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1 INTRODUCTION
Quality control of products is an important part of manufacturing because it affects the reliability of the products, customer satisfaction, and the cost of mak-ing them. Many factories still have people do inspec-tion tasks by hand. Even though experienced inspec-tors can spot visible flaws, manual inspection isn’t al-ways reliable when production speed goes up or when flaws are very small.
As computer vision technology has improved, au-tomated inspection systems have become a more ap-pealing option. These systems take pictures of prod-ucts with cameras and then use smart algorithms to look at the pictures. The goal is to find defects au-tomatically and take bad items off the production line. Automated inspection systems have become better thanks to machine learning and deep learning methods. People use Convolutional Neural Networks (CNNs) a lot for image classification tasks because they can pull out useful visual features from pictures. Object detection models like YOLO (You Only Look Once) have become more popular recently because they can find objects in real time.
This paper looks at how far AI-based vision inspec-tion systems have come so far and suggests a con-

ceptual architecture that combines a camera module, embedded processing hardware, and the YOLOv8 de-tection model for finding defects in industry.


2 RELATED WORK
Researchers have proposed many machine vision approaches for automated quality inspection.
The study demonstrates that a multiview AI-based inspection framework significantly improves defect detection accuracy compared to single-view systems (Bhavanasi et al., 2025). By integrating multiple cam-era perspectives and deep learning models, the system enhances robustness, reduces blind spots, and enables reliable real-time quality assessment in industrial en-vironments. This work concludes that a modular and transferable AI toolbox can streamline deployment of visual inspection systems across different production lines (SN Comput. Sci., 2025). It reduces develop-ment time, improves scalability, and allows industries to adapt pre-trained models efficiently with minimal retraining effort. The review highlights that genera-tive AI techniques (such as GANs and diffusion mod-els) can overcome data scarcity by generating syn-thetic datasets, improving model generalisation (J. In-

tell. Manuf., 2025). It concludes that generative mod-els will play a critical role in next-generation indus-trial inspection systems. The paper establishes that deep learning and computer vision techniques out-perform traditional inspection methods in accuracy and automation (Islam et al., 2024). However, chal-lenges such as high computational cost, dataset de-pendency, and real-time constraints remain key limi-tations. This study concludes that AI-driven automa-tion significantly reduces human error and increases inspection speed (J. Deep Learn., 2024). It empha-sises the importance of integrating AI with IoT and edge computing for achieving fully autonomous and scalable manufacturing systems. The paper provides an overview and concludes that machine vision-based quality control is essential for smart manufacturing (Kolanur et al., 2023). It highlights the transition from rule-based systems to AI-driven approaches, improv-ing flexibility, adaptability, and detection efficiency.


3 PROPOSED ARCHITECTURE
The proposed inspection system integrates machine vision hardware and deep learning algorithms to de-tect product defects automatically. The main compo-nents of the system are illustrated.
3.1 Camera And Lighting
A high-resolution camera is installed above the conveyor belt to capture images of products. Proper lighting conditions are necessary to reduce shadows and reflections.
3.2 Sensor System
Sensors are used to detect the presence of products on the conveyor. When a product reaches the inspec-tion point, the sensor triggers the camera.
3.3 Processing Unit
A Raspberry Pi or similar embedded processor is used to collect images and perform initial image pro-cessing.
3.4 Image Preprocessing
Before detection, captured images are resized and normalised to ensure consistent input for the deep learning model.
3.5 
Sorting Mechanism
The YOLOv8 model analyses the processed image and predicts the location and category of any detected defect.
3.6 Defect Detection
If a defect is detected, a control signal is sent to an actuator that removes the defective product from the conveyor line.
3.7 Algorithm
Algorithm 1: Quality control execution steps.
1. Start the system
2. Initialize conveyor belt, camera, sensor, and pro-cessing unit
3. Run conveyor continuously
4. Detect product using sensor
5. If no product is detected, go to Step 3
6. Trigger the camera
7. Capture image of the product
8. Perform image pre-processing
9. Check image quality
10. If poor, recapture image
11. Perform defect detection
12. Accept or reject product
13. Store result
14. Repeat process
15. End


4 YOLOV8 DETECTION MODEL
YOLOv8 is one of the latest versions of the YOLO object detection framework. The model is designed for real-time detection and provides improved perfor-mance compared with earlier versions. The architec-ture consists of three main components.

4.1 Backbone
The backbone network extracts visual features from the input image using multiple convolution lay-ers.


Precision =

Recall =


TP TP + FP
TP


(2)
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4.2 Neck
The neck network combines feature maps from dif-ferent layers to detect objects at multiple scales.


F 1 = 2 ×

TP + FN
Precision × Recall Precision + Recall


(4)

4.3 Detection Head
The detection head predicts bounding boxes and class probabilities for each detected object. This structure allows YOLOv8 to perform detection quickly while maintaining high accuracy.

7	EXPERIMENTAL RESULTS
The YOLOv8 model was trained using 1000 la-beled images and evaluated using 200 test images. The results demonstrate that the YOLOv8-based in-spection system can detect defects with high reliabil-ity and real-time speed.
Table 1: Training configuration.

5 DATASET PREPARATION		
Parameter	Value

The dataset used in this study consists of images of both defective and non-defective products. Images were captured under controlled lighting conditions to ensure consistent visual quality.
Defect types included:
· Surface scratches
· Cracks
· Shape deformities
· Missing components
The dataset was divided into three subsets:
· Training set (70%)
· Validation set (20%)
· Testing set (10%)
All images were resized to 640x640 pixels before training the detection model.


6 EVALUATION METRICS
The performance of the inspection system was evaluated using standard classification metrics.

TP + TN
Accuracy =	(1)
TP + TN + FP + FN



Model	YOLOv8
Epochs	50
Optimizer	Adam
Image Size	640x640 Training Images	1000
Testing Images	200
Table 2: Model performance.

	Metric
	Value

	Accuracy
	96%

	Precision
	95%

	Recall
	94%

	F1 Score
	94.5%





8	CONCLUSION
This paper presented a review of AI-based vi-sual inspection systems used in manufacturing quality control. The study also introduced a conceptual ar-chitecture that combines camera-based image acqui-sition with deep learning detection using YOLOv8. The results indicate that modern deep learning mod-els can significantly improve defect detection accu-racy compared to traditional manual inspection meth-ods. The proposed system can help industries reduce human workload and improve production efficiency.

Future work may focus on larger datasets, advanced detection models, and integration with industrial au-tomation systems.
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