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Abstract 

Design verification plays a crucial role in ensuring product quality and compliance with predefined 

standards. Conventional manual inspection methods are labor-intensive, error-prone, and unsuitable for 

large-scale production environments. This research proposes an automated design test system using 

computer vision and deep learning to overcome these challenges. The system leverages YOLOv5, a 

convolutional neural network–based object detection model, trained on manually annotated images using 

Label Studio. The trained model accurately detects predefined design components, extracts them as cropped 

images, and labels them with corresponding class names. These extracted components are further intended 

to be analyzed using a GPT-based model, which compares them against standard design templates to 

determine correctness and provide detailed explanations for mismatches. The proposed approach 

significantly improves inspection efficiency, accuracy, scalability, and interpretability. 
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1. Introduction 

In the modern era of rapid industrialization and mass production, maintaining consistent design quality is a 

major challenge. Design test verification ensures that manufactured products conform to predefined 

specifications, standards, and templates. Traditionally, this task has been performed manually by human 

inspectors, which introduces several limitations such as fatigue, subjectivity, inconsistency, and higher 

operational costs. 

With the advancement of artificial intelligence (AI) and deep learning (DL), automated inspection systems 

have become increasingly viable. Computer vision models can now analyze images with high accuracy, 

making them suitable for tasks such as object detection, 
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classification, and quality inspection. Deep learning–based object detection models like YOLO (You Only 

Look Once) have shown exceptional performance in real-time detection scenarios. 

This research focuses on building an end-to-end design test automation framework that combines 

computer vision for visual detection and GPT-based reasoning for intelligent comparison and explanation. 

The system aims to reduce manual intervention, enhance reliability, and provide explainable design 

validation results. 

 

2. Motivation 

The motivation behind this research arises from several real-world challenges: 

 Increasing complexity of product designs 

 High inspection cost in manufacturing pipelines 

 Human error in repetitive inspection tasks 

 Lack of explainability in traditional automation systems 

An intelligent automated design test system can significantly reduce these issues by ensuring faster, 

accurate, and consistent inspection results. 

3. Problem Statement 

Manual design testing methods face the following limitations: 

 Time-consuming inspection processes 

 Inconsistent results due to human subjectivity 

 Difficulty in scaling with production volume 

 Limited traceability and explanation for inspection decisions 
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Therefore, there is a strong need for a system that can automatically: 

1. Detect design components from images 

2. Verify them against standard design templates 

3. Identify discrepancies 

4. Provide human-readable explanations for failures 

 

4. Objectives of the Research 

The key objectives of this study are: 

 To develop an automated design test pipeline using deep learning. 

 To create a labeled dataset suitable for object detection tasks. 

 To train and evaluate a YOLOv5 model for accurate design component detection. 

 To extract detected components for further analysis. 

 To integrate GPT-based reasoning for intelligent design comparison. 

 To propose a deployable and scalable solution. 

 

5. Literature Review (Brief) 

Previous studies have demonstrated the effectiveness of deep learning in quality inspection and defect 

detection. CNN-based architectures have been widely used for image classification and object detection in 

manufacturing. YOLO-based models are preferred for their real-time performance and high detection 

accuracy. However, most existing systems focus only on detection and lack interpretability. This research 

bridges that gap by integrating GPT-based reasoning to explain design mismatches. 

6. System Architecture 

The proposed system architecture consists of the following modules: 

1. Image Data Collection 

2. Data Annotation 

3. Model Training 

4. Object Detection and Cropping 

5. Design Comparison using GPT 

6. Local Server Deployment 

Each module is interconnected to form a complete automated design test workflow. 
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7. Dataset Preparation and Annotation 

A dataset consisting of approximately 100 images was prepared for this study. These images represent 

different design variations and components relevant to the testing process. 
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7.1 Annotation Process 

 Label Studio was used for manual annotation. 

 Bounding boxes were drawn around key design elements. 

 Each bounding box was assigned a predefined class label. 

 Care was taken to maintain annotation consistency and accuracy. 

 

The annotated dataset was then exported in a YOLO-compatible format, which includes image files and 

corresponding label files containing class IDs and bounding box coordinates 

Design Test Automation 

 

8. Model Selection 

YOLOv5 was chosen as the object detection model due to the following advantages: 

 Single-stage detection architecture 

 High-speed inference 

 Strong performance on small and medium-sized datasets 

 Ease of deployment 

 Open-source availability 

YOLOv5 uses a convolutional neural network backbone to extract features and predict bounding boxes and 

class probabilities simultaneously. 
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9. Model Training Methodology 

The training process involved the following steps: 

1. Dataset splitting into training and testing sets 

2. Configuration of YOLOv5 parameters 

3. Training over multiple epochs 

4. Monitoring loss functions and accuracy metrics 

 

 

During training, the model learned to identify spatial and visual patterns associated with each design class. 

Upon completion, the training process generated a best.pt file, which represents the best-performing 

weights based on validation performance . 

10. Model Evaluation and Testing 

The trained YOLOv5 model was evaluated using unseen test images. The detect.py script was used to 

perform inference. 

10.1 Evaluation Results 

The model successfully: 

 Detected all predefined design classes 

 Generated accurate bounding boxes 

 Cropped detected components automatically 

 Assigned correct class labels to cropped images 
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Design Test Automation 

These results validate the effectiveness of the trained model for real-world design inspection tasks. 

 

 

11. Cropped Image Extraction 

Once detection is completed, each detected component is extracted as a separate cropped image. These 

cropped outputs serve as inputs for the next stage of analysis, ensuring modularity and flexibility in system 

design. 
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12. Design Verification Using GPT Models 

The extracted cropped images are intended to be processed by a GPT-based model. This stage performs: 

 Comparison between detected components and standard design templates 

 Semantic and visual analysis 

 Decision-making on design correctness 

 Generation of textual explanations for mismatches 

 

This approach adds explainable AI (XAI) capabilities to the system, which is a major improvement over 

traditional black-box inspection models. 

 

13. Deployment on Local Server 

To enhance usability and accessibility, the complete pipeline is planned to be hosted on a local server. Local 

deployment offers: 

 Faster processing 

 Reduced latency 

 Improved data privacy 

 Seamless integration with internal systems 

 

14. Advantages of the Proposed System 

 Automated and consistent inspection 

 Reduced human dependency 

 Scalable for industrial use 

 Explainable results 

 Modular and extensible architecture 

 

15. Limitations 

 Model accuracy depends on dataset quality 

 Limited dataset size may affect generalization 

 GPT-based analysis requires careful prompt engineering 
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16. Future Scope 

Future enhancements include: 

 Expanding dataset size 

 Supporting real-time camera feeds 

 Cloud-based deployment 

 Multi-design and multi-class validation 

 GPT visual reasoning integration 

 

17. Conclusion 

This research successfully demonstrates a deep learning–based design test automation system using 

YOLOv5 and GPT models. The system efficiently detects design components, extracts relevant information, 

and provides intelligent verification with explainable outputs. The proposed framework shows strong 

potential for adoption in industrial quality inspection and design verification systems. 
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