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Abstract— With the continuous development of object detection technology, the YOLO series of algorithms 

with high precision and speed has been used in various fault detection tasks. This paper aims to establish a 

real-time quality control framework for PCB fault detection that can be adopted by industries. The 

development of more automized testing method by using YOLOv5. Detection of imperfections despite 

misalignment and incorrect orientation is required in the industry. Decreases quality check time and human 

examiner cost for quality control and auditing the product (as it might be slow and error-prone). Computer 

Camera is used of real-time fault detection in this prototype, however any digital camera integration would be 

possible and might improve the performance. Ultimately, increased revenue generation followed by better 

quality production and supply that meets the market demand. 
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I. INTRODUCTION 

In the present times, real-time object detection has become prominent in Computer Vision. Object detection 

is traditionally done with OpenCV as Traditional Image Processing methods fail to adapt to a wide variety of 

images and are not robust to changes in the image. However, with the capabilities such as deep learning 

methods, especially advancements in convolutional neural networks, followed by high-end processing by 

computers, a much more robust system can be developed. 

 

In 2015, Joseph Redmon proposed the YOLO (You Only Look Once) algorithm. By 2020, the YOLO series 

reached YOLOv5, developed by Glenn Jocher. This paper utilizes the capabilities of YOLOv5 for PCB Fault 

Detection. 

To summarize, this paper has the following contributions: 

1. Training the YOLOv5 algorithm to develop a robust system that can detect a variety of PCB defects. 

2. Deploy Website Application. 

3. Using the trained model to accurately detect PCB faults in Real-time. 
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II. RELATED WORK 

In this section, we primarily review detection algorithms and PCB Fault Detection methods. 

A. Object Detection Algorithms 

Object detection has been widely adopted in their day-to-day life. It involves identifying all the 

targets/subjects of interest in the image. One has to identify which object is present in the image and at what 

location is it identified. It can be achieved with either traditional methods or a convolutional neural network. [1] 

B. Image Subtraction Method 

After both reference and inspected PCB images are finished with the pre-processing, the format of both 

images is in Binary, which only consists of 0 and 1. Using the absdiff() function included in the OpenCV library, 

an XOR operation is carried out which will create a new temporary image containing the difference between the 

reference image and inspected PCB image. However, this method has some limitations. Some bare PCB defects 

(such as open-circuit, short-circuit, incorrect dimensions, etc.) cannot be detected. It requires the same size of 

reference and inspected PCB image. The orientation of inspected image must be the same as the reference image. 

[2] 

 

 

III. METHOD 

A. YOLOv5 Network Architecture 

The network structure of yoloV5 is divided into three parts, backbone, neck, and output. In the core, the input 

image with 640×640×3 resolution goes through the Focus structure. Using the slicing operation, it first becomes 

a 320×320×12 feature map, and then after a convolution operation of 32 convolution kernels, it finally becomes 

a 320×320×32 feature map. The CBL module is a basic convolution module. A CBL module represents Conv2D 

+ BatchNormal + LeakyRELU. 

 

Fig. 1 YOLOv5 Network Structure 

B. Exploratory Data Analysis 

This section deals with understanding data with context to industrial application. 

1)  About Dataset:  The collection comprises 1,500 picture pairs, each consisting of a template image devoid 

of defects and a tested image aligned and annotated with the positions of the six most prevalent PCB defects: 

open, short, mouse bite, spur, pinhole, and spurious copper. There are a total of 10013 labels in the dataset 

whose distribution is as follows: Background - 0 (not used in the entire dataset), Open – 1942, Short – 1506, 

Mouse bite – 1965, Spur – 1625, Pinhole – 1474, Spurious copper – 1501. Dataset Paper: 

https://arxiv.org/abs/1902.06197 

https://arxiv.org/abs/1902.06197
https://arxiv.org/abs/1902.06197


Keivalya Pandya et al, International Journal of Computer Science and Mobile Computing, Vol.11 Issue.12, December- 2022, pg. 91-98 

© 2022, IJCSMC All Rights Reserved                                                                                   93 

 

Fig. 2 Distribution Histogram of the categorical data (Categories vs instances of occurrence) 

2)  About Image:  The linear scan CCD used to capture each image in this collection has a resolution of 

about 48 pixels per millimetre. The original size of the template and the tested image is around 16k x 16k pixels. 

They are then divided into several 640 × 640 pixels sub-images using a cropping process, then aligned using 

template matching methods. However, the 1500 defective PCB images and their annotation files will be primary 

resources for training our Deep Learning Model. 

3)  About Image Annotation:  We utilize an axis-aligned bounding box with a class ID for each flaw. Each 

defect on the tested image is annotated as the format: x1, y1, x2, y2, type, where (x1,y1) and (x2,y2) are the top-

left and the bottom-right corner of the bounding box of the defect and type is an integer ID that follows the 

matches: 0-background (not used), 1-open, 2-short, 3-mouse-bite, 4-spur, 5-copper, 6-pin-hole. 

 

Fig. 3 Labels Correlogram 

C. Tuning Hyperparameters 

Our operating system is ubuntu20.04, using the Pytorch framework, and training and testing on an i5 8.0 GB 

RAM, 4GB Graphics card and CUDA CPU. 
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TABLE I  

EXPERIMENTAL HYPERPARAMETERS 

Parameter Value 

Learning rate 0.01 

Learning rate decay 0.999 

Learning rate decay step 1 

Weight rate decay 5e-4 

Momentum 0.937 

Batch size 16 

Number of iterations 100 

 

IV. EXPERIMENT 

In this section, we introduce in detail the details of our modified classifier and evaluation metrics of the 

dataset. 

The average precision mean mAP, precision and recall are used to describe the experimental outcomes. To 

begin, we determine the precision rate and recall rate for each category of an object using the following formula.  

; ;  
Where TP stands for true positive and FP for false positive; FN stands for false-negative; mAP is the average 

of all categories' APs, while AP is the average accuracy for a particular category. 

 
Fig. 4 Precision and Recall over epochs 

 

Fig. 5 Training curves by [4] using YOLOv3. Decoupled head converges faster than YOLOv3 head 

 

We evaluate the mAP averaged for IoU ∈ [0.5 : 0.05 : 0.95]. For each bounding box, we measure the overlap 

between the predicted bounding box and the ground truth bounding box. This is measured by IoU (intersection 

over union). For object detection tasks, we calculate Precision and Recall using the IoU value for a given IoU 

threshold. 
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V. RESULTS 

In our detection model, we assume that the confidence score and IoU threshold is 0.5. So we calculate the AP 

at the IoU threshold of 0.5. It can be found that in the initial training phase, as the training time increases, the 

model’s learning rate increases rapidly. We can even see a significant downfall and a steep shortcoming in 

precision as well as recall at the 15th epoch. Code Repository: https://github.com/keivalya/FSM-INT-2022 

 

 

Fig. 6 Graphical representation of mAP:0.5 across various epochs/steps 

 

Fig. 7 Graphical representation of mAP_0.5:0.95 across all the epochs 

 

Fig. 8 Sample Output 1 

https://github.com/keivalya/FSM-INT-2022
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Fig. 9 Sample Output 2 

 

 

Fig. 10 Sample Output 3 

 

VI. CONCLUSIONS 

This work implements YOLOv5 to PCB Fault Detection, showcasing YOLOv5 network structure, process 

parameters, and dataset processing. The PCB Fault Detection algorithm is able to detect defective PCBs rapidly 

using the YOLOv5 method. Using FastAPI's SwaggerUI, we can generate an elegant user interface where the 

algorithm can be deployed. For real-time object detection, a constant image feed from the camera can be set-up 

pointing towards the PCB that needs to be analysed. After training the model for 24.058 hours and stopping at 

336 epochs due to receiving no significant upgrades over the previous 100 epochs, results can be seen as follows. 
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Fig. 11 Deployed Web Application 

 

  

 
Fig. 12 Real-time fault detection from live video feed 
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