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Abstract: Printed circuit boards (PCBs) provide stable connections between electronic components. However, defective printed circuit boards may cause the entire equipment system to malfunction, resulting in incalculable losses. Therefore, it is crucial to detect defective printed circuit boards during the generation process. Traditional detection methods have low accuracy in detecting subtle defects in complex background environments. In order to improve the detection accuracy of surface defects on industrial printed circuit boards, this paper proposes a residual large kernel network based on YOLOv5 (You Only Look Once version 5) for PCBs surface defect detection, called YOLO-RLC (You Only Look Once-Residual Large Kernel). Build a deep large kernel backbone to expand the effective field of view, capture global information more efficiently, and use 1 × 1 convolutions to balance the depth of the model, improving feature extraction efficiency through reparameterization methods. The neck network introduces a bidirectional weighted feature fusion network, combined with a brand-new noise filter and feature enhancement extractor, to eliminate noise information generated by information fusion and recalibrate information from different channels to improve the quality of deep features. Simplify the aspect ratio of the bounding box to alleviate the issue of specificity values. After training and testing on the PCB defect dataset, our method achieved an average accuracy of 97.3% (mAP50) after multiple experiments, which is 4.1% higher than YOLOv5-S, with an average accuracy of 97.6% and an Frames Per Second of 76.7. The comparative analysis also proves the superior performance and feasibility of YOLO-RLC in PCB defect detection.
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1  Introduction

Electronic components and sensors are physically installed and electrically connected through printed circuit boards, enabling them to work together and perform specific functions. Printed circuit boards (PCBs) play a crucial role in ensuring circuit performance and reliability. Due to mechanical errors, improper operation, and material issues, there are many subtle defects on the surface of PCBs. These defects hinder the effective connection between electronic components and sensors, making the entire device unable to function properly and causing serious economic losses. Timely detection and detection of defective printed circuit boards is essential, especially for PCBs used in medical and aviation fields. Therefore, improving the accuracy of objective detection of surface component defects in PCBs manufacturing is crucial.

Compared to traditional manual investigation solutions that are inefficient and labor-intensive, computer vision provides an economically efficient solution for defect detection in printed circuit boards. Defect detection aims to label defect content belonging to PCBs in a pixel-based manner. In existing literature, extensive research has been conducted on advanced defect detection techniques to improve detection efficiency or accuracy. In the early stages, traditional convolutional neural network defect detection methods [1,2], inter-finger electrode probe detection methods [3], and multi-scale feature fusion detection methods based on up-sampling and skip layer connections were used [4]. However, the effectiveness of these technologies is easily affected by changes in data sources and testing environments.

The latest deep learning techniques have brought hope for intelligent interpretation of defect detection in visual tasks. Yang et al. [5] increased convolutional blocks of different sizes by adding detection heads and introduced attention modules (CBAM) to enhance image information in complex backgrounds. Increasing attention mechanism is a commonly used method, but both channel attention and spatial attention have compression and restoration processes, which can lead to a small amount of noise in feature information. Liu et al. [6] proposed a feature fusion structure called ASFPN (Attention Spatial Feature Fusion Pyramid Network), as well as a decoupled head structure, which can achieve semantic information fusion of shallow and deep features. However, its performance advantage in small-scale object detection is relatively weak. Yan et al. [7] proposed replacing the C2f module in YOLOv8 (You Only Look Once version 8) with an MOP (Mobile One Partial Convolution) Block module to improve detection speed. However, this method significantly reduces detection accuracy. The authors added attention modules to multiple parts of the network model to compensate for the accuracy loss caused by replacing the C2f module. Pan et al. [8] introduced PAN (Path Aggregation Network) + FPN (Feature Pyramid Network) and SIoU (Structured Intersection over Union) modules to improve the detection accuracy of the algorithm. SIoU considers the angle problem based on CIoU (Complete Intersection over Union), which makes the calculation of box intersection and union ratio loss more comprehensive. However, it is too complex and makes the training not smooth enough. In addition, many previous studies on PCB defect detection have expanded the field of view by appropriately deepening the stacking of small convolution kernels. However, with too many convolutional kernels, more data and longer training time are needed to optimize all parameters, and the model may learn noise or details from the training data instead of generic features.

To address the appeal challenge, we construct an advanced object detection algorithm YOLO-RLC (You Only Look Once-Residual Large Kernel) based on YOLOv5-S for detecting and locating surface defect positions on PCBs. This algorithm includes the backbone of technologies such as large kernel convolution combined with deep convolution, reparameterization, and shortcut, feature enhancement extractor and noise filtering module for semantic saliency feature enhancement, bidirectional feature pyramid network with different weights at different levels, and high-resolution detection head for task-oriented applications. The proposed algorithm exhibits excellent performance for different defects. Our main contributions to this study are as follows:

•   We innovatively apply large kernel convolution to the field of defect detection, which can reduce the number of convolution overlays while effectively expanding the field of view. combined with reparameterization, Convolutional Feed Forward Network (ConvFFN), and shortcut technology, a backbone network is formed, which enables the network to accurately identify defect areas and categories, while optimizing computational efficiency.

•   We introduce a bidirectional feature pyramid network (BiFPN) that optimizes the integration of multi-scale information between the up-sampling and down-sampling processes of PCB feature images, combined with increased high-precision detection, overcoming the disadvantages of general feature fusion structures in small-scale object detection. We propose a novel and unprecedented noise filtering module (NFM) that not only focuses on defect areas like an attention mechanism but also eliminates deterministic interference signals caused by feature map scaling.

•   We draw inspiration from the split idea of the C2f module in YOLOv8 and have developed a new multi-branch information calibration principle, C2CR, for the C3 module. C2CR can segment the input, process it through a series of bottleneck layers, and then merge it, achieving effective integration of features at different scales. At the same time, it reduces the abstraction of advanced feature representations and improves the quality of deep feature extraction.

•   To address the complexity and training instability of using penalty terms to calculate the aspect ratio of joint complete crossover (CIoU). The introduction of CIoU-based Enhanced Cross Union (EIoU) loss solves the training stability problem caused by ambiguous aspect ratio definitions and computational complexity. However, during the training process, when the real box moves away from the bounding box, specific outliers may occur. Our proposed EIoU2 avoids the situation of specific values by directly calculating the absolute error in height and width between them.

2  Related Work

By systematically reviewing the latest developments in anomaly defect detection in intelligent manufacturing analyzed by Liso et al. [9] in the literature. Due to various factors, defect identification has become crucial, as everything from reducing production costs to maintaining necessary safety standards depends on it. Therefore, widely used sensor networks generate a large amount of data, which provides detailed information for the observation process. This situation has led to the widespread application of deep learning techniques, which excel in high precision, accuracy, and repeatability, and can effectively detect abnormal situations. In the research on machine learning algorithms for PCB detection. Tang et al. [10] proposed a method to improve defect prediction performance with the help of static analysis technology. Bulnes et al. [11] designed a method to divide images into a set of overlapping regions during defect detection and used genetic algorithms to automatically determine the optimal configuration parameters for detection technology. Sano et al. [12] used a two-dimensional moving range filter to highlight fault points and unanimously voted through a color component classifier to achieve the identification of defective products. Despite the excellent performance of the aforementioned traditional algorithms on certain datasets, they are less adaptable to the different pixel distributions and unexpected noise of images. Furthermore, these algorithms have relatively limited generalization capabilities when applied to other datasets. Much research on a PCB detection algorithm has been based on a two-level object detection network. Zhao et al. [13] adopted a cascaded Faster R-CNN (Region-based Convolutional Neural Network) structure. First, it includes classifying different types of defects through a pre-classifier network and then passing these classification results to the Faster R-CNN for defect detection. This cascade structure can handle different types of defects more effectively, improving the accuracy of defect detection, but it greatly reduces efficiency. This type of detection method is usually too harsh when facing industrial demands and cannot achieve satisfactory performance in terms of robustness and real-time performance.

In order to address the challenges of two-stage object detection methods, researchers have proposed single-stage detection algorithms. Huang et al. [14] used YOLOv4-based technology to achieve small target detection. Through extended feature fusion of shallow features, detection performance was improved, but it ignores deep semantic information. Hu et al. [15] used a deep feature extraction module with the multiscale pyramid, and the design of attention mechanism and strip convolution, which can effectively extract deep semantic information at multiple scales. Li et al. [16] proposed a defect detection model called M2-BL-YOLOv4, in this model, the complex CSPDarkNet53 backbone network was improved, and an inverse residual structure was adopted, which significantly reduced the number of parameters of the model and improved the detection speed. In [17], by using a fully convolutional network (FCN), the features of defect texture could be extracted at multiple levels and multiple scales, thereby significantly enhancing the ability to represent textures, but there is a significant deviation in locating the defect location. Wen et al. [18] proposed a multiscale defect detection algorithm, the core of which was a model based on artificial neural networks, including an anchor box generation algorithm that used density clustering technology to locate defects. Hu et al. [19] used a multi-scale time sampling module and a deep spatiotemporal feature extraction module to expand the receptive field of the feature map. The extraction of spatiotemporal-related feature information was enhanced through the network, and the performance of three currently existing multi-channel fusion methods were also compared. Zang et al. [20] proposed a method that can accurately detect FPC (flexible printed circuit) defects in non-inspection template and defect detection image input pairs. This method makes full use of the inherent multi-scale pyramid hierarchy of deep neural networks (DNNs) to construct multi-scale features. Taken together, the one-stage target detection algorithms achieve a good balance in maintaining fast detection speed and good detection accuracy. However, its performance is relatively insufficient in high-precision small-target detection.

In this article, we chose YOLOv5-S as the benchmark model for three reasons: (1) YOLOv5-S has been validated for its stability and reliability through extensive practical applications. This stability helps ensure the reproducibility and comparability of research results. (2) YOLOv5-S has comprehensive documentation and active development community support, which provides important assistance for the use, debugging, and optimization of the model, allowing us to focus on researching the problem itself without having to pay too much attention to the technical details of the model itself. Compared to frequently updated subsequent versions, the stability of YOLOv5-S makes it more suitable for the experiments and result interpretation in this study. (3) YOLOv5-S is the first in the YOLO series to use gradient partitioning to obtain more gradient information, and this idea has been adopted even in subsequent versions.

3  Method

3.1 YOLOv5

YOLOv5 is an object detection model proposed by the Ultralytics company, the model includes multiple versions, such as YOLOv5-S, YOLOv5-M, YOLOv5-L, and YOLOv5-X, with the main difference being the different settings of the model’s depth and width parameters. We chose YOLOv5-S as the benchmark model. The structure diagram of YOLOv5-S is depicted in Fig. 1.
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Figure 1: YOLOv5-S network architecture

The entire network mainly consists of three parts: backbone, neck, and head. Backbone is mainly responsible for extracting image features and reducing the size of feature maps. Neck is used to fuse feature maps of different scales. The head is responsible for predicting the position, category, and confidence of the bounding box. YOLOv5-S adopts a fully convolutional network structure and does not include fully connected layers. In YOLOv5-S, various techniques are also used to improve the performance of the model, including Mosaic data augmentation, adaptive anchor box calculation, adaptive image scaling, and so on. In addition, YOLOv5-S also introduces Focus structure, CSP structure, etc., to further optimize the training process of the model.

3.2 YOLOv5-RLC

We have made improvements to the backbone, neck, and detection head of YOLOv5-S, as shown in Fig. 2. We reconstructed RLCNet (Residual Large Kernel Network) as the backbone network of YOLOv5-S based on RepLKNet [21], We use large kernel convolution with fewer stacking modules to obtain a complete image with an effective receptive field. We set the stacking times of modules in Stages 1–4 of the backbone network to (1, 2, 1), reducing the intermediate high redundancy of the feature layer while ensuring the acquisition of effective receptive fields. For the neck network, the idea of using BiFPN [22] to integrate bidirectional cross connections and weighted fusion backbone networks to generate original output features is improved to achieve multi-scale feature fusion through top-down and bottom-up path aggregation in PANet in YOLOv5-S. Specifically, we have designed a novel noise filtering module (NFM) in the neck network, which introduces information mutual supervision and counts the correlation of channel information to filter out task-irrelevant signals. In addition, we have made minor improvements to the C3 module of YOLOv5-S by replacing linear operations with some linear operations and reducing nonlinear operations appropriately can make the gradient more stable. In the prediction section, in order to improve the detection ability of small targets such as PCB surface defects, we added a high-resolution detection branch in the detection head section.
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Figure 2: Network structure of the YOLO-RLC (the parts highlighted in red are improvement modules)

3.2.1 Backbone Network

The overall network architecture of RLCNet is shown in Fig. 3. The entire RLCNet is divided into 5 stages. The first stage is the preliminary stage. In the preliminary stage, we first use a 3 × 3 conventional convolution for the first feature extraction of the original image. Considering the relatively high resolution of the initial feature map, we down-sampled the feature map by arranging a 3 × 3 deep convolution (DW) [23] to capture low-level patterns and reduce the computational complexity of subsequent large convolution kernels. In the initial stage, we also adopted the Structural Reparameterization (SR) module [24]. The concept of structural reparameterization was to fuse a small convolution kernel into the center of a larger convolution kernel and adjust the parameters appropriately to achieve an equivalent transformation of the model structure, and it is usually applied in deep layers of networks. We innovatively introduce the smallest three types of odd-sized convolution kernels in the shallow layers of the network for structural reparameterization operations. As shown in Fig. 4, this selection allows the network to introduce more information while avoiding excessive computational load associated with larger kernels.
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Figure 3: RLCNet overall architecture diagram
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Figure 4: Details of multiscale structural parameterization

After the preliminary stage, each stage includes ResLC (Residual Large Kernel) blocks and ConvFFN [25] blocks. The ResLC module uses large kernel DW convolution, and the maximum con-volution kernel used in this article is 15 × 15. The larger the nucleus, the larger the receptive field, and the better the global features obtained. However, we did not use convolution kernels of size 31 × 31 or even larger like RepLKNet. The reason is that large convolution kernels can lead to a sharp increase in computational complexity, which is not conducive to increasing model depth and reducing computational performance. This does not meet the computational constraints in practical applications, especially in the field of PCB defect detection projects. The step size of the first ResLC module in each stage is 2, which we refer to as ResLC Block A, and the step size of the subsequent stacked module ResLC Block B is 1. The difference between the two is that the residual branch of ResLC Block A uses a 3 × 3 DW convolution to down-sample the input.

The ResLC module uses Group-Norm (GN) instead of regular Batch-Norm (BN) before large kernel DW convolution [26]. GN divides channels into several groups and then regularizes the channels in each group. For large kernel convolutional GN, it will be more efficient. In addition to large convolutional layers that help capture a wide range of features and overall spatial information, the representation ability of the model is also closely related to the depth of the network. Our goal is to increase the depth of the network by using low-cost 1 × 1 convolutional layers to better achieve non-linear transformation and promote cross-channel information exchange. For this purpose, we introduced the ConvFFN module, which consists of BN, two 1 × 1 convolution-al layers, GELU, and a “shortcut”. Since our research focuses on very small targets such as PCB defects, as the network depth increases, the attention to features decreases exponentially, leading to the problem of excessive smoothing. Therefore, we need appropriate “shortcuts” to solve this problem. The “residual connections” proposed by He et al. [27] can improve the quality and effectiveness of network architecture.

3.2.2 Noise Filtering Module

In order to eliminate noise information that may have a negative impact on the fusion results due to similar image background features of PCB boards, and make the final fused features more effective, we propose a noise filtering module. Its structure is shown in Fig. 5.
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Figure 5: Noise filtering module

Given the feature map representation F, we activate the corresponding feature channels, decompose them into useful information Fu, and noise information Fn, and then compress them through global pooling (GAP). We use multi-layer perceptrons (MLP) to capture the interaction between channels, and then output an attention mask using the tanh activation function. Then, rescale to Fu and Fn with the same dimension size as the input feature matrix. Below, we will binarize them to Fu,b(x, y) and Fn,b(x, y), respectively, and match the thresholded results by pixel. We will calculate the correlation between task targets and eliminate specific pixels as the confidence results for non-local modules within the scale, as shown in Fig. 6. The above decomposition process is formulated as:
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Figure 6: Threshold matching

Fu=σ(MLPu(GAP(F)))⊙F(1)

Fn=σ(MLPn(GAP(F)))⊙F(2)

Fu,b(x, y)={1,Fu(x, y)>00,otherwise(3)

Fn,b(x, y)={1,Fn(x, y)<00,otherwise(4)

FU(x, y)={0,Fu,b(x, y)=0∩Fn,b(x, y)=11,otherwise(5)

Output=F⊙FU(x, y)(6)

The symbols σ represent the Tanh function, and ⊙ represent channel multiplication. MLPu and MLPn are multi-layer perceptrons, and the network parameters of the two are independently learned.

3.2.3 Feature Enhancement Extractor

In order to achieve an effective exchange of abstract information and interpretation of local attributes, contextual semantics enter a larger receptive field as the network depth increases, leading to the abstraction of high-level feature representations. Specifically, the differences and correlations among different feature channels, especially those that reflect the foreground, are interfered with by background information and cannot be focused on, which performs poorly in researching robust, task-oriented feature fusion. As an effective solution, the improvement of deep feature quality has been intensified in recent years. Therefore, in order to further improve the feature quality exported by the C3 extractor (Fig. 7a), we improved and reconstructed a new extractor C2CR, as shown in Fig. 7b. The upper input is split into three parts after passing through the first CBS block, with one part retaining the original input, one part performing a Bottle-Neck operation on one branch, and the other part performing the same CBS block again and performing a Bottle-Neck operation, then cascading the three branches and feeding them to the CRC block. CBS consists of 1 × 1 convolutions, BN, and SiLU, while CRC consists of two 1 × 1 convolutions and one ReLU. Feature enhancement combines recalibrated information from these three branches for feature representation, which to some extent weakens the deep noise interference caused by the backbone layer and is beneficial for detecting small defects in PCBs.
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Figure 7: (a) Details of the C3 module. (b) Details of the C2CR module

3.2.4 BiFPN

This article introduces a weighted feature pyramid structure called BiFPN to solve the problem of complex texture interference on PCB surfaces. The BiFPN structure can span different layers and enhance the feature interaction ability between the up-sampling layer and the down-sampling layer at different scales. Essentially, on the one hand, BiFPN enriches the feature hierarchy of the YOLO-RLC model through weighted fusion, improving the model’s ability to accurately locate defects. On the other hand, using adjustable weights can achieve a fusion of features at different levels without losing feature information.

In the YOLOv8 model, a PANet pyramid structure is adopted, which emphasizes path aggregation from bottom to top. However, it has shortcomings in integrating features of different scales. Therefore, in the BiFPN module, we retain bottom-up aggregation and connect the network nodes from the previous layer to the next layer to achieve cross-scale information transmission, in order to achieve the fusion of image feature information before fusion. As shown in Fig. 8, each circular block represents the feature information extracted from the image, which is obtained through convolution operations. Multiple BiFPN modules are applied to the entire YOLO-RLC structure. In the feature fusion process, using generally weighted fusion will face problems of training instability and convergence difficulties, as the multi-dimensional tensor of each pixel is not limited. Softmax-based fusion may slow down training speed due to the involvement of a large number of exponential operations. Therefore, the use of fast normalized feature fusion in BiFPN can alleviate this problem, as shown in Eq. (7).
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Figure 8: Comparison of BiFPN (left) with the PANet (right) network (the yellow arrows represent up-sampling, the blue arrows represent down-sampling, and the red arrows represent skip connections)

O=∑iwiε+∑wjjIi(7)

By using ReLU to limit wi ≥ 0, ε is usually 0.0001 to ensure numerical stability. Avoiding Softmax operations significantly improves training speed.

3.2.5 EIoU2 Loss Function

The default prediction box loss function used by YOLOv5-S is CIoU (Complete Intersection over Union) [28], as shown in Eq. (8).

LCIoU=1−IoU+ρ2(b, bgt)c2+αυ(8)

υ=4π2(arctan⁡wgthgt−arctan⁡wh)2(9)

α=υ(1−IoU)+υ(10)

Intersection over Union (IoU) represents the intersection and union ratio between the predicted and actual regions. b and bgt represent the center point coordinates of the bounding box and the true box, respectively. ρ2 represents calculating the Euclidean distance between two center points. c represents the minimum diagonal length of the bounding box and the bounding rectangle of the real box. α is the penalty factor. υ represents the similarity between the aspect ratio of the true box and the bounding box. wgt and hgt represent the width and height of the true box, respectively. w and h represent the width and height of the bounding box, respectively.

LEIoU=LIoU+Ldis+Lasp=1−IoU+ρ2(b, bgt)c2+ρ2(w, wgt)cw2+ρ2(h, hgt)ch2(11)

The positioning regression loss LCIoU above indicates that the loss has been calculated considering three aspects: overlapping area (LIoU), center point distance (Ldis), and aspect ratio (Lasp), making the loss function more focused on the position of the bounding box. However, using penalty terms to calculate aspect ratios in CIoU is relatively complex, which may result in high computational costs during the training process. To this end, we first introduce the EIoU loss [29] as shown in Eq. (11), which calculates the difference in width and height based on CIoU, replacing the aspect ratio. Based on CIoU, the problem of unclear definition of aspect ratio and high computational complexity has been solved.

But when the real box is far away from the bounding box, the difference between the width and height of the real box and the bounding box is a constant value, while the height of the bounding rectangle tends to infinity, making the difference between the true box and the bounding box close to 0. To alleviate this issue, we improved the EIoU loss by calculating the absolute error between the true box width and height and the bounding box width and height when calculating the difference between them. This makes it more robust to outliers, as shown in Eq. (12).

LEIoU2=1−IoU+ρ2(b,bgt)c2+|w−wgt|cw+|h−hgt|ch(12)

In the appeal formula, w and h are the width and height of the bounding box, wgt and hgt are true, box is the width and height of the real box, cw and ch are the width and height of the bounding rectangle, respectively.

4  Experiments

4.1 Model Training Details and Experimental Environment

In this work, we use an advanced object detection algorithm YOLO-RLC based on YOLOv5-S to conduct experiments on a PCB defect dataset and verify its performance. The hyperparameters used for training the proposed algorithm model are shown in Table 1.
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Set the batch size to 4. Within 300 periods, the learning rate is set between 0.001 and 0.0001. The selection of this optimizer is crucial for the large kernel convolutional network in this article. When traditional SGD (Stochastic Gradient Descent), Adam (Adaptive Moment Estimation), etc., are used together with Optimizer, the experimental results will be very unsatisfactory. Therefore, using the AdamW optimizer is more appropriate. AdamW combines Adam with Weight Decay, directly incorporating Weight Decay into the optimization algorithm without the need to additionally enable Weight Decay in the loss function. For the YOLOv5-S original algorithm, SGD used an initial learning rate of 0.01 and Adam used 0.001. Due to the use of the AdamW optimizer, we chose an initial learning rate of 0.001.

All experiments in this article were completed under Ubuntu 20.04, using the PyTorch 1.11.0 framework, Python version 3.8, CUDA version 11.3, an Intel Xeon(R) Platinum 8352V CPU, with a single CPU having 32 cores and 64 threads @2.4–3.5 GHz, and a 24 GB NVIDIA GTX4090 GPU.

4.2 Evaluation Metrics

For the predictions of the model, successfully identifying true positive instances is referred to as True Positive (TP). If the model incorrectly predicts negative instances as positive, it is termed False Positive (FP). Similarly, correctly identifying true negative instances is labeled as True Negative (FN). On the other hand, if the model misses true positive instances, it is known as False Negative (TN). Therefore, we have defined Precision and Recall. Due to the contradiction between Precision and Recall, in order to comprehensively evaluate the detection results, we used mAP as the indicator. AP represents the accuracy of a certain category, and for samples with m positive examples in each category, each positive example corresponds to a Pi value, mAP is the average accuracy of all categories, which is the average of the AP for n categories. We used mAP to evaluate the accuracy of defect detection results. The higher the mAP value, the more accurate the defect detection results are. FPS was used to evaluate the detection speed of a method, representing the number of frames being processed per second. Miss represents the proportion of existing defects that have not been detected. The definition equations are as follows:

Precision=TPTP+FP×100% (13)

Recall=TPTP+FN×100%(14)

Miss=FNTP+FN×100%(15)

AP=1m∑i=1mPi(16)

mAP=1n∑k=1nAP(17)

4.3 Evaluation of YOLO-RLC Performance

4.3.1 Performance of Algorithm YOLO-RLC on Dataset PKU-Market-PCB

The dataset we used in our research (PKU Market PCB) was published by the Peking University Open Lab, Beijing, China on Human-Robot Interaction This dataset is public and can be obtained through the following link address: https://robotics.pkusz.edu.cn/resources/dataset/ (accessed on 02 April 2024). This dataset contains a total of 693 images, including 6 types of defects (Missing holes, Mouse bite, Open circuit, Short, Spur, Spurious cupper). The dataset is carefully divided into training, validation, and testing sets with a ratio of 8:1:1. It is emphasized that we did not use rotation, random cropping, or other methods to expand the dataset, which did improve the performance of the model on a common benchmark. However, the similarity between the expanded data samples and the original data samples is too high, which affects the objective evaluation of the model’s performance. We used the Mosaic data augmentation technique to randomly combine four images to create a mosaic to increase sample complexity, and the MixUp technique to create new training samples by randomly linearly combining samples and labels during the training process. This method makes the decision boundary smoother and helps the model learn more coherent input-output relationships, thereby improving the model’s generalization ability. The magnified examples of these 6 defects are shown in Fig. 9.
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Figure 9: Example of the PKU-Market-PCB dataset

Evaluate the performance of the model during the training and testing stages through category loss, confidence loss, and location loss. Fig. 10 shows various metrics and performance of the model in object detection tasks, where the convergence speed of confidence loss is slower than that of category loss and position loss. However, overall comprehensive evaluation shows that the model has good performance, especially in important evaluation indicators such as recall, accuracy, and mAP during the testing phase, fully demonstrating the superior performance of YOLO-RLC.

[image: images]

Figure 10: Example of the PKU-Market-PCB dataset

As shown in Fig. 11, both the YOLOv5-S model and YOLO-RLC model can successfully detect all defects in 200 × 200 low-pixel single targets, indicating that they have good detection performance on low-pixel single class defect targets. However, in the case of multiple different types of targets, there is a significant difference in the detection performance between the YOLOv5-S model and the YOLO-RLC model, as shown in Fig. 12. YOLO-RLC successfully detected all targets, while YOLOv5-S lost two targets. The results indicate that the YOLO-RLC model performs better in multiple types of defect targets.
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Figure 11: Single defect detection results for small-sized (200 × 200) images
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Figure 12: The detection results of YOLOv5-S and YOLO-RLC on multi-class defect images. (a) YOLOv5-S test result. (b) YOLO-RLC test result

4.3.2 Comparison Results between YOLO-RLC Algorithm and Other Typical Object Detection Algorithms Based on Dataset PKU Market PCB

We compared the defect detection results of several typical PCB object detection models, and the specific comparative experimental data is shown in Table 2. The comparison results show that compared with several mainstream models, YOLO-RLC has an mAP of 97.3%, which is significantly better than other object detection methods in the table. YOLO-RLC was initially improved based on YOLOv5-S, with an accuracy increase of 4 percentage points compared to the original model. In addition, from the data analysis in the table, it was found that the detection accuracy of YOLOv7 model is slightly higher than our algorithm model, but the mAP, model size, and FPS of YOLOv7s are lower than YOLO-RLC. Although YOLOv7-Tiny, YOLOv8-S, and YOLOv8-N have fewer parameters and a very fast detection speed, their detection accuracy is very poor compared to YOLO-RLC. In addition, we introduced the latest YOLO algorithms YOLOv9 and YOLOv10 for comparison. Based on the experimental results, they did not have an advantage in defect detection. We analyzed the reasons and found that YOLOv9’s innovative work is to optimize the training process, while YOLOv10 focuses more on low consumption for widespread deployment on mobile devices.
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4.3.3 Comparison between Algorithm YOLO-RLC and Other Advanced Algorithms Improved on Dataset PKU-Market-PCB

In order to evaluate the performance of YOLO-RLC in small target detection under complex texture interference, we first selected 4 advanced models Paper 1 [43], Paper 2 [44], Paper 3 [45], Paper 4 [46] that also performed well in small target detection in PCB datasets. Five algorithms’ experimental results on the PCB dataset are shown in Table 3. We can observe that the detection results of our method for five types of defects: Spur, Short, Open circuit, Spurious copper, and Missing hole, are superior to those of other algorithms. Among them, the detection performance for the “Mouse bite” defect type is inferior to that of the algorithm presented in Paper 4, but it is comparable to the others. From the perspective of the comprehensive indicator MAP (mean average precision), it is significantly better than that of the other algorithms listed in the table. Compared with the algorithm proposed in Paper 1, our algorithm has some shortcomings in FPS (frame rate per second). However, the algorithm proposed in Paper 1 showed lower accuracy, with a MAP value of only 88.9%, while our algorithm achieved 97.3%. The algorithms proposed in Paper 2, Paper 3, and Paper 4 are on par with our algorithm in terms of FPS, but our algorithm accuracy is significantly better.

[image: images]

4.4 Performance of Algorithm YOLO-RLC on Dataset PKU-Market-PCB

To comprehensively evaluate the scalability of YOLO-RLC on datasets in different fields and the effectiveness of the proposed improvements in handling complex environments and detecting small-sized targets. This article selected the NEU-DET dataset released by Northeastern University for comparative analysis. The NEU-DET dataset is a publicly available dataset that can be accessed through the following address: http://faculty.neu.edu.cn/songkechen/zh_CN/zdylm/263270/list/ (accessed on 02 April 2024). This dataset considers 1800 surface defect images of hot rolled strip steel, including six different types of defects (cracking, inclusion, patches, pitched surface, rolled-in-scale, and scratches). The same dataset is carefully divided into training, validation, and testing sets in a ratio of 8:1:1. No rotation, random cropping, or other methods were used to expand the dataset. Used Mosaic data augmentation technology and MixUp data augmentation technology. Examples of these 6 defects are shown in Fig. 13.

[image: images]

Figure 13: Example of the NEU-DET dataset

Conduct experiments using the NEU-DET dataset and compare the experimental results with the recently proposed model for defect detection. As shown in Table 4, the robust performance of our model in the field of small target defect detection has been verified. Note that our algorithm significantly improves detection while maintaining detection speed.

[image: images]

4.5 Ablation Study

The ablation experiment was conducted on the Printed Circuit Board defect dataset to evaluate the effectiveness of each improvement, and the results are shown in Table 5. Starting from the YOLOv5-S model, the key modules introduced or constructed were compared. The research results showed that using RLCNet as the backbone network directly increased the mAP value by one percentage point, demonstrating the advantage of expanding the perspective brought by the large core network. On this basis, combined with the BiFPN architecture, the main framework of the algorithm was formed, with an accuracy of 95.9%.

[image: images]

Both Scheme 5 and Scheme 8 have verified that threshold noise matching to some extent weakens irrelevant information brought by backbone branches and improves accuracy. In Scheme 6, YOLOv5-S replaces the C3 module with C2CR separately, which does not significantly improve the detection results. This may be due to the incompatibility of the C2CR module with the YOLOv5-S framework, or it may not have a significant effect on specific tasks. However, when used in combination with the NMS module, there is a significant improvement.

In addition, we first introduced EIoU to replace CIoU, which improved accuracy and mAP by 0.4% and 0.5%, respectively. Based on the clear definition of the advantages brought by aspect ratio, we improved EIoU to EIoU2 as a loss of localization specificity, resulting in an increase of 0.4% in both accuracy and mAP values.

4.6 Result Analysis

Based on the above experimental results and analysis, it can be proven that the YOLO-RLC algorithm has significant high-precision detection performance for PCB defect detection. Specifically, in Fig. 12, we analyzed the defect of the open circuit lost by YOLOv5-S, which may be due to the insufficient effective field of view and the neglect of small feature information on image edges. However, we analyzed the loss of another target. As the target is located in a relatively dense area, noise affects the detection performance of YOLOv5-S. In contrast, our YOLO-RLC can successfully detect defects through noise filtering and feature enhancement in feature fusion. From Tables 2 and 3, it can be seen that typical object detection algorithms and advanced PCB defect detection algorithms lack accuracy in detecting subtle target objects. Even though some algorithms have very fast detection speeds, lightweight processes can seriously sacrifice feature extraction capabilities. Note that the auxiliary validation conducted on the NEU-DET dataset demonstrated the excellent detection performance of YOLO-RLC, demonstrating its expansion in defect detection in other fields.

Although our proposed method has achieved excellent results, there are still some defects that are not accurately detected. We pulled through the failure cases and identified three main reasons why these test results were unsatisfactory. First, the defect is an area, when the defect area is very small, the inconsistency within the defect makes it difficult to distinguish each defect in stance. Second, complex background interference makes it difficult to distinguish defect categories. Spur-type defects are very similar to Spurious copper defects when they are close to normal copper wires, leading to false detections. In addition, when the defect is at the zero boundary between the short circuit and non-short circuit, it is easy to be mistakenly detected as a short-type defect.

5  Conclusions

This article proposes a high-performance convolutional architecture, abbreviated as YOLO-RLC, for defect detection in PCBs. YOLO-RLC consists of three functional units: backbone network, feature fusion module, and detection head. Specifically, the YOLO-RLC backbone network combines large kernel convolution with small kernel convolution, and the backbone network introduces deep convolution, effectively reducing the problem of large parameter quantities caused by large kernel networks. The “shortcut” technique is used reasonably to solve the problem of shallow feature loss caused by increasing model depth. In addition, the backbone network combines multi-scale structure reparameterization technology, focusing on highlighting the differences in defect textures and improving the perception ability of the receptive field for defect detection in downstream tasks. Based on the feature fusion module of YOLOv5-S, the importance of channel features at different scales is studied, and combined with a powerful noise filtering module, task-oriented feature information can be focused on. In addition, design a feature enhancement module to verify the differences between different channel information and improve the quality of deep features. In addition, simplifying the calculation of localization loss alleviates the problem of inaccurate localization caused by specific target box position information. In addition, design high-resolution detection heads to improve the extraction quality of extremely small sizes. The experimental results show that the YOLOv5-RLC algorithm performs well and is competitive, achieving 97.3% mAP on the PCB dataset, 4.1% higher than YOLOv5-S, with an average accuracy of 97.6% and only 18.4 M parameter count. The comparative test also proves the practicability and progressiveness of YOLO-RLC in the small target defect detection task.

In future research, we will explore new advanced technologies to further improve the accuracy of defect detection. Specifically, first, we will study super-resolution technology to improve the detection of surface defects on PCBs with extremely small dimensions and complex background interference. Secondly, we will explore universally applicable methods for defect detection in other fields and explore weakly super-vised learning architectures to alleviate the need for model training with a large number of samples. Finally, we will focus on researching lightweight models to improve detection efficiency while maintaining high-accuracy detection.
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Table 3: Comparison of the results with those of other advanced PCB defect detection methods

Method Precision Recall Miss mAP Params FPS
Paper 1 [43] 0.917 0.882 0.118 0.889 3.3 M 130.3
Paper 2 [44] 0.937 0.903 0.097 0.931 28.6 M 67.8
Paper 3 [45] 0.939 0.887 0.113 0.937 7.2 M 74.7
Paper 4 [46] 0.924 0.921 0.079 0.928 14.8 M 68.2

YOLO-RLC 0.976 0.947 0.053 0.973 184 M 76.7
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Table 4: Performance of algorithm YOLO-RLC on dataset NEU-DET

Method Precision Recall Miss mAP Params FPS

RDD-YOLO [47] 0.561 0.634 0.366  0.638 89M 130.4
DCAM-Net [48] 0.640 0.735 0.265 0.725 30.5M 100.2
Regularized YOLO [49] 0.638 0.675 0.325 0.703 3.0 M 131.4
Improved YOLOX [50] 0.652 0.697 0.303 0.723 72M 100.0
Fine-YOLO [51] 0.698 0.722 0.278 0.731 16.1 M 161.3
YOLO-RLC 0.761 0.749 0.251 0.752 184 M 143.7
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Table 1: Training parameters

Parameter Value

Image size 640 x 640
Learning rate 0.001~0.0001
Weight decay 0
Momentum 0.937
Optimizer AdamW
Batch size 4

Epoch 300
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Table 2: Comparison of defect detection results for PCBs using classical object detection algorithms

Method Precision Recall Miss mAP Params FPS
Faster-RCNN [30] 0.870 0.861 0.139 0.886 138.8 M 11.5
SSD [31] 0.867 0.894 0.106 0.877 248 M 79.4
RetinaNet [32] 0.842 0.847 0.153 0.862 80.2 M 18.6
CenterNet [33] 0.865 0.856 0.144 0.858 327M 20.9
FCOS [34] 0.896 0.913 0.087 0.903 32.1 M 42.5
YOLOV3 [35] 0.908 0.902 0.098 0.917 61.5M 56.8
YOLOV4 [36] 0.921 0.914 0.086 0.939 63.0 M 67.2
YOLOVS5-S [37] 0.936 0.922 0.078 0.932 7.0 M 111.7
YOLOV5-M [37] 0.939 0.947 0.053 0.944 209 M 99.1
YOLOVS-L [37] 0.948 0.936 0.064 0.949 46.2 M 74.5
YOLOV6-N [38] 0.876 0.841 0.159 0.857 4.3 M 125.4
YOLOV6-T [38] 0.917 0.865 0.135 0.896 9.7M 108.6
YOLOV6-S [38] 0.925 0.897 0.103 0.913 17.2M 103.4
YOLOV7-Tiny [39] 0.873 0.884 0.116 0.879 6.0M 165.7
YOLOvV7 [39] 0.978 0.939 0.061 0.967 37.2M 63.2
YOLOVS-N [40] 0.917 0.899 0.101 0.912 3.2M 135.8
YOLOVS-S [40] 0.937 0.919 0.081 0.931 11.2M 128.6
YOLOVS-M [40] 0.955 0.936 0.064 0.943 25.8M 106.4
YOLOV9-S [41] 0.968 0.851 0.149 0.933 60.9 M 64.5
YOLOvVI10-S [42] 0.886 0.904 0.096 0.899 11.8M 153.6

YOLO-RLC 0.976 0.947 0.053 0.973 184 M 76.7
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Table 5: Ablation experiment result (,/ means we used this module. Scenario 1 represents the basic
model YOLOVS5-S)

Scenarios RLCNet BiFPN NFM C2CR EloU EloU2 Precision Recall mAP

1 0.936 0922 0.932
2 J 0.946 0917  0.942
3 J 0.943 0921  0.938
4 J J 0.959 0.920  0.956
5 J 0.941 0.928  0.937
6 J 0.936 0924  0.931
7 J J 0.943 0919  0.939
8 J J J 0.964 0937  0.961
9 J J J 0.963 0932  0.957
10 J J J J 0.968 0929  0.964
11 J J J J J 0.972 0.936  0.969
12 J J J J J 0.976 0.947  0.973
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