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Abstract: With the development of industrial automation and intelligence, the application of 
machine vision technology in the field of nondestructive testing (NDT) has become increasingly 
widespread. This paper aims to study the intelligent robot NDT system based on machine vision. 
Utilizing advanced image processing algorithms and machine learning techniques, this system 
achieves efficient and accurate detection of industrial products. This paper explores the research and 
application of the intelligent robot NDT system based on machine vision, providing a detailed 
introduction to the system's overall architecture, key technologies, implementation methods, and 
application effects. Additionally, it discusses future development directions. By deeply investigating 
the application of machine vision technology in NDT, this paper aims to provide valuable 
references for research and practice in related fields. 

1. Introduction 
Nondestructive Testing (NDT) is a method for detecting internal and surface defects of materials 

and workpieces without compromising their performance. NDT technology is widely used in 
various fields such as aerospace, automotive manufacturing, petrochemicals, and power generation 
to ensure the safety and reliability of materials and products. Common NDT methods include 
ultrasonic testing, radiographic testing, magnetic particle testing, and penetrant testing. These 
traditional methods have certain limitations in terms of detection accuracy and efficiency. As the 
manufacturing industry demands higher product quality, traditional NDT methods are gradually 
unable to meet the needs of modern industry[1]. 

In recent years, with the rapid development of artificial intelligence and computer vision 
technology, machine vision technology has gradually become an important tool in the field of NDT. 
Machine vision technology can achieve efficient and precise NDT by acquiring and processing 
image information. It has advantages such as high automation, fast detection speed, and intuitive 
detection results. Especially in complex and large-scale industrial production environments, 
machine vision technology can significantly improve detection efficiency, reduce production costs, 
and enhance product quality[2]. 

Research indicates that machine vision technology has broad application prospects in NDT. For 
example, using high-resolution cameras and advanced image processing algorithms, precise 
identification of tiny defects can be achieved. By integrating deep learning technology, machine 
vision systems can learn and extract features from large amounts of image data, enabling automatic 
recognition and classification of complex defects. Additionally, the development of robotics has 
made the integration of machine vision with robotic NDT systems possible, further enhancing the 
automation and intelligence of the detection process[3]. 

2. Architecture of Machine Vision-Based Intelligent Robot Nondestructive Testing System 
The machine vision-based intelligent robot nondestructive testing system primarily consists of 

the following components: image acquisition module, image processing module, defect detection 
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and recognition module, robot control module, data management and analysis module, and other 
key technologies, as shown in Figure 1. 

 
Figure 1 The machine vision-based intelligent robot nondestructive testing system 

(a) Image Acquisition Module 
This module serves as the system's front end, capturing high-quality images of the objects to be 

inspected using high-resolution industrial cameras and professional lighting equipment. 
High-resolution cameras can capture minute details, while appropriate lighting eliminates 
environmental light interference and provides uniform illumination, ensuring image clarity and 
stability. The core challenge of this module is to maintain consistency and accuracy in image 
acquisition in complex industrial environments[4]. 

(b) Image Processing Module 
Once image acquisition is complete, the image processing module preprocesses the acquired raw 

images. Preprocessing techniques include filtering, denoising, contrast enhancement, and image 
correction. The purpose of these techniques is to improve image quality and highlight key 
information in the image, laying a foundation for subsequent defect detection. For example, filtering 
can remove noise from images, and contrast enhancement can make defect features more 
apparent[5]. 

(c) Defect Detection and Recognition Module 
This module is the system's core, performing defect detection and recognition on preprocessed 

images using advanced machine learning and deep learning algorithms. Traditional machine 
learning algorithms like Support Vector Machines (SVM) and Random Forests (RF) can classify 
simple defects, while deep learning algorithms like Convolutional Neural Networks (CNN) excel at 
handling complex image data, automatically extracting high-level features and achieving 
high-precision defect recognition. To improve detection accuracy, a large amount of labeled data is 
usually used for model training, and the algorithms are continuously optimized[6]. 

(d) Robot Control Module 
Based on the detection results provided by the defect detection and recognition module, the robot 

control module executes the corresponding operations. This module uses path planning and motion 
control algorithms to control the robot to mark, classify, and repair detected defects. For example, 
on a production line, robots can automatically remove defective products or perform real-time 
repairs. Precise motion control is crucial to ensure the robot efficiently performs its tasks[7]. 

(e) Data Management and Analysis Module 
This module is responsible for recording and managing detection data, performing statistical 

analysis, and generating detailed inspection reports. The data management system can store a large 
amount of inspection images and results, providing a basis for subsequent quality traceability and 
analysis. Through data analysis, common defect types and distribution patterns can be identified, 
offering guidance for product quality improvement. Additionally, the generated inspection reports 
can be fed back in real-time to production management personnel, helping to promptly identify and 
resolve quality issues in production[8]. 
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The design of the entire system architecture aims to automate and intelligentize the NDT process, 
providing efficient and accurate inspection solutions. The collaboration between modules ensures 
that the system can operate efficiently and deliver high-quality inspection outputs in complex 
industrial environments. Continuous optimization and upgrades enable this system to meet the 
inspection needs of various industrial sectors, driving industrial production towards greater 
intelligence and efficiency[9]. 

3. Key Technologies in the System 
Image preprocessing technology is a crucial step in nondestructive testing systems, involving a 

series of operations to enhance image quality and detection accuracy. Common image preprocessing 
techniques include grayscale transformation, image smoothing, edge detection, contrast 
enhancement, and image correction. Grayscale transformation converts color images to grayscale, 
simplifying subsequent processing steps and reducing computational complexity. Image smoothing 
applies filters (such as Gaussian or median filters) to remove noise from images and improve the 
signal-to-noise ratio. Edge detection highlights important edge information in images using edge 
detection algorithms (such as Sobel or Canny), aiding in defect identification and localization. 
Contrast enhancement, achieved through histogram equalization or contrast stretching, improves 
image contrast, making details more clearly visible. Image correction addresses geometric 
distortions in images, ensuring their accuracy and consistency. 

Feature extraction and selection are critical components of detection systems, directly impacting 
detection accuracy and efficiency. Extracting effective feature information from images involves 
methods such as shape features, texture features, and color features. Shape features extract 
geometric shape information from images, such as contours, areas, and perimeters. Texture features 
utilize texture analysis methods (such as gray-level co-occurrence matrices or Gabor filters) to 
extract texture patterns from images. Color features involve analyzing color distributions and color 
space transformations (such as HSV or LAB) to extract color-related features. To reduce redundant 
features, optimize feature sets, and improve detection efficiency, feature selection algorithms (such 
as Principal Component Analysis (PCA) or Linear Discriminant Analysis (LDA)) are employed. 

In the process of defect detection and recognition, traditional machine learning algorithms play a 
vital role. Commonly used algorithms include Support Vector Machine (SVM), Random Forest 
(RF), K-Nearest Neighbors (KNN), and Naive Bayes (NB). SVM constructs hyperplanes in 
high-dimensional space to classify samples and is suitable for scenarios with small samples and 
high-dimensional features. RF is an ensemble learning method composed of multiple decision trees, 
which enhances classification accuracy and robustness through voting mechanisms. KNN classifies 
based on the distance between samples, being intuitive but computationally intensive. NB is a 
classification method based on Bayesian theorem and is suitable for scenarios with relatively 
independent features. 

Furthermore, deep learning techniques, particularly Convolutional Neural Networks (CNNs), 
excel in image processing and defect detection, automatically extracting high-level features from 
images and achieving higher detection accuracy. CNNs' main characteristics include automatic 
feature extraction, multi-layer structure, large-scale data training, and transfer learning. CNNs can 
automatically learn and extract features from raw images without the need for manual feature 
design. Through multiple layers of convolution and pooling operations, hierarchical features are 
gradually extracted from images, enhancing the model's expressive ability. Training with large-scale 
annotated data improves the model's generalization ability and detection accuracy. In scenarios with 
a lack of labeled data, pre-trained models can be utilized, fine-tuning them to adapt to new detection 
tasks. 

Robot motion control is critical for executing detection tasks, enabling precise robot movement 
based on path planning and motion control algorithms. This includes path planning, motion control, 
and real-time feedback. Path planning designs the optimal path for robot movement based on 
detection tasks and environmental constraints to ensure efficient task execution. Motion control 
achieves precise control of robot movement through control algorithms (such as PID control or 
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fuzzy control), ensuring accurate positioning and operation. Real-time feedback adjusts robot 
motion trajectory and operation parameters in real-time based on sensor data, enhancing detection 
flexibility and stability. 

These key technologies work together to form the technical foundation of the machine 
vision-based intelligent robot nondestructive testing system, facilitating efficient and accurate 
detection tasks. 

4. Implementation Methodology of the System 
Image acquisition and preprocessing constitute the initial steps of the nondestructive testing 

system. Initially, the system utilizes high-resolution industrial cameras to capture images of the 
objects under inspection. To ensure image quality and consistency, specialized lighting equipment is 
employed to minimize the influence of ambient light. The captured images then undergo 
preprocessing, which involves the following steps: firstly, noise reduction is applied using filtering 
techniques such as Gaussian or median filtering to remove noise from the images and enhance the 
signal-to-noise ratio. Subsequently, contrast enhancement techniques, such as histogram 
equalization or contrast stretching, are employed to improve image contrast and enhance detail 
clarity. Next, edge detection algorithms like Canny are utilized to highlight important edge features 
in the images, facilitating subsequent processing. 

In the preprocessed images, significant feature points are extracted using advanced algorithms. 
These features may include shape, texture, and color features. To reduce computational complexity 
and enhance detection efficiency, further feature selection methods such as Principal Component 
Analysis (PCA) and Linear Discriminant Analysis (LDA) are employed. PCA reduces the 
dimensionality of the feature space while preserving the main feature information of the data; LDA 
maximizes the between-class variance and minimizes the within-class variance while reducing 
dimensionality, thereby improving classification performance. 

Following feature extraction and selection, the system proceeds to model training and detection 
using annotated training datasets. Model training involves data preparation, model selection, model 
training, and model validation and optimization. Firstly, data preparation involves collecting and 
annotating a sufficient quantity of training data to ensure diversity and representativeness. Next, 
appropriate machine learning algorithms (such as SVM or Random Forests) or deep learning 
models (such as Convolutional Neural Networks, CNNs) are selected. Subsequently, model training 
is conducted on the training dataset, with parameters continuously adjusted to optimize model 
performance. Finally, model validation and optimization involve evaluating model performance on 
a validation dataset, fine-tuning hyperparameters, and optimizing the model to ensure generalization 
ability and stability. 

System integration and testing involve integrating the image processing, defect recognition, and 
robot control modules into a complete system and conducting system-level testing and optimization. 
Specific steps include module integration and system testing. Module integration seamlessly 
integrates various functional modules (image acquisition and preprocessing, feature extraction and 
selection, model training and detection, robot control), ensuring smooth data flow. System testing 
involves comprehensive testing in a real industrial environment, including functionality testing, 
performance testing, and stability testing, to validate the reliability and effectiveness of the system. 
Based on the test results, the system undergoes optimization adjustments, tuning system parameters 
and algorithms to optimize performance and ensure stable operation in different detection tasks and 
environments. 

Through the aforementioned implementation methodology, the machine vision-based intelligent 
robot nondestructive testing system can efficiently and accurately perform detection tasks in 
complex industrial environments, significantly improving production quality and efficiency. The 
successful implementation of this system not only enhances detection accuracy and efficiency but 
also reduces labor costs and enhances the automation level of production lines, thereby gaining a 
competitive advantage in the fierce market competition. 

The machine vision-based intelligent robot nondestructive testing system has demonstrated 
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outstanding performance and multifaceted advantages in practical applications. Firstly, the detection 
efficiency has significantly improved. The system can rapidly acquire and process high-resolution 
images, combined with efficient image preprocessing and defect recognition algorithms, enabling 
real-time detection. Compared to traditional nondestructive testing methods, the detection speed has 
notably increased, significantly reducing the inspection cycle and meeting the high-paced demands 
of modern industrial production. Secondly, the detection accuracy and precision have been 
significantly enhanced. Utilizing advanced machine learning and deep learning algorithms, the 
system can accurately identify minute defects in industrial products. Experimental results show that 
the system's accuracy and precision in defect detection are superior to traditional methods, reducing 
both missed detection and false alarm rates, thereby enhancing product quality and ensuring 
high-standard quality control in the production process. Furthermore, the system exhibits a high 
level of automation. Integrated with robot motion control modules, the system achieves fully 
automated operations from image acquisition and defect detection to result processing. Robots can 
automatically perform defect marking, classification, and handling based on detection results, 
reducing manual intervention and enhancing detection continuity and stability. This high level of 
automation not only reduces labor costs but also improves production line efficiency and 
consistency. 

The system also possesses excellent scalability and adaptability. With a modular design, the 
system exhibits high scalability. By adjusting and expanding image processing and recognition 
algorithms, the system can adapt to the detection requirements of different types of industrial 
products. Whether dealing with metal, plastic, or composite products, the system can effectively 
detect defects, demonstrating its wide application potential in diverse industrial environments. 
Lastly, the system boasts powerful data management and analysis capabilities. Not only can the 
system perform real-time defect detection, but it can also record and manage inspection data for 
statistical analysis. The generated inspection reports provide crucial evidence for production quality 
control, aiding in continuous improvement of production processes and product quality. This 
data-driven approach not only enhances the current level of quality control in production but also 
provides valuable insights and data support for future process optimization and decision-making. 

For instance, in the practical application at an automotive manufacturing plant, the machine 
vision-based nondestructive testing system was utilized for detecting weld points on car bodies. The 
results showed that the system not only significantly improved detection speed but also effectively 
reduced rework and scrap rates caused by welding defects, thereby enhancing production efficiency 
and product qualification rates. By improving detection efficiency and accuracy, the system helped 
companies reduce production costs and quality management expenses. Simultaneously, by reducing 
the defect rate and enhancing product quality, it increased the company's market competitiveness 
and brand reputation, creating significant economic and social benefits. 

5. Future Development Directions 
In the realm of algorithm optimization, further research and enhancement of image processing 

and defect recognition algorithms are imperative to boost detection accuracy and speed. By 
introducing advanced image processing techniques and optimizing existing algorithms, such as 
novel network architectures in deep learning (e.g., Transformers and graph neural networks), the 
system's performance in complex scenarios can be elevated. Additionally, optimizing algorithmic 
computational efficiency to reduce processing time ensures the system's real-time performance and 
stability under high load conditions, thereby enhancing overall system performance. 

Regarding system integration, there is a need to strengthen the system's integrative capabilities 
by developing modular designs for ease of maintenance and upgrades. Through the adoption of 
open architectures and standardized interfaces, the system can flexibly integrate new functional 
modules, such as sensor interfaces, data processing units, and control units, to meet customized 
requirements in different application scenarios. Modular design also simplifies the maintenance and 
upgrade processes, enhancing system availability and long-term stability to keep the system at the 
forefront in evolving technological environments.Another critical area is multi-sensor fusion. 
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Combining other detection technologies such as ultrasonic testing and X-ray inspection can enhance 
the system's detection capabilities. Multi-sensor fusion technology comprehensively utilizes data 
from different sensors to enhance detection coverage and accuracy. For instance, while ultrasonic 
testing can detect internal structural defects, X-ray inspection can identify deeper material flaws. By 
integrating multiple detection methods, the system can provide a more comprehensive defect 
detection solution to meet diverse inspection needs.To further enhance the system's intelligence and 
automation, exploration of more intelligent algorithms and automated detection processes is 
required to reduce manual intervention and enhance system autonomy. Developing AI-based 
self-learning and adaptive algorithms enables the system to continuously optimize its performance 
based on actual application scenarios. Additionally, the design of automated detection processes can 
include intelligent path planning, autonomous detection, and fault self-diagnosis functions, enabling 
the system to operate efficiently without human supervision. By introducing edge computing and 
IoT technologies, remote monitoring and management of the detection process can be achieved, 
elevating the system's intelligence level. 

Utilizing big data analysis and cloud computing technology can significantly enhance the 
system's data processing capabilities and intelligent analysis level. By collecting and analyzing 
massive inspection data on a cloud platform, valuable information and patterns can be extracted to 
support algorithm optimization and system upgrades. Moreover, cloud computing technology 
provides robust computing resources to support the training of complex models and real-time data 
processing, improving the overall system performance and ensuring efficiency in handling 
large-scale data. 

In future development, human-machine collaboration will be pivotal. Designing work modes for 
human-machine collaboration can leverage the strengths of both machines and humans to improve 
detection efficiency and effectiveness. By developing intuitive human-machine interaction 
interfaces, inspection personnel can conveniently monitor system operation status and inspection 
results, intervening and adjusting when necessary. Combined with augmented reality (AR) 
technology, more intuitive defect visualization can be achieved to assist inspection personnel in 
making rapid decisions. With continuous technological advancement and optimization, machine 
vision-based intelligent robot nondestructive testing systems will find widespread applications in 
various industrial fields. They will provide more efficient and precise inspection solutions for 
industrial production, driving industrial inspection towards intelligence and automation and 
significantly enhancing production quality and efficiency. This trend will not only elevate the level 
of industrial automation but also bring higher economic benefits and competitive advantages. 

6. Conclusion 
The machine vision-based intelligent robot nondestructive testing system holds vast potential for 

industrial inspection. By leveraging advanced image processing and machine learning technologies, 
the system achieves efficient and accurate nondestructive testing, significantly enhancing the 
quality and productivity of industrial products. 

Firstly, it boasts extensive industrial applications. The system can be widely applied across 
various industrial sectors such as automotive manufacturing, aerospace, electronics, and heavy 
industry. In these fields, product quality assurance is paramount, and the intelligent robot 
nondestructive testing system swiftly identifies potential defects, preventing the impact of quality 
issues on production and usage.Secondly, it contributes to quality improvement. Through precise 
defect detection, the system significantly reduces scrap and rework rates, elevating the final 
product's quality. Moreover, the system's high detection accuracy captures minute defects, further 
ensuring product reliability and safety.In terms of productivity, machine vision-based intelligent 
systems realize automation and real-time inspection, markedly shortening inspection cycles, 
reducing labor costs, and enhancing overall production line efficiency. Traditional nondestructive 
testing methods often require extensive manpower and time, while this intelligent testing system is 
evidently more efficient.Technological advancement and innovation are another important prospect 
for the system. With continuous progress in deep learning, artificial intelligence, and robotics, 
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intelligent testing systems will become smarter and more efficient. In the future, through the 
introduction of self-learning algorithms and edge computing technology, the system can 
continuously optimize its performance and adapt to more complex inspection tasks.Furthermore, the 
intelligent robot nondestructive testing system will act as a driving force for smart manufacturing. It 
is a crucial component of smart manufacturing, forming a complete smart manufacturing ecosystem 
by integrating with other intelligent systems such as smart logistics, smart assembly, and intelligent 
control systems, driving the development of Industry 4.0.Multi-domain expansion is also a 
significant advantage of the system. In addition to traditional industrial sectors, the system also 
holds application potential in emerging fields. For example, in medical device manufacturing, food 
processing, and bioengineering, intelligent nondestructive testing systems ensure products meet 
high-quality standards, safeguarding public health and safety.Enhanced environmental adaptability 
is also a future direction for development. Future developments will include improving the system's 
adaptability to different environments, such as conducting inspections in high-temperature, 
high-pressure, or corrosive environments. By enhancing the durability and adaptability of sensors 
and robot hardware, the system can operate stably in more adverse environments.Lastly, providing 
comprehensive testing solutions is crucial. By integrating with other detection technologies such as 
ultrasonic testing, X-ray inspection, and thermal imaging technology, the system will offer more 
comprehensive testing solutions. Multi-sensor fusion can cover a broader range of defect types, 
enhancing the comprehensiveness and reliability of detection. 

In conclusion, the machine vision-based intelligent robot nondestructive testing system holds 
tremendous development potential and application value in the future. With continuous 
technological progress and innovation, the system will play an essential role in more fields, 
providing efficient and reliable quality inspection solutions for various industries and driving 
industrial production towards intelligence and automation. 

References 
[1] Xu L J, Sun H Y, Ye X L. Nondestructive testing method for surface defects of mechanical parts 
based on machine vision[C]//2020 International Conference on Robots & Intelligent System 
(ICRIS). IEEE, 2020: 92-95. 
[2] Dong G, Sun S, Wang Z, et al. Application of machine vision-based NDT technology in ceramic 
surface defect detection–a review[J]. Materials Testing, 2022, 64(2): 202-219. 
[3] Huo C, Li T. Research on intelligent manufacturing equipment visual inspection control based 
on machine vision[C]//2021 IEEE 4th International Conference on Automation, Electronics and 
Electrical Engineering (AUTEEE). IEEE, 2021: 374-379. 
[4] Guo Q, Yang Z, Xu J, et al. Progress, challenges and trends on vision sensing technologies in 
automatic/intelligent robotic welding: State-of-the-art review[J]. Robotics and Computer-Integrated 
Manufacturing, 2024, 89: 102767. 
[5] Poorghasem S, Bao Y. Review of robot-based automated measurement of vibration for civil 
engineering structures[J]. Measurement, 2023, 207: 112382. 
[6] Oyekola P, Syed S A. Modular climbing robot design with automated vision-based defect 
classification[J]. Journal of Applied Engineering Science, 2023, 21(1): 36-44. 
[7] Abagiu M M, Cojocaru D, Manta F, et al. Detecting Machining Defects inside Engine Piston 
Chamber with Computer Vision and Machine Learning[J]. Sensors, 2023, 23(2): 785. 
[8] Sundaram S, Zeid A. Artificial intelligence-based smart quality inspection for manufacturing[J]. 
Micromachines, 2023, 14(3): 570. 
[9] Lee S K H, Simeth A, Hinchy E P, et al. A vision-based hole quality assessment technique for 
robotic drilling of composite materials using a hybrid classification model[J]. The International 
Journal of Advanced Manufacturing Technology, 2023, 129(3): 1249-1258. 

107




