for crack identification and measurement.

[image: images]

Figure 13: True areas and prediction areas of testing images

4.7 Automatic Detection Platform

The road crack automatic detection platform is developed in this paper, which can automatically extract the number, area, length and average width of cracks in the road and display the extracted crack information through the real-time display window as well. A road damage information database is also formed, contributing to road maintenance. The platform can directly collect video data and input the video data to the network. The network can automatically detect the video frame by frame without human intervention. The real-time display window contains the picture number, picture name, number of cracks and crack size information. Moreover, it can also click the view button to view the corresponding picture information and crack image through the window. As shown in Fig. 14, the crack information of the four images in Fig. 12 is displayed.

[image: images]

Figure 14: Real-time display platform

The View button is clicked to view the specific picture information and the corresponding crack image. Fig. 15 shows the information and crack image of picture 1. By developing a road crack automatic detection module, crack information can be extracted automatically. And through the real-time display window, the extracted crack information is effectively displayed to the user, which provides superior assistance for engineering practice.

[image: images]

Figure 15: Example of a specific picture display window

5  Conclusions

An intelligent crack detection model based on the modified Mask R-CNN was proposed in this paper to automatically segment and measure asphalt road cracks. This paper optimized the region proposal network by adjusting the anchor and using Soft-NMS instead of NMS, thereby improving the accuracy and efficiency of segmentation. The charge-coupled device (CCD) on-board camera was used to collect 8,689 images on the highway, and the collected images were pre-processed and adjusted to the size of 512 × 512 pixels. The dataset was built by labeling and adjusting the collected images.

Then transfer learning technique was leveraged to initialize modified Mask R-CNN model parameters. To find the optimal training model, the best convolutional networks and epochs were selected via trial-and-error. Based on the experiments, the best trained model achieved the highest mAP of 0.952. The robustness of the model was tested using 356 testing images which were not used for training and validation. The testing results showed that the trained model has effective segmentation performance. Subsequently, the comparative experiment between the proposed method, FCN and threshold segmentation basic method was conducted, and the comparative results showed that the modified Mask R-CNN was very effective for road crack segmentation and had more obvious advantages.

Based on the segmentation results, the topological information of cracks was extracted intelligently under four conditions (normal image, blurred image, complex background image, and two crack in one image). The area and length of the crack were calculated at pixel level, and the average width could be further calculated. Then, the comparison study between the predicted crack size and crack truth size was conducted, which proved the effectiveness of the proposed model in crack segmentation and measurement. To provide more timely and effective information, this paper developed a road crack automatic detection platform, which displayed the automatic extraction process of crack information in real time. The platform can realize damage information transmission and provide important effective reference for engineering practice.

In the future studies, we will expand the database, which contains more various types of road damages to realize intelligent segmentation and automatic measurement of asphalt road. In addition, we will focus on the research of crack physical size measurement and 3D point cloud segmentation to realize the physical size measurement of crack length, width, area and depth.
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Table 3: Training results ot difterent convolutional networks

Network Train Loss Value Loss Value mAP
VGGI16 0.10 0.11 0.883
Inception 0.09 0.095 0.895
ResNet101 0.04 0.052 0.949
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Table 8: Performance comparison of road crack segmentation methods 1n recent research

Reference Segmentation type

Methods

Evaluation

This study Road crack

Road crack

Modified mask
Random structured forest + three-threshold

Concrete road crack Semi-supervised semantic segmentation
Concrete road crack Improved VGGI16

Road crack

Optimized FCN

F1-score = 0.949
F1-score = 0.926
F1l-score = 0.888
F1-score = 0.901
F1-score = 0.799
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Table 4: Training results ot different epochs

Epoch Loss mAP Training time (min)
1,000 0.157 0.756 105
3,000 0.125 0.725 327
5,000 0.063 0.952 536
8,000 0.067 0.946 863
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Table 9: Quantitative measurement results of cracks

Type Original size Predicted size Error rate (%)
Ap Lp Wag  Ap Lp Wayg

Normal condition 6,646 512 12 6409 498 11 3.69

Blurred image 6,099 509 11 5693 475 11 7.13

Complex background 10,010 515 19 9459 487 18 5.83

Two cracks 4,353/3,790 363/334 11/11 4178/3610 348/323 11/10 4.56
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Table 7: Performance of the proposed model, FCN, and threshold segmentation

Algorithm F1-score mAP Recognition time (s)
The proposed model 0.949 0.952 15
FCN 0.903 0.896 13
Threshold segmentation 0.775 0.752 46
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Table 1: Image data for training, validation, and testing

Image Training Validation Testing

Crack 3413 1138 1138
Intact 1800 600 600
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Picture number & Picture name Number of cracks < Lp Wavg Ap ¢ View

1 1png 1 512 12 6646
2 2.png 1 500 11 6099
3 3.png 1 515 19 10010

4 4png 2 3637334 1 43533790

Real-time display module
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Table 6: Analysis of segmentation performance on noisy images

Type Quantity P R F1-score mAP Average test time
Blurred images 205 0.939 0.925 0.931 0.926 23
Complex background 151 0.945

0.927 0.935 0.938 18
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Table 2: Hyperparameter configuration

Learning rate Momentum Weight decay Loss
0.002 0.8 0.0003 0.054
0.002 0.9 0.0005 0.057
0.002 0.9 0.0003 0.048
0.005 0.9 0.0003 0.059
0.005 0.8 0.0003 0.056
0.001 0.8 0.0003 0.070
0.001 0.9 0.0005 0.077
0.002 0.95 0.0003 0.052

0.002 0.9 0.0001 0.063
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Table S: validation results of different thresholds

Threshold TP FP FN P R F1-score mAP
0.55 1056 100 79 0913 0.930 0.921 0.928
0.60 1056 67 80 0.942 0.929 0.935 0.942
0.65 1055 45 83 0.959 0.927 0.944 0.949
0.70 1034 59 100 0.946 0912 0.929 0.935

0.80 1025 52 111 0.952 0.902 0.926 0.931
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