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Abstract: Deep learning has been constantly improving in recent years, and a significant number of researchers have devoted themselves to the research of defect detection algorithms. Detection and recognition of small and complex targets is still a problem that needs to be solved. The authors of this research would like to present an improved defect detection model for detecting small and complex defect targets in steel surfaces. During steel strip production, mechanical forces and environmental factors cause surface defects of the steel strip. Therefore, the detection of such defects is key to the production of high-quality products. Moreover, surface defects of the steel strip cause great economic losses to the high-tech industry. So far, few studies have explored methods of identifying the defects, and most of the currently available algorithms are not sufficiently effective. Therefore, this study presents an improved real-time metallic surface defect detection model based on You Only Look Once (YOLOv5) specially designed for small networks. For the smaller features of the target, the conventional part is replaced with a depth-wise convolution and channel shuffle mechanism. Then assigning weights to Feature Pyramid Networks (FPN) output features and fusing them, increases feature propagation and the network’s characterization ability. The experimental results reveal that the improved proposed model outperforms other comparable models in terms of accuracy and detection time. The precision of the proposed model achieved by mAP@0.5 is 77.5% on the Northeastern University, Dataset (NEU-DET) and 70.18% on the GC10-DET datasets.
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1  Introduction

Computer vision methods are widely applied to detect surface defects on the metallic surface during the manufacturing process. Defects on metallic surfaces can arise as a result of numerous influencing factors in industrial production, such as material qualities and processing processes. These defects have an impact not just on the product’s quality, but also on how it is used. As a result, finding such faults is crucial for quality assurance. Defect localization, recognition, and classification are commonly used image processing techniques for defect detection as the primary solution. Traditional image processing is widely utilized as a defect detection approach in combination with a manual visual inspection that is used to describe the defect with machine vision [1,2]. However, these systems require a significant number of complex threshold settings that are sensitive to changes in real-world environments and quickly affected by lighting, background, and other factors. As a result, ambient noise can readily impact these algorithms, resulting in a low-performing detection model. Additionally, they are unsuited for real-world deployments due to their limited flexibility [1]. The commonly used pre-defined features contain local binary patterns (LBP), a histogram of the oriented gradient (HOG), a gray-level co-occurrence matrix (GLCM), and other statistical features [3].

Deep learning-based techniques, convolutional neural networks (CNN) have been effectively implemented for metallic surface defect detection, especially with the rapid growth of deep learning [2]. The regional suggestion, regression operation, and generation of candidate defect boxes that are classified by CNNs are widely used in deep learning for defect detection [4]. Several researchers have presented metallic surface defect detection and classification by adding a feature extraction module to minimize processing time through CNN with a maximum pool [5,6]. In comparison to traditional methods based on image structure and statistical features combined with machine learning, CNN-based deep learning systems can automatically extract and recognize features in a network at the same time, eliminating the requirement for manual feature extraction [7].

Defect localization detecting bounding boxes or area segmentation allows the observer to find and understand surface flaws. Defect localization is essentially a subset of object detection. As a result, some studies regarded the detection of surface defects as a defect detection issue such as Faster R-CNN [6], Generic CNN Encoder [8], Single Shot Multibox Detector (SSD) [9], You Only Look Once (YOLO) [10]. In contrast to metallic surface flaws, where a large number of labeled images are not readily available, all of these models assume that a large number of labeled images are readily available. High-speed manufacturing requires automated feature extraction, different factors may involve in the real-time detection of metallic surface defect detection challenging, such as the high-speed manufacturing line, variety and large-scale changes in defects, random distribution, and non-defective interferences [1,4]. The purpose of this research is to reduce the amount of computation required for convolutional processes and to extract a feature map of metallic surface defects to balance speed and precision.

In this paper, a modified model based on YOLOv5 is proposed to solve the above-mentioned problems. The YOLO-v1 method is the base network for YOLO v2 and v3 added batch normalization, a high-resolution classifier, multi-scale training, and dimension clusters, while YOLO v4 and v5 fork from original Darknet, Cross Stage Partial (CSP) backbone and PA-NET neck, data augmentation, and auto-learning bounding box anchors. On the other hand, YOLOv5 largely relies on the backbone as a Darknet, which can result in a low confidence score, especially in a defect detection scenario. As a result, ShuffleNetv2 is implemented as a feature extractor, which reduces the time it takes to generate features at various levels. These features are useful in the second half of object detection networks while also improving the model’s confidence score, precision, and detection speed. Thus, a modified variant effectively improved the detection precision of the model. The proposed model reached 77.5% mAP on NEU-DET and 71.10% mAP achieved on the GC10-DET dataset.

The main contributions of this study are:

1.    Considering the high demands for detection speed in industrial production, a lightweight backbone network is proposed to reduce processing time and enhance overall model performance.

2.    Due to the poor feature extraction performance of the currently existing deep convolution model, depth-wise convolution blocks were added to the model, which improved the model’s confidence score.

3.    Several experiments were carried out on two separate datasets, and the results demonstrated that the proposed model was robust and generalized.

The rest of the paper is organized as follows: Section 2 describes related work about defect detection in general. Section 3 describes in great detail the specific method of the paper, mainly describing the overall structure of the proposed method. Section 4 presents the details and the results of performing experiments on the datasets, which is followed by the conclusions drawn in Section 5.

2  Related Work

Over recent years, numerous kinds of research have been conducted for defect detection however they have not been confined to metallic surfaces. On the other hand, deep object detection approaches, such as Faster R-CNN [6], Generic CNN Encoder [8], SSD [9], and YOLO [10] are the primary methods for detecting defects.

Redmon et al. [11] introduced the YOLO-v1 model to reduce computing complexity to meet the real-time requirement of object detection and discovered that end-to-end real-time monitoring is possible. Meanwhile, the extraction of physical information and the building of structural features, when combined with machine learning, show significant advantages in the field of defect detection. As a result, deep learning is currently playing a critical role in defect detection. Many defect detection approaches based on deep object detection have been proposed. For example, mobile location, production monitoring, and surface and PCB defect detection.

Traditional image processing algorithms identify surface defects using manual features specified by specialists. Local Binary Pattern (LBP) [12], Histogram Oriented Gradient (HOG) [13], Grey-Level Co-occurrence Matrix (GLCM) [14], and other statistical features [15] are some of the most common manual features. Traditional image processing methods need complex threshold settings for defect recognition. If environmental factors change, the threshold values should be carefully adjusted. Otherwise, the lack of adaptability and robustness can make the algorithm unsuitable for the new environment. The deep learning method has numerous advantages in defect detection. The end-to-end detection method can be used to extract image features and reduce manpower and design time. One-stage and two-stage object detection algorithms are the most common deep learning techniques. Using a multilayer convolutional neural network, the one-stage approach collects image features (CNN). The default bounding box is set using the sliding window in the image characteristics and anchor, and the image features are fed into two network branches to classify the flaws. The selective search or regional proposed network (RPN) [16] is used in the first stage of the two-stage method to forecast the regional picture. The features of each region of interest (ROI) can then be retrieved by merging ROIs. For object classification and bounding box regression, ROI attributes are fed into two branches of the network. Object and defect detection models are improved by using algorithms like R-CNN [16], Fast and Faster R-CNN [6], SSD [9], and the YOLO series [17–19].

Several defect detection methods have been developed. Bui et al. proposed an improved knowledge-based neural network (KBNN) accompanying optimization algorithms and finite element analysis (FEA) to predict the spring-back angle of the metal sheets during bending [20]. Results showed that KBNN can accurately simulate the relationship between the rebound angle and process parameters. The problem of detecting complex defects in big structures is a difficult one. Ma et al. [21] provided a method for detecting intricate cluster defects that fitted the multi-scale dynamic variable node XFEM with a three-step detection scheme flawlessly. The model necessitates the deployment of additional sensors as well as the configuration of many parameters. Akhyar et al. [22] suggested a defect detection network based on RetinaNet focused to overcome the problem of tiny target and category imbalance. However, due to the model’s anchor generation process and the addition of the Feature pyramid networks (FPN) structure, the model’s computation amount is large, and the experiment’s defect detection speed is only 0.08 s. As a result, it will be unable to meet the real-time detection demands.

To overcome the challenge of detecting materials under high-speed trains, Yao et al. [23] suggested a target detection model based on YOLOv3. The dense network takes the place of ResNet in the backbone and Spatial Pyramid Pooling (SPP) networks are employed to improve the model’s detection precision. However, the dense network contains more layers and a larger feature map than the original model, resulting in a higher computed number of convolutions. As a result, the algorithm fails to strike a decent speed-accuracy balance and it is relatively difficult to deploy them in real-world industries. Thus, the defect detection area needs a smaller number of computations for convolutional processes and a reasonable feature map to balance the speed and precision of the model.

Although deep learning-based defect detection approaches have been extensively explored and considerably improved, there is still room for development in terms of defect detection accuracy and precision, as well as real-time rapid detection

3  Architectural Overview of YOLOv5 Detection Model

Object Detection based on CNN is largely used in object detection systems. Object detection with excellent performance is achieved using the YOLOv5 model. YOLO divides an image into grids, each of which identifies things inside its boundaries. They can be used to detect objects in real-time using data streams. A backbone will be used to pre-train the General Object Detector, and a head will be used to forecast classes and bounding boxes as shown in Fig. 1 Backbones can run on either GPU or CPU platforms. For Dense prediction, the Head (as shown in Fig. 1) can be one-stage e.g., YOLO [10,18,19,24], SSD [9], RetinaNet [25] or two-stage e.g., Faster R-CNN [6] for the sparse prediction object detector. Some layers (Neck) in recent object detectors collect feature maps and are located between the backbone and the head.
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Figure 1: YOLOv5 default architecture (backbone, neck, and head), reference to the elements of this architecture modified in our work

Cross Stage Partial CSPDarknet53 is used as a backbone and Spatial Pyramid Pooling (SPP) block in YOLOv4 to improve the receptive field, which separates the significant characteristics while maintaining network speed. The author created the Focus layer in the original version of the yolov5 backbone by using four slice operations in the higher structure of feature extraction. Every four neighboring pixels in a square, and produce a feature map with the number of channels on the focus layer. Equivalent to completing four down-sampling operations on the upper layer and then concatenating the results together. The model’s function is to reduce parameters and accelerate the model without compromising the model’s capacity to extract features.

A path aggregation network (PAN) is a tool for combining data from several backbone layers. The YOLOv3 (anchor-based) head is used for YOLOv4 [24]. Shortly after YOLOv4, YOLOv5 was released. This version is comparable to YOLOv4 in terms of performance and design. The key point of interest is that it is entirely developed in the PyTorch framework, rather than any form of the Darknet framework and that it is designed for accessibility and use in a wider range of development settings. Furthermore, the models in YOLOv5 are smaller, faster to train, and easier to use in real-world applications [26].

When the parameters are reduced, the Focus layer accelerates the model, and this advantage can only be obtained by using the GPU. In the take-and-go processing method, the GPU does not need to consider cache occupancy, and the focus layer is placed on the GPU device. Frequent slice operations will just clutter the cache and raise the computational processing load. Simultaneously, when the process is deployed, the conversion of the Focus layer is exceedingly difficult for fast detection.

3.1 Small Object Detection

Some effort has gone into developing systems that direct processing to specific areas of an input image, allowing us to change resolution and therefore overcome the constraint of having fewer pixels defining an object [27,28]. This technique, on the other hand, is better suited for non-time-sensitive systems that require multiple runs at different scales over a network. Nonetheless, the way someone approaches certain feature maps may be influenced by paying more attention to specific scales. Furthermore, changing the backbone, and looking at how feature maps can be treated may improve the detection much more accurately and faster. Feature pyramid networks (FPN) of many varieties can aggregate feature maps in different ways to improve a backbone in different ways. Such methods are rather effective [29].

Object detection can provide vital contextual information about the defect’s surroundings and heavily inform the decision-making process inside defect detection. Smaller things translate to objects further away in this situation, giving the algorithm a more complete context to work with. These systems place a strong emphasis on inference time, at the expense of performance, if necessary, but work can be done to improve them at a low cost. Performance in this field is crucial, as even minor improvements can have a significant impact on the entire detecting system [29].

3.2 Light Weight Module Designs

A lightweight backbone structure is designed for metallic surface defect detection focused on YOLOv5 with NEU and CG10 datasets. The improved structure specially designed for small networks reduced the higher computed number of convolutions, which improves the accuracy and speed of detection. The backbone of YOLOv5 consists of convolutional blocks and bottleneck CSP. There are mainly three types of convolutional operations point wise, depth-wise, and group convolution in practice. Each conventional convolution layer is factorized by the baseline detection network into a depth-wise convolution layer and a point-wise convolution layer.

3.2.1 Point-Wise Convolution

The point-wise convention uses a fixed 1 × 1 kernel size that iterates every single point, a standard convolution mainly used to collect data from different channels. The classic convolution convolved the depth of different channels as an input feature map in both spatial and channel dimensions. It is used with depth-wise convolutions to produce a class of efficient convolutions known as depth-wise separable convolutions. The depth-wise convolution could convolve the input feature map in the spatial dimension, but it eliminates information flow between the multiple channels. As a result, the output size remains constant, and it plays a role in controlling the number of channels. It is most commonly used for dimensional reduction to reduce the number of channels, which is critical because it can greatly reduce the amount of computation.

3.2.2 Group Convolution (GConv)

This sort of convolution was first developed by the AlexNet [30] architecture, and it has lately gained popularity due to its use in ResNeXt [31]. By applying convolutional filters to all input feature maps, standard convolutional layers generate output feature maps resulting in high computational costs. Group convolution, on the other hand, lowers the computational cost by separating the input features into mutually exclusive groups, each of which creates its outputs. According to the proposed approach, the group size should be carefully selected based on the target platform and task. For a modest task like defect detection, adopting a high number of group convolutional layers isn’t appropriate because adding more channels can reduce accuracy by significantly increasing computing costs. With numerous group convolutional layers and the channel shuffle operation, a more powerful architecture is proposed in this research.

3.2.3 Depth-Wise Convolution

As an efficient alternative to the standard convolution process, a Depth-wise separable convolution layer has been developed. An efficient kind of Neural Network (NN) known as MobileNet [32] is created by replacing a typical 3-D convolution with a 2-D depth-wise convolution followed by a 1-D point-wise convolution. To improve the accuracy of compact models, the proposed model uses depth-wise convolutions on shuffled channels combined with group-wise 1 × 1 convolutions. ShuffleNet [33], and MobileNetv2 [32] boosted efficiency even more by introducing shortcut connections that assist deep network convergence. Overall, several efficient neural network topologies have been presented, which can be used when constructing a NN model, especially for metallic surface defect detection.

4  Proposed Architecture

In YOLOv5, the modified ShuffleNetv2 [34] is replaced with the present backbone. The backbone element is responsible for extracting feature maps from the input image. This is an important stage in any object detector because it is the principal structure in charge of gathering contextual information from the input image and abstracting that information into patterns.

ShuffleNetv2 is a convolutional neural network that is optimized for speed rather than indirect metrics such as FLOPs. DarkNet [35] makes use of such connections to keep as much data as possible safe as it travels over the network. Putting these structures in place necessitates breaking them down into their essential components and ensuring that the layers interact properly. This involves ensuring that the feature map dimensions are correct, which may necessitate significantly changing the scaling factor for the model’s width and depth. Tasks generally seek maximum accuracy while working within a limited computing budget set by the target platform. This encourages a number of projects, such as Xception [36], MobileNet [37], ShuffleNet [34], CondenseNet [38] to create light-weight architectures with improved speed-accuracy tradeoffs. These works rely heavily on group convolution and depth-wise convolution. Putting these structures in place necessitates breaking them down into their basic components and ensuring that the levels interact properly. This involves maintaining the correct feature map size, which may involve slightly adjusting the scaling factor for the model’s width and depth.

4.1 Proposed Backbone

The improved network architecture in Fig. 2 depicts the enhanced network design. The specially designed depth-wise structure is added to the core network architecture to enhance feature dissemination and reuse, based on the original ShuffleNetv2 architecture. To ensure efficient information communication, two 2D convolution blocks to our model are embedded. Each layer’s output was coupled to all the following layers in each 2D convolution block. The design principle of the bottleneck unit in Fig. 2 is using the channel shuffle function, which is specifically built for small networks functioning as a residual block. The 3 × 3 layer is added to the residual branch, followed by computationally efficient 3 × 3 depth-wise convolution on the bottleneck feature map. The initial 1 × 1 layer is then replaced by a point-wise group convolution followed by a channel shuffle operation.
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Figure 2: Building blocks of the proposed backbone structure

Since each building block is so efficient, more feature channels and network capacity may be used. The fundamental issue with lightweight networks is that only a limited number of feature channels are affordable within a certain processing budget (FLOPs). In [30], two strategies are used to expand the number of channels without considerably raising FLOPs: point-wise group convolutions and bottleneck-like structures. Then, to enable information communication between different sets of channels and increase accuracy, a “channel shuffle” extremely efficient process is adopted.

On the computational side, where resources are scarce, the ShuffleNetv2 design concept has several reference meanings. C3 Layer is an upgraded version of the CSPBottleneck developed by the YOLOv5 authors that are simpler, faster, lighter, and delivers better outcomes with roughly comparable losses. C3 Layer, on the other hand, employs multiplexed convolution. Tests have shown that using C3 Layer and C3 Layer with a higher number of channels frequently consumes more cache space and reduces running speed. This module is intended for ImageNet ranking. When there aren’t as many different types of realistic real-time scenarios. Backbone architecture similar to ShuffleNetv2 is used to replace 1024 convolution and 5 × 5 pooling. There is an improvement in accuracy and a significant gain in terms of speed.

4.2 Influence of the Backbone

The YOLOv5’s default backbone not only appears to degrade performance in most circumstances, but its inference time is also substantially longer, providing little reason to examine it further at this point. We conclude that the proposed model is a better fit for small-scale object detection in general. This may be owing to the smaller size models however not having a network deep enough to appreciate the benefits of a DarkNet backbone, whereas the proposed model does a decent job of conserving the detailed feature map.

5  Experiments

Several different experiments were carried out in this section to evaluate the suggested method utilizing real flaws in metallic surfaces. The setup parameters for the experiment were as follows: AMD Ryzen 7 6000 CPU, 64 GB DDR4 RAM, NVidia GTX2080Ti GPU with 24 GB memory, and the Ubuntu 18.04 LTS operating system. The results of the experiment are then explained in both visual and quantitative formats. There are two different datasets Table 1 is used in this research and presented the results in detail.
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5.1 Description of NEU-DET and GC10-DET Dataset

NEU-DET is a surface defect dataset created by Northeastern University (NEU) that covers six different types of surface defects. There are 1800 gray-scale defects are found on the hot-rolled steel strip’s surface in the collection, with 300 samples in each class of surface defects [12,39].

The GC10-DET dataset has significant difficulties in terms of fault categories, image count, and data scale. Additionally, standard detection methods are inefficient and inaccurate in the complicated real-world context. The surface defect dataset GC10-DET was obtained in an actual industry [39]. There are 3570 gray-scale images in the dataset. The specific defect classes included in the GC10- DET dataset are Punching, Welding line, Crescent gap, Water spot, Oil spot, Silk spot, Inclusion, Rolled pit, Crease, and Waist folding.

5.2 Performance Evaluation

For performance evaluation, recall and mean average precision (mAP) is used. For each fault category, recall is the ratio of successfully recognized images to all testing images. The average detected precision for each defect category is represented by the mean average detected precision for all defect categories is represented as mAP.

The proposed model was compared with several state-of-the-art methods, including SSD, YOLOv4, YOLOv5, and Faster-RCNN [6,9,24,26]. To be comprehensive, the optimal parameter tuning is presented in this section. The above-mentioned deep methods adopt a pre-trained model on the ImageNet, which can be helpful to extract basic image features including edge, texture, and so on. Therefore, the SSD method utilizes VGG16 as the pre-trained model, Darknet19 model, YOLOv4 uses Darknet53 model, and Faster R-CNN adopts the Resnet50 model and the parameter tuning for these models respectively explained as follows:

The learning rate is determined by training experience; a higher learning rate indicates higher weight updates, which can speed up model convergence; however, if the learning rate is too high, the training may fluctuate and may lead to slow convergence of the training process. The initial learning rate is set from 0.1 to 0.00001, and the best one is selected through experiments. Thus, the best learning rate was obtained as follows: SSD (0.0005), Faster-RCNN (0.01), and YOLOv5 (0.0005).

The weight decay is a coefficient of the regular term in the loss function. Thus, the setting of weight decay depends on the loss function used to alleviate over-fitting. According to the loss function and experiments, the final settings of weight decay are as follows: SSD (0.00005), Faster-RCNN (0.0001), and YOLOv5 (0.00005).

6  Results and Discussion

The results of the metallic steel surface defect detection are shown in Figs. 3 and 4. Steel strip defects occur in a variety of sizes and shapes, with a wide range of properties. The “silk spot” defect is enormous, but its characteristics are abstract due to the size discrepancies in “oil stains” and other forms of defects. Sections 6.1 and 6.2 explain detailed comparisons of both datasets and each class. Furthermore, the efficacy of the proposed and traditional five defect detection models as images of single and testing sets of defected steel sheets is compared in Table 6.
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Figure 3: Results of detection on the NEU-DET dataset. The images are arranged in the following order: (1) Crazing, (2) Inclusion, (3) Patches, (4) Pitted surface, (5) Rolled in scale, and (6) Scratches

[image: images]

Figure 4: Results of detection on the GC10-DET dataset. The images are arranged in the following order: (1) Crescent gap, (2) Welding line, (3) Water spot, (4) Silk spot, (5) Inclusion, (6) Oil spot, (7) Crease, (8) Punching, (9) Waist folding, and (10) Rolled pit

6.1 Comparison of Accuracy and Recall on NEU-DET Dataset

The detailed comparison of Recall on the NEU-DET dataset is shown in Table 2 and the detection results of NEU-DET are shown in Fig. 3 visually. The proposed method can obtain the best results on the defects of the NEU-DET dataset, while the SSD has a slightly higher Recall than the proposed method. Tables 2, and 3 demonstrate the detailed comparison results about mean average precision and recall against each class.
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The six categories of metal surface defects are difficult to discern using the YOLO models, as demonstrated in Tables 2 and 3. The reason for this could be those surface imperfections are typically tiny in size. Thus, the default YOLOv5 with fixed scale detection cannot effectively tackle this. On the other hand, the proposed model uses multi-scale cells to better distinguish multi-scale faults with 0.775 mAP. Even though Faster-RCNN uses anchor boxes to solve this problem, it still performs worse than the proposed model. The proposed method performs the highest mean average precession values except in particular one defect type “Crazing”.

6.2 Comparison of Accuracy on GC10-DET Dataset

The detailed comparative findings of Recall on the GC10-DET dataset are shown in Tables 4, 5, and Fig. 4 depict several GC10-DET detection results. The suggested technique performs best on defects of GC10-DET dataset whereas SSD performs slightly better Recall on defect type “Rolled pit” and Faster-RCNN performs slightly better on defect type “Crease”.
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The comprehensive comparative findings of Recall on the GC10-DET dataset are presented. The proposed technique achieves the greatest results on the faults. The SSD, on the other hand, is slightly greater on defect types such as “Welding Line”, “Rolled Pit”, and “Waist Folding”. On defect type “Punching”, faster-RCNN outperforms all the others.

As shown in Tables 3 and 5, the default YOLO backbones struggle to differentiate between the six types of defects in the NEU-DET dataset and the ten types of defects in the CG10-DET dataset. The explanation for this could be that the defects on the surface are often on a tiny scale, which cannot be treated well by default YOLOv5 with fixed scale detection. The proposed technique, on the other hand, distinguishes multi-scale defects better, and the mAP can reach 0.7750 and 0.7018 respectively. While the other two models are lower than the proposed technique.

6.3 Computational Time Comparison

The proposed model is capable of completing tasks in a reasonable amount of time. To process one NEU-DET image, the proposed model took the almost same amount of time as SSD vs. the proposed model, 7 vs. 3 ms, for a total time of 51 vs. 21 ms for the entire testing set. On the GC10-DET, the proposed model obtained a second computing speed of 29 vs. 24 ms, despite the results for the single image test being the same at 5 and 4 ms.

7  Conclusion

In this paper, a deep learning model for metallic surface defect detection based on modified YOLOv5 was proposed. The improved deep learning model was suggested to enhance the performance for small sizes and complex shapes of defects and to reduce computational time. To improve the network’s ability to extract features, depth-wise convolution was utilized to reconstruct the feature extraction network. The detection effect of the improved proposed model was better than other models when tested on the NEU-DET dataset at 77.5% and CG10-DET dataset at 70.18% mAP. Simultaneously, the proposed model’s dominance was demonstrated by comparing it to other widely used target defect algorithms. To achieve maximum accuracy, a backbone with depth-wise convolution and data augmentation was improved. On the other hand, the default backbone of YOLOv5 was heavily reliant on the backbone as a Darknet, which can result in a poor confidence score, particularly in the defect detection scenario. As a result, the modified model with a backbone based on ShuffleNetv2 as a feature extractor was introduced, which minimizes the time required to generate features at various levels helpful in the second half of object detection networks while simultaneously boosting the model’s confidence score, precision, and detection speed.

Finally, extensive experiments demonstrated that the proposed approach is reliable for detecting metallic surface defects. However, steel plates moving with great speed and extremely minute faults even in high-resolution images cannot be recognized successfully. In future work, the proposed research will be extended to enhance the performance, especially small-size defect detection.

Funding Statement: This research was supported by a grant from Tongmyong University Innovated University Research Park (I-URP) funded by Busan Metropolitan City, Republic of Korea.

Conflicts of Interest: The authors declare that they have no conflicts of interest to report regarding the present study.

References

    1. X. Lv, F. Duan, J. Jiang, X. Fu and L. Gan, “Deep active learning for surface defect detection,” Sensors, vol. 20, no. 6, pp. 1650, 2020.

    2. X. Wu, K. Cao and X. Gu, “A surface defect detection based on convolutional neural network,” in Int. Conf. on Computer Vision Systems, Shenzhen, China, pp. 185–194, 2017.

    3. X. Lv, F. Duan, J. Jiang, X. Fu and L. Gan, “Deep metallic surface defect detection: The new benchmark and detection network,” Sensors, vol. 20, no. 6, pp. 1562, 2020.

    4. X. Zheng, S. Zheng, Y. Kong and J. Chen, “Recent advances in surface defect inspection of industrial products using deep learning techniques,” in The Int. Journal of Advanced Manufacturing Technology, London, UK, vol. 113, no. 1, pp. 35–58, 2021.

    5. Z. Liu, L. Wang, C. Li and Z. Han, “A High-precision loose strands diagnosis approach for isoelectric line in high-speed railway,” IEEE Transactions on Industrial Informatics, vol. 14, no. 3, pp. 1067–1077, 2018.

    6. S. Ren, K. He, R. Girshick and J. Sun, “Faster R-CNN: Towards real-time object detection with region proposal networks,” in 28th Int. Conf. on Neural Information Processing Systems, Montreal, Canada, vol. 1, pp. 91–99, 2015.

    7. F. Zhou, G. Liu, F. Xu and H. Deng, “A generic automated surface defect detection based on a bilinear model,” Applied Sciences, vol. 9, pp. 3159, 2019.

    8. X. Dong, C. Taylor and T. Cootes, “Defect detection and classification by training a generic convolutional neural network encoder,” IEEE Transactions on Signal Processing, vol. 68, pp. 6055–6069, 2020.

    9. W. Liu, D. Anguelov, D. Erhan, C. Szegedy, S. Reed et al., “SSD: Single shot multibox detector,” Computer Vision (ECCV), vol. 9905, pp. 21–37, 2016.

  10. J. Redmon and A. Farhadi, “Yolov3: An incremental improvement,” arXiv preprint arXiv:1804.02767, 2018.

  11. J. Redmon, S. Divvala, R. Girshick and A. Farhadi, “You only look once: Unified, real-time object detection,” in IEEE Conf. on Computer Vision and Pattern Recognition, Las Vegas, USA, pp. 779–788, 2016.

  12. K. Song and Y. Yan, “A noise robust method based on completed local binary patterns for hot-rolled steel strip surface defects,” Applied Surface Science, vol. 285, pp. 858–864, 2013.

  13. D. Shumin, L. Zhoufeng and L. Chunlei, “AdaBoost learning for fabric defect detection based on HOG and SVM,” in Int. Conf. on Multimedia Technology, Hangzhou, China, pp. 2903–2906, 2011.

  14. A. Chondronasios, I. Popov and I. Jordanov, “Feature selection for surface defect classification of extruded aluminum profiles,” The International Journal of Advanced Manufacturing Technology, vol. 83, no. 1, pp. 33–41, 2016.

  15. X. Tao, D. Xu, Z. Zhang, F. Zhang, X. Liu et al., “Weak scratch detection and defect classification methods for a large-aperture optical element,” Optics Communications, vol. 387, pp. 390–400, 2017.

  16. S. Ren, K. He, R. Girshick and J. Sun, “Faster R-CNN: Towards real-time object detection with region proposal networks,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 39, no. 6, pp. 1137–1149, 2017.

  17. T. Khatir, D. Boutchicha, C. Le, H. Tran, T. Bui et al., “An efficient hybrid TLBO-PSO-ANN for fast damage identification in steel beam structures using IGA,” Smart Structures and Systems, vol. 25, pp. 605–617, 2020.

  18. J. Redmon and A. Farhadi, “YOLO9000: Better, faster, stronger,” in IEEE Conf. on Computer Vision and Pattern Recognition, Honolulu, Hawaii, pp. 6517–6525, 2017.

  19. J. Ruan and Z. Wang, “An improved algorithm for dense object detection based on YOLO,” in The 8th Int. Conf. on Computer Engineering and Networks, Shanghai, China, pp. 592–599, 2020.

  20. T. Q. Bui, A. V. Tran and A. A. Shah, “Improved knowledge-based neural network (KBNN) model for predicting spring-back angles in metal sheet bending,” International Journal of Modeling, Simulation, and Scientific Computing, vol. 5, pp. 1350026, 2014.

  21. C. Ma, T. Yu, L. Lich, T. Nguyen and T. Bui, “Detection of multiple complicated flaw clusters by dynamic variable-node XFEM with a three-step detection algorithm,” European Journal of Mechanics-A/Solids, vol. 82, pp. 103980, 2020.

  22. F. Akhyar, C. Lin, K. Muchtar, T. Wu and H. Ng, “High efficient single-stage steel surface defect detection,” in 16th IEEE Int. Conf. on Advanced Video and Signal Based Surveillance, Taipei, Taiwan, pp. 1–4, 2019.

  23. Z. Yao, D. Hea, Y. Chena, B. Liub, J. Miao et al., “Inspection of exterior substance on high-speed train bottom based on improved deep learning method,” Measurements, vol. 163, pp. 108013, 2020.

  24. A. Bochkovskiy, C. Wang and M. Liao, “YOLOv4: Optimal speed and accuracy of object detection,” arXiv: Computer Vision and Pattern Recognition, 2020.

  25. M. Helmstaedter, K. Briggman, S. Turaga, V. Jain, H. Seung et al., “Connectomic reconstruction of the inner plexiform layer in the mouse retina,” Nature, vol. 500, no. 7461, 2013.

  26. G. Jocher, A. Stoken, J. Borovec, A. Chaurasia, L. Changyu et al., “Ultralytics/yolov5: V5.0-YOLOv5-p6 models, AWS, supervisely and YouTube integrations,” 2021. https://doi.org/10.5281/zenodo.4679653.

  27. B. Singh, M. Najibi, A. Sharma and L. Davis, “Scale normalized image pyramids with autofocus for object detection,” arXiv: Computer Vision and Pattern Recognition, 2021. [Online]. Available: http://arxiv.org/abs/2102.05646.

  28. E. Arnold, O. Y. Al-Jarrah, M. Dianati, S. Fallah, D. Oxtoby et al., “A survey on 3D object detection methods for autonomous driving applications,” IEEE Transactions on Intelligent Transportation Systems, vol. 20, no. 10, pp. 3782–3795, 2019.

  29. A. Benjumea, I. Teeti, F. Cuzzolin and A. Bradley, “YOLO-Z: Improving small object detection in YOLOv5 for autonomous vehicles,” in Int. Conf. on Computer Vision (ICCVThe ROAD Challenge Workshop, Virtual, 2021.

  30. A. Krizhevsky, I. Sutskever and G. E. Hinton, “Imagenet classification with deep convolutional neural networks,” Advances in Neural Information Processing Systems, vol. 1, pp. 1097–1105, 2012.

  31. S. Xie, R. Girshick, P. Dollar, Z. Tu and K. He, “Aggregated residual transformations for deep neural networks,” in IEEE Conf. on Computer Vision and Pattern Recognition, Honolulu, HI, USA, pp. 1492–1500, 2017.

  32. A. Howard, M. Zhu, B. Chen, D. Kalenichenko, W. Wang et al., “MobileNets: Efficient convolutional neural networks for mobile vision applications,” arXiv: Computer Vision and Pattern Recognition, 2017.

  33. A. Anvar and Y. Cho, “Automatic metallic surface defect detection using shuffleDefectNet,” Journal of the Korea Society of Computer and Information, vol. 25, no. 3, pp. 19–26, 2020.

  34. N. Ma, X. Zhang, H. Zheng and J. Sun, “ShuffleNet v2: Practical guidelines for efficient CNN architecture design,” in European Conf. on Computer Vision (ECCV), Munich, Germany, pp. 116–131, 2018.

  35. J. Redmon, “Darknet: Open source neural networks in C,” 2016. [Online]. Available: http://pjreddie.com/darknet/.

  36. F. Chollet, “Xception: Deep learning with depthwise separable convolutions,” in IEEE Conf. on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, pp. 1800–1807, 2017.

  37. M. Sandler, A. Howard, M. Zhu, A. Zhmoginov and L. Chen, “Mobilenetv2: Inverted residuals and linear bottlenecks,” in IEEE/CVF Conf. on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, pp. 4510–4520, 2018.

  38. G. Huang, S. Liu, L. Maaten and K. Weinberger, “CondenseNet: An efficient DenseNet using learned group convolutions,” in IEEE/CVF Conf. on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, pp. 2752–2761, 2018.

  39. L. Xiaoming, F. Duan, J. Jiang, X. Fu and L. Gan, “Deep metallic surface defect detection: The new benchmark and detection network,” Sensors, vol. 20, pp. 1562, 2020.









	[image: images]
	This work is licensed under a Creative Commons Attribution 4.0 International License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.






Table of Contents


	
Faster Metallic Surface Defect Detection Using Deep Learning with Channel Shuffling






Guide


	
Faster Metallic Surface Defect Detection Using Deep Learning with Channel Shuffling





OEBPS/Images/table-1.png
Table 1: Comparison of NEU-DET and GC10-DET datasets

Dataset Scale Type number Defect types

NEU-DET 1800 6 Rolled-in scale, patches, crazing, inclusion, pitted surface,
scratches

CGI10-DET 3570 10 Punching, weld line, crescent gap, inclusion, water spot,

oil spot, silk spot, rolled pit, crease, waist folding
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Table 3: Mean average precision (mAP) on the NEU-DET dataset is compared using five distinct
models

Defect types Precision
SSD Faster-RCNN YOLOVv5S YOLOv6 Proposed model

Crazing 0.411 0.374 0.221 0.552 0.591
Inclusion 0.796 0.784 0.580 0.781 0.867
Patches 0.839 0.853 0.872 0.872 0.951
Pitted surface  0.839 0.795 0.539 0.739 0.859
Roll in scale 0.621 0.545 0.335 0.601 0.656
Scratches 0.836 0.792 0.750 0.838 0.726

mAP 72.36 69.05 54.95 73.05 77.50
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Table 6: Comparison of computational time on two datasets for the traditional model

Dataset Test type Method
SSD Faster R-CNN YOLOvS5 YOLOv6  Proposed model
NEU-DET  Testing set 51lms 47ms 54.75ms  34.85ms 2l ms
Single image 7 ms 7 ms 8.46 ms 5.15ms 3ms
CGI10-DET  Testing set 29ms  63ms 46.3 ms 41.6 ms 24 ms
single image  Sms 11 ms 8.67ms 7.67ms 4 ms
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Table 4: Comparison of recall on GC10-DET dataset, the proposed model performs the highest

Defect types Recall
SSD Faster-RCNN YOLOvS5 YOLOvV6 Proposed model

Punching 0.964 0.964 0.964 0.804 0.675
Welding line 1.000 0.623 0.899 0.785 0.667
Crescent gap  0.968 0.968 0.871 0.745 0.569
Water spot 0.696 0.696 0.609 0.698 0.519
Oil spot 0.848 0.761 0.565 0.806 0.691
Silk spot 0.956 0.708 0.542 0.924 0.588
Inclusion 0.578 0.551 0.311 0.571 0.367
Rolled pit 0.667 0.333 0.333 0.543 0.333
Crease 0.571 1.000 0.429 0.629 0.467

Waist folding  0.999 0.900 0.700 0.849 0.690
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Table 2: Recall on the NEU-DET dataset is compared using five distinct models

Defect types
SSD Faster-RCNN  YOLOVv5S YOLOv6 Proposed model

Crazing 0.665 0.474 0.692 0.781 0.631
Inclusion 0.974 0.903 0.655 0.889 0.768
Pitted surface  0.875 0.851 0.561 0.671 0.624
Patches 0.871 0.843 0.923 0.812 0.622
Roll in scale 0.632 0.581 0.602 0.710 0.572
Scratches 0.790 0.771 0.716 0.805 0.690
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Table 5: Comparison of mean average precision (mAP) on GC10-DET dataset, the proposed model
performs the highest

Defect types Precision
SSD Faster-RCNN YOLOVv5S YOLOv6 Proposed model

Punching 0.860 0.899 0.836 0.752 0.895
Welding line  0.974 0.554 0.841 0.813 0.885
Crescent gap  0.861 0.872 0.752 0.772 0.948
Water spot 0.552 0.599 0.495 0.698 0.654
Oil spot 0.612 0.653 0.529 0.589 0.622
Silk spot 0.689 0.579 0.325 0.742 0.750
Inclusion 0.168 0.194 0.536 0.165 0.351
Rolled pit 0.105 0.364 0.236 0.381 0.367
Crease 0.527 0.736 0.629 0.831 0.621
Waist folding  0.99 0.818 0.554 0.915 0.925

mAP 63.38 62.68 57.33 66.58 70.18
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