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Abstract

Robotic vision technologies have become a fundamental component of advanced automation by
enabling robots to perceive, interpret, and respond to physical environments. The integration of cameras,
three-dimensional sensors, image-processing algorithms, computer vision, artificial intelligence,
machine learning, and robotic control enables automated systems to perform inspection, object
recognition, localization, manipulation, navigation, and quality assessment. This study examines robotic
vision technologies for advanced automation applications, focusing on sensing architectures, image
acquisition, visual processing, object recognition, intelligent decision-making, and robotic control. A
qualitative descriptive and conceptual research design was adopted using secondary academic literature.
The analysis indicates that robotic vision can improve automation capabilities by providing machines
with environmental information that supports adaptive and precise operations.

Two-dimensional and three-dimensional vision systems can identify objects, surfaces, defects,
positions, and spatial relationships, while machine-learning techniques can enhance recognition and
classification. Robotic vision is applicable to manufacturing, assembly, logistics, inspection,
warehousing, agriculture, healthcare, and other automated environments. However, implementation
remains affected by lighting variation, sensor limitations, computational requirements, data quality,
system integration, calibration, cybersecurity, and operational costs.

The study concludes that effective robotic vision requires coordinated integration of sensing,
image processing, intelligent perception, and robotic control. Future research should emphasize three-
dimensional perception, vision-based learning, edge Al, multimodal sensing, real-time processing,
explainable robotic decisions, and adaptive vision systems capable of operating reliably in dynamic
industrial environments.

Keywords: Robotic Vision, Computer Vision, Industrial Automation, Machine Vision, Robotics,
Acrtificial Intelligence, Object Recognition, Image Processing, Intelligent Automation, Robot Perception.

1. Introduction

Advanced automation increasingly depends on robotic systems that can operate with greater flexibility,
precision, and independence. Traditional industrial robots are highly effective when operating in
structured environments with predetermined positions and repetitive tasks. However, modern
manufacturing and service environments frequently contain variable objects, changing layouts, uncertain
conditions, and complex operational requirements. Robotic vision provides an important technological
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capability for addressing these conditions by enabling robots to obtain visual information about their
surroundings and use that information during automated operations.

Robotic vision combines imaging sensors, illumination, image processing, computer vision
algorithms, artificial intelligence, and robotic control. Cameras and other sensing devices capture
information from the environment, while processing algorithms transform raw images into useful
features and representations. Vision systems can subsequently support object detection, recognition,
localization, measurement, inspection, and navigation. Szeliski (2010) emphasized the broad role of
computer vision in extracting meaningful information from visual data, providing an important
theoretical foundation for robotic perception.

Two-dimensional cameras remain widely used for industrial inspection, identification, and
positioning, while three-dimensional vision technologies provide depth and spatial information. Three-
dimensional sensing can be particularly valuable for robotic manipulation because robots must
understand object position, orientation, shape, and distance. Technologies such as stereo vision,
structured light, and time-of-flight sensing can provide spatial information that supports more adaptive
robotic operations. Combining multiple sensing modalities can further improve perception when
individual sensors encounter limitations.

Artificial intelligence and machine learning have significantly expanded the capabilities of
robotic vision. Deep-learning models can learn visual representations from large datasets and support
object detection, classification, segmentation, and defect recognition. Krizhevsky et al. (2012)
demonstrated the effectiveness of deep neural networks for image classification, contributing to the
development of modern vision-based intelligent systems. In robotics, such techniques can reduce
dependence on manually designed visual features and support more flexible recognition capabilities.

Robotic vision is increasingly applied across manufacturing and industrial automation. Vision-
guided robots can identify components, locate objects, inspect products, detect defects, guide assembly,
and adapt movements according to visual information. In logistics and warehousing, vision systems can
identify packages and support automated picking and sorting. In agriculture, visual technologies can
assist crop monitoring and robotic harvesting. These applications demonstrate how visual perception can
transform robots from fixed-function machines into more adaptive automated systems.

Despite technological progress, robotic vision systems face several challenges. Environmental
lighting, reflections, occlusion, object variation, sensor noise, and camera positioning can influence
visual performance. Real-time processing requires substantial computational resources, particularly
when high-resolution images and complex deep-learning models are used. System integration also
requires precise calibration between cameras, robots, and other equipment. Furthermore, reliable
operation depends on appropriate training data, robust algorithms, secure communication, and effective
maintenance.

The increasing complexity of robotic applications creates a need for integrated vision
architectures that combine sensing, perception, decision-making, and control. Vision systems should not
only recognize objects but also provide accurate information to robotic controllers in real time. Edge
computing can reduce processing delays by performing visual analysis closer to robotic equipment,
while cloud platforms can provide additional computational resources and data storage. Multimodal
sensing can further improve perception in challenging environments.
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This study examines robotic vision technologies for advanced automation applications by analyzing
sensing technologies, visual processing, intelligent perception, object recognition, three-dimensional
vision, and robot control. It also evaluates major implementation challenges and identifies future
research directions. The study aims to provide a structured understanding of how robotic vision can
support flexible, precise, intelligent, and adaptive automation across modern industrial and emerging
application environments.

2. Objectives of the Study
Primary Objective
The primary objective of this study is to examine robotic vision technologies for advanced automation
applications by analyzing visual sensing, image processing, object recognition, three-dimensional
perception, artificial intelligence, and vision-guided robotic control.

The study seeks to understand how integrated vision technologies can improve robotic accuracy,
flexibility, inspection capabilities, decision-making, and adaptive automation across diverse operational
environments.

2.1 Examination of Robotic Vision Technologies
The first objective is to examine major technologies supporting robotic vision, including industrial
cameras, depth sensors, stereo vision, structured-light systems, image-processing algorithms, machine
learning, and deep learning.

The study evaluates how these technologies acquire, process, and interpret visual information.
Particular attention is given to object detection, recognition, segmentation, localization, measurement,
and three-dimensional perception for automated robotic operations.

2.2 Assessment of Automation Applications
The second objective is to assess the use of robotic vision across manufacturing, assembly, quality
inspection, logistics, warehousing, agriculture, healthcare, and other automation environments. The
study examines how vision-guided robots can perform object identification, positioning, sorting,
inspection, manipulation, and navigation.

The objective also considers the contribution of visual perception to operational precision,
flexibility, productivity, and intelligent automation.

2.3 ldentification of Implementation Challenges
The third objective is to identify challenges affecting robotic vision implementation, including lighting
variation, occlusion, sensor limitations, calibration, computational requirements, data quality, system
integration, cybersecurity, and operational cost.

The study evaluates how these challenges influence visual accuracy and robotic performance.
Identifying these limitations can support the development of reliable, efficient, adaptive, and scalable
robotic vision systems.
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3. Review of Literature

3.1 Robotic Vision and Machine Perception

Computer vision provides the theoretical and technological foundation for robotic vision by enabling
machines to extract information from images and other visual data. Szeliski (2010) described computer
vision as a field concerned with recovering useful information about the physical world from visual
observations. In robotic applications, these capabilities can support object identification, localization,
measurement, tracking, and environmental understanding. Vision therefore represents an important
perception layer between physical environments and automated robotic decision-making.

Corke (2017) emphasized the relationship between robotic sensing, perception, planning, and
control. Vision systems provide robots with information required to understand object positions and
environmental conditions. Cameras, depth sensors, and other visual devices can generate information
used by robotic controllers. Effective integration between vision and robot kinematics is essential
because visual observations must ultimately be translated into accurate movements. This integration
supports applications involving manipulation, assembly, inspection, and navigation.

3.2 Machine Learning and Intelligent Vision

Machine learning has transformed robotic vision by enabling systems to learn visual patterns from data.
Traditional vision approaches frequently relied on manually designed features, whereas modern deep-
learning methods can automatically learn hierarchical representations. Krizhevsky et al. (2012)
demonstrated the effectiveness of deep convolutional neural networks for large-scale image
classification. Similar approaches have subsequently supported object detection, segmentation,
classification, and recognition tasks relevant to robotic automation.

Redmon et al. (2016) introduced YOLO as an approach for real-time object detection,
demonstrating the potential for fast visual recognition. Real-time object detection is particularly
important for robotic systems because perception and action must occur within operational time
constraints. Deep-learning models can allow robots to identify objects and estimate their locations more
efficiently. Nevertheless, model performance depends on training data, computational resources,
environmental conditions, and the similarity between training and deployment environments.

3.3 Three-Dimensional Vision and Automation
Three-dimensional vision provides depth information that can improve robotic understanding of object
geometry and spatial relationships. Stereo vision estimates depth using multiple cameras, while
structured-light and time-of-flight technologies provide alternative approaches to three-dimensional
sensing. Depth information can support object localization, grasp planning, collision avoidance, and
dimensional inspection. Three-dimensional perception is therefore particularly valuable when robots
operate in environments containing objects with varying positions and orientations.

Vision-guided manipulation requires coordination between visual perception and robotic motion.
A robot must transform visual information into appropriate coordinates before generating movements.
Camera calibration, robot calibration, hand-eye calibration, and accurate depth estimation are therefore
important components of vision-guided robotics. Reliable three-dimensional perception can improve
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robotic flexibility by allowing robots to interact with objects that are not positioned at predetermined
locations. This capability supports more adaptive automation.

4. Research Methodology

4.1 Research Design

This study adopted a qualitative descriptive and conceptual research design to examine robotic vision
technologies for advanced automation applications. The research relied on secondary academic literature
addressing computer vision, machine vision, robotics, artificial intelligence, machine learning, three-
dimensional perception, and automation. This design was selected to synthesize established knowledge
and identify relationships among visual sensing, intelligent perception, robotic decision-making, and
automated operations.

The conceptual framework considered sensing, image acquisition, visual processing, intelligent
perception, decision-making, and robotic control as interconnected layers. These components were
evaluated according to recognition accuracy, processing speed, spatial perception, adaptability,
operational precision, reliability, scalability, and integration requirements. The framework provided a
structured basis for understanding how robotic vision contributes to advanced automation systems.

4.2 Data Collection

Secondary information was collected from peer-reviewed journal articles, academic conference
publications, scholarly books, and established research addressing robotic vision and intelligent
automation. Literature concerning machine vision, computer vision, industrial robotics, object
recognition, deep learning, three-dimensional sensing, robot manipulation, and vision-guided control
was reviewed. Sources were selected according to their relevance to the study objectives and
technological focus.

The reviewed literature was organized into technology and application categories. Technology-
oriented research addressed cameras, depth sensors, image processing, machine learning, deep learning,
three-dimensional perception, and calibration. Application-oriented research examined manufacturing,
inspection, assembly, logistics, warehousing, agriculture, and other automation environments. Studies
concerning computational requirements, environmental limitations, integration, and reliability were also
examined.

4.3 Data Analysis

The collected literature was analyzed through thematic analysis. Major themes included visual sensing,
image processing, object detection, object recognition, segmentation, three-dimensional perception,
machine learning, robotic control, automation applications, system integration, and reliability. Each
theme was examined according to its contribution to robotic perception and automation performance.

A comparative synthesis was conducted to determine how different technologies contribute to
robotic vision. Cameras and depth sensors were considered primary information-generation mechanisms,
while image-processing algorithms converted raw observations into visual features. Machine-learning
models supported intelligent interpretation, and robotic controllers translated visual information into
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physical actions. This analysis enabled systematic evaluation of the technological relationships
supporting vision-guided automation.

5. Analysis
5.1 Major Robotic Vision Technologies

Table 1: Major Technologies Supporting Robotic Vision

Technology Primary Function Automation Contribution
Industrial Cameras Image acquisition Visual observation
Stereo Vision Depth estimation Spatial perception
Structured Light 3D measurement Object geometry
Tim;;i;)lilsight Distance measurement Depth perception
Image Processing Feature extraction Visual interpretation
Machine Learning Pattern recognition Intelligent classification
Deep Learning Object detection and segmentation Advanced perception
Vision Controller Perception-control integration Robotic action

The analysis demonstrates that robotic vision depends on coordinated interaction between sensing and
computational technologies. Cameras capture visual information, while depth technologies provide
spatial information. Image-processing methods extract relevant features, and machine-learning models
support intelligent interpretation.

Vision controllers integrate perception with robotic motion. The combination of these
components enables robots to recognize objects, determine positions, inspect products, and perform
actions according to changing environmental information.

5.2 Robotic Vision Applications

Table 2: Applications of Robotic Vision in Advanced Automation

Application Vision Function Potential Benefit
Manufacturing Object identification Flexible production
Assembly Component localization Positioning accuracy
Quality Inspection Defect detection Product consistency
Warehousing Obiject recognition Automated sorting
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Application Vision Function Potential Benefit
Logistics Package identification Handling efficiency
Agriculture Crop and object detection Automated operations
Healthcare Visual guidance Procedural assistance
Packaging Product verification Process reliability

The analysis indicates that robotic vision can improve automation by allowing robots to respond to
visual information rather than relying exclusively on fixed coordinates. Manufacturing systems can
identify components, inspection systems can detect defects, and logistics systems can recognize
packages.

Agricultural robots can use visual information for crop-related operations. Across these
applications, robotic vision can support flexibility, accuracy, inspection capability, and adaptive
interaction with variable physical environments.

6. Discussion

Robotic vision provides an essential perception capability for advanced automation because it allows
robots to obtain information about objects, environments, and operational conditions. Cameras and
three-dimensional sensors can support recognition, localization, measurement, and spatial
understanding. This capability enables robots to perform tasks involving variable object positions and
changing conditions. Consequently, vision-guided robotics can extend automation beyond highly
structured and repetitive environments.

Artificial intelligence has strengthened robotic vision by improving object detection,
classification, segmentation, and visual interpretation. Deep-learning systems can learn complex visual
patterns and support automated recognition tasks that are difficult to implement using conventional
feature-engineering methods. However, Al-based robotic vision requires suitable training data,
computational resources, and robust models capable of handling variations in lighting, object
appearance, occlusion, and environmental conditions. Real-time performance remains particularly
important for safety and operational efficiency.

The future of robotic vision depends on stronger integration between sensing, intelligent
perception, and robotic control. Three-dimensional sensing, edge Al, multimodal perception, and
adaptive learning can support more capable automation systems. Nevertheless, calibration, sensor
reliability, cybersecurity, integration complexity, and operational cost remain important limitations.
Effective systems should therefore combine accurate sensing, efficient processing, robust Al models,
and reliable control architectures to achieve flexible and dependable automation.

7. Challenges

7.1 Environmental and Lighting Variations

Lighting conditions can significantly influence robotic vision performance. Changes in brightness,
shadows, reflections, glare, and illumination direction may alter the appearance of objects within
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captured images. Industrial environments may also contain metallic surfaces, transparent materials, or
visually complex backgrounds that complicate recognition. Algorithms trained under controlled
conditions may therefore experience reduced accuracy when environmental conditions change.
Appropriate illumination design, image normalization, robust algorithms, and adaptive vision models
can help address these variations.

Occlusion represents another important environmental challenge because objects may be
partially hidden by other components, robotic arms, tools, or surrounding equipment. A vision system
may have difficulty identifying an object when critical visual features are unavailable. Multi-camera
configurations, depth sensing, object tracking, and advanced segmentation methods can improve
perception. Robust robotic vision systems should therefore be designed to handle both illumination
variability and incomplete visual information during real-world automation operations.

7.2 Sensor Accuracy and Calibration

Accurate robotic vision depends on reliable sensors and precise calibration. Camera parameters, lens
characteristics, sensor positioning, and measurement errors can influence visual outputs. In vision-
guided robotics, calibration must establish accurate relationships between cameras, robots, tools, and
workspace coordinates. Small calibration errors can produce incorrect object positions and consequently
lead to inaccurate robotic movements. Regular calibration and automated verification can help maintain
system performance.

Three-dimensional vision introduces additional accuracy considerations. Depth sensors may
produce incomplete or noisy measurements, particularly around reflective, transparent, dark, or complex
surfaces. Environmental interference can further influence depth estimation. Sensor fusion can help
compensate for limitations by combining information from different sensing technologies. Robust
calibration procedures, sensor validation, error estimation, and redundancy can therefore improve the
reliability of robotic vision systems.

7.3 Computational and Data Requirements

Modern robotic vision systems frequently use high-resolution images and computationally intensive
deep-learning models. Processing these data in real time can require powerful processors, graphics
accelerators, or specialized edge hardware. Computational limitations may introduce delays between
perception and robotic action. Such delays can reduce operational efficiency or affect safety when robots
interact with rapidly changing environments. Model optimization, hardware acceleration, image
compression, and efficient edge processing can reduce computational demands.

Training intelligent vision models also requires large and representative datasets. Insufficient or
biased training data can reduce recognition performance when robots encounter unfamiliar objects,
backgrounds, or environmental conditions. Collecting and labeling high-quality robotic vision datasets
can be expensive and time-consuming. Transfer learning, synthetic data, data augmentation, and
continual learning can reduce some data requirements. Nevertheless, dataset quality remains a central
consideration for dependable Al-enabled robotic perception.
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7.4 Integration, Security, and Cost

Integrating robotic vision with industrial robots, programmable controllers, production systems,
databases, and communication networks can be technically complex. Different devices may use
incompatible interfaces or communication protocols, creating difficulties in information exchange.
Integration also requires synchronization between visual perception and robotic motion. Standardized
interfaces, modular architectures, and appropriate middleware can facilitate system integration and
simplify future upgrades.

Cybersecurity and cost represent additional challenges. Connected vision systems can become
potential targets for unauthorized access, data manipulation, or operational disruption. Security
mechanisms must protect cameras, controllers, networks, and analytical platforms. At the same time,
high-quality cameras, depth sensors, computing hardware, software, and maintenance can increase
implementation costs. Organizations must therefore balance visual performance, security, system
complexity, and economic feasibility when adopting advanced robotic vision technologies.

8. Future Research

Future research should emphasize real-time robotic vision using efficient edge-Al models, three-
dimensional perception, multimodal sensing, and adaptive learning. Research should investigate
lightweight algorithms capable of maintaining recognition accuracy while reducing computational
requirements. Greater attention should also be given to robust perception under changing lighting,
occlusion, reflective surfaces, and unfamiliar objects. Autonomous calibration and continuous
performance monitoring could further improve long-term reliability.

Further research should investigate vision systems that integrate perception, reasoning, and
robotic control within unified architectures. Explainable Al could improve understanding of automated
visual decisions, while synthetic data and simulation could reduce expensive dataset requirements.
Research should also address secure communication, interoperable interfaces, collaborative robots, and
human-robot interaction. Real-world evaluation should measure recognition accuracy, latency,
robustness, safety, scalability, and operational cost across dynamic automation environments.

9. Conclusion

Robotic vision technologies provide an important foundation for advanced automation by enabling
robots to perceive objects, environments, and operational conditions. Cameras, depth sensors, and
image-processing systems transform physical observations into information that can support automated
decision-making. These capabilities allow robotic systems to operate with greater flexibility and
precision than fixed-function automation approaches in many applications.

The integration of machine learning and deep learning has significantly expanded robotic vision
capabilities. Intelligent models can support object detection, classification, segmentation, recognition,
and visual inspection. Three-dimensional sensing can additionally provide spatial information required
for manipulation and navigation. However, successful implementation requires reliable sensors, suitable
training data, sufficient computational resources, and accurate coordination between visual perception
and robotic control.
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Robotic vision can support manufacturing, assembly, inspection, logistics, warehousing, agriculture,
healthcare, and packaging applications. Vision-guided robots can identify components, detect defects,
locate objects, and adapt their actions according to visual information. These capabilities can improve
automation flexibility, product consistency, positioning accuracy, and operational efficiency. The
effectiveness of such systems nevertheless depends on environmental robustness and reliable
technological integration.

Overall, robotic vision represents a significant pathway toward more intelligent and adaptive
automation. Lighting variation, occlusion, sensor accuracy, calibration, computational requirements,
cybersecurity, integration complexity, and cost remain important challenges. Future systems should
combine three-dimensional perception, edge Al, multimodal sensing, adaptive learning, and robust
control. Such integration can enable robotic systems to perform increasingly complex automation tasks
with improved accuracy, responsiveness, and reliability.

References

1. Argyros, A. A., & Lourakis, M. I. A. (2005). Vision-based control of robot manipulators. IEEE
Robotics & Automation Magazine, 12(4), 66-73.

2. Bohg, J., Morales, A., Asfour, T., & Kragic, D. (2014). Data-driven grasp synthesis—A survey.
IEEE Transactions on Robotics, 30(2), 289-309. https://doi.org/10.1109/TR0.2013.2289019

3. Cadena, C., Carlone, L., Carrillo, H., Latif, Y., Scaramuzza, D., Neira, J., Reid, I., & Leonard, J. J.
(2016). Past, present, and future of simultaneous localization and mapping: Toward the robust-
perception age. IEEE Transactions on Robotics, 32(6), 1309-1332.
https://doi.org/10.1109/TRO.2016.2624754

4. Civera, J., Grasa, O. G., Davison, A. J., & Montiel, J. M. M. (2010). 1-point RANSAC for extended
Kalman filtering: Application to real-time structure from motion and visual odometry. Journal of
Field Robotics, 27(5), 609-631. https://doi.org/10.1002/rob.20345

5. Corke, P. (2011). Robotics, vision and control: Fundamental algorithms in MATLAB. Springer.
https://doi.org/10.1007/978-3-642-20144-8

6. Fischler, M. A., & Bolles, R. C. (1981). Random sample consensus: A paradigm for model fitting
with applications to image analysis and automated cartography. Communications of the ACM, 24(6),
381-395. https://doi.org/10.1145/358669.358692

7. Goedemé, T., Tuytelaars, T., & Van Gool, L. (2007). Fast and robust corner detection at video rate
for mobile robot navigation. Proceedings of the IEEE International Conference on Robotics and
Automation, 521-526.

8. Hutchinson, S., Hager, G. D., & Corke, P. I. (1996). A tutorial on visual servo control. IEEE
Transactions on Robotics and Automation, 12(5), 651-670. https://doi.org/10.1109/70.538972

9. Kanellakis, C., & Nikolakopoulos, G. (2017). Survey on computer vision for UAVs: Current
developments and trends. Journal of Intelligent & Robotic Systems, 87, 141-168.
https://doi.org/10.1007/s10846-017-0483-z

10. Klette, R. (2014). Concise computer vision: An introduction into theory and algorithms. Springer.
https://doi.org/10.1007/978-1-4471-6320-6

AIJARD Volume 4, Issue 6, November-December 2022 45



http://www.aijard.com/
https://doi.org/10.1109/TRO.2016.2624754
https://doi.org/10.1002/rob.20345
https://doi.org/10.1145/358669.358692

American International Journal of Advanced
/ﬁ/\ Research and Development (AIJARD)
A\
AIJARD E-ISSN: XXXX-XXXX e Website: www.aijard.com e Email: editor@aijard.com

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Kragic, D., & Christensen, H. I. (2003). Survey on visual servoing for manipulation. Computational
Vision and Active Perception Laboratory, Royal Institute of Technology.

Loncomilla, P., Ruiz-del-Solar, J., & Martinez, L. (2016). Object recognition using local invariant
features for robotic applications: A survey. Pattern Recognition, 60, 499-514,
https://doi.org/10.1016/j.patcog.2016.05.021

Ma, Y., Soatto, S., Koseckd, J., & Sastry, S. S. (2004). An invitation to 3-D vision: From images to
geometric models. Springer. https://doi.org/10.1007/978-0-387-21779-6

Pasquale, G., Ciliberto, C., Odone, F., Rosasco, L., & Natale, L. (2018). Are we done with object
recognition? The iCub robot’s perspective. Robotics and Autonomous Systems, 112, 260-281.
https://doi.org/10.1016/j.robot.2018.11.001

Redmon, J., Divvala, S., Girshick, R., & Farhadi, A. (2016). You only look once: Unified, real-time
object detection. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (pp. 779-788). https://doi.org/10.1109/CVPR.2016.91

Siciliano, B., & Khatib, O. (Eds.). (2016). Springer handbook of robotics (2nd ed.). Springer.
https://doi.org/10.1007/978-3-319-32552-1

Taketomi, T., Uchiyama, H., & lkeda, S. (2017). Visual SLAM algorithms: A survey from 2010 to
2016. IPSJ Transactions on Computer Vision and Applications, 9, Article 16.
https://doi.org/10.1186/s41074-017-0027-2

Wang, L., & Chen, D. (2018). Vision-based robot manipulator for industrial applications. Procedia
Computer Science, 133, 205-212. https://doi.org/10.1016/j.procs.2018.07.025

Weikersdorfer, D., Adrian, B., & Wienke, J. (2017). Robots learn to handle objects: New
developments and opportunities. e & i Elektrotechnik und Informationstechnik, 134, 300—306.
Zhang, C., & Zhang, Z. (2018). Industrial robot control with object recognition based on deep
learning. Procedia CIRP, 76, 149-154. https://doi.org/10.1016/j.procir.2018.01.021

AIJARD Volume 4, Issue 6, November-December 2022 46



http://www.aijard.com/
https://doi.org/10.1109/CVPR.2016.91

