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Abstract

Product quality is a crucial factor in the electronic manufacturing
sector, with inspection playing a significant role. However, human
inspectors' accuracy fluctuates due to factors like fatigue, turnover,
experience, and inconsistent fault categorization. These inconsistencies
result in longer inspection times and operator-specific quality
variations. To address this challenge, Al automation within Industry 4.0
framework is increasingly adopted to replace human involvement and
reduce annual costs in quality control and testing. This paper proposes
an Automated X-ray Inspection (AXI) system that develops a defects
detector framework for detecting and classifying Surface Mount
Technology-Resistor (SMT-Res) on PCBs, using a private dataset from
Intel Technologies. The YOLOv7 and YOLOv8 models are examined as
detectors, and experimental results highlight the exceptional
performance of the GAN-YOLOv8n model. With just 3.01M parameters,
it achieves 92.9% mean average precision (mAP) at Intersection over
Union (IoU) 0.5 and 71.5% mAP at IoU 0.95, demonstrating excellent
accuracy and efficiency. The proposed AXI system, leveraging Al
automation, offers a promising solution for improving inspection
processes, reducing costs, and enhancing product quality in electronic
manufacturing.

1. Introduction

Artificial Intelligence (Al) has been applied for Printed Circuit Board (PCB) quality control and inspection in recent
years. Nowadays, PCB is the most significant component that can be found in almost all electronic products such
as electronic gadgets, Internet of Things (IoT) devices, automotive, or even high-end products like medical
infrastructure, military weapons, airplane, and satellite.

According to a market research report published in 2020, the global market for PCBs is expected to reach a
value of $71.7 billion by 2025, with a compound annual growth rate of 5.4% from 2020 to 2025. The report cites
factors such as the increasing demand for electronic devices, the growing adoption of advanced technologies, and
the expansion of the 10T as drivers of the PCB market [1]. Fig. 1. shows the PCB manufacturing process. There are
4 stages which consist of printing, mounting, reflow soldering, and inspection and testing.

This is an open access article under the CC BY-NC-SA 4.0 license.
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Fig. 1 SMT PCB manufacturing process [2]

At the final stage, the automated inspection involves the use of computer software with Al techniques and
algorithms for defects detection and classification. AXI is equipped with an X-ray source, detector, and fixture to
hold and regulate the position of the component being examined. It can track different SMT devices’ assembly
progress defects. Contrary to Automated Optical Inspection (AOI), AXI offers more additional information that
could be used to address the limitation of an optical inspection technique. The smaller size and higher density of
PCBs posed a challenge for quality inspection strategies to yield an accurate inspection result. Integrating Al into
automated inspection makes it feasible to precisely analyze a massive volume of data in a short period. The
inspection procedure is massively improved in terms of its efficiency and effectiveness.

PCB defects detection using machine learning has been employed to design the inspection model in recent
research publication [3]. These works were published in recent years. These publications include demonstrations
of a wide range of machine learning techniques, focusing on deep learning and Convolutional Neural Networks
(CNNs), which can identify defects in PCBs. Recently, most of the studies [4][5][6] have been focusing on the AOI
technique for SMT defect detection. However, the AOI system is limited in detecting the internal layer of the PCB.
Besides that, many proposed methodologies have been carried out for the PCB inspection are trained and tested
confidentially. The datasets are unpublished and not available to the public [7]. Same goes to this project uses a
limited private dataset from Intel, this results in difficulties of having a powerful training result as there are no
extra images for expanding the data size. Therefore, this project proposed three data augmentation methods to
increase the size of dataset for model training purposes, which are augmentation using Roboflow, MATLAB and a
custom Generative Adversarial Network (GAN).

You-Only-Look-Once (YOLO) is a single-stage object detection algorithm that has been used in a variety of
applications including PCB inspection [8][9]. It has been declared as a fast and efficient algorithm that can be used
to identify and localize objects in images or video in real-time application. In [10], the author demonstrated that
YOLO was able to achieve high accuracy and efficiency in detecting defects on PCBs in real-time. It uses a CNN as
the backbone to extract features from images and a series of layers in the neck to fuse and enrich these features.
The processed features are then fed to the head, which consists of a prediction layer that uses a classifier to predict
the class of objects in the image and generate the final coordinates for the bounding boxes that surround them.
Fig. 2 illustrates the structure of YOLO network.

There are many versions of YOLO model that have been published and created a big wave to the field of object
detection researchers from 2015 until 2023. In this project, the YOLOv7 and YOLOv8 algorithms are introduced
as the defect detection model. YOLOv7 and YOLOv8 are object detection models that were developed by K.Y.Wong
[12] and Ultralytics team [13], respectively. Both algorithms use a single neural network to predict the bounding
boxes and class labels of objects in an image. They are also significantly faster than previous YOLO models, making
them well-suited for real-time applications.

The following objectives have been achieved at the end of this project:
1) To prepare the dataset with correct labelling and perform data augmentation techniques.
2) To detect and classify the types of defects on the tested X-ray images using proposed augmentation methods
with YOLOv7 and YOLOvV8 pretrained model.
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To evaluate the performance of the proposed models in terms of the mAP scores and the accuracy of class
detection in term of confusion matrix for the best proposed model.
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Fig. 2 Structure of YOLO network [11]

2. Methodology

The following methods of data augmentation are introduced in the model training using selected YOLO algorithms
to address the issue of handling small dataset size.

2.1 Data Augmentation using Roboflow (Online Method)

Roboflow serves as an online platform that offers users the capability to label and create custom datasets by
providing image preprocessing and data augmentation functionalities. Various types of data augmentation
techniques were applied to the original dataset, including horizontal and vertical flipping, 90° clockwise and
counterclockwise rotation, flipping the image upside down, and adjusting brightness within the range of -21% to
+21%. After the augmentation process, there are 329 images for training as shown in Fig. 3.

TRAIN / TEST SPLIT

Training Set Validation Set @ Testing Set 9%

329 images 15 images 32 images

PREPROCESSING Auto-Orient: Applied
Resize: Stretch to 640%640
Modify Classes: 0 remapped, 0 dropped

AUGMENTATIONS Outputs per training example: 3
Flip: Horizontal, Vertical

90° Rotate: Clockwise, Counter-Clockwise, Upside Down

Brightness: Between -21% and +21%

Fig. 3 Data augmentation in ROBOFLOW

2.2 Data Augmentation using MATLAB (Offline Method)

MATLAB was used for data augmentation, such as brightness adjustment within the range of -0.1 to 0.1, contrast
adjustment between 0.8 and 1.0 for grayscale images, random rotation by 90 degrees, reflection, and the addition
of both salt and pepper noise, Gaussian noise, and blurred. The MATLAB training set comprised 2,300 images. Fig.
4 shows the examples of augmented images implemented in MATLAB.

2.3 Data Augmentation using GAN (Neural Networks Method)

GAN is a machine learning model consisting of a generator and a discriminator [14]. The generator produces
synthetic data samples based on random noise, while the discriminator acts as a binary classifier distinguishing
between real and fake data [15][16][17]. Through an adversarial training process, the generator learns to create
increasingly realistic samples that challenge the discriminator's ability to differentiate between real and synthetic
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data. This iterative training leads to the generation of high-quality synthetic data that closely resembles the real
data [18][19][20]. A GAN was developed and employed to generate synthetic images based on the original dataset.
By setting the number of epochs as 2,500 and saving the generated images each 100 epochs then followed by the
data cleaning based on the analysis of discriminator, the total number of training data increased to 5,276 images.
Fig. 5 illustrates the data augmentation process implemented in GAN.
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Fig. 4 Example of augmented images with transformations including brightness adjustments, contrast adjustments,
random rotation, reflections, and the addition of salt and pepper noise, Gaussian noise, and blur effects

Fig. 5 Example of augmented images with transformations including brightness adjustments, contrast adjustments,
random rotation, reflections, and the addition of salt and pepper noise, Gaussian noise, and blur effects

2.4 Model Training Using YOLOv7 and YOLOv8 Models
Table 1 shows the YOLOv7 and YOLOv8 pretrained detect models based on the COCO dataset.

Table 1 Comparison between YOLOv7 and YOLOv8 models

Model Backbones mAP@0.5 mAP@0.95 Parameters (M) Inference-Time (ms)
YOLOv?7 DarkNet-53 37.8 18.2 60.2 120
YOLOvV7x DarkNet-53 42.9 221 185.0 240
YOLOv8n CSPDarkNet53 44.0 24.4 54.5 130
YOLOv8s CSPDarkNet53 43.5 23.4 21.6 30
YOLOv8m  CSPDarkNet53 43.9 241 51.9 60

Based on the table, YOLOv8n and YOLOv8m have the highest mAP scores, and both are also the most
computationally expensive model. YOLOvS8s has the lowest number of parameters. Furthermore, YOLOv7x is the
slowest model while YOLOVSs is the fastest then followed by YOLOv8n and YOLOv8m. Theoretically, the YOLOv8n
and YOLOv8m are the best options for better accuracy whereas YOLOvSs is satisfying in terms of speed and
efficiency.

2.5 Hyperparameters Fine-Tuning on Best Model

After obtaining the first confusion matrices of the training and evaluating result, the fine-tuning technique is taken
to optimize the certain hyperparameters to improve the accuracy and performance of the model. There are three
types of hyperparameters are considered, including the number of training epoch, batch size, and optimizer with
learning rate. There are three sets of training that will be done to obtain the best performance based on the
considered hyperparameters.
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2.6 Evaluation Metrices and Expected Measurement

The evaluation on YOLOv7 and YOLOv8 models is using various data augmentation techniques. The primary
evaluation metrics employed are training hours, successful training epochs, parameters, and mAP scores.
Subsequently, the best-performing model, which determined based on these metrics, is further evaluated using
confusion matrix to obtain the accuracy, precision, F1 score, and recall for each defect class.

2.7 Model Deployment

Streamlit is used for the model deployment. Streamlit web app involves making the trained model accessible
through a user-friendly interface where users can interact with the model and observe its outputs. It primarily
works with Python code to define the app's functionality and user interface. The trained model weight and
detection python code are then imported into the web app development. It enables users to upload images,
perform object detection, and view the bounding boxes on the detected SMT-Res with its classes.

2.8 Equipment, Tool, and Materials

Table 2 shows the equipment, tool, and materials utilized in the study.

Table 2 Equipment, tool, and materials used

Tools Mode Purposes

Roboflow Online (Free Account) Data labelling
Automated data augmentation
Export dataset based on YOLO requirements

Model deployment

MATLAB R2023a Offline Manual data augmentation
GAN model training

YOLO models evaluation

Google Colaboratory Online (Free Account) YOLO models training

3. Results and Discussion

3.1 SMT-Res X-ray Dataset

There is a total of 200 SMT-Res defects X-ray images obtained from an AXI machine and provided by Intel’s
Product (M) Sdn. Bhd. All the images are in JPG format. Roboflow is used as the annotation tool for labelling the
defects based on the classes, including good, missing component, solder ball, tombstone, and void. All the
annotated images are then exported into YOLOv7 and YOLOVS file format to make them accessible by the models
during the training phase.

3.2 Model Training and Validation Results

The primary evaluation results can be found in Table 3 and Table 4. For the model training process, 100 epochs
were set to prevent interruptions due to GPU limitations, while all other hyperparameters remained at their
default settings.

To assess the performance of all proposed data augmentation techniques integrated with the selected YOLO
pretrained models, the hyperparameters were kept constant across all models, with particular attention to the
number of epochs during both the primary and secondary evaluations. By standardizing the hyperparameters to
100 epochs and a batch size of 16, as shown in Table 3 and Table 4, the YOLOv7x and YOLOv8m models achieved
higher mAP@0.5 using the Roboflow-augmented dataset. However, these models required longer training times,
which is time-intensive given the small dataset size. Among the models evaluated, YOLOv8n and YOLOv8s
demonstrated better overall performance when considering all performance metrics. Both models achieved
relatively high mean Average Precision (mAP) scores at Intersection over Union (IoU) thresholds of 0.5 and 0.95,
indicating their potential in performing well with other proposed augmentation techniques.

For the MATLAB-augmented dataset, the YOLOv8m model exhibited the highest mAP scores among all the
selected YOLO models. The YOLOv8n model also performed well, offering the advantage of shorter training times,
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fewer parameters, and high mAP, making it particularly suited for industrial inspection tasks. YOLOv8n required
only 0.71 hours for training to achieve 82.4% mAP@0.5 and 64.7% mAP@0.95 with just 3.01 million parameters.

Among the GAN-YOLO models, YOLOv8n displayed exceptional performance in terms of training time,
number of parameters, and mAP scores at both IoU 0.5 and 0.95. The model completed 100 epochs of training in
2.73 hours using the largest augmented dataset and achieved impressive mAP scores of 91.1% at IoU 0.5 and
70.2% at IoU 0.95.

When comparing the MATLAB-YOLOv8n and GAN-YOLOv8n models, both delivered comparable results,
meeting the requirements of Automated X-ray Inspection (AXI). YOLOv8n emerged as the superior model among
all YOLOv7 and YOLOvVS8 variants. The slightly lower mAP@0.5 observed in the GAN-YOLOv8n model may be
attributed to the larger dataset and limited number of training epochs. Despite these challenges, the GAN-
YOLOv8n model showed significant potential for automated inspection, providing faster and more accurate
results. Notably, the GAN-YOLOv8n model achieved a higher mAP@0.95 (70.2%) compared to the MATLAB-
YOLOv8n (64.7%), which is essential for precise object detection, although it may reduce recall due to the
increased accuracy demands. As seen in Table 4, all classes in GAN-YOLOv8n achieved mAP@0.5 scores above
80%.

Table 3 Performance metrics of proposed methods (Epoch = 100, Batch Size=16)

Methods Model Training Hours Parameters (M) mAP@0.5 (%) mAP@0.95 (%)
Roboflow YOLOv7 0.55 36.50M 50.8 38.6
YOLOv7x 0.83 70.81M 76.7 54.7
YOLOv8n 0.29 3.01M 67.9 50.3
YOLOv8s 0.29 11.12M 70.8 56.4
YOLOv8m 0.36 25.84M 73.7 56.8
MATLAB YOLOv7 2.23 37.21M 60.1 48.1
YOLOv7x 2.86 70.84M 80.2 63.1
YOLOv8n 0.71 3.01M 82.4 64.7
YOLOv8s 0.79 11.13M 81.0 63.4
YOLOv8m 1.13 25.84M 85.6 68.3
GAN YOLOv7 7.616 36.50M 78.2 58.7
YOLOv7x 10.44 70.81M 89.0 67.5
YOLOv8n 2.73 3.01M 91.1 70.2
YOLOv8s 3.70 11.13M 85.6 65.7
YOLOv8m 4.09 25.82M 90.9 71.4

3.3 Hyperparameters Tuning

The hyperparameters chosen for model training, including the number of epochs, batch size, optimizer, and
learning rate (Ir), were systematically tuned. Based on the validation performance outlined in Table 5, the optimal
hyperparameters were selected for each tuning set. Table 5 illustrates the class-wise evaluation of all detected
classes. The optimal hyperparameters for the GAN-YOLOv8n model, as identified from Table 5, include 150
epochs, a batch size of 16, and the Adam optimizer with a learning rate of 0.001.

The confusion matrix and class-specific evaluations post-tuning are presented in Figure 6(b) and Table 6,
respectively. The training and validation curves for the final 100 epochs, depicted in Figure 7, demonstrate that
the model does not exhibit signs of overfitting. Both the training and validation losses decrease gradually over the
epochs, indicating that the model is learning and converging appropriately. This suggests that the model is
achieving a balance between learning from the training data and generalizing to new, unseen data. Concurrently,
the mAP scores at IoU thresholds of 0.5 and 0.95 steadily increase over time, reflecting an improvement in object
detection accuracy and localization precision. The model's performance in detecting Surface Mount Technology-
Resistor (SMT-Res) defects is further evidenced by the rising mAP curve as the model learns to better identify
objects and achieve higher precision and recall. Fluctuations in the curves are attributed to batch variations,
learning rate adjustments, or changes in the training data.
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Table 6 presents a comparison of class performance before and after hyperparameter tuning, with both
confusion matrices displayed in Figures 6(a) and 6(b), respectively. The performance improvements following
hyperparameter tuning on the GAN-YOLOv8n model, as outlined in Table 6, are evident in terms of precision,
recall, mAP@0.5, and mAP@0.95. The model underwent three testing phases during training and validation, and
the performance of the tuned YOLOv8n model was assessed accordingly.

Overall, the tuned YOLOv8n model outperforms the previous version, as demonstrated by the comparison in
Table 7. Finally, the optimized model weights were imported into the developed Streamlit web application. The
Automated X-ray Inspection (AXI) user interface, powered by the GAN-YOLOv8n model as its backend, was
successfully implemented, as shown in Figure 8. By integrating GAN within the YOLOv8n architecture, the need
for separate data augmentation during model training is eliminated, resulting in enhanced efficiency and

significant time savings for test engineers.

Table 4 mAP for defect classes based on proposed methods and models (Epoch = 100, batch size=16)

Methods Model mAP@0.5 (%)
Good Col\:::;i:gnt Solder Ball Tombstone Void
Roboflow YOLOvV7 66.7 57.4 47.3 39.0 43.6
YOLOvV7x 63.8 95.5 95.5 59.4 65.0
YOLOvV8n 42.2 92.4 99.5 50.0 55.5
YOLOV8s 55.4 86.6 97.2 67.0 47.7
YOLOvV8m 55.9 99.5 93.1 55.2 64.9
MATLAB YOLOv7 50.2 86.3 45.3 47.6 71.0
YOLOvV7x 65.1 99.5 99.6 69.1 67.5
YOLOvV8n 57.4 99.5 99.5 80.7 74.9
YOLOV8s 59.5 99.5 99.5 74.3 72.1
YOLOvV8m 76.7 99.5 99.5 84.9 67.4
GAN YOLOvV7 50.8 94.2 79.5 76.4 63.1
YOLOvV7x 71.4 97.2 99.6 77.4 81.1
YOLOvV8n 81.0 99.5 99.5 84.1 81.6
YOLOV8s 78.3 92.7 99.5 91.6 74.0
YOLOvV8m 80.6 99.5 99.5 84.8 82.6

Table 5 Evaluation on GAN-YOLOv8n model after hyperparameters tuning for each set

Hyperparameters  Variable Precision (%) Recall (%) mAP@0.5 (%) mAP@0.95 (%)
Set 1: Epoch 100 73.5 83.8 88.8 66.0
150 85.0 91.7 92.9 71.5
200 84.4 85.1 90.0 70.5
Set 2: Batch 16 85.0 91.7 92.9 71.5
32 80.3 88.4 92.5 71.7
64 83.3 87.5 91.8 72.2
Set 3: Optimizer with SGD 83.4 89.3 88.9 68.8
its learning rate Adam 85.0 91.7 92.9 71.5
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Table 6 Classes evaluation based on confusion matrix before and after hyperparameters tuned on GAN-YOLOv8n

model
Classes Accuracy (%) Precision (%) Recall (%) F1 Score (%)
Status Before After Before After Before After Before After
Good 70.83 88.24 57.0 76.0 50.0 94.0 53.0 84.0
cOl\fril;Soizgnt 100 100 100 100 100 100 100 100
Solder Ball 100 100 100 100 100 100 100 100
Tombstone 83.33 96.08 67.0 100 86.0 88.0 75.0 93.0
Void 87.5 92.16 50.0 75.0 33.0 50.0 40.0 60.0
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Fig. 6 (a) Confusion matrix of GAN-YOLOv8n before tuned model; (b) Confusion matrix of GAN-YOLOv8n after tuned
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Fig. 7 Training and validation curves of tuned GAN-YOLOv8n model based on last 100 epochs
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Table 7 Comparison between before and after tuned GAN-YOLOv8n model

Accuracy in

Classes Accuracy (%) Precision (%) Recall (%) F1 Score (%) Confusion
Matrix
Before 73.4 89.2 91.1 70.2 70.83%
After 85.0 91.7 92.9 71.5 88.24%
Differences 113.65% 12.73% 71.98% 71.85% 119.73%
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Fig. 8 Integration of GAN-YOLOv8 model

3.4 Model Deployment

After fine-tuning the model, the weight and detect python script are then imported into Streamlit web application.
It is used to configure the SMT-Res based on its class to decide either pass or fail during the inspection using AXI
machine. Fig. 9 shows the GUI of the developed AXI model.

Select Source Type %/ & ‘/ AXI: SMT—ReS DeteCtEOI’l With
i GAN-YOLOvS8n Model ¥

¥ Upload Your Image

Drag and drop file here

imit 200MB per file - PNG, JPEG, JPG

Browse files

D bottom120095812x215319... X
9.2KB

< Manage app

Fig. 9 Detection on uploaded image with bounding boxes

3.5 Comparisons with Other Research Works

The comparison table (Table 8) presents a systematic evaluation of various approaches used for printed circuit
board (PCB) defect detection, highlighting the methodologies and outcomes across several key studies. In the
study by [21], the use of MobileNetV2 with a Feature Pyramid Network (FPN) achieved over 90% accuracy, with
a mean average precision (mAP) of around 85%, suggesting that while the system demonstrated strong precision
and recall, there is room for further refinement in detection tasks. Similarly, a design based on YOLOv8 by [22]
reached a high defect detection accuracy of 97%, emphasizing the potential of this model for real-time
manufacturing applications, but requiring improvements in scalability.
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Table 8 Comparison with published work

Paper Title

Approach

Results Obtained

Dlamini et al.,
2023 [21]

Xiong, 2023
[22]

Zhangetal,,
2022 [23]

Niu et al,,
2023 [24]

This article

Utilizes MobileNetV2 with
Feature Pyramid Network
(FPN) to detect defects in
surface mount devices on
PCBs. Model leverages
pyramid features to enhance
detection.

Implements YOLOv8 model
for detecting defects on bare
PCBs. Focuses on high-speed
detection with real-time
capabilities for
manufacturing.

Uses deep learning models to
detect defects in solder
joints on industrial PCBs
using grayscale X-ray
images. Focuses on handling
varying slice numbers and
ROl issues.

Proposes an improved
version of YOLOv5 with
enhanced sensitivity to
channel features and better
handling of anchor box
location for defect detection
in PCBs.

Proposes an Automated X-
ray Inspection (AXI) system
that develops a defects
detector framework for
detecting and classifying
Surface Mount Technology-
Resistor (SMT-Res) on PCBs,
using a private dataset from
Intel Technologies.

o The defect detection system achieved an accuracy of
over 90%, indicating strong performance in identifying
defects on printed circuit boards.

The mean average precision (mAP) was reported to be
around 85%, showcasing the system's effectiveness in
precision and recall for defect detection tasks.

o The study used 800 samples for training the defect
detection system.

o Additionally, 200 samples were allocated for testing the
system's performance.

e Reached high accuracy (97%) in defect detection but did
not surpass 97% in certain cases. Suggests
improvements in model scalability and real-time
implementation.

e The study utilized 800 samples for training the defect
detection system.

o Additionally, 200 samples were used for testing the
model's performance.

o Achieved high detection accuracy with reduced manual
workload. Showed potential for improvement in region-
of-interest (ROI) accuracy and X-ray image consistency.

o The results indicate that the proposed models
significantly reduce the number of normal joints sent for
specialist inspection, achieving a filtering rate of
73.29%.

e Model performance is evaluated based on Recall
requirements, with specific models recommended for
different thresholds (= 0.90 and = 0.95).

o Achieved improved sensitivity to features and better
accuracy. GIOU degeneration issue identified, requiring
further improvement for better localization and
detection.

e The proposed YOLOv5-based method achieved a mean
average precision (mAP) of 99.1% at a speed of 86
frames per second for detecting PCB defects.

e The study used a total of 6720 images for training.

e For testing, 1067 images were utilized.

e The YOLOv7 and YOLOv8 models are examined as
detectors, and experimental results highlight the
exceptional performance of the GAN-YOLOv8n model.
With just 3.01M parameters, it achieves 92.9% mean
average precision (mAP) at Intersection over Union
(IoU) 0.5 and 71.5% mAP at IoU 0.95.
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In contrast, deep learning models applied to X-ray images in another study demonstrated their effectiveness
in reducing manual workload while achieving a filtering rate of 73.29%. This approach proved particularly
valuable in addressing challenges related to region-of-interest (ROI) accuracy in solder joint inspection. The study
in [23] involving an improved YOLOv5 network further increased detection efficiency, achieving an impressive
mAP of 99.1%, though it highlighted the need for enhancements in handling anchor box locations and addressing
GIOU degeneration.

Finally, the GAN-YOLOv8n model in this study stands out for its high mAP scores of 92.9% at IoU 0.5 and
71.5% at IoU 0.95, alongside its computational efficiency with just 3.01M parameters, making it highly suitable
for industrial-scale defect detection. Collectively, these studies underscore the growing potential of machine
learning and deep learning techniques in improving PCB defect detection, while also identifying areas for future
research, such as optimizing real-time capabilities, improving accuracy in large-scale datasets, and comparing the
effectiveness of different algorithms.

4. Conclusions

To improve the model training, the proposed GAN-based approach, GAN-YOLOv8n, has demonstrated significant
potential in overcoming dataset limitations and enhancing object detection in the context of AXI technology. GAN-
YOLOv8n has demonstrated outstanding performance, which has the potential to revolutionize current AXI
technology. By integrating GAN into the YOLOv8n architecture, the need for separate data augmentation during
model training is eliminated, resulting in improved efficiency and time savings for test engineers. In addition, the
hardware limitations pose challenges in supporting the demanding training process. Further research is needed
to explore additional training epochs and establish the full potential of the GAN-YOLOv8n model. Addressing these
limitations will contribute to the continued evolution of AXI technology and pave the way for enhanced object
detection in electronic manufacturing sectors.
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