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Abstract :  This project addresses the pressing need for efficient quality control in manufacturing, particularly focusing on metal 

shaft production, using Convolutional Neural Networks (CNNs) to automate defect detection. By training the CNN on a diverse 

dataset, including normal and defective shaft images, various defects like cracks and pits can be identified. Through techniques 

such as preprocessing, data augmentation, and transfer learning, the system aims to achieve real-time, automated defect 

identification, reducing manual inspection needs and enhancing product reliability. Integration into production lines aligns with 

industry 4.0 principles, driving innovation and competitiveness in manufacturing. Ongoing research aims to further enhance the 

system's capabilities and performance. 
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I. INTRODUCTION 

 In today's modern manufacturing landscape, precision and quality control stand as paramount pillars for the production of reliable 

and safe mechanical components. Among these crucial components, metal shafts emerge as pivotal elements in various mechanical 

systems, spanning from automotive engines to industrial machinery. 

 

  The integrity of metal shafts directly impacts the performance, longevity, and safety of these systems, making the detection and 

remediation of defects a critical endeavor. Metal shafts serve a multitude of functions, primarily centered around supporting 

transmission parts, transmitting torque, and bearing substantial loads. However, the intricate machining process involved in shaping 

these shafts, including continuous casting, cutting, and grinding of steel billets, renders their surfaces vulnerable to an array of 

defects. These defects encompass a spectrum of issues, ranging from cracking and scaling to rolling printing and scratches, all of 

which pose significant risks to shaft performance and lifespan. Failure to detect and rectify these defects in a timely manner can 

lead to costly equipment malfunctions, downtime, and safety hazards. Furthermore, in a bid to optimize costs, manufacturers often 

resort to recycling and remanufacturing defective shafts, salvaging what they can and discarding irreparable ones. Consequently, 

there arises an imperative need to categorize defective shafts based on the nature and severity of their defects, enabling informed 

decision-making regarding their fate. Against this backdrop, this project embarks on a pioneering journey to harness the 

transformative power of artificial intelligence, specifically deep learning, to revolutionize and streamline the defect detection 

process. Utilizing sophisticated neural networks trained to detect a wide range of defects, from crazing to scratches, we aim to 

surpass traditional manual inspection methods in accuracy, efficiency, and reliability. 

 

This endeavor acknowledges the profound significance of advancing defect detection within the manufacturing realm, with far-

reaching implications spanning product reliability, cost reduction, and overall customer satisfaction. Through the adept application 

of cutting-edge deep learning techniques, we aspire to redefine the paradigm of quality control in metal shaft production, fostering 

a future where efficiency, reliability, and consistency reign supreme. As we embark on this ambitious quest, the ensuing sections 

will meticulously dissect the methodology, data, and outcomes of our endeavors, culminating in the development of a robust, real-

time defect detection system poised to seamlessly integrate into industrial production lines, ushering in a new era of manufacturing 

excellence and innovation. 

II. REVIEW OF LITERATURE 

The utilization of deep learning techniques for the detection and classification of surface defects on metal components within 

industrial contexts. These studies represent a significant advancement in the field of quality control and defect detection, offering 

innovative methodologies and cutting-edge approaches to address the challenges inherent in traditional manual inspection methods. 

The research articles under review present a diverse array of methodologies, each tailored to leverage the capabilities of deep 

learning algorithms, particularly convolutional neural networks (CNNs), in detecting and classifying surface defects with 

unprecedented accuracy and efficiency.One notable study introduces a novel approach that combines Faster R-CNN and Shape 
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From Shading techniques, providing an automated solution for detecting and classifying defective areas on metal parts. This 

pioneering method not only demonstrates remarkable accuracy in defect detection but also showcases the adaptability and 

robustness of deep learning algorithms in overcoming environmental challenges such as lighting and light reflection, which are 

common in industrial inspection systems.Another study delves into the development of a deep regression neural network framework 

for industrial surface defect detection.  

 

This comprehensive framework encompasses multiple stages, including pixel-level false positive reduction and defect type 

classification, to achieve state-of-the-art performance in terms of detection accuracy and efficiency. The meticulous evaluation of 

the proposed methodology across diverse datasets underscores its superiority over existing approaches, positioning it as a valuable 

contribution to the domain of defect detection in industrial contexts.Furthermore, the exploration of U-Net-based CNN architectures 

for metal surface defect detection highlights the significance of dataset construction and model selection in achieving optimal 

performance. Through rigorous experimentation and evaluation, the study identifies the most effective model architecture, achieving 

remarkable accuracy and efficiency in defect detection. The findings synthesized from the comprehensive review of research articles 

underscore the transformative potential of deep learning techniques in revolutionizing defect detection and quality control within 

industrial manufacturing processes. The methodologies elucidated in these studies represent significant strides forward, offering 

promising solutions to longstanding challenges in the identification and classification of surface defects on metal components. The 

adoption of deep learning algorithms, particularly convolutional neural networks (CNNs), has emerged as a game-changer in defect 

detection, surpassing the limitations of traditional manual inspection methods. These methodologies leverage the inherent 

capabilities of CNNs to accurately analyze and classify complex patterns and anomalies in metal surfaces, thereby enhancing the 

overall efficiency and reliability of defect detection processes. Furthermore, the rigorous evaluation and validation conducted across 

diverse datasets attest to the robustness and effectiveness of these deep learning-based defect detection systems. The demonstrated 

accuracy, efficiency, and scalability of these methodologies underscore their potential for widespread adoption across various 

industrial sectors, including automotive, aerospace, electronics, and manufacturing.However, while these advancements represent 

significant progress, they also underscore the ongoing need for further research and development. Challenges such as dataset 

diversity, model   optimization,   and   real-time implementation remain areas of active investigation. Addressing these challenges 

will be crucial for advancing the performance and applicability of deep learning-based defect detection systems in real-world 

industrial settings. In essence, the insights gleaned from this literature review underscore the transformative impact of deep learning 

techniques on defect detection and quality control in industrial manufacturing. By driving innovation, improving product quality, 

and reducing operational costs, these methodologies hold the potential to revolutionize the industrial sector, fostering greater 

efficiency, competitiveness, and reliability in manufacturing processes. 

 

III. BACKGROUND 

In modern manufacturing, ensuring the production of reliable mechanical components, like metal shafts, is crucial for efficiency 

and quality. However, traditional manual inspection methods for detecting defects on metal shaft surfaces are labor-intensive and 

error-prone. The rise of artificial intelligence (AI) and Convolutional Neural Networks (CNNs) offers a promising solution for 

automating defect detection. Previous research has shown the effectiveness of CNN-based defect detection systems in various 

industries, including automotive manufacturing. This project aims to develop an automated defect detection system tailored for 

metal shaft production, using CNNs trained on a diverse dataset. Through experimentation, the project seeks to demonstrate the 

feasibility of CNN-based defect detection in industrial settings, potentially revolutionizing manufacturing quality control processes. 

 

IV. PROPOSED METHODOLOGY 

      

     Fig 1: System Architecture of proposed 

 

The system architecture for automated defect detection on metal shaft surfaces begins with the collection of raw images from 

the manufacturing environment, encompassing both normal and defective surfaces. These images undergo preprocessing steps to 

enhance their quality and prepare them for training. Subsequently, a Convolutional Neural Network (CNN) model is trained on the 

preprocessed images to accurately detect defects. The CNN model architecture consists of multiple layers designed to extract 

features and classify defects. Once trained, the model is optimized using techniques such as regularization and hyperparameter 

tuning to improve its performance. In real-time operation, the trained CNN model is deployed in the manufacturing environment, 

where it analyzes new images of metal shaft surfaces and predicts the presence of defects, as well as their types. The results of 

defect detection are visualized in a user-friendly interface, allowing operators to monitor the manufacturing process and take 

corrective actions as necessary. Continuous evaluation and monitoring mechanisms ensure the model's performance remains high 

over time, with a feedback loop utilized to iteratively improve the model based on detected defects. Overall, this system architecture 

enables efficient and reliable defect detection, enhancing quality control in manufacturing while minimizing manual intervention. 
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Dataset Collection: 

Our defect detection model utilizes the NEU DET data collection, which comprises 300 samples encompassing various types 

of defects commonly found on metal shaft surfaces. These defects include inclusions, rolled defects, patches, scratches, and crazing. 

By utilizing this diverse dataset, our model is exposed to a wide range of real-world examples, allowing it to learn and recognize 

different defect patterns effectively. Training the model on such a comprehensive dataset ensures that it can accurately identify and 

classify defects with high precision and recall. This approach enables our defect detection system to be robust and adaptable to 

different types of defects encountered in industrial manufacturing processes. Additionally by learning from real examples, the  

model  can generalize  well   to unseen data, enhancing its performance and reliability in real-world applications. 

 

Input Image: 

The input images utilized in our defect detection system are high-resolution photographs capturing the surface of metal shafts. 

Each image provides a detailed visual representation of potential defects such as inclusions, rolled defects, patches, scratches, or 

crazing. These images are captured using industrial-grade cameras under controlled lighting conditions to ensure clarity and 

consistency. Preprocessing techniques may be applied to enhance image quality and standardize formatting. The input images serve 

as the primary data input for training and testing our Convolutional Neural Network (CNN) model. By exposing the model to 

diverse images depicting both normal and defective surfaces, it learns to discern subtle patterns and anomalies associated with 

different defect types. This enables the model to accurately identify and classify defects during real-time detection in manufacturing 

environments. Overall, the input images play a crucial role in training the CNN model to make precise predictions, enhancing defect 

detection accuracy and reliability. 

 

Image Preprocessing: 

Image processing techniques,including rescaling, shear range, zoom range, horizontal flipping, rotation range, width shift range, 

height shift range, and fill mode, are essential preprocessing steps used to enhance the quality and diversity of training data for 

machine learning models, such as Convolutional Neural Networks (CNNs). Rescaling involves adjusting the scale of input images 

to a standardized range, typically between 0 and 1, to ensure numerical stability during training. Shear range introduces skewness 

to images, diversifying object orientations and perspectives for improved model generalization. Zoom range controls the degree of 

magnification or reduction applied to images, allowing the model to learn from objects at different scales. Horizontal flipping 

mirrors images along the vertical axis, introducing variations in object orientation. Rotation range enables images to be rotated 

clockwise or counterclockwise by specified angles, enhancing the model's ability to recognize objects from various viewpoints. 

Width and height shift ranges determine the extent of horizontal and vertical translations, simulating spatial displacements in 

images. Fill mode dictates how pixels outside the original image boundaries are filled after applying transformations, ensuring 

consistency in image dimensions. Together, these image processing techniques contribute to the creation of a diverse and robust 

training dataset, enabling CNNs to effectively learn and generalize from a wide range of visual inputs 

 

Image Splitting: 

Image splitting involves dividing large images into smaller, more manageable segments for processing and analysis. This 

technique is commonly used in computer vision tasks to handle images that are too large to be processed as a whole. By splitting 

images into smaller segments, computational resources are conserved, and algorithms can be applied more efficiently. Each segment 

retains essential features of the original image, enabling accurate analysis while reducing computational burden. Additionally, image 

splitting facilitates parallel processing, allowing multiple segments to be analyzed simultaneously, thus accelerating overall 

processing speed. 

 

Classification: 

Our approach automates the detection and categorization of defects on metal shaft surfaces. Leveraging Convolutional Neural 

Networks (CNNs), our   system  learns   to   classify  images     into different defect categories, including inclusions, rolled defects, 

patches, scratches, and crazing. During the training phase, the CNN model analyzes a labeled dataset containing images of both 

normal and defective surfaces, allowing it to learn and extract relevant features for accurate classification. Once trained, the model 

can effectively classify new images of metal shaft surfaces, identifying and categorizing defects with high precision and recall. 

Performance metrics such as accuracy, precision, and recall are utilized to evaluate the effectiveness of our classification model, 

ensuring reliable defect detection in industrial manufacturing environments. Through automated image classification, our system 

enhances quality control processes, reduces manual intervention, and minimizes the risk of delivering defective products to the 

market. 

 

Production of Results: 

Our defect detection system, trained with a 60:20:20 dataset split, achieved 97.8% accuracy and 98% precision on the test set. 

Accuracy, calculated as (TP + TN) / (TP + TN + FP + FN), reflects overall correctness, while precision, (TP / TP + FP), denotes 

defect identification accuracy. These metrics demonstrate the system's efficacy in identifying and categorizing defects on metal 

shaft surfaces. Integration into production lines has streamlined processes, reducing manual inspection and minimizing the risk of 

delivering defective products. This robust performance holds promise for transforming manufacturing quality control, ensuring 

reliability and customer satisfaction. 

 

V. RESULTS 

The extensive dataset yields invaluable insights for decision-makers, guiding strategic choices in quality control, production 

optimization, and maintenance strategies. Categorizations of defective images, including inclusions, rolled defects, patches, 

scratches, and crazing, offer a comprehensive view of defect detection capabilities. These insights form a bedrock of knowledge, 

enhancing understanding of the manufacturing ecosystem and operational efficiency. Informed decisions driven by this data pave 

the way for strategic enhancements in quality, cost-effectiveness, and organizational competitiveness. 
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Fig 2: Images of obtained results 

 

 

Fig 2.1: Graph of model accuracy and loss, 

classifies the images pattern-wise. 

 

VI. CONCLUSIONS 

The project utilized a CNN-based methodology to detect defects on metal shaft surfaces, starting with a diverse dataset 

containing both defect-free and defective images of various types. Images underwent preprocessing, including resizing, labeling, 

and division into training, validation, and test sets. Supervised learning involved multiple epochs of forward and backward passes, 

optimizing weights to minimize a loss function. Key tools included Python, TensorFlow, Keras, NumPy, Pandas, and Matplotlib 

for data handling, deep learning, and visualization. Model performance was evaluated based on accuracy (97.8%) and precision 

(98%). While accuracy is valuable, a comprehensive evaluation should include recall, F1-score, and the confusion matrix to assess 

performance comprehensively. The choice of metrics should align with specific application requirements, balancing precision and 

recall trade-offs. This structured approach exemplifies efficient defect detection on metal shaft surfaces using deep learning, 

emphasizing dataset collection, preprocessing, model training, and performance evaluation for accurate results. 

 

VII. FUTURE WORKS 

In our ongoing efforts to advance the project, we aim to enrich our dataset with diverse defect types and lighting conditions, 

ensuring system adaptability. Anomaly detection techniques will complement classification methods, enhancing our system's 

versatility. Real-time defect detection tailored for manufacturing environments will reduce disruptions. Human-in-the-loop systems 

and active learning strategies will refine the model continuously. Adherence to industry standards and regulations will ensure safety 

and quality assurance. Model interpretability and robustness testing will be prioritized for deployment. Continuous data collection 

will maintain relevance and efficacy. A comprehensive cost-benefit analysis will quantify operational impact and inform future 

enhancements. 
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