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Abstract

:

The management of product quality is a crucial process in factory manufacturing. However, this approach still has some limitations, e.g., depending on the expertise of the engineer in evaluating products and being time consuming. Various approaches using deep learning in automatic defect detection and classification during production have been introduced to overcome these limitations. In this paper, we study applying different deep learning approaches and computer vision methods to detect scratches on the surface of microfasteners used in rechargeable batteries. Furthermore, we introduce an architecture with statistical quality control (SQC) to continuously improve the efficiency and accuracy of the product quality. The proposed architecture takes advantage of the capability of deep learning approaches, computer vision techniques, and SQC to automate the defect detection process and quality improvement. The proposed approach was evaluated using a real dataset comprising 1150 microfastener surface images obtained from a factory in Korea. In the study, we compared the direct and indirect prediction methods for predicting the scratches on the surface of the microfasteners and achieved the best accuracy of 0.91 with the indirect prediction approach. Notably, the indirect prediction method was more efficient than the traditional one. Furthermore, using control charts in SQC to analyze predicted defects in the production process helped operators understand the efficiency of the production line and make appropriate decisions in the manufacturing process, hence improving product quality management.
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1. Introduction


In manufacturing and production lines, improving the quality control of products is an essential task prior to delivering them to consumers. Several factories and production companies strive to eliminate all defects from their products, aiming to bring the success of products to the market. To achieve zero defect manufacturing strategies [1,2,3,4], many factories employ various techniques and processes to detect and prevent any defects that may appear in the final products [5,6,7,8].



With the current trend of outstanding electronic development, rechargeable batteries has become indispensable parts in electronic devices such as laptops, phones, and electric vehicles. In these devices, the rechargeable battery is the most important part that affects the speed, price, and performance of the device. Furthermore, the rechargeable battery also affects the safety and potential risk of using the devices. In order to create quality rechargeable battery products and minimize risks such as potential explosions, the quality of each part of the rechargeable battery must be ensured during the production process. Among these components are fastening parts used in battery assembly. These parts are shaped through the physical process of forging metals or alloys at high pressure and temperature. During the forging process, defects such as cracks or scratches on the surface cannot be avoided. So, in order to prevent these defects from affecting the final product, researchers have studied different approaches to identify defects in the parts of the battery [9,10,11] or to improve battery manufacturing processing [12].



For several years, using workers to detect defects on battery surfaces has been a widely adopted practice in manufacturing. This approach laboriously relies on the expertise and visual acuity of workers to identify any abnormalities or defects that appear in the products. This method requires skilled workers who have undergone thorough training to identify and categorize various types of defects accurately. Additionally, workers may employ their finger to identify surface defects that may not be clear. It is inevitable that these methods are subjective in person and can require significant time to implement. With the fast development of current deep learning algorithms, more and more methods [13,14] have been proposed, introduced, and applied to automatically identify defects on the surface of products in manufacturing during the production process. Some recent methods are as follows: using a probabilistic defect model [15], using contextual features and multi-view ensemble learning [16], using computed tomography [17], using ultrasound acoustic measurements [18], and using deep learning approaches [19,20,21,22,23].



This paper aims to assess and compare the effectiveness of different deep learning-based methods for the automated classification of surface defects on microfasteners utilized in rechargeable batteries. Furthermore, we propose an architecture that integrates SQC to improve the efficiency and accuracy of product quality continually. By integrating deep learning-based methods, we aim to achieve a sufficient solution to enhance the quality control process in battery component manufacturing. Building on these goals, we applied and evaluated the results of different deep learning-based direct and indirect methods in automatically classifying surface defects on microfasteners used in rechargeable batteries during production. In the next section, we discuss recent research related to the application of deep learning and neural networks in defect detection in manufacturing and its applications. Section 3 presents the relevant basic knowledge mentioned in this paper. Section 4 details the dataset, proposed methods, and architecture and analyzes the effectiveness of each method. Section 5 presents the experimental results. Section 6 discusses the obtained results and directions for future research.




2. Related Works


In this section, we discuss some recent research on effects of defects and defect detection in manufacturing, especially related to the rechargeable battery manufacturing sector. By examining the results acquired from related studies, we can accumulate effective defect detection methods and hence give the appropriate methods to detect and predict defects in this study.



In ref. [24], Cannarella et al. investigated the effects of defects in the form of localized plating in lithium-ion batteries. They developed a model of the defect containing coin cell geometry to gain further insights into this the effects of these defects. The simulations demonstrated that the closed pores acted as “electrochemical concentrators”, resulting in elevated currents and overpotentials in the adjacent electrodes in lithium-ion batteries. The research also analyzed the impact of other factors, such as materials, geometry, and operating parameters, on the localized plating behavior in batteries. The study established a link between electrochemical degradation/failure and internal mechanical stress in lithium-ion batteries. Defects like separator pore closure, which can be induced or exacerbated by mechanical stress, generate localized regions of heightened electrochemical activity that lead to lithium plating. The findings in this study indicated that it is important to detect defects that occur in battery manufacturing, and defects greatly affect battery performance, as well as being a high risk of fire and explosion.



In ref. [17], Yi Wu et al. introduced a computed tomography (CT)-based non-destructive approach to evaluate the quality, identify defects, and assess structural deformation in batteries. The main ideas of the approach were that they used a CT system to scan the battery and then visualized the information in the 3D structure. After that, the 3D structure provided insight into its internal structure as well as material composition. The deformed structural and defects could be detected by directly observing the CT images from different angles. In this study, the authors proposed a useful method using the CT system to scan and visualize the structure of the battery. However, detecting defects on the surface or inside the product was still performed by direct observation.



In ref. [9], Changlu xu et al. presented an approach using multi-feature fusion and particle swarm optimization for a support vector machine model to detect defects in lithium batteries. The author explained that their approach reached an accuracy of 98.3% on a dataset containing 840 images of the battery surface. The methodology of their approach was that first, they preprocessed the defect image with image subtraction and contrast adjustment. After that, the Canny algorithm with the AND logical operation was used to extract the defect area on the image. Consequently, the features of the defect area were extracted using texture, edge, and HOG features. Finally, the particle swarm optimization method was used to optimize the support vector machine model to train and detect the defect on the image.



In ref. [10], Choudhary et al. introduced an autonomous visual detection method for detecting defects from battery electrode manufacturing. In particular, the YOLOv5 architecture was proposed in their approach for identifying the visual defects on the coated electrode from the battery. In the experiment, they captured 882 images of battery electrodes containing four types of defects in some images (agglomerate, bubble, foil, and scratch) and used these images for training and prediction to evaluate the model. The study showed that the model achieved 9.5 ms inference time and 88% mAP for predicting all combined classes. Their study presented evidence of effectively using the YOLO architecture to predict defects in battery manufacturing and efficient use in the web environment.



In ref. [25], Badmos et al. proposed a method using convolutional neural networks (CNNs) for detecting defects in lithium-ion battery electrodes. In the study, the authors attempted to achieve the best parameters for creating precise models to predict battery defects. They compared obtained inference results with different CNN models, i.e., Baseline, Sigmoid, SoftMax, VGG19, InceptionV3, and Xception. A dataset containing 3286 original images of battery electrodes was used to train and infer the four types of defects in the battery. Through experimental results, the VGG19 model performed best (with an F1 score of 0.99), followed by the InceptionV3 (with an F1 score of 0.97). Using the VGG19 architecture could be an effective solution for creating an accurate model to detect defects in images of lithium-ion battery electrodes.



The uniqueness of our method is that we proposed an architecture that integrated deep learning-based defect detection methods with the SQC method for enhancing quality control in battery component manufacturing. By leveraging the power of these methodologies, we aimed to overcome the shortcomings of manual evaluation and provide a more efficient and precise solution. Furthermore, we conducted an in-depth analysis using a real dataset of 1150 microfastener surface images from a factory in Korea and compared the results of the direct and indirect prediction methodologies. The results indicated that the indirect prediction approach outperformed the direct method with the best accuracy of 0.91. The next section presents the related knowledge and background used in our approach for creating an efficient framework and precise inference models to detect and classify scratches on the surface of microfasteners used in battery manufacturing.




3. Background Theory and Concepts


This section summarizes the concept of the EfficientDet, YOLO models, and statis-tical process control method used in our study for classifying defects from the surface of the batteries and enhancing quality control in lithium-ion battery manufacturing.



3.1. EfficientDet


In the past five years, many research groups have introduced different neural network models to improve image classification and object detection results. One recent high-accuracy and efficient model is the EfficientDet [26], introduced by Mixing Tan and his colleagues in 2020. The model uses ImageNet pre-trained EfficientNets [27] as the backbone network for detecting and classifying objects in the images.



EfficientNet [27]:



In ref. [27], the authors introduced the EfficientNet to scale all dimensions of a neural network, i.e., the depth, width, and resolution, by using an effective compound coefficient.



	
Depth (d): Scaling network by depth. The idea of scaling depth is that by using the deeper ConvNet, we can receive more features from the object.



	
Width (w): Scaling network by width. Scaling networks by widths are commonly used for a small-size network. The wider networks can capture more detailed features, and it is easier to train these networks.



	
Resolution (r): Scaling network with different resolutions of input images. This method allows ConvNets to capture more detailed patterns from the images.






The main idea for building EfficientNet was derived from the following observations by the authors:




	
Using different scaling dimensions is not independent of creating an efficient network.



	
To achieve accuracy and efficient networks, continuously balancing the depth, width, and resolution of the network is crucial.








With this approach, the authors created the baseline model EfficientNet-B0 and applied the compound scaling method with the below equation to obtain EfficientNet-B1 to B7.


depth: d = αϕ



(1)






width: w = βϕ



(2)






resolution: r = γϕ



(3)






Subject to: α ∙ β2 ∙ γ2 ≈ 2



(4)






α ≥ 1, β ≥ 1, γ ≥ 1








where α, β, and γ are constants. ϕ is a user-specified coefficient.



EfficientDet [26]:



In EfficientDet, the authors adapted the EfficientNet as the backbone network and proposed the BiFPN, a weighted bi-directional feature pyramid network that serves as the feature network to learn the cruciality of different input features. They repeatedly applied this method by using top-down and bottom-up multi-scale feature fusion. The idea behind the BiFPN is that nodes with only one input edge without feature fusion have reduced contributions to the network. If the nodes are at the same level, they add an extra edge from the original input to the output node. Furthermore, the model treats each bidirectional path as a feature layer. Recently, EfficientDet has become one of the state-of-the-art neural networks in detecting features of objects from images, and it is highly capable of detecting defects from the surface of batteries.




3.2. YOLO [28]


Introduced in 2015 by Redmon and his colleagues, YOLO (You only look once) [28] is a state-of-the-art model that outperforms several methods in obtaining high prediction accuracy while keeping a fast processing time. Due to its fast inference processing, it is highly suitable for implementation in real-time object prediction projects. Unlike other object detection algorithms, YOLO directly predicts the bounding boxes and classes of objects by dividing the input image into a grid of cells. The authors framed object detection as a regression problem to separate bounding boxes and the associated class probabilities. Using this strategy, YOLO’s inference time is extremely fast. The first model processed images in real time at 45 FPS. Furthermore, a smaller version processed 155 FPS while keeping a reasonable mAP. The principle and strategy of YOLO are as follows. The algorithm performs detecting objects as a regression problem and divides the input image into an S × S grid and predicts B bounding boxes for each grid cell. Thanks to its excellent strategy, YOLO has been upgraded through many versions since its first introduction.



Table 1 illustrates the evolution history of YOLO over the years from 2015 to 2023. As shown in Table 1, Joseph Redmon et al. are the authors who introduced the YOLO algorithm and developed versions 1, 2, and 3 from the years 2015 to 2018. After that, YOLO received the research community’s attention and was developed with many upgraded versions to optimize prediction accuracy and improve inference speed.




3.3. Statistical Quality Control (SQC) and Control Charts [29]


In this subsection, we summarize the statistical quality control [29] concepts and some control charts used in our study to support quality control in manufacturing products.



According to [29], statistical quality control (SQC) is the process of using statistical data from the processing of producing products to evaluate and control the quality of products in a production line. SQC focuses on practical statistical methods in quality control and improvement. Not only analyzing the continuous data for exploring the quality of products, SQC also examines the discrete data to investigate the defects or nonconformities in products. In a nutshell, using the SQC method is suitable for enhancing quality control in microfastener manufacturing. In this study, we propose a method combining deep learning approaches with control charts in SQC to detect defects and improve the quality of products. As shown in Figure 1, there are some different statistical models in the SQC for controlling the quality of products. Based on the characteristics, we selected the C-chart and P-chart for analyzing the defects occurring on the microfastener used in rechargeable batteries and hence improving product quality management.



C-Chart: The C-chart or the control chart for nonconformities is a specific type of control chart in SQC to monitor and evaluate the count value of particular data and usually the number of defects per product in manufacturing.


  C e n t e r   l i n e =  c ¯  =  D n   



(5)






  U C L =  c ¯  + 3   c ¯    



(6)






  L C L =  c ¯  − 3   c ¯    



(7)




where



	
D: Total number of defects



	
n: Total number of samples



	
UCL: Upper control limit



	
LCL: Lower control limit.






If LCL < 0, set LCL = 0.



P-Chart: The P-chart or the control chart for fraction nonconforming is a different type of control chart in SQC to monitor the proportion of defective units in a sample. The proportion of defects in a product is defined as the value between the number of defects and the sample sizes. In the P-chart, the center line and control limits are as follows:


  C e n t e r   l i n e =  p ¯  =  D n   



(8)






  U C L =  p ¯  + 3      p ¯   (  1 −  p ¯   )   n     



(9)






  L C L =  p ¯  − 3      p ¯   (  1 −  p ¯   )   n     



(10)




where



	
D: Total number of defects



	
n: Total number of samples



	
UCL: Upper control limit



	
LCL: Lower control limit.






If LCL < 0, set LCL = 0.





4. Dataset and Proposed Method


4.1. Dataset Description


The dataset was provided from a real factory that supplies components for the production of batteries in Korea. It contained 1150 captured images of microfasteners used to produce rechargeable batteries. In the microfastener production process, there are three different types of defects that can appear on the surface of the product. The category of defects depends on the location of its appearance. Figure 2 describes the dataset collection method and the differences between defect type 1, type 2, and type 3.



Definition of defection types: On the microfastener’s surface, captured from a top-down perspective (refer to the filming direction in Figure 2), three circles—circle 1, circle 2, and circle 3—were observed. The classification of defect types was as follows:




	
Type 1: A scratch, a flaw, or damage was located within the boundary of circle 1.



	
Type 2: A scratch, a flaw, or damage was located within the region between circle 2 and circle 3, in proximity to circle 2.



	
Type 3: A scratch, a flaw, or damage was identified within the area between circle 2 and circle 3, close to circle 3.








In this study, the authors intended to create a system to automatically detect different defects on the fastener’s surface and then enhance the product quality, subsequently optimizing production lines and reducing the participation of workers in the manufacturing process, as well as saving operating costs.




4.2. Proposed Methods and Architecture


Defect Detection



To detect defects and types of defects on the microfasteners, we used two different methods and then compared the results between them to obtain the efficient solution.



Method 1—Direct: In method 1, we directly annotated the defects that appeared on the surface of products. These defects were then categorized and named as type 1, type 2, and type 3. After that, we used EfficientDet and YOLO to train the models on this annotated dataset. The model aimed to learn the defects and features distinguishing the different defect types. After training the models, we used them to infer the defects category on the new images directly. Figure 3 represents some examples of annotating defects with this method.



Method 2—Indirect: In this method, similar to method 1, the initial step involved annotating defects on the surfaces of products. However, instead of categorizing them directly as type 1, type 2, or type 3, they were uniformly labeled as “defect”. Subsequently, we annotated three circles (“circle 1”, “circle 2”, and “circle 3”) on the images, each representing specific regions corresponding to the bordering circles on the surfaces of the microfasteners (see Figure 4).



Following the annotation of defects and circles, the models were trained to predict both the presence of defects (labeled as “defect”) and the locations of the circles (labeled as “circle 1”, “circle 2”, and “circle 3”). Finally, the categorization of defects was determined by comparing the location of the “defect” with the locations of “circle 1”, “circle 2”, and “circle 3”. In a nutshell, the type of defects was given by comparing the location of detected defects with the locations of detected circles from the images.



The following instruction determines the type of a predicted defect label as shown in Figure 5:




	
Let the area of the circles be θ_1, θ_2, θ_3. The area of the bounding box containing the defect is ϵ.



	
Calculate the area of the overlap of bounding box ϵ and three circles. Suppose we have three values β_1, β_2, β_3 corresponding to the area of overlap of ϵ with θ_1, θ_2, θ_3.



	
Give the acceptance rates to decide which circle the defect belongs to as ε_1, ε_2, ε_3.



	
The selection of the defect’s type is as follows:










if β_1 ≥ ϵ*ε_1   Defect is type 1










elif β_2 ≥ ϵ*ε_2   Defect is type 2










elif β_3 ≥ ϵ*ε_3   Defect is type 3











Proposed Architecture:



After predicting the types of defects appearing on the product surface, we used C-chart and P-chart to visualize and analyze information about product defects. This function helps production line operators quickly obtain general information about product quality, thereby making appropriate decisions. Figure 6 depicts the general architecture of using deep learning models with control charts to help production line operators control and improve product quality, thereby enhancing quality control in manufacturing.



The operational principle of this architecture is as follows: In the traditional manufacturing process, the operators control the molding machine initially, producing microfasteners. Subsequently, defect-checking workers inspect and remove defective products from the production line before packaging. In the proposed architecture, we employ a camera positioned above to capture images of microfasteners. The defect detection module then utilizes pretrained models to identify defects in the product images. Information about defect types per product and per lot will be displayed in C-chart and P-chart formats. These charts provide operators with insights into the number of defects in each product and batch. If the defect count exceeds the allowable  β  threshold ( β  is a value set by the operators to allow maximum defects on each lot), operators will adjust the production line and molding machine to fix the issues, thus enhancing the quality of subsequent product manufacturing.





5. Experimental Results and Discussion


This section presents the results of our experiments on the dataset and some potential applications of our proposed method for quality management in manufacturing. We organized the dataset chronologically based on image capture time and subsequently divided it using a 90/10 split, with 90% allocated for training and model refinement (70% for training and 20% for fine-tuning the model during the training phase) and 10% (test set) for testing and visualization with the C-chart and P-chart.



When preparing the models for training, we utilized the pretrained YOLOv8n [30] and EfficientDet_D0 models [31] and then applied transfer learning to train the models with method 1 (direct) and method 2 (indirect). Table 2 describes the parameters for presenting the experimental results in this section.



As we can see in Figure 7 and Figure 8, using method 2 provided better results with YOLOv8n. In method 2, the mAP50-95 obtained a value of 0.84, while using method 1 only obtained a value of 0.29. Similarly, the precision and recall values in method 2 were above 90% and better than those of method 1, which were only approximately 78%. Regarding using the EfficientDet model, the AP and AR values (Table 3) of the model using method 2 were also higher than those of method 1, and the highest values were AP (0.845) and AR (0.808). Assessing the trained models on the test set using method 2 with YOLO and EfficientDet, we achieved accuracies of 0.91 and 0.73, respectively.



Therefore, we can see that using the indirect method achieves better performance than predicting the type of defect on the product surface directly.



Results on Method 1: This method directly predicted the category type of defects, but it did not determine the defect’s relative position on the product’s surface, so the results were less accurate than using method 2. Figure 9 depicts the finding. For more information on other results, please refer to the Repository section.



Results on Method 2: As explained in Section 4, the process of selecting the category for the detected defect involved calculating the overlap area between the defect’s bounding box and three circles, followed by a comparison with the acceptance rates (ε_1, ε_2, ε_3) to make the final decision. Figure 10 illustrates certain results obtained using YOLOv8 that had the highest accuracies with the acceptance rate values (0.6, 0.3, 0.1). For additional information on other results, please refer to the Repository section.



Quality management: After detecting defects on 115 images of the test set, we analyzed it with the C-chart and P-chart to obtain information for assisting the operator in controlling the quality of the production process. Table 4 represents the ImageID and the total detected defects on each image using YOLOv8 with method 2 in the test set.



Based on the equation for calculating the parameters in the C-chart described in Section 3.3, we obtained the following values:    c ¯  = 0.252173913  , UCL = 1.758681536, LCL = 0.



Figure 11 represents the C-chart with the information on defects detected from the test set. As we can easily realize from the chart, some highlighted points indicate the frequency of defects on the surface of the products, especially those with defects higher than the UCL line (marked in red circles) or those with defects higher than the CL (marked in yellow ovals). This information is helpful for the operator to realize the production line status and hence give the appropriate operation.



To create the P-chart (Figure 12), we grouped 20 products into one lot and calculated the UCL, LCL, CL, and defect rate values for each lot. These values are represented in Table 5 below.



Analyzing the information provided by the P-chart reveals some useful instructions: It becomes evident that lot 1 exhibited a notable quantity of defective products, with a defect rate exceeding the threshold defined by the UCL line (highlighted by the red circle). Moreover, lot 6 represented a raised count of defective products beyond the CL (denoted by the yellow circle). This information is a valuable resource for the operator to control production lines efficiently, mitigating defects in the final products.




6. Conclusions and Future Work


In this study, we introduced an approach and architecture using state-of-the-art object detection algorithms with different strategies to detect defects from microfasteners used in battery component manufacturing. We studied and compared the traditional method (direct) and the indirect method to classify the categories of detected defects using YOLOv8 and EfficientDet. We proposed an effective method to efficiently classify the defect categories by comparing the overlap between defect areas and the circles surrounding them.



The results indicated that YOLOv8 with the indirect detection method achieved the best accuracy at 91% of classifying defects. Furthermore, we used C-chart and P-chart analyses in the statistical quality control domain to extract information from the detected defects and the production line, providing the operator with valuable assistance in managing the quality of the product and the lot. These control charts designate the operator with a strategic perspective, enabling them to make decisions and efficiently control the production line.



In addition to the results obtained in this study, there are still some limitations, as well as issues that need to be addressed in our future research:




	
This study only focused on the surface defects of microfasteners, not more complex defects that can occur inside the product. To fully enhance quality management in a production line, we need to include internal defects and provide a more comprehensive quality examination.



	
Although our proposed methods showed high accuracy in defect detection with microfasteners, to develop and use the model in real-world systems, we need to evaluate the performance of the model on different manufacturing and production lines.



	
The predicted results depended significantly on the labeling results, so in order to run the architecture in practice, it is necessary to study more labeling defect methods.



	
Despite using information extracted from the C-chart and P-chart with detected defects for assisting the operator, actual use in the real world needs perspective and feedback from production line operators.








In future works, we will try to deal with these concerns and improve the architecture, as well as bring the system to use in factories.
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Figure 1. Selection control charts in SQC for controlling quality with different types of product data. 






Figure 1. Selection control charts in SQC for controlling quality with different types of product data.



[image: Systems 12 00024 g001]







[image: Systems 12 00024 g002] 





Figure 2. Different defect types on the surface of microfasteners. (Red arrows indicate the location of what is visible in the image the camera is capturing and red circles indicate the location of defects). 
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Figure 3. Annotation of defects with method 1—direct. 
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Figure 4. Annotation of defects and circles with method 2—indirect. 
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Figure 5. Illustration of defect type decision in method 2—indirect. 






Figure 5. Illustration of defect type decision in method 2—indirect.



[image: Systems 12 00024 g005]







[image: Systems 12 00024 g006] 





Figure 6. The proposed architecture for enhancing quality control in battery component manufacturing. 
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Figure 7. Training and validation model using YOLOv8 with method 1. 
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Figure 8. Training and validation model using YOLOv8 with method 2. 
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Figure 9. Detected defects on some images with EfficientDet and method 1. 
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Figure 10. Detected defects on some images with YOLOv8 and method 2. 
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Figure 11. C-chart visualizing the detected defects in the test set. 
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Figure 12. P-chart visualizing the defect rate in different lots in the test set. 
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Table 1. The evolution history of YOLO.






Table 1. The evolution history of YOLO.





	Version
	Link (Accessed on 2 November 2023)
	Authors
	Year





	YOLO v1
	https://arxiv.org/abs/1506.02640
	Joseph Redmon et al.
	2015



	YOLO v2
	https://arxiv.org/abs/1612.08242v1
	Joseph Redmon et al.
	2016



	YOLO v3
	https://arxiv.org/abs/1804.02767
	Joseph Redmon et al.
	2018



	YOLO v4
	https://arxiv.org/abs/2004.10934
	Alexey Bochkovskiy et al.
	2020



	YOLO v5
	https://docs.ultralytics.com/yolov5/
	Ultralytics
	2020



	YOLO v6
	https://arxiv.org/abs/2209.02976
	Chuyi Li et al.
	2022



	YOLO v7
	https://arxiv.org/abs/2207.02696
	Chien-Yao Wang et al.
	2022



	YOLO v8
	https://ultralytics.com/yolov8
	Ultralytics
	2022










 





Table 2. Parameters of YOLO, EfficientDet, and captured images.
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YOLO (Yolov8n)

	
EfficientDet (EfficientDet_D0)

	
Captured Images






	
epochs

	
100

	
epochs

	
100

	
Total

	
1150




	
imgsz

	
640

	
imgsz

	
512

	
Train

	
805




	
lr0

	
0.01

	
lr

	
0.01

	
Validation

	
230




	
Lrf

	
0.01

	
threshold

	
0.2

	
Test

	
115




	
conf

	
0.25

	
iou

	
0.2

	
Size

	
720 × 720




	
iou

	
0.2

	
fpn_channels

	
64

	

	




	
optimizer

	
adam

	
optimizer

	
adam

	

	




	
batch

	
16

	
aspect_ratios

	
[(1.0, 1.0), (1.4, 0.7), (0.7, 1.4)]











 





Table 3. The average precision and recall of model using EfficientDet_D0 with method 1 and method 2.
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	IoU
	Area
	maxDets
	AP

Method 1
	AR

Method 1
	AP

Method 2
	AR Method 2





	0.50:0.95
	all
	100
	0.712
	0.749
	0.740
	0.766



	0.50
	all
	100
	0.818
	0.763
	0.845
	0.780



	0.75
	all
	100
	0.751
	0.776
	0.772
	0.797



	0.50:0.95
	Large
	100
	0.716
	0.786
	0.747
	0.808










 





Table 4. The list of images containing detected defects in the test set.






Table 4. The list of images containing detected defects in the test set.





	Image ID
	Total

Defects
	Image ID
	Total

Defects





	10
	1
	59
	1



	11
	2
	62
	1



	12
	2
	65
	1



	13
	1
	66
	2



	14
	1
	93
	1



	15
	1
	94
	1



	16
	1
	99
	1



	17
	1
	101
	1



	18
	1
	103
	1



	19
	1
	106
	1



	54
	1
	111
	1



	55
	1
	114
	1



	57
	1
	115
	1










 





Table 5. Values of parameters in P-chart.
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	Lot
	Sample Size
	Total

Defects
	Defect Rate
	CL
	UCL
	LCL





	1
	19
	12
	0.63157895
	0.252174
	0.551052526
	0



	2
	20
	0
	0
	0.252174
	0.54348475
	0



	3
	20
	4
	0.2
	0.252174
	0.54348475
	0



	4
	20
	4
	0.2
	0.252174
	0.54348475
	0



	5
	20
	3
	0.15
	0.252174
	0.54348475
	0



	6
	16
	6
	0.375
	0.252174
	0.57786933
	0
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