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Abstract: This paper proposes a cascade deep convolutional neural network to address the loosening detection problem of bolts on axlebox covers. Firstly, an SSD network based on ResNet50 and CBAM module by improving bolt image features is proposed for locating bolts on axlebox covers. And then, the A2-PFN is proposed according to the slender features of the marker lines for extracting more accurate marker lines regions of the bolts. Finally, a rectangular approximation method is proposed to regularize the marker line regions as a way to calculate the angle of the marker line and plot all the angle values into an angle table, according to which the criteria of the angle table can determine whether the bolt with the marker line is in danger of loosening. Meanwhile, our improved algorithm is compared with the pre-improved algorithm in the object localization stage. The results show that our proposed method has a significant improvement in both detection accuracy and detection speed, where our mAP (IoU = 0.75) reaches 0.77 and fps reaches 16.6. And in the saliency detection stage, after qualitative comparison and quantitative comparison, our method significantly outperforms other state-of-the-art methods, where our MAE reaches 0.092, F-measure reaches 0.948 and AUC reaches 0.943. Ultimately, according to the angle table, out of 676 bolt samples, a total of 60 bolts are loose, 69 bolts are at risk of loosening, and 547 bolts are tightened.
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1  Introduction

As the rapidly developing of metro in China, a total of 8,553.40 km of urban rail transit lines, including 6,737.23 km of metro, have been put into operation in 49 cities in mainland China [1]. However, while metro brings convenience to life, the ensuing safety operation problems cannot be ignored. Any minor malfunction may cause great safety hazards during the high-speed operation of the metro. Although major safety accidents during metro operation rarely occur in China, emergency train pickups and delays due to malfunctions do occur from time to time [2].

Bolts have the advantages of compact structure, easy disassembly, high connection force and repeated use, which have great advantages in the use of equipment and ensure the reliability and stability of the bogie system of metro vehicles [3–5]. The bolted joint on the axlebox cover mainly consists of a pair of bolts and nuts and several connecting parts. In theory, the bolt joint is kept stable by rotating the nut and bolt relative to each other, elongating the bolt and compressing the joint part to form a frictional self-locking. In this case, the bolt tension is the pressure on the contact surface of the joint and the bolt [6]. In fact, the bolt tension decreases due to repeated relative sliding wear of the joint or plastic deformation of the bolt and the joint, which can directly lead to the loss of function of the joint [7–9]. The loosening caused by the decrease of bolt tension is called bolt loosening [10]. Loose bolts can cause a series of problems such as separation, falling off and sliding of the joint, resulting in displacement and collision of the joint [11]. At present, there are two main cases of bolt loosening: rotational loosening and non-rotational loosening. The loosening caused by the relative rotation between the bolt and the joint is called rotational loosening, while the loosening caused by the plastic deformation of the bolt itself or the joint becomes non-rotational loosening. Currently, most of the loose bolts on the axlebox cover are rotating loose. Therefore, non-rotational loosening is not considered in this paper.

The traditional daily inspection mode of metro vehicles is manual inspection, but this mode is inefficient and has a high rate of leakage and false detection. With the development of nondestructive testing (NDT), the daily inspection mode of subway vehicles has changed from manual inspection to machine inspection, such as machine inspection based on nondestructive testing [12]. At present, bolt detection based on NDT methods is mainly divided into two categories: ultrasonic-based NDT [13] and computer vision-based NDT [14–16].

Due to the development of signal processing, more several methods had been applied on the bolt detection. Xu et al. [17] built the variational modal decomposition (VMD) combined morphological filtering principle into the bolt detection signal analysis method based on morphological filtering and VMD methods, which was implemented for bolt fault detection. Ramasso et al. [18] explicitly represented the cluster onset in Gaussian mixture models (GMM) and, by modifying the internal criteria of these models, which was used to describe the loosening phenomenon of bolted structures under vibration. Guo et al. [19] introduced an improved complete ensemble empirical mode decomposition (ICEEMD) to the bolt detection signal analysis, which can effectively identify the reflected signal at the end of the bolt by eliminating the noise of the intrinsic mode function (IMF) through a wavelet soft threshold denoising technique. These ultrasonic-based NDT methods focus on detecting faults, looseness and other abnormal conditions inside the bolt, and they are usually better in terms of detection accuracy but less efficient.

Apart from these signal processing methods, computer vision-based on NDT and deep learning is also widely used in bolt detection. Sun et al. [20] proposed a binocular vision-based method for loose bolt detection in trains, combining convolutional neural networks (CNN) to bring up the sub-pixel edges of bolt caps and surfaces and determine whether the bolt is faulty based on the calculated distance compared with the reference value. Song et al. [21] proposed a method combining traditional image algorithms and deep learning for the detection of freight train carpenter bolts, and used stacked autoencoders (SAEs) to provide pre-trained weights for convolutional neural networks to achieve effective feature extraction in the convolutional layer, which helps to speed up the training. Yang et al. [22] improved the overall performance of the network by adding an attention mechanism to the feature extraction layer of the CNN. Marino et al. [3] determined whether the bolts were missing by acquiring bolt images from a digital line-scan camera while preprocessing them according to two discrete wavelet transforms, which were then provided to two multilayer perceptron neural classifiers (MLPNCs). Cha et al. [23] used Region Proposal Network (RPN) tandem ZF-net with Faster Region-Convolutional Neural Network (Faster R-CNN) for high accuracy detection of various cracks and missing bolts. Huynh et al. [24] similarly used deep learning network of Region-Convolutional Neural Network (R-CNN) to detect bolts. Most of these detection methods use object detection to locate to each bolt region, with strong fitting and generalization capabilities, as well as robustness. It can be concluded that the computer vision-based NDT focuses more on considering whether the bolt is missing from the positioning result and did not take into account whether the bolt is loose or not based on the characteristics of the positioned bolt.

For bolt detection, computer vision-based NDT can quickly detect whether the bolt is missing, while ultrasonic-based NDT is more inclined to detect whether the bolt is loose. Since the efficiency of ultrasonic inspection is relatively low and cannot meet the rapid daily inspection of vehicles, the object positioning technology of computer vision is mainly used to detect the bolt status. Admittedly, measuring bolt loosening using computer vision is a popular research topic and some attempts have been made by researchers. Wang et al. [25] used CNN digital recognition to identify bolt positioning and applied Hough transform line detection to detect bolt rotation angle for final rotational loosening detection by comparing with the initial position of the fastened bolt. Zhao et al. [26] used Single Shot Multiple Box Detection (SSD) to position the bolt and the numbers on it, and the angle is calculated by the rotation of the numbers relative to its initial position for rotational loosening detection of the bolt. They did pioneer some ideas based on computer vision to detect loose bolts, but their methods start the process directly from the bolt, without the process of how to locate the bolt from the overall data set in the first place, and they still have a large error. Therefore, this work aims to be able to make a complete computer vision-based system that can start from collecting data, can pinpoint all the bolts from the background, and can perform loose detection of the bolts. Recently, the detection method of connecting multiple deep learning networks in series, using each network on different functions of detection, and combining them into a cascade network has been proposed, opening up new ideas for deep learning-based detection methods. Zhang et al. [27] combined P-Net for coarse localization, R-Net for fine localization, and O-Net for point localization in series to form a cascade network for face recognition detection. Moreover, Chen et al. [28] applied a series of methods for defects detections. Firstly, they used SSD for joint localization, then YOLO for fastener localization, and finally DCNN was used to classify the defects. Similarly, Wang et al. [29] used YOLOv3, which is based on a modified Deblur block, for primary localization of the joint and secondary localization of each component of the joint, and finally semantic segmentation of the components using deeplabv3.

In general, cascade networks are highly variable and combinatorial, suitable for multifaceted detection of objects, but do not allow for end-to-end structures. Studying bolt loosening detection from the perspective of computer vision, a cascade network based on deep learning for axle box cover marker line bolt detection and angle measurement of urban rail transit metro vehicles is proposed in combination with the theory related to deep learning. An improved SSD [30] network based on Residual Network-50 (ResNet-50) [31] with Convolutional Block Attention Module (CBAM) [32] was proposed and used to locate and segment four types of bolts from the original image of the axlebox cover. After selecting the bolts with marker lines from all the localization results, based on the saliency detection network and Pyramid Feature Attention Network (PFA) [33], the Squeeze Excitation (SE) [34] module is applied to extract the high-level features, while the Double Attention (DA) module [35] and the A2-PFN model is proposed to extract the low-level and marker line features of the bolts to generate the saliency map. At present, the metro operating company stipulates the marker line on the axlebox cover which can be located in the horizontal position for the tightening state. This indicates that the bolt tension can reach its maximum value when the marker line is in the horizontal position. The special case that the bolt rotates for one week and then reaches the horizontal position again can be disregarded because the metro vehicles are serviced very frequently and it is easy to detect a bolt that has the possibility of rotating loose. Therefore, based on the marker line prominence diagram, the rectangular approximation method is used to measure the angle of the marker line deviation from the horizontal line, and a new method to discern whether the bolt is loose or not, the angle table method, is proposed.

This paper makes the following contributions:

1.    Optimizing the SSD network with ResNet-50 and CBAM to improve the detection accuracy for small bolts, while ensuring better detection speed to guarantee that all bolts with marker lines can be acquired as much as possible.

2.    After selecting the bolts with marker lines from all localization results, the SE module and DA module are applied to extract the marker line features of high and low levels respectively, and A2-PFN is proposed to extract the marker line features of the bolts and generate the saliency map.

3.    The rectangular approximation method is proposed to frame the extracted feature position, and the average of the angle between the two long sides of the rectangular frame deviating from the horizontal position is used as the angle of deviation of the marker line and the angle table is drawn accordingly.

In the following sections of this paper, method overview is introduced in Section 2, including the general stages as well as the specific theory of each stage. Section 3 shows some experimental results of our method and comparison has been done with other methods. Finally, Section 4 gives the conclusion and outlook.

2  Method Overview

The proposed method can be divided into three stages. The main objective of the first stage of the method in this paper is to segment all types of bolts from the original data set faster, more accurately and more completely. As a result, the object localization is used. The saliency detection is used during the second stage to locate the marker lines of the bolts. Moreover, the main purpose of the third stage is to distinguish the tightness of the bolts based on measuring their angles using the rectangular approximation method according to the marker line regions. The specific method flow described below is shown in Fig. 1.
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Figure 1: Process of proposed method

1.    In the first stage, an improved SSD network based on ResNet-50 with CBAM is used to segment out all kinds of bolt regions, such as Bolt_A, Bolt_B, Bolt_C and Bolt_D in Fig. 2. From them, the bolts with marker lines, referring to Bolt_A and Bolt_B, are filtered out and used for processing in the second stage.

2.    In the second stage, A2-PFN is proposed to detect the saliency of the marker line regions and generate the corresponding saliency maps.

3.    Based on the feature that the bolt is tightened when the marker lines are in the horizontal position, the angle of deviation of the marker line from the horizontal line is measured by the rectangular approximation method based on the saliency regions obtained in the second stage and the angle table is drawn.

4.    According to the angle table, it is stipulated that the upper and lower deviation from the horizontal position within a certain angle is the tightening state, and within a certain angle is the loosening state, so as to determine whether the bolts with marker lines of any axle box cover have the risk of loosening.
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Figure 2: Four types of bolts

2.1 Object Localization Stage

2.1.1 Related Works

Currently, object detection is mainly used to implement object positioning technology. Object detection refers to finding regions of interest from videos or images and marking them, and extracting features by algorithms to identify and locate specific classes of objects. In recent years, deep CNNs have achieved breakthrough research results in the field of object detection, and their detection accuracy and speed have been improved, such as R-CNN [36], Fast Region-Convolutional Neural Network (Fast R-CNN) [37], Faster R-CNN [38], You Only Look Once (YOLO) [39], Single Shot Multibox Detector (SSD) [30], etc. At present, deep learning-based object detection algorithms can be broadly divided into two categories: two-stage and one-stage. R-CNN, Fast-RCNN, and Faster-RCNN are a series of classical two-stage algorithms, while YOLO and SSD are representatives of one-stage algorithms.

The two-stage algorithm is a regression-based algorithm that consists of two stages: the generation of anchor frames through the network and the regression of the anchor frames through processing for positioning. Dong et al. [40] developed the soft non-maximal suppression (Soft-NMS) algorithm to improve the segmentation accuracy of Mask Region-Convolutional Neural Network (Mask R-CNN). Chen et al. [41] proposed a new graph attention module (GAM) based on R-CNN, which enables inference across heterogeneous nodes by operating directly on graph edges. Zhang et al. [42] proposed a post-processing layer structure for removing the irrelevant parts of the two-stage segmentation results. Wang et al. [43] combined R-CNN with adaptive RF techniques to form a depth model from multiple gated recursive convolutional layers and achieved better results than R-CNN. Narasimhaswamy et al. [44] fused Mask R-CNN with two different attentional mechanisms, enabling it to densely aggregate features that will separate regions and adaptively select salient features from this region. Deshapriya et al. [45] proposed a new convolutional neural network architecture (Vec2Instance), a framework that enables convolutional neural networks to efficiently estimate the complex shapes around the centroids of instances with improved accuracy. Cao et al. [46] addressed the balance between feature maps and perceptual fields at high resolution by introducing an attention mechanism. Generally, detection accuracy of two-stage algorithm is good, but this kind of algorithm cannot reach the real-time object detection requirements, the computation of the generated area is still huge, and there are still big obstacles to the detection of small objects.

The one-stage algorithm is a direct localization regression algorithm, which reduces the number of staging steps than the two-stage algorithm, so the detection speed is faster. Liu et al. [47] proposed a distinguishable image processing (DIP) module with an end-to-end approach to jointly learn CNN-PP and YOLOv3 for the task of balancing image enhancement and object detection. Ganesh et al. [48] achieved multi-scale feature interaction by exploiting the missing combinatorial connections between various feature scales in the existing state-of-the-art methods, and enhanced both accuracy and detection speed on the improved YOLOv4. Khokhlov et al. [49] improved the detection accuracy with less computational overhead by slightly modifying the YOLOv3-tiny with the help of a priori knowledge about the scene geometry. Yi et al. [50] improved SSD by establishing feature relationships in the spatial space of the feature map and learning to highlight useful regions on the feature map with global relationship information while suppressing irrelevant information. Shi et al. [51] proposed a new Fluff module to mitigate the drawbacks of multi-scale let fusion methods and facilitate multi-scale object detection, combining SSD with the Fluff module to obtain significant efficiency and accuracy. Moreover, Tian et al. [52] proposed a novel one-stage object detection algorithm without anchor box, which avoids all hyperparameters associated with the anchor box and achieves improved detection accuracy. Currently, one-stage algorithm still has great difficulties in the detection of small objects, and the bolt happens to have the characteristics of small size and few features, so the choice of one-stage algorithm is also a challenge for bolt detection.

In practical application, high precision, high localization accuracy and high detection efficiency are essential. Although the two-stage algorithm has a high accuracy of localization, its prediction efficiency is very worrying and far from meeting the requirements. The one-stage algorithm, on the other hand, has certain problems in localization accuracy, but the detection efficiency can meet the requirements of this work. Considering the advantages and disadvantages of these algorithms, the one-stage algorithm with higher detection efficiency, the SSD, is chosen as the base algorithm and is improved for its localization accuracy and precision because of its weakness to small object detection.

2.1.2 Limitations of SSD Network and Ideas for Improvement

SSD is a classical one-stage object localization algorithm, which is better for large object localization, with a smaller model and faster detection speed. This is because SSD performs object localization and classification on each convolutional layer, and Fast Non-Maximum Suppression (Fast NMS) performs filtering and outputs the final result. The object localization on multi-scale feature map is equivalent to many more bounding boxes with wide to high ratio, and the wide to high ratio of large bolt region is varied, which happens to greatly improve the generalization ability. However, when the original SSD network is used to train the axle box cover dataset, it is prone to the situation that the error firstly decreases and then increases during training, resulting in the BOLT_C with a smaller object region not being recognized, as shown in Fig. 3.
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Figure 3: Result of bolt detection using the original SSD

This is not a problem triggered by overfitting, but the network becomes deeper making it difficult to train small objects [53]. Since CNN has the property that the deeper the network depth is, the less detailed features are needed to detect small bolts like BOLT_C. There is little such detailed information left in the deep network, and the final detection result is naturally poor. In contrast, shallow networks in CNN with large feature mapping size, small perceptual field, and rich information of detailed features are more discriminative for the object localization regression subtask [54], which is suitable for small objects with simple features. And the framework of the basic SSD network is a Visual Geometry Group Network-16 (VGG-16) network for image feature extraction, to which four additional layers of auxiliary structures are added to generate feature maps of different dimensions, and finally predictions are made on a total of six feature maps. Therefore, based on the previously mentioned shallow network features, this paper improves the shallow network for the SSD network, i.e., the convolutional layer that generates feature maps 1&2.

In addition, VGG16, as the backbone part of the SSD network, has the defects of long training time, many training parameters, and easy degradation problems during the training process. Inspired by Fu et al. [55], who used ResNet-101 as well as FPN to be the backbone for object localization, this paper uses ResNet-50 to replace VGG-16 as the backbone part of the whole network. The design idea of residual network is to use shortcut connection to make the residual possible and use constant mapping to make the network deeper and reduce the computational parameters [31], which is equivalent to making the network more accurate and simplifying the network, so the use of residual network can compensate this defect of the original SSD to some extent.

2.1.3 Specific Improvement Strategies

The residual block is basically designed with reference to the original ResNet50, and instead of choosing the design of two 3 × 3 convolutional layers, the design of 1 × 1 + 3 × 3 + 1 × 1 convolutional layer is chosen, whose accuracy results will not change, with the aim of reducing the computational effort.

In the framework of the basic SSD network, the channels of the feature maps are specified as 1024, 512, 512, 256, 256 and 256, respectively. In order to match the channels of the six feature maps set by SSD, this paper discards Conv5_x and its subsequent average pooling layers, fully-connected layers, and softmax layers in the basic ResNet50 model, i.e., the layer structure of Conv1_x to Conv4_x is used. In particular, this paper adjusts the stride from 2 to 1 in Conv4_x. This operation changes the output of feature map 1 from 19 × 19 × 1024 to 38 × 38 × 1024, which corresponds to the size of feature map 1 of 38×38 in the framework of the basic SSD network.

In order to perform faster and more accurate localization of the bolt regions, inspired by the work of Woo et al. [32] and Han et al. [54], this paper adds an additional CBAM module after Conv4_x. The CBAM module can be divided into two sub-modules before and after, the former for channel attention (CA) and the latter for spatial attention (SA). Since each channel of the feature map is considered as a feature detector, the CA focuses on the semantic features of a given input image [32]. In addition, with a large amount of detail contained in the shallow feature map, employing SA allows more attention to be paid to the details of object regions rather than considering all spatial details equally. In particular, inspired by the channels weighted block (CWB) employed by Song et al. [56], instead of the traditional operation of generating an effective feature descriptor to highlight detail regions through average pooling and maximum pooling, this paper applies two convolutional layers, one with a kernel of 1×k, and the other with a kernel of k×1, to obtain spatial attention. This is in consideration of the fact that the bolts in the axle box cover dataset vary in size and degree of detail, and that the pooling operation using only the traditional method is likely to ignore this detail, and thus a convolution operation is used instead. The improved CBAM module is shown in Fig. 4, and the equations of CA and SA are:
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Figure 4: CBAM module with improved SA

CA=σ(MLP(AvgPool(F))+MLP(MaxPool(F)))=σ(W1(W0(Favgc))+W1(W0(Fmaxc)))(1)

SA=σ(conv2(conv1(F,W0),W1)+conv1(conv2(F,W1),W0))(2)

where σ denotes the sigmoid function, MLP denotes the multilayer perceptron, conv1 and conv2 denote the convolutional layers with structures 1×k×C and k×1×1, respectively, for a particular feature map F∈RW×H×C with W0∈RC/r×C, W1∈RC×C/r, where C is the number of channels, r is the degradation ratio, Favgc and Fmaxc denote the average pooling feature and the maximum pooling feature, respectively.

Finally, the extra layer structure is improved. Inspired by Li et al. [57], this paper adds a batch normalization (BN) layer, which is not used in the basic SSD network, after each convolutional layer in the last four extra layer structures to normalize the feature information and reduce the variability. The main role of BN layer is to alleviate the gradient disappearance problem in training, as well as to speed up the training of the model.

Combining the problems that occur when the original SSD network is used to detect bolts as proposed in the previous paper, the final proposed ResNet50_CBAM_SSD network is shown in Fig. 5.
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Figure 5: Comparison of SSD network with ResNet50_CBAM_SSD network

2.2 Saliency Detection Stage

2.2.1 Related Works

After obtaining the images of the four types of bolts, the bolts with marker lines (Bolt_A and Bolt_B) are selected as the next data set. For the subsequent accurate angle measurement of marker lines, saliency detection is used to achieve feature extraction of the marker line regions.

Saliency detection refers to the extraction of salient areas in an image by intelligent algorithms that simulate human visual characteristics. Zhao et al. [33] designed a new edge preservation loss that guides the network to learn more detailed information in boundary localization by integrating multi-level and multi-scale features; Song et al. [56] used a fully convolutional neural network to extract rich multilevel defect features and adopt the CWB and the residual decoder block (RDB) alternatively to integrate the spatial features of shallower layers; Qin et al. [58] similarly used a densely supervised encoder-decoder network and a residual optimization module for saliency prediction and saliency map optimization, respectively.

Saliency detection has a good performance in feature extraction of single objects. However, the direct usage of these existing saliency detection models does not accurately extract the marker regions due to the varying shapes of marker lines, low contrast and noise interference, as shown in Fig. 6.
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Figure 6: The marker line regions predicted by the existing saliency detection model. (a) Image (b) Ground-truth (c) PFA (d) EDR (e) BAS

2.2.2 A2-PFN

Based on the prediction results of several mainstream saliency detection networks currently available, the PFA with the highest evaluation metric score is selected as the base network architecture. However, there are two problems when using PFA to predict marker lines:

1.    The marker line boundaries are poorly extracted, and the obtained saliency regions tend to exceed the manually marked line areas. This is a fatal problem.

2.    Compared with other networks, which often have fatal cases where the predicted marker positions and angles deviate from the manually labeled positions, PFA rarely has similar cases (as shown in Fig. 6c), but still has deviations when the noise is high or when the contrast between foreground and background is low.

Accordingly, A2-PFN is proposed to solve the above two problems, and its network structure is shown in Fig. 7.
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Figure 7: A2-PFN

Specifically, the bolt images are firstly fed into the VGG-16 network for initial feature extraction. The shallow networks, i.e., Conv1_2 and Conv2_2, are extracted, and the generated feature maps are passed through SA and DA to focus on the boundary features of the marked lines, respectively, and the features extracted from both are fused. Meanwhile, the deeper networks, i.e., Conv3_3 to Conv5_3, are extracted and the generated feature maps are passed through the Context-aware Pyramid Feature Extraction (CPFE) [33] module to fuse the initially extracted multi-scale features. SE is used to remove the weights of the noisy channels from the fused features, so that they focus more on the channels that are prominent in the marked line regions. Finally, the feature maps generated from the above two steps are combined and then compressed into a binary image by 3 × 3 convolutional layers, and this binary image is the extracted salient regions, i.e., marker lines.

The fusion of two attention mechanisms, i.e., SA and DA, is innovatively applied into the network to solve the problem of poor boundary feature extraction. The structure of SA is the same as that used in CBAM in the previous section. DA is structured by three 1 × 1 convolutional layers, respectively, with softmax layers added after the second and third convolutional layers. The global feature is obtained by bilinear pooling of the first and second layers, and the local feature under the global feature is obtained by multiplying global feature with the third layer by the corresponding matrix. The specific model is shown in Fig. 8.
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Figure 8: A2 model

The role of SA here is to focus on local features, just as the role of SA in CBAM. However, using SA to focus on local features only is prone to local optimal solutions, thus losing global feature information [35], which is why the predicted labeled line region exceeds the manually labeled marker line region. However, local information is indeed one of the important influencing factors for accurate extraction of boundary information, so DA that focuses on both global features and local features is adopted. Rather than directly replacing SA with DA, DA and SA are combined in parallel. This means that the shallow features extracted in the previous level are focused on local features through SA and on local information while focusing on global features through DA, respectively. Then the feature information obtained from both is fused to obtain the optimized local feature information, making it possible to predict the boundaries of the marked lines more accurately. The specific effect is shown in Fig. 9, and the enhancement effect brought by more accurate boundary extraction is shown in Fig. 10.
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Figure 9: Comparison of predicted results (a) Image (b) Ground-truth (c) PFA (d) A2-PFN

[image: images]

Figure 10: Comparison of the extraction results (a) PFA (b) A2-PFN

The outputs of Conv3_3 to Conv5_3 of the VGG-16 network are convolved through a 1 × 1 convolution layer and then convolved through three 3 × 3 voids with dilation rates of 3, 5, and 7, respectively. This is the structure of the CPFE module, and it is shown in Fig. 11.
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Figure 11: CPFE module

Inspired by Wang et al. [59], the selection of the appropriate dilation rate is a very important issue. If the dilation rate is “3, 5, 7” (settings in the PFA), it can avoid local information loss, i.e., gridding effect, but long-ranged information might not be relevant. Setting the dilation rate in “3, 5, 7” has an effect on large objects, but it is counterproductive for slender objects. The problematic image happens to have a slender marker line, so an unreasonable dilation rate setting may be the cause of the problem. “1, 2, 5” was finally considered to be the appropriate dilation rate through experiments (see Section 3.4.1 for details). In addition, since the second problem occurred very rarely, only the SE attention mechanism was employed to focus on the high-level location information. The structure of SE attention mechanism is shown in Fig. 12.
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Figure 12: SE attention mechanism

2.3 Angle Calculation Stage

The general shapes of the marker line regions are classified as rectangular, but the shapes of the marker line regions may change due to wear and tear, resulting in different shapes of the marker line regions. If we only rely on the marker line regions extracted by saliency detection, it is difficult to have a uniform standard to judge the angular value of the marker line. Therefore, in this paper, after extracting the marker line regions in the previous stage, the marker line regions are further processed to obtain a method that can evaluate the marker lines generically, the rectangular approximation method, as shown in Fig. 13.

[image: images]

Figure 13: Schematic diagram of angle calculation

The method is described below:

1)   The edge features of the marker line are extracted and convex hull is constructed based on OpenCV to ensure the accuracy of the minimum rectangle extraction.

2)   The OpenCV-based rotating caliper algorithm is used to obtain the external rectangle with the smallest area and to obtain its center point coordinates (x, y), height (h), width (w), and initial rotation angle (angle). The specific algorithm flow is shown in Fig. 13b. Based on the fact that the origin of the OpenCV coordinate system is in the upper left corner, the counterclockwise rotation angle is negative and the clockwise rotation angle is positive with respect to the x-axis, so take α=−angle for calculation convenience. This initial rotation angle is the counterclockwise rotation of the horizontal axis (x-axis) with respect to the first edge of the encountered rectangle.

3)   In order to get the rectangular box on the saliency map, only the four parameters are not enough, the coordinates of the four endpoints of the rectangle are needed. As shown in Fig. 13a, the endpoint coordinates can be deduced from the trigonometric relationship, and the respective equations are shown below:

P0(x0,y0)={x0=x−12h⋅sin⁡(α)−12w⋅cos⁡(α)y0=y+12h⋅cos⁡(α)−12w⋅sin⁡(α)(3)

P1(x1,y1)={x1=x+12h⋅sin⁡(α)−12w⋅cos⁡(α)y1=y−12h⋅cos⁡(α)−12w⋅sin⁡(α)(4)

P2(x2,y2)={x2=2x−x0y2=2y−y0(5)

P3(x3,y3)={x3=2x−x1y3=2y−y1(6)

4)   The deviation angles of the upper and lower edges from the horizontal line are calculated based on the coordinates of each of the four vertices. The horizontal position is the horizontal line and the vertical position is the normal line, the deviation to counterclockwise is positive and to clockwise is negative from the horizontal position.

5)   Take the average of the two angles as the angle of deviation from the horizontal position of the marker line, and make an arrow at the center point to indicate. The angle of marker line is shown in Fig. 13c.

The angles calculated by the rectangular approximation method for each marker line are summarized and plotted in an angle table.

3  Experiments and Results

3.1 Datasets and Training Process

3.1.1 Datasets Collection

In order to achieve high-definition image detection of train vehicles, this paper adopts a new 360° dynamic image detection system for the whole train vehicle to obtain 360° high-definition images of the whole vehicle status. This system has the advantages of high detection efficiency, high automation and high image recognition. The system is designed with 10 sets of integrated image acquisition modules to provide full coverage of the roof, sides, windows and under walkway sections of the vehicle. Each integrated image acquisition module consists of a line array camera and a non-visible infrared laser light source, forming an enclosed, IP67 rated integrated module, as shown in Fig. 14. The LQ camera module is mainly used to scan the underbody and side walk sections of the vehicle, and can collect the data set applicable to this paper. The camera used in this paper is a 4 K HD camera with image resolution up to 1mm/pixel, which supports multi-level magnification for small parts and can clearly view the marker lines of bolts.

[image: images]

Figure 14: LQ camera module for integrated acquisition

Each integrated image acquisition module in the system is installed in the central bed position of the rail track, both sides of the rail and above the side, forming a complete circle layout from top to bottom, which can be seen Figs. 15a and 15b for installation method. 10 groups of image acquisition modules in the system are responsible for scanning and processing vehicle images within a certain angle range, and finally synthesize high-definition images through feature point positioning image stitching technology, as shown in Fig. 15c.

[image: images][image: images]

Figure 15: Acquisition of Original Datasets (a) Schematic diagram of the image acquisition unit (b) Field inspection unit (underneath the vehicle) (c) Composited high resolution image of the bogie side travel section

3.1.2 Overall Training Process

All deep learning networks in this paper are trained, validated, and tested using NVIDIA GeForce RTX 2060, and the code framework is pytorch1.5. The overall training process is shown in Fig. 16, which is described as follows.
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Figure 16: Overall training process

Step 1: LabelImg is used to mark four kinds of bolts from the axlebox images, and they are applied to train the ResNet50_CBAM_SSD for the bolt localization.

Step 2: Labelme is used to mark the marker line regions of Bolt_A and Bolt_B, and they are applied to train the A2-PFN for extracting the saliency regions of marker lines.

3.2 Dataset Labeling

3.2.1 Labeling for Object Detection

Since the object detection model used in this paper is a supervised model, four different bolt regions must be labeled to make the network more focused on the location of the target criteria box before model training. At present, most datasets are manually labeled [53], and some small errors due to manual labeling are not taken into account in this paper.

Currently, labelImg is commonly used in the field of object detection to manually label target criteria box. Firstly, enter the axlebox cover data set into labelImg and select the PascolVoc format. Secondly, the standard frame of the bolt is manually labeled on the image and the label names are labeled as “Bolt_A”, “Bolt_B”, “Bolt_C”, “Bolt_D” according to the characteristics of the bolt. Finally, the manually labeled file in “.xml” format is saved and this file will be used for supervised model training. The specific method of manually labeling images with labelImg is shown in Fig. 17.
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Figure 17: Label image for object detection

3.2.2 Labeling for Saliency Detection

Similar to the use of labelImg to label the object detection dataset, labelme is usually used to manually label the ground-truth in the field of saliency detection. Firstly, the bolt dataset is entered into labelme. Secondly, frame the marker line region along its edges on the image, getting as close to the edges as possible in the process, and change its label name to “marker line”. Finally, save the manually labeled file in “.json” format and convert the “.json” file into a “.jpg” file by means of a command. This “.jpg file”, i.e., the ground-truth, will be used for supervised training of the saliency detection model. The specific method of manually framing out the ground-truth with labelme is shown in Fig. 18.
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Figure 18: Label image for saliency detection

3.3 Bolt Localization

3.3.1 Object Detection

In this paper, experiments are conducted on the axlebox cover dataset to verify the effect of the ResNet50_CBAM_SSD. There are 370 images in the axlebox cover dataset, including 266 images in the training set, 67 images in the validation set, and 37 images in the test set.

In the dataset of axlebox cover, four different classes of bolts are marker, where Bolt_A and Bolt_B are bolts with marker lines and Bolt_C and Bolt_D are bolts without marker lines. The input size is 300 × 300 × 3, the batchsize is set to 2, and the learning rate is reduced from 0.0005 to 0.000045. The dataset in this paper is in PASCAL VOC 2012 format, and the training generated Eval mAP is the default evaluation metric for this class of dataset. The loss function change vs. learning rate change and mAP curves during training are shown in Fig. 19.
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Figure 19: The results of training (a) Convergence curve of the training process of ResNet50_CBAM_SSD (b) Curve of eval mAP

In this paper, we compare ResNet50_CBAM_SSD with SSD and ResNet50_SSD, and the statistical results are shown in Table 1. When the uniform input image size is 300 × 300 × 3, although there are more parameters than ResNet50_SSD, it is much more streamlined than SSD, and the detection accuracy (mAP(IoU = 0.5), mAP(IoU = 0.5:0.95)) and FPS have significant accuracy improvement as well as detection speed improvement compared with the previous model. The mAP (IoU = 0.5:0.95) is 2.4% higher than SSD, 1.4% higher than ResNet50_SSD, and the FPS is 5 higher than SSD and the same as ResNet50_SSD.

[image: images]

A comparison of the recognition accuracy of the four types of bolts is shown in Table 2. In order to analyze the results more clearly and comprehensively, a compromise IoU of 0.75 is chosen. ResNet50_CBAM_SSD made the biggest improvement in the small target detection, i.e., Bolt_C metric, rising from 0.202 to 0.586, for a total increase of 0.384, mainly due to the adoption of ResNet50 to replace VGG-16. In addition, the important Bolt_A and Bolt_B rose from 0.973 to 0.983 and from 0.683 to 0.75, respectively, improving the accuracy even more. The overall mAP also rose from 0.654 to 0.77, for a total increase of 0.116. In terms of accuracy data, ResNet50_CBAM_SSD effectively improves the reliability and accuracy of the model.

[image: images]

It is one-sided to judge model strengths and weaknesses only at the data level, so a comparison between actual detection results is also necessary. A comparison of the detection accuracy of three models is shown in Fig. 20. It is easy to find that ResNet50_CBAM_SSD is faster in terms of accuracy convergence compared to SSD than ResNet50_SSD, and the final accuracy of ResNet50_CBAM_SSD is relatively higher (when IoU = 0.5). In addition, when IoU = 0.5:0.95, ResNet50_CBAM_SSD achieved higher accuracy relative to the other two.

[image: images][image: images]

Figure 20: Comparison of the detection accuracy of three models during training

Besides, a comparison of results of three models is shown in Fig. 21. It can be visualized that the SSD algorithm can detect the bolts with marker lines, but ignore the small bolts (Bolt_C). ResNet50_SSD algorithm can achieve the detection of part of the small bolts, but will be missing and lose some important bolts with marker lines (Bolt_B). The improved ResNet50_CBAM_SSD algorithm in this paper can correctly detect most of the bolts.

[image: images][image: images]

Figure 21: Comparison of results of three models

3.3.2 Visual Explanation

The current deep learning models work well but are poorly interpretable because the CNN model is a black box [60]. In this paper, Grad-CAM++ [61] is introduced to obtain the feature attention heat map of the last layer of the feature extraction layer in order to verify whether the attention mechanism incorporated in this paper has any effect on the overall model.

Compared with Grad-CAM [60], Grad-CAM++ is more advantageous for multi-objective heat map acquisition, and the accuracy will be a bit higher. The bolt inspection of the axle box cover is indeed a multi-objective inspection, so the Grad-CAM++ method was finally chosen.

The obtained heat maps are shown in Fig. 22. It is clear to see that the addition of the attention mechanism results in a larger sensory field and the ability to focus on more important bolt features.
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Figure 22: Comparison of feature visualization before and after adding the attention mechanism

3.4 Marker Line Extraction

3.4.1 Hyperparameter Configuration

For the saliency detection part, several parameters with deeper influence have been adjusted during training the model, such as dilation rate, initial learning rate and epochs. The dilation rates are chosen to be “3,4,7” and “1,2,5”. Appropriate dilation rates can effectively reduce the loss and perform better in terms of indicators. The initial learning rate is also closely related to the update of the weight parameters. The larger the initial learning rate, the larger the loss will be, and the faster the network diverges, making it more difficult to converge. In addition, choosing appropriate epochs can improve the running speed of network and let the model converge properly. The batch size is uniformly set to 10, which is the maximum this GPU can handle. In addition, the Adam optimizer was chosen for the optimizer. The experiment results are shown in Table 3 below.

[image: images]

By comparing the training loss and validation loss, precision, recall and MAE, we can initially find that when the dilation rate is set to “1, 2, 5”, epochs are set to 200, and initial learning rate is set to 0.0001, the performance of each indicator is the best. After reviewing the related metrics of each epoch, we finally found that the best metrics are achieved when epochs are set to 150. Therefore, the final setting of epochs for this experiment is 150.

3.4.2 Saliency Detection

From the above detected bolts, the bolts with marker lines (Bolt_A and Bolt_B) are selected by label category and combined into a new dataset to be substituted into the A2-PFN for saliency detection and extraction of marker line regions. In the experiment, a total of 1756 images of bolts with marker lines are resized into 256 × 256 × 3 images, which are assigned to the training set, validation set and test set in the ratio of 8:1:1. The batch size is set to 10, the initial learning rate is set to 0.0001, the epochs are set to 150, and the dilation rate is set to “1,2,5”. In addition, the Adam optimizer is chosen for the optimizer. However, we do not consider the learning rate decay, because using this strategy would cause the training error to rise. The loss curve of the training process is shown in Fig. 23.
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Figure 23: Curve of training loss of A2-PFN

The trained best weights can be obtained to characterize the marker line region of any axle box cover bolt, and a qualitative comparison of our results with those of PFA [33], EDR [56], BAS [58], U-2 [62], PoolNet [63], and BASv2 is shown in Fig. 24.
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Figure 24: Qualitative comparison of the results of feature extraction of the marker lines of the bolts

From the qualitative comparison of each model in Fig. 24, it can be found that the results obtained from each model differ little from the ground-truth when the marker lines are located above and below the horizontal position. However, when the marker lines are skewed, the BAS, U-2, and PoolNet models fail to correctly identify the marker line regions. The PFA, EDR, and BASv2 are able to extract saliency regions similar to the marker line region, but with a skewed angle. Our method is able to get closer to the ground-truth and ensure that the angle does not deviate too much. In addition, for slender marker lines, such as the examples in the third and fourth rows, our method is able to extract the saliency of the marker lines without exceeding the ground-truth too much, while the other methods obviously inflate the saliency region too much beyond the ground-truth due to unreasonable parameter settings.

In order to compare our model with other advanced models from a quantitative perspective, we introduced four metrics, which are calculated as described below:

precision=TPTP+FP(7)

recall=TPTP+FN(8)

MAE=1W×H∑pW×H|S(p)−GT(p)|(9)

Fβ=(1+β2)×Precision×Recallβ2×Precision+Recall(10)

Precision and recall are calculated as shown in Eqs. (7) and (8), where TP indicates a positive case is correctly classified as a positive case, FP indicates a negative case is incorrectly classified as a positive case, and FN indicates a positive case is incorrectly classified as a negative case. The curve consisting of precision and recall can determine the good or bad performance of the model, and the closer the curve is to the upper right corner, the better the performance of the model. Based on the P-R curve of the test set during the training process, the model can be judged to have a better performance. In addition, we used three metrics, mean absolute error (MAE), F-measure (Fβ) [53], and area under the receiver operating characteristic curve (AUC), to measure the performance in a comprehensive manner. The MAE is calculated as shown in Eq. (9), where refers to the saliency map, GT(p)refers to the ground-truth (GT), while W and H are the width and height of the image, respectively. The result of MAE measures the difference between the ground-truth and the saliency map at the pixel level, and the closer the MAE is to 0, the less the difference is. Fβ is calculated as shown in Eq. (10), and according to what is stated in [53], here β2=0.3, which measures the accuracy, the closer Fβ is to 1 indicates the higher accuracy. AUC is the area under the receiver operating characteristic curve, and the closer the AUC is to 1 the better the model performance.

The values of specific quantitative metrics are shown in Table 4, and a quantitative comparison of the results of feature extraction of the marker lines of the bolts is shown in Fig. 25.
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Figure 25: Quantitative comparison of the results of feature extraction of the marker lines of the bolts (a) P-R curve (b) MAE & F-measure & AUC

According to Table 4, the MAE of our method is the smallest among the compared methods, reaching 0.092, which is 0.012 lower than the lowest PFA. In addition, Fβ and AUC reach the highest values among the compared methods, with 0.948 and 0.943, respectively. Finally, according to the P-R curves in Fig. 25, the curve of our method is closer to the upper right corner than the curves of the other methods and can mostly wraps around the curves of the other methods. According to the results shown above it is proved that our model has better performance.

Since the features located above and below the horizontal position in the marker line dataset are generally simpler and far more numerous than in other cases, the overall difference in the effectiveness of more advanced deep learning-based saliency detection of such marker lines is not significant. However, for angularly skewed marker lines with little data, the network detects very different saliency regions. Our method, the A2-PFN, is able to perform the task of detecting such bolts because it extracts feature regions that do not produce too much deformation and fit more closely to the saliency regions in the original figure, while not exceeding the ground-truth too much when dealing with slender marker lines, as illustrated by the P-R curves calculated in Fig. 25. Likewise, the error (MAE) and accuracy (F-measure and AUC) are better as a result according to Table 4.

3.4.3 Visual Explanation

Similar to what has done in Section 3.3.2, Grad-CAM++ [61] is also used to visualize the feature heat map for the A2 model. It can be clearly seen in Fig. 26 that the addition of the attention mechanism makes the model pay more attention to the area around the marker lines and reduces a certain amount of background noise interference.
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Figure 26: Comparison of feature visualization before and after adding the attention mechanism

3.4.4 Comparison of Prediction Efficiency

In practical applications, the prediction efficiency of the algorithm is also one of the criteria for judging a model. If the prediction efficiency is too slow, it is difficult to be applied directly in practice. Hence, FPS is also used in this work to achieve the comparison of prediction efficiency. Similarly, the FPS results of our method are compared with those of PFA, EDR, BAS, U-2, PoolNet and BASv2, and the results are shown in Table 5.
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Although PFA achieved the highest FPS of 59.1, A2-PFN still achieved the second highest FPS of 56.8, with an FPS reduction of 2.3. Taking into account that A2-PFN is higher than PFA in all accuracy metrics, we believe that a 2.3 reduction in FPS is acceptable. In addition, the FPS of A2-PFN is still much higher than the other methods, where it is 14.2 FPS higher than the third-ranked BAS and 18.6 FPS higher than the fourth-ranked BASv2. This indicates that A2-PFN still has a great advantage in FPS and accuracy when used for marker line detection.

3.5 Angle Calculation

After the extraction of the features of marker lines, this paper introduces the angle table as an evaluation index to evaluate the angle measurement of the marker line. Based on the best weights obtained from the previous stage, feature regions of 1756 marker lines are generated, and the angle table is drawn by using MATLAB and according to the angle measurement method specified in Chapter II, Section 2.3. The angle measurement process according to the rectangular approximation method of all the marker lines is shown in Fig. 27.

[image: images]

Figure 27: Angle measurement process of marker lines based on rectangular approximation method

Theoretically, the bolt tension is sufficient to keep the bolt tight only when the marker line is in the horizontal position (0°). However, out of 1756 angles of the marker line finally calculated by the method of this work, only 104 angles were 0°. In fact, judging from the work experience of subway maintenance personnel, a large number of marker lines that deviate from 0° by only a few degrees are still judged to be tight during routine maintenance. This is due to a series of errors caused by the wear and tear of the marker lines, the failure to extract 100% of the entire marker lines during saliency detection, and the calculation of the minimum outer rectangle. After consultating with the metro maintenance staff, a suitable interval by their work experience is defined to judge the rotational looseness based on the angle of the marking line: an angle between ±5° is tight, an angle between ±5° to ±30° is loose, and an angle between ±30° to ±90° is severely loose.

In Fig. 28, 676 angles are included as samples and are plotted in an angle table. A coordinate point on the X-Y axis represents a marker line of a bolt, and the Z axis represents the value of its angle. According to the suitable regulations given above, i.e., the bolt with the risk of severely loosening is marked as red when the marker line deviates from ±30° to ±90°; the bolt with the risk of loosening is marked as blue when the marker line deviates from ±30° to ±5°; and the bolt with the risk of tightening is marked as green when the marker line deviates within ±5°. Among these 676 samples, a total of 60 bolts are marked red, 69 bolts are marked blue, and 547 bolts are marked green.
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Figure 28: Angle table of the marker lines of the bolts

4  Conclusion

In this paper, we propose a system for measuring the angles of the marker lines of the bolts on axlebox cover of urban train vehicles based on deep learning, which mainly includes a ResNet50_CBAM_SSD network for object localization, A2-PFN based saliency detection for marker line extraction, a rectangular approximation method for measuring the angle of a marker line, and an angle table method to determine the bolt looseness by the angles.

1.    In the object localization stage, by comparing our proposed ResNet50_CBAM_SSD improved for the bolt features with the network before the improvement, our method can extract most of the four types of bolts more completely and effectively, where our mAP(IoU = 0.75) reaches 0.77 and fps reaches 16.6.

2.    In the saliency detection stage, A2-PFN is proposed to extract the marker line region closer to the ground-truth region, and the results are compared qualitatively and quantitatively with other state-of-the-art networks, and our results are better than the others, where our MAE reaches 0.092, F-measure reaches 0.948 and AUC reaches 0.943.

3.    In the angle calculation stage, the rectangle approximation method is used to create a regular rectangle that fits the marker line, and the angle of the marker line is calculated by averaging the angles of the upper and lower sides separately, and the angle size is used to determine whether the bolt is at risk of loosening. Ultimately, out of 676 bolt samples, a total of 60 bolts are loose, 69 bolts are at risk of loosening, and 547 bolts are tightened.

In summary, although the final results are able to meet the expectations of this paper, they still suggest some further improvements.

1.    The SSD network was first proposed in 2016, and more novel object localization networks have been proposed recently, such as YOLOv5. Using more novel networks and improving them for the data features, the results may be more desirable than those in this paper.

2.    It is hoped that in the future, it will not only be measured from the angle of image measurement, but also combined with other methods, such as ultrasonic detection, so as to truly achieve error-free detection of bolt loosening.

3.    This paper is mainly based on the Fault Detection and Diagnosis (FDD) technique and is missing the incipient fault detection and diagnosis (IFDD). As stated in [64], IFDD is very different from FDD, and IFDD has its unique superiority. It is hoped that IFDD-based bolt loosening detection can be added in the future.
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Table 3: Hyperparameter configuration

Dilation rate Epochs Initial learning rate ~ Training Validation

Loss) MAE|] Precision? Recallt Loss)
34,7 100 0.0001 0.1154 0.0144 0.9093 0.9108  0.1071
34,7 200 0.0001 0.0908 0.0137  0.9079 0.9277  0.0855
34,7 300 0.0001 0.0747 0.0125 0.9214 0.9365 0.0785
34,7 400 0.0001 0.0846 0.0131 0.9280 09189  0.0869
34,7 300 0.0002 0.0767 0.0129 0.9214 0.9293  0.0817
34,7 400 0.0002 0.0714 0.0127 09176 0.9391  0.0724
34,7 300 0.0003 0.1374 0.0131  0.9239 0.9004 0.1134
34,7 400 0.0003 0.0927 0.0128 0.9100 0.9286  0.0885
1,2,5 100 0.0001 0.0966  0.0140 0.9201 09176  0.1005
1,2,5 200 0.0001 0.0494 0.0118 0.9178 0.9401  0.0747
1,2,5 300 0.0001 0.0865 0.0128 0.9172 0.9364  0.0758
1,2,5 200 0.0002 0.1495 0.0141 09132 0.8941  0.1181
1,2,5 300 0.0002 0.1207 0.0136 0.9132 0.9281  0.0892
1,2,5 200 0.0003 0.1502 0.0184 0.8965 0.8884  0.1030

1,2,5 300 0.0003 0.0788 0.0143  0.9023 0.9211  0.0923
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Table 4: The values of specific quantitative metrics

Indicators Ours PFA EDR BAS U-2 PoolNet BASv2
MAE| 0.092 0.104 0.1316 0.1419 0.1096 0.17 0.1096
F,t 0.948 0.900 0.8965 0.8386 0.9148 0.7963 0.9089
AUCH 0.943 0.893 0.8511 0.85298 0.94207 0.79298 0.94242
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Table 1: Comparison of the overall accuracy of object localization for the dataset of bolts with marker
lines

Model Parameter mAP(IoU = 0.5) mAP(IoU = 0.5:0.95) FPS
SSD 16.78 M 0.998 0.606 11.6
ResNet50+SSD 7.8 M 0.999 0.616 16.6

ResNet50+CBAM+SSD  10.37M 0.999 0.630 16.6
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Table 2: Comparison of recognition accuracy of four categories of bolts (IoU = 0.75)

Model Bolt A Bolt_ B Bolt_C Bolt. D  Total
SSD 0.973 0.683 0.202 0.78 0.654
ResNet50+SSD 0.903 0.662 0.547 0.704 0.704
ResNet50+CBAM+SSD  0.983 0.75 0.586 0.761 0.77
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Table 5: Comparisono of FPS

Indicators Ours PFA EDR BAS U-2 PoolNet BASv2

FPSt 56.7 59.1 3.8 426 120 8.6 38.2






OEBPS/Images/copy.png





OEBPS/Images/CMES_22143-fig-23.png
loss

1.4

1.2

08|

0.6

0.4

0.2

150





OEBPS/Images/CMES_22143-fig-7.png
Bolt

Image
256 i
; i 3
256, | 256
256 " g41128
Convl 2

Conv2 2

Conv3 3 / \
Conv4 3 (-
Convs 3 E

VGG-16

Through ConvS_3 layer






