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Abstract

:

The integration of artificial intelligence with steel manufacturing operations holds great potential for enhancing factory efficiency. Object detection algorithms, as a category within the field of artificial intelligence, have been widely adopted for steel defect detection purposes. However, mainstream object detection algorithms often exhibit a low detection accuracy and high false-negative rates when it comes to detecting small and subtle defects in steel materials. In order to enhance the production efficiency of steel factories, one approach could be the development of a novel object detection algorithm to improve the accuracy and speed of defect detection in these facilities. This paper proposes an improved algorithm based on the YOLOv5s-7.0 version, called YOLOv5s-7.0-FCC. YOLOv5s-7.0-FCC integrates the basic operator C3-Faster (C3F) into the C3 module. Its special T-shaped structure reduces the redundant calculation of channel features, increases the attention weight on the central content, and improves the algorithm’s computational speed and feature extraction capability. Furthermore, the spatial pyramid pooling-fast (SPPF) structure is replaced by the Content Augmentation Module (CAM), which enriches the image feature content with different convolution rates to simulate the way humans observe things, resulting in enhanced feature information transfer during the process. Lastly, the upsampling operator Content-Aware ReAssembly of Features (CARAFE) replaces the “nearest” method, transforming the receptive field size based on the difference in feature information. The three modules that act on feature information are distributed reasonably in YOLOv5s-7.0, reducing the loss of feature information during the convolution process. The results show that compared to the original YOLOv5 model, YOLOv5s-7.0-FCC increases the mean average precision (mAP) from 73.1% to 79.5%, achieving a 6.4% improvement. The detection speed also increased from 101.1 f/s to 109.4 f/s, an improvement of 8.3 f/s, further meeting the accuracy requirements for steel defect detection.
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1. Introduction


Steel serves as a critical material in the manufacturing industry, infrastructure sector, and other fields. The quality of steel directly impacts both the quality of the finished products and the construction of infrastructure. Therefore, ensuring strict quality control for steel is exceptionally important, as it constitutes the initial guarantee for product qualification.



In the production and processing of steel products, defects such as pitting, scratches, and patches often occur on the surface of the steel. These defects can lead to a decrease in the quality and performance of steel products, thereby reducing the reliability and service life of the steel. Therefore, measures must be taken during steel production and usage to accurately and quickly detect and eliminate these non-compliant steel materials. The methods for detecting surface defects in steel can be categorized as manual inspection and machine inspection. Manual inspection is prone to randomness, and the accuracy is heavily influenced by the experience and attentiveness of the inspectors. Moreover, small defects in steel may not be easily noticed by human workers [1]. On the other hand, machine inspection offers the advantages of low cost, high efficiency, and good stability.



Object detection algorithms serve as the core of machine-based detection. However, there are still two challenges for mainstream object detection algorithms in recognizing surface defects on steel. Firstly, there is a high similarity between the different types of defects on the steel surface, while some similar defects exhibit significant variations [2]. Secondly, the multitude of defect types on the steel surface leads to imprecise classification results [3]. These two challenges result in decreased precision and a slower detection speed of the object detection algorithms. And mainstream object detection algorithms can no longer meet the strict defect detection requirements of factories [4]. Therefore, there is an urgent need for more advanced algorithms with improved performance in order to meet the production demands of factories.



As a solution to this problem, the architecture of the YOLOv5 model was introduced. However, it should be noted that in the YOLOv5 model architecture, the propagation of convolution calculations leads to the loss of feature information. Therefore, it is crucial to focus on the rational distribution of structures and module replacements that are more suitable for machine computations. Zhang et al. [5] proposed an improved algorithm based on YOLOv5 by incorporating deformable modules to adaptively adjust the perception field scale. They also introduced the ECA-Net attention mechanism to enhance feature extraction capabilities. The improved algorithm achieved a 7.85% increase in the mean average precision (mAP) compared to the original algorithm. Li et al. [6] put forward a modified algorithm based on YOLOv5, where they integrated the Efficient Channel Attention for Deep Convolutional Neural Networks (ECA-Net)—an attention mechanism to emphasize feature extraction in defective regions. They replaced the PANNet module with the Bidirectional Feature Pyramid Network (BiFPN) module to integrate feature maps of different sizes. The results showed that compared to the original YOLOv5 model, the mAP increased by 1% while the computation time decreased by 10.3%. Guizhong Fu et al. [7] proposed a compact Convolutional Neural Network (CNN) model that focused on training low-level features to achieve the accurate and fast classification of steel surface defects. This model demonstrated high precision performance with a small training dataset, even under various modes of interference such as non-uniform illumination, motion blur, and camera noise. Yu He et al. [3] proposed a fusion of multi-level feature maps approach, enabling the detection of multiple defects on a single image. They utilized a Region Proposal Network (RPN) to generate regions of interest (ROI), and the final conclusions were produced by the detector. The results showed an accuracy of 82.3% on the MEU-DET dataset.



Real-Time Object Detection is also an important requirement for the industrialization of steel defect detection. Qinglang et al. [8], focusing on the elongated nature of road cracks, proposed an improved algorithm based on YOLOv3. They fused high-level and low-level feature maps to enhance feature representation and achieve real-time detection of road surfaces. To achieve faster object detection, Jiang et al. [9] introduced the YOLOv4-tiny. This model replaced two (CSPBlock) modules with two ResnetBlock-D modules to improve computation speed. Furthermore, residual network blocks were utilized to extract more feature information from images, thus improving the detection accuracy. The results showed that the improved algorithm achieved a faster detection rate without sacrificing accuracy.



There are two main categories of deep learning-based object detection methods: one-stage and two-stage. The one-stage approach directly utilizes convolutional neural networks to extract image features, and perform object localization and classification. Classic algorithms in this category include the YOLO [10,11,12,13] series and SSD [14,15] series. In contrast, the two-stage approach generates candidate regions before performing the aforementioned processes. Popular algorithms in this category include the RCNN [16,17] series, SPPNet [18], and R-FCN [19]. Considering its practicality within factories, the YOLOv5 model from the one-stage category is commonly used. It offers a faster detection speed but suffers from a lower accuracy. To address this problem, the authors made improvements to certain structures in YOLOv5 specifically for steel training datasets. These modifications made the algorithm’s structure more suitable for machine feature extraction, resulting in an improved detection speed and an increased average accuracy.



This article begins by introducing the basic architectural features of the YOLOv5-7.0 algorithm. Afterwards, the author addresses several issues affecting the measurement accuracy in the original algorithm and proposes three improved modules to replace the problematic ones. The structure and distinguishing characteristics of these replacement modules are emphasized. Subsequently, details regarding the experimental setup, dataset, evaluation metrics, and other relevant information are provided.



The article then presents comparative experimental results, including comparisons of six different module replacements for the c3 module, three different forms of CAM for replacing the SPPF module, and eight different forms of Carafe for replacing the nearest module. Additionally, a comparative experiment is conducted using the three selected optimal modules in combination. Furthermore, the improved algorithm is compared with mainstream detection algorithms.



Finally, the article concludes by presenting comparative visual results of the detection performance between the improved algorithm and the original algorithm.




2. Materials and Methods


2.1. YOLOv5-7.0 Algorithm


The YOLOv5 algorithm is one of the typical one-stage algorithms that utilizes a series of convolutional computations to extract hierarchical features from images within the backbone network. By fusing high-level semantic information with low-level details, it facilitates effective classification and localization, ultimately performing object detection in the “detect” stage.



Version 7.0 of YOLOv5 represents the latest release in the YOLOv5 series and brings significant improvements to instance segmentation performance. YOLOv5-7.0 offers five different models, namely YOLOv5s, YOLOv5m, YOLOv5n, YOLOv5l, and YOLOv5x, arranged in increasing order of module size. These models exhibit varying speeds and accuracy levels.



The network structure of YOLOv5-7.0 consists of three components: the backbone, neck, and head. The backbone is responsible for extracting high-level semantic features from input images. The default backbone network in YOLOv5-7.0 is CSPDarknet, which employs stacked convolutional and pooling layers to reduce the image resolution while capturing essential features. After the processing by the backbone, the neck module in YOLOv5-7.0 performs feature fusion and processing, combining features from different levels to extract more comprehensive information. A Feature Pyramid Network (FPN) is commonly used as the fusion method in YOLOv5-7.0, enabling the extraction of scale information from multiple feature maps. The processed information from the neck module is then fed into the head module, which employs non-maximum suppression to generate three prediction results for predicting object locations and categories.



The algorithm proposed in this paper aims to enhance the YOLOv5s architecture of version 7.0, with the goal of improving detection efficiency and reducing error rates in practical applications. This enhancement seeks to achieve both rapid detection and increased accuracy, catering to the requirements of factories.




2.2. YOLOv5-7.0 Improvement


2.2.1. C3F Operator


C3 is derived from the Cross Stage Partial Networks (CSPNet) architecture. C3 has two variations: one in the backbone of YOLOv5-7.0 as shown in Figure 1a, and another in the head of YOLOv5-7.0 as shown in Figure 1b. The difference between BottleNeck1 and BottleNeck2 lies in their input processing. In BottleNeck1, the result is obtained by adding the output of Conv applied twice to the initial input.



Many studies have shown that the differences in feature maps across different channels of the same image are minimal [20,21]. While most algorithms aim to reduce computational complexity and improve accuracy, they have not effectively addressed the issue of computing redundant features across different channels. The C3 structure, which follows traditional methods for processing feature maps in each channel, inevitably results in redundant computations between similar feature maps.



An improved version of the C3 module in YOLOv5s-7.0, known as C3-Faster (C3F), has been introduced to effectively address the aforementioned issues. Its design concept is derived from the PConv module used by Jierun Chen [22] in FasterNet. In C3F, the unprocessed data are concatenated with the PConv module for further computation. This approach significantly reduces the computational workload while enhancing the accuracy. The structure of the PConv module can be seen in Figure 2a, while the structure of C3F is depicted in Figure 2b.



C3F is a fundamental operator that can be embedded into various neural networks to address the issue of redundant convolutions that often occur in neural network computations. By reducing memory access, C3F performs conventional Conv convolutions on only a portion of the input data, typically treating either the first or last channel as the representation of the entire image. The floating point operations (FLOPs) for conventional Conv are


  a × b ×  c 2  ×  d 2   



(1)







The corresponding amount of memory access is


  a × b × 2 d +  c 2  ×  d 2   



(2)







In a contrasting manner, after replacing the C3 module with a C3F module, the FLOPs are reduced to


  a × b ×  c 2  ×  d f    2   



(3)







The corresponding amount of memory access is


  a × b × 2  d f  +  c 2  ×  d f    2   



(4)




where   d /  d f  ≥ 2   is the number of channels.



This means that the FLOPs for Conv are at least four times greater than the FLOPs for C3F, and the memory access for Conv is more than double that of C3F.



In order to fully utilize the unused channels (  d −  d f   ) in the feature maps after the aforementioned operations, these channels are transformed into pointwise convolutions (Conv1 × 1) and added to the center position of the PConv module. This results in a convolutional layer with efficient computational capabilities. Batch normalization (BN) is then applied to further improve the convergence speed. To avoid the issues of gradient vanishing or exploding during computation, a Rectified Linear Unit (ReLU) is used as the activation function to enhance the non-linear fitting ability of the upper and lower layer function values. Subsequently, pointwise convolutions, average global pooling, and fully connected layers are employed to merge and output the final results.



This approach of processing digital images allows for a reduction in computational workload, thereby enhancing the speed of computation without sacrificing accuracy. By intelligently combining convolutional layers (attaching Conv1 × 1 layers to the center position of the PConv module, forming a T-shaped structure), greater attention is given to this central position, which has the highest Frobenius norm. This arrangement aligns with the pattern of feature extraction in images and can even reduce the computational workload while improving the precision.




2.2.2. Information Feature Enhancement Module—CAM


To address the issue of the varying candidate box sizes after the first stage of detection in RCNN, He, Kaiming et al. [23] proposed the spatial pyramid pooling (SPP) structure to fix the detection box size. The SPP structure incorporates parallel operations of MaxPool2d with 5 × 5, 9 × 9, and 13 × 13 modules, as shown in Figure 3a, to ensure fixed-size outputs. Subsequently, He, Kaiming further improved the SPP structure by introducing the spatial pyramid pooling-fast (SPPF) structure. The innovation in the network architecture is due to the replacement of the MaxPool2d operation in SPP with three consecutive 5 × 5 modules, as depicted in Figure 3b. This modification leads to outputs of the same size while reducing the computational workload and improving the detection speed. However, it is important to note that the SPPF structure inherently involves the loss of partial information during the pooling process. If the convolutional operations prior to pooling fail to learn sufficient features, it can have a significant impact on the detection results.



The utilization of the context augmentation module (CAM) has demonstrated remarkable effectiveness in handling low-resolution targets, while also providing a robust solution to the aforementioned issues. The conceptual architecture of CAM was a solution to address the imbalanced training dataset and limitations of the network. In this study, the CAM module is incorporated into YOLOv5s-7.0, replacing the SPPF structure and further enhancing the computational precision.



The CAM module uses convolution with varying dilation rates to process images and enrich the contextual information from both the upper and lower regions of the image. By combining the feature information from multiple images with different dilation rates, the expression of the features becomes more evident. The structure of the CAM module is illustrated in Figure 4.



In the above figure, 3 × 3 convolution kernels are applied with rates of 1, 3, and 5. This approach draws inspiration from the way humans recognize objects, where using a rate of 1 is akin to observing details up close, such as when observing a panda and noticing its creamy white torso, sharp black claws, and black ears. However, these details may not be sufficient to determine the object’s category. By contrast, performing convolution calculations with rates of 3, 5, or even larger rates is akin to viewing an object in its entirety, comparing it to the surrounding environment. Applying this visual approach to machine learning has demonstrated comparable results. By simulating this method of human observation, machine learning adjusts the rate to obtain different receptive fields and then fuses them for improved accuracy. This learning technique works particularly well for smaller targets at various resolutions.



The CAM module includes three types of weight forms: Weight, Adaptive, and Concatenation, as illustrated in Figure 5.



The Weight mode involves adding the information after it undergoes Conv1 × 1 processing three times. The Adaptive mode adopts an adaptive approach to match the weights, where [bs, 3, h, w] in the diagram represents spatially adaptive weight values. The Concatenation mode combines the information after it undergoes Conv1 × 1 processing three times through weighted fusion. There is no phenomenon of one mode being better than the other among these three modes. The performance of the CAM module is influenced by factors such as the dimensions of different datasets’ images, their characteristic features, and the connections between different modules.




2.2.3. Variable Receptive Field Module—CARAFE


Upsampling is widely used in deep neural networks to enlarge high-level features. In version 7.0 of YOLOv5, the nearest module, which means the nearest neighbor interpolation, is employed for upsampling operations. When using the upsampling module in image processing, each point in the output image can be mapped to the input image. The mapped point takes on the value of the nearest point among the adjacent four points in the input image, assumed as a, b, c, and d. The “nearest” module does not add computational complexity as it only requires passing values and processing data blocks. However, this module also has several drawbacks that significantly affect the results of neural network computations. The data transformation approach of the “nearest” module reduces the gradual correlation between adjacent pixels in the original image. Additionally, its 1 × 1 perceptual field is very small, and this uniform and simplistic sampling method does not effectively utilize the semantic information of the feature map.



The Content-Aware ReAssembly of FEatures (CARAFE) module, initially proposed by CL Chen et al. [24] can address the limitations of nearest neighbor methods. CARAFE provides a larger receptive field for images by generating corresponding kernels based on the semantic information of the feature map. This allows for a more focused consideration of the content surrounding the image, thereby improving the detection accuracy without significantly increasing the computational requirements. The execution process of the CARAFE module consists of two steps: “Creation of the Upsampling Kernel” and “New Kernel Convolution Calculation”. The creation of the upsampling kernel is illustrated in Figure 6, while the process of new kernel convolution calculation is depicted in Figure 7.



The image above depicts the process of creating an upsampling kernel. To meet the requirement of reducing the computational complexity, the input image of size h × w × l undergoes calculations using a 1 × 1 convolutional operation, compressing the channels to l1. Next, the content is re-encoded and passed through a k2 × k2 convolutional operation, dividing the l1 channels into m2 groups of k12 channels. These channels are then rearranged and combined in a mh × mw × k12 structure after unfolding the spatial dimensions. Finally, the rearranged mh × mw × k12 structure is normalized, ensuring that the weights of the newly created upsampling kernel sum up to 1.



At each position in the output feature map h × w × l, there is a mapping to the input feature map. For example, in the rectangular shape shown in the image, the yellow region corresponds to a 6 × 6 area in the input feature map. Then, the upsampling kernel mh × mw × k12 is rearranged into a k1 × k1 structure within the red region, and the dot product between this rearranged kernel and the 6 × 6 input area yields an output value. The yellow region of the rectangular shape determines the corresponding positional coordinates of the red region in the upsampling kernel, and a single upsampling kernel can be shared among all channels at that corresponding position.



The sizes k1 × k1 and k2 × k2 represent the reorganized upsampling kernel and the receptive field, respectively. A larger receptive field means a larger range of content perception, requiring a larger reorganized upsampling kernel to match the increased receptive field. CL Chen introduced and explained the permutation patterns of k1k2 in the Carafe module, which include [1, 3], [1, 5], [3, 3], [3, 5], [3, 7], [5, 5], [5, 7], and [7, 7]. Additionally, it was noted that the parameter size increases as the value of k increases.




2.2.4. The Architecture of the Improved Model Based on YOLOv5s-7.0


The proposed improved algorithm is based on YOLOv5s-7.0. The purpose of the improvement is to improve the detection performance of small target objects, such as those with low pixel clarity. The structure of the improved algorithm is depicted in Figure 8. In this improvement, all seven C3 modules in the original algorithm’s backbone structure and four C3 modules in the neck structure are replaced with C3F modules. The C3F modules reduce redundant computations and their T-shaped pattern allows the receptive field to focus more on the center position with the maximum Frobenius norm.



Additionally, the SPPF in the original algorithm’s backbone is replaced with a CAM. The CAM obtains three different receptive fields with rates of 1, 3, and 5 when processing an image. This allows the algorithm to focus more on contextual information, reducing the impact of low pixel clarity features. Moreover, three fusion methods (weight, adaptive, and concatenation) are proposed for combining the obtained receptive fields.



Furthermore, the two nearest neighbor upsampling operators—the “nearest” modules in the original algorithm’s neck—are replaced with a feature recombination module called CARAFE, which focuses on semantic information. Based on the values of k1 and k2 ([1, 3], [1, 5], [3, 3], [3, 5], [3, 7], [5, 5], [5, 7], and [7, 7]), a total of 16 combinations can be obtained from the two “nearest” modules. This approach of increasing the receptive field differs from directly expanding it with CAM, as it reconstructs the upsampling kernel based on the feature information to enhance the receptive field.



By combining these three improvement methods without significantly increasing the computational complexity, the algorithm achieves a significant improvement in its accuracy. A comparative analysis will be presented in the following sections.






3. Experiments and Analysis


3.1. Experimental Environment


The experimental platform used in this study is the AutoDL cloud service platform provided by SeetaTech Technology Ltd. The basic configuration is shown in Table 1. During the training process using the improved algorithm based on YOLOv5s-7.0, no pre-trained weights were used. The basic parameters were set as follows: epochs = 300, batch-size = 32, workers = 22, initial learning rate = 0.001, and confidence threshold = 0.5.




3.2. Dataset and Evaluation Indicators


3.2.1. Dataset


This article utilizes a publicly available dataset called “NEU-DET” [25] provided by the Northeastern University of China for training and testing purposes. A total of six types of damage patterns shown in Figure 9 were selected, including scratches, crazing, inclusions, patches, pitting, and rolled-in scales, which are common defects in steel. The dataset consists of 1800 images, each with a resolution of 200 × 200 pixels, and contains 300 images for each defect category. To facilitate effective training, validation, and testing, the dataset was divided in an 8:1:1 ratio. This means that 1440 images were used for training, while the remaining 360 images were evenly distributed between the validation and testing sets.




3.2.2. Evaluation Indicators


In the object detection experiments, the algorithm’s performance is evaluated using precision (P), recall (R), average precision (AP), mean average precision (mAP) and frames per second (FPS). The corresponding expressions are as follows:


  P =   T P   T P + F P    



(5)






  R =   T P   T P + F N    



(6)






  A P =    ∫ 0 1   P ( R ) d R     



(7)






  m A P =     ∑  i = 0  n   A P = ( i )    n   



(8)







In these expressions, TP is expressed as the number of pictures with positive samples for both labeling and detection; FP represents the number of images where the ground truth is negative but the detection is positive; and FN represents the number of images where the ground truth is positive but the detection is negative. FPS is an indicator of detection speed, representing the number of images that can be detected per second.





3.3. Module Replacement Comparative Experiment


In order to analyze and demonstrate the impact of different improvement methods on the performance of defect detection algorithms on the “Steel Strip NEU-DET”, we will conduct individual or combined comparative analyses of three modules replaced in the improved algorithm. The following sections will experimentally evaluate the comparative effects of replacing several common C3 modules of the same type, compare the performance of three weight options in the CAM module, and assess the comparative effects of varying k1k2 parameter combinations in the Carafe module.



3.3.1. Comparative Experiment of C3 Module Replacement


In addition to the C3F module being able to replace C3, in recent years, many excellent papers have proposed convolutional kernels that can improve the algorithm’s performance. For example, Yolov8 introduces a module called cross stage partial feature fusion (C2f), which merges high-level and low-level features to enhance accuracy. The deformable convolution V2 (DCN) [26] is a variable convolution that adapts the kernel size according to the network layer size. The switchable atrous convolution (SAC) [27] by Google’s team is used for tiny object detection. The distribution shifting convolution (DSConv) [28] quantizes the original convolutional parameters and shifts the distribution to reduce the memory usage and accelerate the computation speed. The diverse branch block (DBB) [29], proposed in CVPR2021, combines multiple branches with rich features into a main branch through reparameterization. These convolutional kernels will be incorporated into YOLOv5s-7.0, and their performance will be compared and evaluated, as shown in Table 2.



The improved algorithms that replaced the convolutional kernels with C3F, C2f, SAC, DBB, DCN, and DSConv have increased the mAP compared to the original algorithm by 3.4%, 3.3%, 3.1%, 1.2%, 1%, and 0.9%, respectively. All six improved algorithms of YOLOv5s-7.0 can enhance the detection accuracy. However, only the algorithm, which incorporates C3F, C2f, DCN, and DSConv, improves both the detection accuracy and speed. The algorithm that incorporates DCN and DSConv has a weaker ability to improve the detection accuracy compared to the other two convolutional kernels. Additionally, considering that C2f has approximately 3.49 × 106 more computational parameters than C3F while achieving a similar detection accuracy, in the subsequent ablation experiments, only the case of integrating C3F will be considered.




3.3.2. Comparative Experiment of CAM Module Replacement


The three fusion modes of the CAM module have been described in detail in Section 2.2.2. of this paper. In this paper, when the original algorithm was fused with the CAM module, it was discovered that the Adaptive mode, which allows for the importance analysis of the results through attention mechanisms, performed the best on this dataset. It is more suitable for this dataset, as shown in Table 3.



The three fusion modes of the CAM module, when compared to the original algorithm, have all shown an improvement in the detection accuracy of at least 2.3%. Among them, after multiple experiments on the “NEU-DET” dataset, the Adaptive mode of the CAM module achieved the highest mAP of 75.7%. Therefore, in the subsequent ablation experiments, only the Adaptive mode of the CAM module will be considered. Although the CAM module can enhance the detection accuracy, it has a higher computational cost compared to the SPPF in the original algorithm. To further reduce the overall computational cost of the algorithm, future improvements can consider integrating the CAM module in the higher levels of the original algorithm.




3.3.3. Comparative Experiment of Carafe Module Replacement


In version 7.0 of YOLOv5s, this paper replaces both the “nearest” upsampling operators with Carafe. The variation in the k values for the higher-level Carafe has a relatively small impact on the overall parameter size of the algorithm. Even when replacing the high-level upsampling operator with Carafe [7, 7], the overall parameter size of the algorithm only increases from 7.03 × 106 to 7.67 × 106. This is due to the geometric growth in the parameter size resulting from increasing the k values of both the higher-level and lower-level Carafe. In this study, the lower-level upsampling operator is set as Carafe [1, 3], and the different combinations of the k values for the higher-level Carafe are explored to find the optimal integration of Carafe into YOLOv5s-7.0. The comparison of the parameter size and detection accuracy of the eight combinations of Carafe-enhanced algorithm integration is shown in Table 4.



All the fusion combinations incorporating the Carafe module lead to an improved detection accuracy. Through a comparison of the mAP results, it was found that the optimal detection accuracy is achieved when the recombination sampling kernel k1 is set to 1, 3, or 5, and the receptive field k2 is set to 3, 5, or 7. Among the combination modes [1, 3], [3, 5], and [5, 7], the detection accuracy increases with the increase in the k values, with the [5, 7] combination achieving the highest mAP of 75.2%. Moreover, the increase in the parameter size is not substantial. Therefore, in the subsequent ablation experiments, only the Carafe mode [5, 7] needs to be considered.





3.4. Ablation Experiment and Analysis


To investigate the impact of the three aforementioned improvement combinations on the detection accuracy of surface defects in steel strips, ablation experiments were conducted as shown in Table 5.



In the table, ‘✔’ indicates the presence of the module Comparing. Group 2 with Group 1, the addition of the C3F module resulted in a reduction in the 1.23 × 106 parameters. However, the mAP increased from 73.1% to 76.3%, showing an improvement of 3.2%. When comparing Group 3 with Group 1, the inclusion of the CAM module led to an almost doubling of the parameter count, but the detection accuracy also improved by 2.6%. In the case of Group 4 compared to Group 1, the integration of the Carafe module only increased the parameter count by 0.34 × 106, yet the detection accuracy improved by 2.1%. Groups 5, 6, and 7 represent paired combinations of C3F, CAM, and Carafe, respectively. When compared to their individual integration with YOLOv5s-7.0, all these combination modes exhibited further improvements in mAP, suggesting that there is no adverse reaction when combining C3F, CAM, and Carafe. Group 8 fused C3F, CAM, and Carafe into YOLOv5s-7.0, and created a new model named “YOLOv5s-7.0-FCC”. Furthermore, the code for the YOLOv5s-7.0-FCC model is publicly available and readers are free to use it. The download location can be found in the Supplementary Materials Data File S1. Lastly, Group 8, when compared to Group 1, saw an increase in the parameter count from 7.03 × 106 to 13.35 × 106, while the detection accuracy soared from 73.1% to 79.5%. Sacrificing some parameters to achieve significant improvements in the detection accuracy proves to be meaningful.





4. Results


4.1. Superior Features of YOLOv5s-7.0-FCC in Mainstream Object Detection Algorithms


Currently, in engineering applications, other mainstream object detection algorithms such as Faster-RCNN, SSD, YOLOv3, and YOLOv4 are widely used. They are comprehensively evaluated and compared with YOLOv5s-7.0-FCC, and the specific results are presented in Table 6.



The table above shows the results obtained on the “NEU-DET” dataset by testing various algorithms. YOLOv5s-7.0-FCC has fewer parameters than Faster-RCNN, SSD, YOLOv3, and YOLOv4, and it achieves the highest detection accuracy. In terms of the detection speed, except for being slower than SSD, it is faster than the other four algorithms. With a parameter count of 13.35 × 106, YOLOv5s-7.0-FCC improves the detection accuracy to 79.5%. Compared to the original algorithm, although the parameter count of YOLOv5s-7.0-FCC increases almost twice, the detection speed improves from 101.1 f/s to 109.4 f/s, and the mAP increases by 6.4%. Overall, YOLOv5s-7.0-FCC enables real-time detection functionality in engineering applications and exhibits significantly superior performance compared to other mainstream object detection algorithms.




4.2. Comparison of YOLOv5s-7.0-FCC and YOLOv5s-7.0 Detection Results


The comparison between the detection results of YOLOv5s-7.0 and YOLOv5s-7.0-FCC is shown in Figure 10. The figure includes six types of defects and their corresponding confidence scores. From the figure, it is evident that YOLOv5s-7.0-FCC yields more detection boxes, allowing for the detection of targets with less distinct features. Additionally, the confidence scores are generally higher compared to the original algorithm.





5. Conclusions


During the surface defect detection process in steel strips, it is often challenging to detect subtle features and small defect targets, resulting in a low detection accuracy. To address these issues effectively, this paper proposes an improved algorithm called YOLOv5s-7.0-FCC to meet the demands of engineering practices. YOLOv5s-7.0-FCC is an algorithm that enhances semantics and optimizes the feature extraction. It introduces a lightweight convolutional kernel operator, C3F, into the original algorithm to reduce the redundant computations. C3F focuses more on the center position, which is better suited for feature extraction. The algorithm enriches the contextual information by incorporating a CAM module to enhance feature representation. Additionally, it integrates two CARAFE upsampling operators, experimenting with various upsampling kernels and receptive field combinations to increase the feature extraction capabilities. The experimental results demonstrate that YOLOv5s-7.0-FCC outperforms YOLOv5s-7.0 in terms of the detection speed, exhibiting a more reasonable structural distribution that is better suited for machine learning. Moreover, YOLOv5s-7.0-FCC achieves a 6.4% increase in the detection accuracy, effectively reducing false negatives and false positives in steel strip defect detection, resulting in a significant overall performance improvement.
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Figure 1. Two forms of the C3 module: (a) the structure of BottleNeck1, (b) the structure of BottleNeck2. 
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Figure 2. Overview diagram of the C3F model: (a) the structure of PConv, (b) the structure of C3F. 
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Figure 3. Structure of pooling layer in YOLOv5: (a) the structure of SPP, (b) the structure of SPPF. 
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Figure 4. The structure of CAM. 
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Figure 5. The three modes of CAM: (a) Weight, (b) Concatenation, (c) Adaptive. 
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Figure 6. Creation of the upsampling kernel. 
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Figure 7. New kernel convolution calculation. 
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Figure 8. The improved architecture based on version 7.0 of YOLOv5s. 
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Figure 9. Six kinds of defect pictures: (a) scratches, (b) crazing, (c) inclusions, (d) patches, (e) pitting, (f) rolled-in scales. 
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Figure 10. Comparison of YOLOv5s-7.0-FCC and YOLOv5s-7.0 detection results. 
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Table 1. Setup and parameters of the experimental platform.
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	Name
	Type of Configuration





	Mirror image environment
	PyTorch 1.11.0 + Cuda 11.3



	Deep learning framework
	ubuntu20.04



	Program
	Python 3.8



	GPU
	RTX 4090 (24 GB)



	CPU
	22 vCPU AMD EPYC 7T83 64-Core Processor



	Memory capacity
	90 GB










 





Table 2. Comparison of parameters of replacing the C3 module.
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	Model
	Params (×106)
	FPS (f/s)
	mAP (%)





	YOLOv5s-7.0(C3)
	7.03
	101.1
	73.1



	YOLOv5s-7.0(C3F)
	5.8
	111.2
	76.3



	YOLOv5s-7.0(C2f)
	9.29
	119
	76.2



	YOLOv5s-7.0(SAC)
	8.29
	85.7
	76



	YOLOv5s-7.0(DBB)
	7.03
	56.8
	74.1



	YOLOv5s-7.0(DCN)
	7.09
	121.6
	73.9



	YOLOv5s-7.0(DSConv)
	7.03
	129.4
	73.8










 





Table 3. Comparison of the performance of CAM in three modes.
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	CAM
	Params (×106)
	mAP (%)





	Weight
	14.25
	75.4



	Adaptive
	14.25
	75.7



	Concatenation
	14.51
	75.2










 





Table 4. Comparison of the performance of Carafe in eight modes.
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	[k1, k2]
	Params (×106)
	mAP (%)





	[1, 3]
	7.06
	74.6



	[1, 5]
	7.06
	74.2



	[3, 3]
	7.07
	74.1



	[3, 5]
	7.11
	75



	[3, 7]
	7.17
	74



	[5, 5]
	7.21
	74.3



	[5, 7]
	7.37
	75.2



	[7, 7]
	7.67
	73.2










 





Table 5. Ablation experiment.
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	Model
	Group 1
	Group 2
	Group 3
	Group 4
	Group 5
	Group 6
	Group 7
	Group 8





	YOLOv5s-7.0
	✔
	✔
	✔
	✔
	✔
	✔
	✔
	✔



	C3F
	
	✔
	
	
	✔
	✔
	
	✔



	CAM(Adaptive)
	
	
	✔
	
	✔
	
	✔
	✔



	Carafe [5, 7]
	
	
	
	✔
	
	✔
	✔
	✔



	Params (×106)
	7.03
	5.8
	14.25
	7.37
	13.0
	6.14
	14.6
	13.35



	mAP (%)
	73.1
	76.3
	75.7
	75.2
	77.9
	77.1
	76.7
	79.5










 





Table 6. Comparison of performance for Mainstream Object Detection Algorithms.
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	Algorithm
	Params (×106)
	FPS (f/s)
	mAP (%)





	Faster-RCNN
	56.81
	56.2
	61.5



	SSD
	48.83
	216
	72



	YOLOv3
	61.55
	83.1
	70.6



	YOLOx
	18.01
	98
	71.9



	YOLOv5s-7.0
	7.03
	101.1
	73.1



	YOLOv5s-7.0-FCC
	13.35
	109.4
	79.5
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