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Abstract: Regular inspection of bridge cracks is crucial to bridge maintenance and repair. The traditional manual crack detection methods are time-consuming, dangerous and subjective. At the same time, for the existing mainstream vision-based automatic crack detection algorithms, it is challenging to detect fine cracks and balance the detection accuracy and speed. Therefore, this paper proposes a new bridge crack segmentation method based on parallel attention mechanism and multi-scale features fusion on top of the DeeplabV3+ network framework. First, the improved lightweight MobileNet-v2 network and dilated separable convolution are integrated into the original DeeplabV3+ network to improve the original backbone network Xception and atrous spatial pyramid pooling (ASPP) module, respectively, dramatically reducing the number of parameters in the network and accelerates the training and prediction speed of the model. Moreover, we introduce the parallel attention mechanism into the encoding and decoding stages. The attention to the crack regions can be enhanced from the aspects of both channel and spatial parts and significantly suppress the interference of various noises. Finally, we further improve the detection performance of the model for fine cracks by introducing a multi-scale features fusion module. Our research results are validated on the self-made dataset. The experiments show that our method is more accurate than other methods. Its intersection of union (IoU) and F1-score (F1) are increased to 77.96% and 87.57%, respectively. In addition, the number of parameters is only 4.10 M, which is much smaller than the original network; also, the frames per second (FPS) is increased to 15 frames/s. The results prove that the proposed method fits well the requirements of rapid and accurate detection of bridge cracks and is superior to other methods.
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1  Introduction

As a crucial part of transportation lines, bridges play an essential role in the development of the social economy [1]. However, due to factors such as unstable foundations, excessive loads, and temperature differences, bridges can develop undesirable cracks, thus reducing the service life of the bridge and even causing bridge collapse accidents. The related studies have revealed that 90% of bridge damage collapses are caused by cracks [2]. Therefore, it is essential to inspect and repair bridge cracks regularly. Conventional bridge crack detection mainly adopts manual detection, which has the problems of low detection accuracy, time-consuming and high risk. An accurate and efficient method for automatically detecting bridge cracks is urgently needed to overcome the shortcomings of manual inspection methods.

Initially, image processing methods were the mainstream methods for crack detection. However, traditional image processing methods can only complete accurate detection on crack images with high contrast [3]. Subsequently, the proposed crack detection methods based on machine learning can improve the detection accuracy to a certain extent, but it is challenging to extract features [4].

In recent years, with deep learning becoming a research hotspot in artificial intelligence, a variety of deep learning networks have been proposed [5–8]. Since deep learning networks can solve complex problems by automatically learning features at different levels, researchers have applied them to the detection of cracks. The most noteworthy is the semantic segmentation algorithms, such as fully convolutional neural network (FCN) [7], unity networking (U-net) [8] with typical encoder-decoder structure and etc. Studies show that semantic segmentation algorithms have high accuracy in crack detection, but there are still some non-negligible problems. Schmugge et al. applied SegNet to pavement crack detection [9,10], where the pooling layer in the network leads to the loss of crack details in different regions, making the network unable to use context information fully. Thus, this method will produce discontinuous or missed detection for cracks with complex topology structures. Using U-net with the encoder-decoder structure to detect cracks will also have the same problem mentioned above [11]. On the other hand, the background of bridge crack images can be complex and noisy, which makes the detection work difficult. The introduction of the attention mechanism can establish the correlation between features, allowing us to focus more on the crack regions while suppressing information from irrelevant areas. In addition to the above problems, there are few studies on the imbalance between detection accuracy and speed of existing crack detection algorithms. If a complex backbone feature extraction network is used, it will increase training and prediction time. Conversely, if a single lightweight network is used, it will lead to a decrease in feature extraction capability and detection accuracy.

Based on the above analysis, we propose a bridge crack detection method based on parallel attention mechanism and multi-scale features fusion. The method is based on the framework of the deep learning algorithm DeeplabV3+. Firstly, we replace the backbone network Xception in the original network with a modified lightweight network based on MobileNet-v2. Then, the standard dilated convolution is replaced with the dilated separable convolution to improve the atrous spatial pyramid pooling (ASPP) module. The above two operations can reduce the complexity of the model and speed up the model training and prediction. Additionally, the parallel attention mechanism is introduced to improve the representation of important features in different stages. Finally, we fuse the multi-scale low-level features with the high-level features in the decoding stage to better utilize the features at different levels and improve the detection ability of fine cracks.

In summary, the main contributions of this paper are as follows:

(1)   We improve the lightweight network MobileNet-v2 and apply it as the backbone network in the DeeplabV3+ network, which can significantly reduce the parameters. We introduce the dilated convolution into MobileNet-v2 to obtain a larger receptive field, which can improve the accuracy of crack segmentation.

(2)   We propose the dilated separable convolution to replace the standard dilated convolution, which can dramatically reduce the number of parameters in the network and accelerate the training and forecasting speed.

(3)   We introduce the parallel attention mechanism into the encoding and decoding stages to effectively improve the representation of the vital crack features.

(4)   We adopt a multi-scale features fusion module to further improve the detection performance of the model for fine cracks.

(5)   We use sliding window technology to create a dataset of bridge crack images and conduct evaluation experiments to prove the superiority of our method. The experimental results show the intersection of union (IoU) and F1-score (F1) of our method are increased to 77.96% and 87.57%, respectively, the number of parameters is only 4.10 M, and the frames per second (FPS) is increased to 15 frames/s.

The main contents of the remaining chapters of this paper are as follows: Section 2 introduces the development of the crack detection field. Section 3 details the overall structure of the proposed method and each module. Section 4 presents the preparation of datasets and the details of the experimental setup. Section 5 illustrates and analyses the experimental results. Section 6 concludes this paper.

2  Related Work

In this section, we introduce some typical algorithms of crack detection, divided into three categories: image processing-based methods, machine learning-based methods, and deep learning-based methods.

2.1 Image Processing

In order to realize automatically detect cracks, more and more methods based on image processing are proposed. The most widely used algorithms are the edge detection algorithm [3,12] threshold segmentation method [13,14], and filter-based algorithm [15,16].

In the early edge detection stage, local information such as brightness, color, texture, and gradient are mainly used. The commonly used edge detection algorithms include Canny and Sobel arithmetic. Ayenu-Prah et al. [3] applied bidimensional empirical mode decomposition (BEMD) to remove noise and analyzed the residual image with the Sobel edge detector for crack detection. However, the Sobel method still suffered from the effects of noise when the images had many irregularities. Zhao et al. [12] proposed a new Canny edge detection method based on the OpenCV library to process the video data so as to protect and improve the real-time accuracy of pavement crack detection. The principle of the threshold segmentation method comes from the difference between the gray scale range of target and background. The image pixels are divided into target and background regions by setting different feature thresholds. Akagic et al. [13] proposed a new unsupervised method for detecting cracks with gray color-based histograms and Otsu's thresholding method on two-dimensional pavement images. Chen et al. [14] combined the global and local thresholds to segment the images to distinguish cracked and non-cracked regions, but this method did not perform well in detecting cracks with high clutter conditions. In addition, filter-based algorithms are also applied to crack detection, which can effectively remove the complex noise information around the bridge cracks. Li et al. [16] proposed a new detection algorithm based on the Bilateral-Frangi filter, which enhanced the crack structure while realizing edge protection and denoising simultaneously to improve the accuracy of crack detection.

2.2 Machine Learning

With the development of computer vision technology, machine learning is also gradually applied to the field of crack detection. Machine learning algorithms are mainly divided into supervised learning and unsupervised learning, and researchers mostly use supervised learning algorithms to detect cracks. Firstly, an optimal model is obtained by supervised learning training using existing crack samples, and then use the model to predict cracks.

Sheng et al. [4] trained the model with a gradient boost decision tree and then used the trained model to test each pixel in the crack image to determine whether it is a part of the crack. However, the method has only been performed on static images so far, limiting the model's scope of application. Li et al. [17] combined the linear support vector machine (SVM) using a greedy search strategy and the modified region-based active contour model for crack detection. This method can quickly detect cracks and obtain better detection accuracy. Chen et al. [18] proposed a novel crack detection method based on local binary patterns (LBP) [19], support vector machine [20], and Bayesian decision theory, which can enhance the accuracy and robustness of detection, but there were still some false detections. Peng et al. [21] proposed a triple-thresholds pavement crack detection method leveraging random structured forest, which can obtain preliminary crack detection results while suppressing noise. Nevertheless, the feature extraction engineering of traditional machine learning algorithms is often very time-consuming and labor-intensive. In addition, unique feature extraction methods need to be designed for bridge crack images with different textures, which makes the generalization performance of the model poor.

2.3 Deep Learning

Automatically learning features is the most significant advantage of deep learning algorithms, so some scholars have proposed crack detection methods based on image classification and object detection, which opened up a new way for the field of crack detection. Xu et al. [22] proposed an efficient and high-precision end-to-end crack detection model based on the convolutional neural network (CNN), which had higher recognition accuracy and faster recognition speed than previous classification models. Subsequently, based on this paper, Li et al. [23] proposed the Skip-Squeeze-Excitation Networks and added the ASPP module into the model. Compared with the method in Ref. [22], the detection accuracy of this method was further increased by 1.4% with the same model complexity. Besides, Yang et al. [24] used the trained you only look once (YOLO) V3 model can accurately detect cracks in images and videos. However, these methods can only identify the presence of cracks or roughly frame out cracks and cannot accurately extract cracks at the pixel level. Semantic segmentation-based crack detection methods can precisely meet this requirement. Therefore, more and more scholars tend to research crack detection based on semantic segmentation algorithms [25–30].

Dung et al. [28] used the fully convolutional network to achieve proper crack segmentation of the concrete crack images. However, due to the use of a more complex visual geometry group (VGG)-based encoding network, the detection speed of the model needed to be improved. Ren et al. [29] proposed an improved deep fully convolutional neural network Cracksegnet for tunnel crack segmentation, which showed higher detection accuracy and better generalization performance. Liu et al. [30] proposed using U-net for pixel-level crack detection. Although this method repaired the detailed features and obtained higher accuracy through multi-scale features fusion and up-sampling, the crack information was lost to a certain extent. To address such a problem, Li et al. [31] applied dense atrous convolution (DAC) block and residual multi-kernel pooling (RMP) block to retain more crack information and features from the crack images. Xiang et al. [32] adopted the pyramid module to exploit context information fully. In addition, the attention mechanism has also been a research hotspot in crack detection in recent years. Song et al. [33] proposed a model that introduced a multi-scale expansion attention module after the encoder to generate more detailed crack detection results. Wan et al. [34] proposed a crack detection method based on an encoder-decoder deconstruction, which realized a high-precision detection of pavement cracks by adding a channel-spatial combined attention module after each encoder.

In summary, the existing crack detection algorithms based on deep learning do not achieve the balance between detection accuracy and speed. As a result, we propose to replace the original backbone network with the modified MobileNet-v2 network and add depthwise separable convolution to the ASPP module. This operation not only resolves this problem but also maintains the segmentation accuracy. Furthermore, combined with the above improvement ideas, a multi-scale features fusion module is introduced to further strengthen the attention to the underlying details and ensure that small targets are not lost, so as to obtain favorable detection results.

3  Our Method

As shown in Fig. 1, our model framework consists of two parts: the encoder composed of a modified backbone network and improved ASPP module, and the decoder based on multi-scale features fusion module. First of all, the collected bridge crack images are inputted into the improved backbone network to extract features and generate multi-scale feature maps for feature fusion in the following steps. Then, the ASPP module with depthwise separable convolution and parallel attention mechanisms is used to refine the high-level feature maps. Finally, we adopt the multi-scale features fusion module to generate more accurate crack segmentation results. The model based on the parallel attention mechanism and multi-scale features fusion proposed in this paper performs well in bridge crack detection tasks. The entire process for detecting bridge cracks using our novel method is shown in Algorithm 1.
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Figure 1: Structure of the crack detection model
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3.1 Improvement of Backbone Network

The backbone network of the original DeeplabV3+ is Xception. However, it has a large number of parameters, making the model training and prediction slower, which does not apply to the task of fast crack detection. To meet the requirement of balancing the speed and accuracy of crack detection, we use the modified MobileNet-v2 as the backbone network. The network structure of the modified MobileNet-v2 is shown in Table 1. Since the continuous down-sampling of the network will lead to the reduction of the size of the feature maps and the loss of details, the dilated convolution is used instead of the standard convolution in the last four layers of the original network, and the step size of the 5th and 7th layers is changed to 1. Dilated convolution can obtain a larger receptive field without increasing the number of parameters while keeping the resolution size of the output feature map unchanged. If the original MobileNet-v2 is used as the backbone network, the size of the output feature map is 16 × 16 when the input image size is 512 × 512. In comparison, the improved MobileNet-v2 has an output feature map size of 64 × 64 due to the dilated convolution, which can retain more crack image details and improve the accuracy of crack segmentation.

[image: images]

3.2 Dilated Separable Convolution

In this paper, we combine dilated convolution and depthwise separable convolution to form dilated separable convolution, which can significantly reduce model parameters and improve the training and forecasting speed. Dilated separable convolution is mainly applied in the ASPP module in Fig. 1.

The receptive field is significant in image segmentation, which determines the upper limit of the size that the network can detect. Dilated convolution aggregates a more extensive range of feature information by adding spacing to the kernel of standard convolution, which gives the network a larger receptive field without increasing the parameters and ensures that the size of the output feature map remains constant. Fig. 2 shows dilated convolution with different rates. Fig. 2a is standard convolution, and Fig. 2b shows the rate of dilated convolution is 2, which means that the receptive field of the convolution kernel is 5 × 5 = 25.

[image: images]

Figure 2: Dilated convolution. (a) Standard convolution, (b) Dilated convolution

The depthwise separable convolution [35] is composed of depthwise and pointwise convolution. Depthwise convolution exploits spatial location information, and pointwise convolution fuses inter-channel information. As shown in Fig. 3, convolutions with a kernel size of 3 × 3 are carried out for each channel of the input feature map to output the channel-separated characteristic attributes. Then the output feature map is obtained using a 1 × 1 convolution at each location. The depthwise separable convolution can effectively suppress the increase of the model's parameters under the premise that the performance is comparable to the standard convolution, thereby reducing the complexity of the model.
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Figure 3: Depthwise separable convolution

3.3 Parallel Attention Mechanism

Segmentation of bridge cracks is tremendously disturbed by noise in bridge crack images. The attention mechanism can refine the characteristics of cracks so that the network can rapidly scan the entire crack image and identify the areas that require attention. In this paper, the parallel attention module is added to the encoder and decoder to efficiently select and filter features and suppress interference brought on by irrelevant information. Fig. 4 demonstrates the primary structure of the parallel attention module.
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Figure 4: Parallel attention mechanism

Assuming that the input feature map is F, we can obtain the feature map P and Q through the parallel attention module. The P refers to the output of the channel attention branch, while Q refers to the output of the spatial attention branch. The refined feature map F1 is defined as:

F1=σ(P⊕Q)=σ((Fc⊗F)⊕(Fs⊗F))(1)

where σ is ReLu activation function, Fc and Fs represent channel attention map and spatial attention map respectively, ⊕ denotes element-wise addition, and ⊗ represents multiply operation.

The upper part of Fig. 4 illustrates that the channel attention module is a combination of the global maximum pooling and one-dimensional convolution. First, we adopt the global maximum pooling on the input feature map F to generate a 1 × 1× C feature vector. Then the one-dimensional convolution is performed on the feature vector. Finally, the sigmoid function is performed to gain the channel attention weighting map Fc, defined as:

Fc=σ1(Conv(MaxPool(F)))(2)

where Conv represents one-dimensional convolution with convolution kernel size k, and the expression is k=|log2C+br|odd, C reflects the number of channels, |X|odd conveys the nearest odd number to X, r and b are 2 and 1, respectively.

The spatial attention module comprises the average pooling and maximum pooling, as observed in the lower portion of Fig. 4. First, the average pooling and maximum pooling are performed on the input feature map F in the channel dimension to generate two feature maps. Then we multiply them element by element. Finally, the spatial attention weighting map Fs is procured using the sigmoid function and is defined as:

Fs=σ1(AvgPool(F)⊗MaxPool(F))(3)

where σ1 represents Sigmoid activation function.

As displayed in Fig. 1, the attention module is connected to each branch of the ASPP module during the encoding stage, strengthening the quality of the generated high-level feature maps and gaining more beneficial high-level semantic feature information. Regarding the decoding stage, the attention module is connected after the low-level features generated by the network to refine the detailed features of the cracks on the low-level feature maps. Then, the multi-scale feature maps are fused by the feature fusion module to yield a more discriminative feature map.

3.4 Multi-Scale Features Fusion Module

The features at different levels of the neural network also vary tremendously. Specifically, the high-level features focus more on semantic information but are not enough to describe the detailed information, while the low-level features contain rich spatial detail information. The original DeeplabV3+ only fuses a single low-level feature map with the high-level feature map obtained by the encoder, then recovers to the resolution of the original image through four times bilinear interpolation up-sampling. Nevertheless, the bridge crack images contain a host of fine cracks. Suppose only a single low-level feature map and high-level feature map are fused to extract the target features. In that case, it will possibly lead to the loss of small targets, which is unquestionably fatal to the detection of fine bridge cracks.

Since each feature map generated in the bottom stages of the backbone network is of paramount importance to the final crack segmentation results, this paper makes improvements to the feature fusion module based on the idea of multi-scale spatial fusion [36]. Both multi-scale low-level feature maps and high-level feature maps are fused to enhance the detection ability of the model for fine cracks. As depicted in Fig. 5, the improved network has four feature fusion branches, where FL1, FL2, and FL3 represent the low-level feature maps, and FH represents the high-level feature map. Firstly, we up-sample low-level feature maps FL2 and FL3 by two times to acquire the same size as FL1. Then, 1 × 1 convolution is utilized to compress the feature channels for these three feature maps to get feature indications FL1′, FL2′, and FL3′, which are considered as guides for the low-level features. In addition, we use up-sampling to change the size of the high-level feature map FH and achieve the high-level feature indicator FH′. Finally, they are fused to fully integrate various detailed features and elevate the accuracy of image segmentation.
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Figure 5: The structure of multi-scale features fusion module

3.5 Combined Loss Function

We use the improved binary cross-entropy loss (Focal loss) + dice coefficient loss (Dice loss) as the loss function of the algorithm. Due to the small proportion of the foreground part of the cracks in the bridge crack images, the ordinary binary cross-entropy loss will be affected by the category imbalance. As a result, the learning of crack characteristics by the network is inhibited. The Focal loss function [37] solves the category imbalance problem by introducing a weighting factor to reduce the weight on easily classified samples, defined as follows:

LFocal=−1N∑i=1N[−yiβ(1−pi)γlog(pi)+(1−yi)(1−β)piγlog(1−pi)](4)

where N is the total number of picture pixels, yi is the label value of the ith pixel, pi is the predicted value of the ith pixel, γ and β are 2 and 0.25, respectively.

The Dice loss function [38] is a region-dependent loss function. Its essence is to measure the overlapping part between two samples, which makes the network prefer to tap the crack foreground part during the training process so that it can solve the imbalance between positive and negative samples to some extent. However, when yi and pi are too small, it will lead to a significant change in the loss values, thus making the gradient change drastically and causing training instability. The Dice loss function is defined as follows:

LDice=1−∑i=1Nyipi+ε∑i=1Nyi+pi+ε−∑i=1N(1−yi)(1−pi)+ε∑i=1N2−yi−pi+ε(5)

where N is the total number of picture pixels, yi is the label value of the ith pixel, pi is the predicted value of the ith pixel, ε is the smoothing coefficient, and the value is 1.

Using the combined loss function can make the training of the model more stable and effectively solve the imbalance between positive and negative samples of pixels in the crack images simultaneously so that the model has more accurate crack segmentation results. The combined loss function is defined as follows:

L=LFocal+LDice(6)

where LFocal is the Focal loss function, LDice is the Dice loss function.

4  Datasets and Experimental Design

4.1 Datasets

The training of deep convolutional neural networks requires a large number of labeled datasets as a basis, but there is currently no suitable open-source dataset of bridge cracks. The dataset of this paper comes from two parts: First, 1000 crack images with a resolution of 1024 × 1024 were extracted from the Ref. [39], then a fixed-sized sliding window was used to crop the crack images without overlapping, and the cropped images are filtered to remove the crack-free and blurred images, finally got the crack images with a resolution of 512 × 512 for training. Second, 148 images with a resolution of 5472 × 3648 were obtained by unmanned aerial vehicle (UAV), then used the same image cropping and filtering method as above to get sub-images with 512 × 512 pixels. We combined the above two datasets and manually labeled the images using the image labeling software Labelme to obtain their masks. However, if we want the deep convolutional neural network to get better training, merely using these data is insufficient and can lead to overfitting of the network model. Therefore, we performed data augmentation on the dataset. As shown in Fig. 6, the data augmentation methods include horizontal flip, vertical flip, random brightness, and hue-saturation-value (HSV) sharpening. Finally, 4766 crack images with 512 × 512 pixels were obtained as the dataset and randomly divided images in the dataset, including 80% as the training set, 10% as the validation set, and 10% as the test set.

[image: images]

Figure 6: Crack dataset augmentation. (a) Raw image, (b) Horizontal flip, (c) Vertical flip, (d) Random brightness, (e) Hue-saturation-value (HSV) sharpening

4.2 Experimental Environment

The configuration of the experimental environment in this paper is shown in Table 2. Using Adam optimizer during the training process can accelerate the convergence of the network training. The network will fail to converge or oscillate around the optimal value if there is an excessive learning rate. In contrast, an undersized learning rate can cause the network to converge very slowly or to a local optimum. Therefore, the initial learning rate is very significant. For the training, the initial learning rate is 0.0001, the step size is 1, and the decay coefficient is 0.94. In order to control the batch size of the experimental model is consistent, the batch size is 8, and the number of iterations is 100 epochs.
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4.3 Evaluation Indicators

Semantic segmentation is a pixel-level classification, and crack segmentation is essentially a dichotomous classification of each image pixel. To evaluate the performance of bridge crack segmentation algorithms intuitively and quantitatively, we use the pixel IoU and F1 as evaluation indicators. The definition of these indicators is related to the pixel evaluation categories, shown in Table 3. The expressions of the evaluation indices are as follows:

IoU=TPTP+FP+FN(7)

F1=2×P×RP+R(8)

where P is the Precision, R is the Recall, and the expressions are:

P=TPTP+FP(9)

R=TPTP+FN(10)
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5  Experimental Results and Analysis

This section is divided into three sub-sections, namely comparative experiment of different loss functions, ablation experiment of the improved module, and comparative experiment of different models. We describe this section from loss function, detection accuracy, parameter, and FPS. Based on the above description to verify the effectiveness of our method.

5.1 Comparative Experiment of Different Loss Functions

To compare the effects of the three different loss functions on our method, the Focal loss function, the Dice loss function, and the combination of them are used as the loss functions of our algorithm, respectively. Then, as shown in Fig. 7, three sets of experiments are carried out on the same dataset to obtain the corresponding evaluation metrics.

[image: images]

Figure 7: Evaluation in crack detection with different loss functions

When the Focal loss function is selected, the model has a low recall and a relatively high accuracy. In contrast, when using the Dice loss function, the model's accuracy is low, and the recall is relatively high. The combined loss function can combine these two advantages to make the model training more stable and solve the problem of unbalanced pixel categories. The recall of the model is significantly improved under the condition that a small amount of precision loss is guaranteed. The recall is 7.8% and 1.59% higher than the Dice loss function and Focal loss function, respectively, and the precision is only 0.6% lower than the Focal loss function alone. Through the above analysis, the combination loss function can get better all-around performance from the perspective of the actual demand for crack detection.

5.2 Ablation Experiment of the Improved Module

To prove the effectiveness of each improvement module in this paper, we train the network on the train set and evaluate it on the test set. The training parameters and loss function are the same for each model, and the loss function is the combined loss function. The results are compared as shown in Table 4, where IB represents the improved backbone network, DSC represents the dilated separable convolution, Attention represents the parallel attention mechanism, and MFF represents the multi-scale features fusion module.

[image: images]

Improvement of backbone: To prove the effectiveness of the improved backbone network, we conduct experiments to analyze and compare. The backbone network in this paper is the improved MobileNet-v2, which introduces dilated convolution to enlarge the receptive field without losing information so that each convolution output contains an extensive range of information. Table 4 shows that the improved backbone network can reduce the model parameters by one order of magnitude compared with the original backbone network and increase the IoU and F1 by 1.2% and 0.8%, respectively.

Dilated separable convolution: As mentioned above, to reduce the redundancy of the model and accelerate the model training and prediction, we replace the dilated convolution in the ASPP module with the dilated separable convolution. As shown in Table 4, under the premise of the equivalent accuracy, the parameters of the model are reduced by 34%.

Parallel Attention Mechanism: We introduce the parallel attention module in the encoding and decoding stages to select and filter features effectively and suppress the interference caused by irrelevant information. It can be seen from Table 4 that the addition of the parallel attention module increases IoU and F1 by 2.91% and 1.88%, respectively. Our attention module can obtain more complementary features, which is more conducive to accurately segmenting cracks.

Multi-scale features fusion module: To enhance the detection performance of the model for fine cracks and improve the segmentation accuracy of the model, we introduce a multi-scale features fusion module to fully use the relatively complete spatial position information in the low-level feature maps. The indicators in Table 4 show that the multi-scale features fusion module can increase IoU by 0.61% and F1 by 0.34%. Therefore, we can conclude that the multi-scale features fusion module is adequate for bridge crack segmentation tasks.

5.3 Comparative Experiment of Different Models

In this section, we select several state-of-the-art methods for comparison, including FCN, U-net, pyramid scene parsing network (PSPNet), and Deeplabv3+. Fig. 8 shows the training losses of these five different models, and their training parameters are consistent. We can see that our method can minimize the loss value faster, and its convergence speed is significantly higher than the other four models, indicating that the performance of our method is higher than that of others.

[image: images]

Figure 8: Loss function curve

As we can see from Table 5, on the self-made bridge crack dataset, the number of parameters of our proposed method is only 12.43%, 8.77%, 16.45%, and 7.49% of that of FCN, PSPNet, U-net, and DeeplabV3+, respectively. The FPS of our method is 15 frames per second, which is 3.4 frames per second slower than the FCN algorithm ranking first in FPS, but the IoU and F1 on the test set are increased to 77.96% and 87.57%, respectively, which are much higher than FCN. The experimental results show that our method performs better than the other four mainstream semantic segmentation algorithms and can segment bridge crack images more accurately.

[image: images]

To illustrate the superiority of our method more intuitively, we randomly select five images from the test set and visualize the crack image segmentation results of the above methods for comparison. As shown in Fig. 9, where (a) is the original bridge crack image, (b) is the labeled image, and (c) to (g) are the detection results of FCN, PSPNet, U-net, DeeplabV3+, and our method, respectively. It can be found that the model proposed in this paper still maintains a better segmentation effect than other methods when detecting crack images containing noises such as shadows, occlusions, or the detected cracks are very fine. In Section 1, we mentioned that Liu et al. [11] used the U-net with a typical code-decode structure to detect cracks. Due to the presence of pooling layers, discontinuous detection and missed detection of fine cracks can occur. From Fig. 9, we can see that this situation is significantly improved after we introduce the parallel attention mechanism and multi-scale features fusion module, which further proves the effectiveness of the research in this paper.

[image: images]

Figure 9: Visualization of segmentation results of each model. (a) Raw image, (b) Label image, (c) FCN, (d) PSPNet, (e) U-net, (f) DeeplabV3+, (g) Ours

6  Conclusion

In order to balance the speed and accuracy of crack detection while improving the detection capability for fine cracks, we proposed a bridge crack segmentation method based on parallel attention mechanism and multi-scale features fusion. To ensure the simplicity of the model and speed up model prediction, we adopted a lightweight operation for the backbone network and replaced the dilated convolution of the four branches in the ASPP module with dilated separable convolution. Furthermore, we introduced the parallel attention mechanism and multi-scale features fusion module, which can effectively improve the performance of crack detection. The proposed algorithm was validated and analyzed by experiments on the self-made dataset. The results revealed that the IoU and F1 were increased to 77.96% and 87.57%, respectively, the number of parameters was only 4.10 M, and the FPS reached 15 frames/s. Compared with other algorithms, the proposed method in this paper had higher crack detection accuracy and faster detection speed, which can effectively solve the problem of unbalanced detection accuracy and speed in existing algorithms.

To sum up, our method is applicable for the efficient and accurate detection of bridge cracks. However, the similarity between specific noise and cracks is also high, and can be easily detected as cracks. Although our method has a higher detection ability than other mainstream methods, it cannot completely eliminate the influence of noise. In addition, the bridge crack data set utilized in this study is a small sample data set, and the diversity of cracks does not satisfy the demand for crack samples in practical engineering. Therefore, in future research, we will consider constructing a profound feature extraction network and a sizable bridge crack data set to lay the groundwork for subsequent automatic bridge crack detection.
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Table 1: Improved MobileNet-v2 network structure

Input Operation t c n s Rate

512°%3 Conv2d / 32 1 2 1

256*%32 Block 1 16 1 1 1

256*°x16 Block 6 24 2 2 1

128>x24 Block 6 32 3 2 1

64> x 64 Dilated 6 64 4 1 2
block

64°x96 Dilated 6 9% 3 1 2
block

64°x160 Dilated 6 160 3 1 4
block

64°x320 Dilated 6 320 1 1 4
block

Notes: Conv2d is standard two-dimensional convolution; Block is the inverted
residual structural block; Dilated block is the inverted residual structural block
with dilated convolution; t is the expansion multiple; ¢ is the number of output
channels; n is the number of corresponding modules; s is the convolution step
size when the layer appears for the first time; rate is the dilated rate in dilated
convolution.
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Table 3: Pixel evaluation categories

Labels are crack pixels Labels are background pixels

Predictions are crack pixels TP FP
Predictions are background pixels FN TN
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Table 4: Comparison of ablation experiments of improved modules

Serial number 1B DSC Attention IoU (%) P((%) R (%) FI1 (%) Param (M)
1 73.24 82.38 86.93 84.55 54.71

2 J 74.44 86.59 84.14 85.35 5.81

3 J 75.43 86.70 8531 86.00  6.05

4 v Y 74.28 84.46 86.04 8524  3.86

5 v J 77.35 8597 88.52 87.23 3.86

6 v J 77.96 86.75 88.21 8757 4.10
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Table 2: Experimental environment configuration

Configuration Parameter

Operating system Ubuntu 18.04

GPU NVIDIA RTX A4000
CPU Xeon E5-2686 v4

Development environment
Software

Pytorch 1.7.1 CUDA 11.0, cuDNN 8.0
Python3.8
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Algorithm 1: The entire process for detecting bridge cracks

Input: Bridge crack image data D
Image clipping based on sliding window, and filter and construct the crack
label images: D — D’
Data augmentation: D' — D"
Divide D" into training set 7, validation set V, test set T,
Build our crack detection model framework M
Initialize parameters of model M
Initialize iterations N
Initialize the index of iteration i <— 0
Repeat
if i < N then
Calculate the loss function in each batch
Training model M with back propagation
i<i+1
end
else
Complete the training of crack detection model M, and get the optimal
parameters for model M
Input bridge crack test image data 7, to M
Extract bridge cracks
Output bridge crack detection results
end
until Output;






OEBPS/Images/table-5.png
Table 5: Comparison of results of different models on self-made bridge crack dataset

Method ToU (%) P (%) R (%) F1 (%) Param (M)  FPS
FCN 69.02 78.4 85.1 81.61 32.95 18.4
PSPNet 73.12 82.99 86.01 84.47 46.71 10.7
U-net 73.59 82.47 87.24 84.79 24.89 9.4
DeeplabV3+  73.24 82.3 86.93 84.55 54.71 9.2
Ours 77.96 86.75 88.21 87.57 4.10 15
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