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Abstract

:

Identifying objects of interest from digital vision signals is a core task of intelligent systems. However, fast and accurate identification of small moving targets in real-time has become a bottleneck in the field of target detection. In this paper, the problem of real-time detection of the fast-moving printed circuit board (PCB) tiny targets is investigated. This task is very challenging because PCB defects are usually small compared to the whole PCB board, and due to the pursuit of production efficiency, the actual production PCB moving speed is usually very fast, which puts higher requirements on the real-time of intelligent systems. To this end, a new model of FM-STDNet (Fast Moving Small Target Detection Network) is proposed based on the well-known deep learning detector YOLO (You Only Look Once) series model. First, based on the SPPNet (Spatial Pyramid Pooling Networks) network, a new SPPFCSP (Spatial Pyramid Pooling Fast Cross Stage Partial Network) spatial pyramid pooling module is designed to adapt to the extraction of different scale size features of different size input images, which helps retain the high semantic information of smaller features; then, the anchor-free mode is introduced to directly classify the regression prediction information and do the structural reparameterization construction to design a new high-speed prediction head RepHead to further improve the operation speed of the detector. The experimental results show that the proposed detector achieves 99.87% detection accuracy at the fastest speed compared to state-of-the-art depth detectors such as YOLOv3, Faster R-CNN, and TDD-Net in the fast-moving PCB surface defect detection task. The new model of FM-STDNet provides an effective reference for the fast-moving small target detection task.
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1. Introduction


Moving small target detection has a wide range of applications in many fields. For example, in the field of autonomous driving [1], high-resolution scene photos collected by cars of pedestrian targets or traffic signs are often too small, but the accurate detection of these small moving targets is an important prerequisite for safe autonomous driving; automatic industrial inspection to locate small defects on material surfaces also illustrates the importance of small target detection [2]; UAVs move rapidly in the dangerous high-altitude environment to identify tiny fault points or foreign objects, effectively safeguarding the lives and property of operational workers [3]; modern military weaponry strikes fast-moving enemy targets with real-time precision [4]. In the real world, more sophisticated systems are deployed and fast-moving small-target detection has great value.



Mobile vision is a very important task in computer vision, and the target detection model built on deep learning theory has the feature of high detection accuracy. As the detection accuracy increases, the model is designed to be more complex, and the number of parameters increases dramatically, which greatly increases the operational burden of the supporting equipment. In the face of increasingly bloated target detection models, there are three general solutions. The first approach is to lighten the model [5,6,7]. Lightweighting methods mostly sacrifice detection accuracy in exchange for a reduced amount of model parameters, thus obtaining a faster computation of the model. The second approach is to use cloud-side collaboration [8,9,10], which refers to placing simple processes that require real-time computation and analysis closer to the end device to ensure real-time data processing and also to reduce the risk of data transmission. This cloud-side collaboration model has high network requirements and requires sufficient memory and high-performance processors to process large amounts of data. The third approach is to build an optimized system solution locally, such as the DeepCache framework [11,12,13,14]. Deep learning engines can cache results when executing CNNs on mobile video, using the input frame contents as cache keys and inference results as cache values. This approach reduces the computation while increasing the data movement overhead and increasing the cache burden. This research focuses on real-time inspection tasks with printed circuit boards, PCB surface defects detection has three difficulties: (1) PCB surface defects are extremely small compared to the proportion of pixels in the whole image; (2) the defective part is very similar to the background part, almost indistinguishable to the naked eye; (3) PCB surface defects are usually hidden between the tiny wiring, greatly increasing the difficulty of detection.



To address the limitations of the above methods in the moving target detection problem and to consider the difficulties of PCB surface defect detection tasks, two novel networks named SPPFCSP and RepHead were proposed based on the YOLO family of algorithms [15,16,17] to construct a new detector model FM-STDNet. This model improves the model without reducing the detection accuracy and the computational speed, which can be competent for fast-moving small targets in real-time accurate and fast detection scenarios. More specifically, the former extracts feature of different scale sizes by connecting three Maxpool blocks of different scale sizes in series to effectively capture small targets; the latter absorbs the excellent performance of the prediction part of the YOLOX model and reconfigures the YOLO head to improve the model’s operation speed, thus adapting to the detection scenario of fast-moving targets. Extensive experimental results in various environments show that the proposed FM-STDNet network exhibits superior performance in terms of both accuracies (as measured by precision and recall) and runtime speed (as measured by FPS) compared to state-of-the-art detectors and is equally robust in irregularly placed fast-running PCBs.



The rest of the paper is organized as follows. Section 2 describes the methodology in detail. Section 3 verifiably evaluates the performance of the proposed new module on the COCO2017 public dataset. Section 4 verifiably evaluates the performance of the proposed FM-STDNet detector on an independently designed PCB surface defect detection experimental platform. Section 5 concludes the paper and looks forward to future work.




2. Materials and Methods


In this section, a new network SPPFCSP based on a spatial pyramid structure is first proposed and theoretically demonstrated; then, a novel high-speed detection head, RepHead, is proposed. It should be noted that the SPPFCSP spatial pyramid pooling with the RepHead detection head can be applied to all multi-scale feature map-based target detection tasks.



2.1. A Faster Spatial Pyramid Pooling Structure for the New Network SPPFCSP


Spatial pyramidal pooling can transform the convolutional features of any scale image into the same dimension [18], which is of great importance not only for allowing CNNs to process images of arbitrary scales but also for avoiding the loss of some information due to cropping and warping operations. It also solves the problem of repeated extraction of image-related features by convolutional neural networks, greatly improving the speed of generating candidate frames and saving computational costs. In YOLOv7, the authors absorbed the CSPnet structure [19] to reduce the model computation and improve the running speed without degrading the performance of the model accuracy and designed the SPPCSPC module to improve the network running speed. To further reduce the number of parameters of the model, as well as to meet the requirements of fast-moving object detection in practical deployment, and to learn from the SPPF structure proposed by the authors in YOLOv5 [20], a new model of spatial pyramidal pooling, SPPFCSP, with different sizes of Maxpool layers in series is proposed. The structure of the model is shown in Figure 1.



In Figure 1, the first branch starts with a CBS module for feature extraction, and then three Maxpool modules are connected in series to extract features of different scale sizes, 5 × 5, 9 × 9, and 13 × 13, respectively. The feature maps extracted from the three different scale boxes are concatenated with the feature maps extracted from the 1 × 1 scale box, and finally, a CBS module is connected to the output. Another branch is constructed based on the CSPNet network structure, and the CSP module divides the feature layer into two parts, one is the pooling branch mentioned above, and the other part is merged with the maximum pooling feature layer after feature extraction by connecting the CBS module. This can reduce the computation by half, speed up the model operation, and improve the detection accuracy.



The following content demonstrates the feasibility of SPPFCSP. Let the input feature map size be    W  i n   ×  H  i n   ×  C  i n     and the desired pooling layer output size be n. The pooling process does not change the channel, so    C  o t   =  C  i n    , i.e., the output size is   n × n ×  C  o u t    . The pooling layer filter size   (  F ω  ,  F h  )   is as in Equations (1) and (2).


    F  ω  =  ⌈      W   i n    n   ⌉   



(1)






    F  h  =  ⌈      H   i n    n   ⌉   



(2)







The expressionof stride   (  S ω  ,  S h  )   for the pooling layer is given in Equations (3) and (4):


    S  ω  =   F  ω   



(3)






    S  h  =   F  h   



(4)







According to the Equations (5) and (6) of the convolutional layer pooling layer output size:


    W   o u t   =     W   i n   −   F  ω      S  ω    + 1  



(5)






    H   o u t   =     H   i n   −   F  h      S  h    + 1  



(6)







When given any size of input and n, the output size of the pooling layer is expected to be   n × n ×  C  o u t    ; i.e., proving whether Equations (7) and (8) holds:


    W   o u t   = n  



(7)






    H   o u t   = n  



(8)







Take    W  o u t   = n   as an example to illustrate the proof process, and    H  o u t   = n   to prove the same thing. Substitute (1) and (3) into (5) to obtain (9). Whether or not to take the upper integer needs to be discussed; here, we only look at a special case, that is, when it is exactly divisible by an integer:


      W   o u t     =     W   i n   −  ⌈      W   i n    n   ⌉     ⌈      W   i n    n   ⌉    + 1      =     W   i n   −     W   i n    n        W   i n    n    + 1      = n    



(9)







As a result, the channel is consistent for different input sizes, and the n-values are consistent, so the output size is consistent; i.e., Equation (7) holds. Thus, it can be adapted to different sizes of image inputs. Assuming that each feature map gets  f  features and feature   f = n × n   size, the output of the fully connected layer is    C  o u t   × f  .



Since    W  o u t   = n   and    H  o u t   = n   are known to hold, and   f =  W  o u t   ×  H  o u t    , therefore   f =   ∑   i = 1    n i 2    holds. That is, every feature map of different sizes can be obtained by setting multiple pooling layers and automatically adjusting the filter size and step size of the pooling layer by n to obtain the same feature map, which will be concatenated to arrive at the final desired feature map size.




2.2. A High-Speed Detection Head, RepHead, Based on Structural Re-Parameterization Construction


By analyzing the Anchor base pattern [21], four main limitations are summarized: an unbalanced number of positive and negative samples, a large computational effort, poor generalization ability, and high subjectivity. Based on the above Anchor base model defects, this paper selects the anchor-free model [22] as the basic framework of the detection head, while absorbing the superior performance of the decoupled head model [23] to decouple the feature map prediction information. In YOLOX, to balance speed and performance, the authors finally used one 1 × 1 convolution for dimensionality reduction and two 3 × 3 convolutions in each of the classification and regression branches, and finally adjusted to increase some parameters in exchange for improved accuracy performance. The decrease in the speed of YOLOX in the s,m,l,x model is also due to this [24]. However, this method of compressing the number of parameters will lose some feature information, which will cause a loss of accuracy in the later classification and regression process. Based on these considerations, a non-destructive compression detection head module method is proposed to substantially improve the inference speed of detection while ensuring detection accuracy. The structure of the module is shown in Figure 2.



The 1 × 1 convolution is transformed into a Rep module by integrating it with a reparameterization method [25]. The concept of structural reparameterization proposed here refers to the fact that the structure at training corresponds to a set of parameters and the desired structure at inference corresponds to another set of parameters; the structure of the former can be equivalently transformed to the latter as long as the parameters of the former can be equivalently transformed to the latter. The Rep module has a multi-branch structure during the training phase, which facilitates the learning of the network and speeds up the convergence of the network, and only one convolutional and activation function during the inference phase, which improves the inference efficiency. To match the Anchor free model, the features are decoupled into three branches after the Rep module, which contains information such as type category, the judgment of whether to include the target, and the detection frame. The prediction information of the three branches is fused once, and then all the different scales of feature prediction information are reshaped, and then a large fusion is performed to get the prediction information of feature points   N ×  (  c l s _ o u t p u t + o b j _ o u t p u t + r e g _ o u t p u t  )   .



In Figure 2, the size of the anchor frame corresponding to 400 frames in branch (1) is 32 × 32; the size of the anchor frame corresponding to 1600 prediction frames in branch (2) is 16 × 16; the size of the anchor frame corresponding to 6400 prediction frames in the branch (3) is 8 × 8. When there is information on 8400 prediction frames, each picture also has information on the labeled target frame. At this point, the anchor frames are equivalent to bridges, the 8400 anchor frames are correlated with all the target frames on the pictures, and the positive sample anchor frames are selected. And accordingly, the positions corresponding to the positive sample anchor frames can be picked out from the positive sample prediction frames. The association method used is label assignment. The label assignment goes through two processes: preliminary screening and SimOTA [26]. The FocalLoss function [27] is selected to calculate the error between the target frame and the positive sample prediction frame, which is used to update the network parameters.





3. Evaluating the Performance of SPPFCSP and RepHead on a Benchmark Dataset


In this section, adequate ablation experiments are conducted on the most widely used MS COCO2017 target detection public dataset [28] to test the actual performance of the proposed SPPFCSP and RepHead. Firstly, the adopted dataset and experimental setup are briefly introduced, then the meaning and role of the main evaluation metrics are presented, and finally, the results of the ablation experiments are analyzed to verify the effectiveness and generalization ability of the proposed SPPFCSP and RepHead. All models experiment on the same experimental platform.



3.1. Data Set Introduction and Experimental Setup


In this work, the well-known benchmark dataset for target detection, MS COCO2017, is used for performance evaluation. MS COCO2017 is the most challenging target detection task available and has become a practical benchmark in the field of target detection. MS COCO2017 contains 164k images and 897K targets labeled from 80 categories. Moreover, it contains more small targets (whose area is less than 1% of the image) and more densely localized targets. Ablation experiments were done on the COCO2017 dataset with 118,287 and 5000 training and test samples, respectively. Details of the experimental setup of the dataset are shown in Table 1.




3.2. Evaluation Indicators and Roles


The ultimate goal of the target detection task is to improve the speed of detection while ensuring accuracy. Many practical applications of target detection technology have high requirements in terms of accuracy and speed. If we disregard speed performance metrics and focus only on accuracy performance breakthroughs, the cost is higher computational complexity and more memory requirements, limiting scalability for full industry deployment. Therefore, this paper takes into account the average detection accuracy, model complexity, and model running speed in evaluating model performance. This part of the experiment uses three metrics commonly used in target detection algorithms, mAP, FLOPs, and FPS, as evaluation metrics.




3.3. Ablation Experimental Results and Discussion


Two improvement networks, SPPFCSP and RepHead, are mentioned in the method section, and the proposed two improvement networks are studied for ablation. Table 2 records the results of a series of ablation studies done on the benchmark public dataset COCO2017. Since the SPPFCSP network is based on the SPPNet improvement of YOLOv5 and the RepHead is based on the Head part improvement of YOLOX, YOLOv5-s, and YOLOX-s are selected as the baseline methods for this experiment. In Section 3.2, mAP, GFLOPs, and FPS are mentioned as evaluation metrics.



Based on the experimental results, the analysis summarizes three conclusions:




	(1)

	
When the traditional SPP module is replaced with the SPPFCSP network, there is a 3.1% improvement in the average detection accuracy and 6 FPS in the computational speed, which indicates that SPPFCSP makes better feature fusion between local features and global features, and tandem different scale Maxpool layers give full play to the advantages of the SPPFCSP network structure for fusing different scale features while solving the CNN network’s problem of feature repetition extraction, reducing the model computation, improving the model operation speed, and increasing the detection accuracy.




	(2)

	
The prediction part of the YOLOv5-s model is replaced by the prediction part structure of YOLOX-s, which contains four technical points Decoupled Head, Anchor Free, Label Assignment, and FocalLoss. The experimental results show that the YOLOX-s detection accuracy is 1.9% higher than YOLOv5-s, indicating that the Decoupled Head structure of the Anchor Free mode, together with the SimOTA label assignment strategy and the FocalLoss loss function, is more consistent with the feature expression of the YOLO detection framework, but the FLOPs increase, indicating that the YOLOX_Head model increases the model complexity and is not conducive to real-time detection of fast-moving objects.




	(3)

	
Structural reparameterization of the YOLOX head part is constructed to obtain the Rep_Head module, and the experimental results show that mAP is improved by 0.1%, FLOPs are decreased by 12.5, and the FPS index is significantly improved by 27, indicating that structural reparameterization can maintain the detection accuracy of the original network while reducing the model complexity and improving the network operation speed. Compared with other methods that simply reduce the number of model parameters to reduce model complexity, the structural reparameterization in the prediction part of the construction does not compress the number of real model parameters, thus allowing the model to maintain the detection accuracy while significantly increasing the model computation speed.











4. Verification of FM-STDNet Network Detection on Fast-Moving Tiny Targets


In this section, the proposed FM-STDNet network is used to detect surface defects on a moving PCB board to verify the detection performance of the framework for fast-moving tiny targets.



4.1. FM-STDNet Network Framework Structure


The FM-STDNet model framework is shown in Figure 3. The FM-STDNet model uses the classical YOLO series organization architecture, which consists of input, feature extraction, neck, and prediction parts.



Using the YOLOX network as the base architecture, the last SPP layer of the backbone feature extraction network is replaced by the SPPFCSP module proposed in Section 2.2. This module enables the network to input images of arbitrary size while keeping the output feature map size unchanged on the one hand, reduces the model computation, and improves the model running speed on the other hand. In the prediction part, we take advantage of the Decoupled Head structure with better expressiveness, Anchor Free mode with fewer parameters, SimOTA with more reasonable label assignment, and FocalLoss loss function with faster convergence in YOLOX, and combine the idea of structure re-parameterization construction for lossless compression to design the RepHead prediction module to replace the original YOLOX detection head.




4.2. FM-STDNet Evaluation Results and Discussion


To evaluate the performance of the proposed FM-STDNet framework, the network model was trained on the PCB surface defect public dataset. The PCB surface defect dataset [29] published by the Open Laboratory of Human-Computer Interaction, Peking University, has 693 images with 3–5 defects on each image. The defects include six types: missing hole, mouse bite, open circuit, short, spur, and spurious copper. The defect images in the original dataset are high resolution and, for such a small dataset, data enhancement techniques are used before data training. The images are then cropped into 600 × 600 sub-images, resulting in a training and test set of 9920 and 2508 images, respectively. Most of the defect targets are tiny targets and the defects blend with the background to form a low contrast, which is challenging for accurate defect localization and classification.



4.2.1. Experimental Platform


All training and evaluation were performed on the open source toolbox PyTorch via the Psycharm platform on a computer with a 12th Gen Intel® Core™ i5-12600KF 3.70 GHz CPU and 16 GB of installed memory, and an NVIDIA GeForce RTX 3070 GPU on Windows 10 (with 8 GB of memory) to run FM-STDNet and the other target detection models involved in the comparison experiments. The experimental parameters of the models were set as in Table 1 in Section 3.1.




4.2.2. Comparison of Detection Results between FM-STDNet and Other Five Excellent Models


To further verify the detection performance of the proposed FM-STDNet algorithm on high pixel low contrast tiny size targets, comparison experiments were done on the public dataset PCB surface defect images at evaluation metrics including mAP@0.50 and FPS. The test results are shown in Table 3.



As can be seen from Table 3, by observing the results of the other five excellent algorithms tested on the public dataset of PCB surface defects, it was found that the FM-STDNet model obtained the highest detection accuracy of 99.85% and the fastest computational speed of 116 FPS. In terms of the mAP@0.50 metric, FM-STDNet was 0.89% more accurate than the best-performing YOLOX-s model for detection and 8.11% more accurate than the worst-performing Faster R-CNN, which is a very clear advantage. In terms of FPS metrics, FM-STDNet ran at the highest 116 FPS, which was much faster than the other five detectors. This indicates that the SPPFCSP module reduces the computation of the model and improves the model’s running speed; the RepHead module optimizes the feature expression of the model and improves the detection accuracy; and the unique re-parameterization construction makes the model obtain a higher computation speed during the inference process.




4.2.3. Performance Evaluation of FM-STDNet


To verify that the proposed FM-STDNet model has the same superior performance on actual fast-moving small targets, a PCB surface defect real-time detection experimental platform was designed with the structure shown in Figure 4.



The main structure of the experiment platform consists of three parts: an object transmission unit, a detection unit, and a data processing and display unit. The object transfer unit has an adjustable transfer speed to test the performance of the algorithm in detecting targets at different moving speeds; the detection unit contains a CCD industrial camera and a horizontal light source; the data processing and display unit is a desktop computer with Windows 10 and an NVIDIA GeForce RTX 3070 GPU graphics card.



A PCB with artificial surface defects containing all defects (two defects of each type for a total of twelve defects) is produced, and according to the definition of the international organization SPIE [30], a small target is an area of fewer than 80 pixels in a 256 × 256 image, i.e., less than 0.12% of 256 × 256. As shown in Figure 5, there are small, medium, and large defect detail maps in the high-pixel image (3056 × 2464).



This PCB test prototype is placed on the designed PCB surface defect real-time inspection experimental platform conveyor belt, and two levels of conveyor belt running speeds are set: low speed (2 cm/s) and high speed (20 cm/s). By changing the speed single factor, the detection effect of the YOLOX-s and FM-STDNet model is tested, and the detection results are shown in Figure 6. The horizontal axis in Figure 6 shows the detection results for different running speeds of the PCB (Low speed and High speed), and the vertical axis shows the detection results for different models (YOLOX and FMSTDNet).



As observed in Figure 6, the actual inference speeds of YOLOX (one of the best single-stage detectors available) and FM-STDNet models in the low-speed (2 m/s) target operation phase were 91.13 FPS and 116.07 FPS, respectively, indicating that FM-STDNet had a faster data processing speed than YOLOX. The total number of targets detected by both models was 12, indicating that during the target low-speed moving phase, the target moving speed met the model calculation speed and both YOLOX and FM-STDNet models could successfully detect all targets. In the fast (20 cm/s) target movement phase, the calculation speeds of the YOLOX and FM-STDNet models changed slightly, but at this time, YOLOX detected 11 targets, while the FM-STDNet model detected all 12 targets correctly, and one target was missed by YOLOX model was a small target. This indicates that the FM-STDNet model had better detection performance for fast-moving small targets.



On the same experimental platform, the PCB test prototype was allowed to run at 20 cm/s to test several of the best target detection models, including YOLOv3, Faster R-CNN, and TDD-Net. The experimental test results are shown in Figure 7.



Figure 7 shows the detection results of the proposed FM-STDNet model compared to the other three best target detection models. The observed results show that the actual running speeds of the three models, Faster R-CNN, YOLOv3, and TDD-Net, are 37.28 FPS, 45.78 FPS, and 90.78 FPS, respectively, and the total number of detected targets is 7, 8, and 11, respectively. All three models showed missed detections, but the actual running speed of the FM-STDNet model was 115.19 FPS and the total number of detected targets was 12, indicating that the FM-STDNet model had the highest actual inference speed and accuracy on the fast-running small target detection task.



In actual PCB production, a quality sampling inspection with a failure can seriously affect the order delivery and cause huge economic loss to the PCB producer. Therefore, the robustness of the model is particularly important, and the size of the area covered by the precision-recall curve needs to be calculated. Figure 8 shows the precision-recall (PR) curves for six defects on the PCB defect image at IOU = 0.5. Among them, the PR curve represents the relationship between precision and recall and is usually set with recall as the horizontal coordinate and precision as the vertical coordinate. The larger the value of both recall and precision, the better the performance of the model, i.e., the closer the two curves are to the upper right corner of the image the better the performance.



The exact recall curves for each of the six defective targets are calculated in Figure 8, and it can be seen that the area under the PR curves of the six targets is almost close to 1, indicating that the FM-STDNet model has high detection accuracy and recall for all targets and shows good robustness.






5. Conclusions and Limitation Statement


In this paper, the defect detection performance of a PCB surface defect detection system was investigated. This task is challenging because the PCB defects are very small compared to the whole PCB area, and in addition, they move very fast and must be detected in real-time. Based on the SPPCSPC module and YOLOX model, two new modules, SPPFCSP and RepHead, are proposed. The FM-STDNet fast-moving small target detection model is constructed with YOLOX as the base structure. On the self-designed experimental platform of the PCB surface defect detection system, FM-STDNet achieves an average detection accuracy of 99.85% in a PCB running at high speed and completes the real-time detection task with a 116FPS actual detection refresh rate. The performance of the proposed FM-STDNet model is compared by testing with the current state-of-the-art detectors, including YOLOv3, Faster R-CNN, and TDD-Net. The results show that the FM-STDNet detector can achieve high detection accuracy with very efficient computational performance compared to these methods, which proves the superiority and effectiveness of the proposed model.



The current study also has the limitation that FM-STDNet achieves high efficiency and high accuracy detection of fast-moving small targets, relying heavily on superior hardware performance, such as high-speed industrial camera CCDs and high-performance GPUs. However, many practical applications are embedded and cannot simply be configured with better data acquisition units and processing units based on consideration of the actual cost and working environment, so it is important to consider the adaptability of the detector in low-configuration equipment.
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Figure 1. SPPFCSP network structure. 
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Figure 2. RepHead network structure. 
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Figure 3. FM-STDNet network structure. 
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Figure 4. PCB surface defects real-time detection experimental platform. 
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Figure 5. Details of the small, medium, and most defects. 






Figure 5. Details of the small, medium, and most defects.



[image: Electronics 12 01829 g005]







[image: Electronics 12 01829 g006 550] 





Figure 6. Comparison of YOLOX and FM-STDNet detection results. (a) Detection results of YOLOX model at 2 m/s moving speed; (b) Detection results of FMSTDNet model at 20 m/s moving speed; (c) Detection results of YOLOX model at 2 m/s moving speed; (d) Detection results of FMSTDNet model at 20 m/s moving speed. 
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Figure 7. Comparison of detection performance of FM-STDNet model with Faster R-CNN, YOLOv3, and TDD-Net models on 20 m/s mobile PCB. 






Figure 7. Comparison of detection performance of FM-STDNet model with Faster R-CNN, YOLOv3, and TDD-Net models on 20 m/s mobile PCB.



[image: Electronics 12 01829 g007]







[image: Electronics 12 01829 g008 550] 





Figure 8. PCB defect precise recall (PR) curve at AP@0.5. 
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Table 1. Experimental setup.
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	Set Item
	Parameter





	Iteration
	200



	Batch size
	16



	Initial learning rate
	0.1



	Min learning rate
	0.0001



	Optimizer
	SGD



	momentum
	0.937



	Weight decay
	5 × 10−4



	Learning rate decay type
	COS



	thread
	4
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Table 2. Ablation studies on the COCO2017 dataset.
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	Algorithm
	mAP (%)
	GFLOPs
	Speed (bs = 1,fps)





	YOLOv5-s
	36.7
	17.1
	85



	+SPPFCSP
	39.8 (+3.1↑)
	15.2
	91 (+6↑)



	YOLOX-s
	39.6 (+1.9↑)
	26.8
	81



	+RepHead
	39.7 (+0.1↑)
	14.3 (−12.5↓)
	108 (+27↑)
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Table 3. Detection results of FM-STDNet and other 5 excellent models.
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	Algorithm
	mAP@0.50 (%)
	Speed (bs = 1,fps)





	SSD
	95.70
	46



	Faster R-CNN
	91.74
	37



	YOLOv3
	97.50
	45



	TDD-Net
	98.24
	62



	YOLOX-s
	98.96
	90



	FM-STDNet
	99.85
	116
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