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ABSTRACT

Sustainable and circular manufacturing practices have become imperative for modern
industries due to the escalating environmental challenges, stricter regulatory policies,
and shifting consumer preferences towards more sustainable products. Among the
multitude of technological advancements that enable this transition, Computer Vision
(CV) is rapidly emerging as a game-changer. However, a comprehensive investigation
is required to understand the role and impact of CV in the context of data-driven and
servitized manufacturing. This review paper provides a thorough analysis of the rela-
tionship between CV and sustainable manufacturing. It highlights the various ways
that CV improves sustainability by leveraging a rich corpus of academic studies as
well as industry case studies. This covers the function of CV in enhancing resource
efficiency, decreasing waste, enabling predictive maintenance, and assuring product
quality. Nevertheless, there are several challenges in integrating CV technologies into
manufacturing. Therefore, this paper offers a detailed analysis of these issues, ranging
from technical complexities to data privacy and skills gap. Consequently, this study
proposes potential solutions and strategies, turning these challenges into avenues
for future research and innovation. Through this paper, our endeavor is not only to
enrich the academic discourse around this topic but also to catalyze future research
and provide actionable insights for practitioners at the intersection of technology and
sustainability in manufacturing.

Keywords: Sustainable manufacturing, Circular manufacturing, Al in manufacturing, Computer
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INTRODUCTION

Sustainable manufacturing techniques are now a necessary requirement
rather than a choice in the face of escalating environmental problems.
Modern industries are going through a major paradigm shift because of
increased environmental awareness, stricter regulations, and changing con-
sumer preferences for sustainable products and services (Ahner et al., 2022;
Bocken et al., 2014). The adoption of cutting-edge technologies like artifi-
cial intelligence, machine learning, and particularly Computer Vision (CV),
which are revolutionizing the manufacturing landscape, is key to this change
(Manyika et al., 2013). The science of computer vision, which automates
and improves the human visual system, offers a wide range of applications,
from autonomous automobiles to medical diagnostics (Kanchana et al., 2021;
Charleen et al., 2021).
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The manufacturing industry is increasingly realizing CV’s potential to
transform operations and improve sustainability. However, a thorough inves-
tigation of this interdisciplinary space is required to comprehend the signif-
icance of CV’s impact on industrial sustainability. The scientific research on
how CV might leverage sustainability in a manufacturing context is sparse,
despite the widely acknowledged importance of sustainable manufacturing
methods and CV technology. This information gap affects not only the cre-
ation of efficient plans for implementing CV in manufacturing, but also
prevents a thorough comprehension of both its advantages and challenges.

This paper aims to bridge this gap, providing a detailed review of how
CV technologies are contributing to sustainable manufacturing practices.
Although sustainability can also include economic and social aspects, our
paper focuses the ecological sustainability dimension, since it is most impor-
tant in the realm of production. It highlights the different ways that CV
might enhance sustainability, based on different academic research. Further-
more, this study acknowledges the challenges of integrating CV technologies
into manufacturing, providing a thorough analysis of these issues and poten-
tial solutions. Our endeavor is to enrich the academic discourse around
this topic and to catalyze future research, while also providing actionable
insights for practitioners at the intersection of technology and sustainability
in manufacturing.

METHODOLOGY

This review paper seeks to offer a comprehensive knowledge of the rela-
tionship between sustainable manufacturing and computer vision (CV). We
gathered and reviewed relevant academic research using a systematic review
methodology. Our literature review focused primarily on peer-reviewed aca-
demic papers and articles within the realms of Computer Vision, Artificial
Intelligence, and Sustainable Manufacturing. The articles were retrieved
from several respected databases in the field. These included IEEE Xplore,
Google Scholar, ScienceDirect and ACM Digital Library. The choice of these
databases ensured broad coverage of multidisciplinary research and mini-
mized the risk of missing relevant studies. Our criteria for selecting these
sources included their subject matter relevance, their methodology, and how
each source might contribute to our understanding of CVs’ role in sustain-
able manufacturing. Both qualitative and quantitative studies were included
as we recognized the need for a comprehensive perspective, including both
statistical data and contextual insights. We used a thematic analysis strategy
to examine the gathered scholarly papers. We divided the information into
themes, such as the use of CV in sustainable production, challenges integrat-
ing CV, and proposed and solutions and strategies. The existing research’s
patterns, connections, and gaps were then critically analyzed for each theme.
We were able to develop a thorough picture of the state of the field using
this method while also identifying areas that needed more investigation.
The accuracy and thoroughness of our review are guaranteed by the rig-
orous and methodical use of the technique we chose. Our goal is to close
the knowledge gap between theory and practice in this rapidly developing
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and important sector by fusing knowledge from both academic research and
industry practice.

COMPUTER VISION AND SUSTAINABLE MANUFACTURING

The intersection of computer Vision and sustainable manufacturing is a
promising frontier for industries seeking to adopt more environmentally prac-
tices. When applied in a manufacturing context, CV’s analytical and inter-
pretable capabilities may significantly increase the sustainability quotient,
leading industries towards a more environmentally conscious future.

Table 1 gives an overview of different technologies of CV, their applica-
tions, and benefits in manufacturing.

Table 1. Different computer vision (CV) technologies, their applications, and benefits

in manufacturing.

Computer Vision
Technology

Application in Manufacturing

Benefits

Object Detection

Image Segmentation

Optical Character
Recognition (OCR)

3D Vision Systems

Motion Analysis

Identifies and classifies objects in
images or video. Used for quality
control, defect detection, and sorting
processes

Segments an image into different
regions based on certain characteristics.
Used in defect detection and product
classification.

Recognizes and translates printed or
written text characters into
machine-readable text. Used in package
labelling, product tracing, and
inventory management.

Creates a three-dimensional model of
the environment. Used in robotic
guidance, precision assembly, and
quality control.

Tracks the movement of objects over
time. Used in predictive maintenance,
safety monitoring, and process
optimization.

Enhances quality
assurance, reduces waste,
improves sorting accuracy.

Improves defect detection
accuracy, aids in detailed
quality control.

Streamlines inventory
management, enhances
traceability, improves
accuracy of labelling.

Enhances precision in
assembly, enables advanced
robotic applications,
improves quality control.
Enables predictive
maintenance, enhances
safety, improves process
efficiency.

Computer Vision (CV) has emerged as a cutting-edge solution to fulfill

these changing needs as the manufacturing sector moves toward sustainabil-
ity. The different ways that CV helps to promote sustainable manufacturing
practices are covered in the following subsections:

Resource Efficiency

CV systems can monitor manufacturing processes in real-time, detecting
anomalies, predicting failures, or ensuring that raw materials are used opti-
mally. Early detection of defects through CV can lead to less wastage of
materials and energy. For instance, by integrating CV into assembly lines,
manufacturers can monitor real-time data of their machinery and processes
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(Liu et al., 2022). This real-time data analysis can identify inefficiencies and
wasteful practices, enabling operators to optimize their resource usage and
reduce waste. (Ngan et al., 2011; Shen et al., 2013; Gao et al., 2022).

Waste Reduction

Advanced CV systems can be pivotal in waste segregation in factories. They
can distinguish between different types of waste, ensuring recyclables are sent
for recycling, and non-recyclables are treated appropriately. Such precision
reduces landfill waste and promotes recycling (Anitha et al., 2022; Cuingnet
et al., 2022; Sharma et al., 2023) Besides automatic waste sorting and recy-
cling CV can also be deployed for waste composition analysis. The insights
on the types and quantities of waste generated can be used to formulate waste
management strategies (Dong et al., 2022).

Predictive Maintenance

Predictive maintenance is another area where CV provides potential value
(Abidi et al., 2022; Liu et al., 2022). By constantly monitoring machinery
and equipment, CV can detect anomalies or signs of potential malfunction
(Baumung and Baumung, 2020). By predicting failures before they occur,
manufacturers can carry out necessary maintenance, preventing costly break-
downs and reducing the wastage associated with sudden equipment failure
(Zonta et al., 2020).

Product Quality Assurance

CV can be employed in manufacturing industries to automate quality control
processes. By inspecting products for defects, errors, or inconsistencies, com-
panies can reduce waste and resource usage, ensuring that only high-quality
products are produced and delivered (Kazemian et al., 2019; Haleem et al.,
2021; Jin et al., 2023).

CHALLENGES IN INTEGRATING COMPUTER VISION IN
MANUFACTURING

Although Computer Vision (CV) offers enormous potential in enhancing
manufacturing sustainability, there are several types of challenges that must
be overcome for integration to be successful. These significant challenges are
described in this section.

Technical Complexities

A solid technical infrastructure, which includes robust hardware and cutting-
edge software capabilities, is required to implement CV. High computational
power and reliable data acquisition systems are often needed due to the com-
plex nature of CV algorithms (Zhao et al., 2022). Additionally, it can be
technically difficult to build and train CV systems to function well in a variety
of dynamic manufacturing environments.
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Data Privacy and Security

Large amounts of data are frequently collected and processed in the use of
CV systems, which raises concerns regarding the security and privacy of that
data. Manufacturers must solve the critical challenges of ensuring that data
collected through CV systems is properly stored and handled (Li et al., 2022).

Skills Gap

Personnel with specific expertise in fields like data analysis, machine learn-
ing, and CV are needed for the effective implementation of CV technologies.
However, there is frequently a skills gap in the manufacturing industry, with
an absence of employees with the know-how to deploy and operate CV
technology (KIEL et al., 2017; Moldovan, 2019; Li et al., 2021).

Integration With Existing Systems

Integrating new systems with current processes is a major obstacle to com-
puter vision (CV) technology use in manufacturing. Technical as well as
operational variables are involved with this topic.

1. Technical Integration: from a technical perspective, CV systems must
be compatible with existing hardware and software used in the manu-
facturing process. In order to achieve this, it may be necessary to make
sure that CV systems can interact with other systems via interfaces and
protocols that are compatible with one another (Khan et al., 2023).
Additionally, CV systems frequently require fast, reliable data connec-
tions to provide visual data for processing, requiring potential network
infrastructure changes (KIEL et al., 2017).

2. Operational Integration: operationally, integrating CV systems may call
for modifications to current workflows and procedures. For instance, if
a CV system is being used for real-time quality checks, the manufactur-
ing process may need to be restructured to allow defective products to
be removed immediately. To be implemented successfully, these changes
may need to undergo extensive planning and change management (Zhou
et al., 2023).

3. Legacy System Compatibility: Making sure that CV systems are compat-
ible with legacy systems that may be outdated but are still necessary for
the manufacturing process is a significant challenge. It may not always
be feasible to upgrade these legacy systems to work with CV technologies
because it might be expensive and complex (Cao and Iansiti, 2022).

In conclusion, although integrating with current systems represents sig-
nificant challenges, careful planning, technical know-how, and competent
change management can make it possible to successfully adopt CV technolo-
gies in manufacturing environments.

PROPOSED SOLUTIONS AND STRATEGIES

Modern industries are moving more and more toward integrating Computer
Vision (CV) technologies as part of their search for sustainable manufac-
turing. However, the challenges (discussed in the previous Section) this
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integration presents—whether they be due to technical complexities, con-
cerns about data privacy, or the skills gap—require an in-depth investigation
of viable solutions. Drawing insights from the broader field of Artificial Intel-
ligence (AI) in manufacturing addressed by (Kutz et al., 2022; Neuhiittler
et al., 2022; Neubhiittler et al., 2023), we propose, as described in Figure 1, a
comprehensive set of strategies to address the current challenges.
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Figure 1: Domains of human systems integration.

Interdisciplinary Collaboration in CV Development

Holistic CV solutions can be produced by bringing together experts from
different fields such as IT, manufacturing, data science and sustainability.
Technical challenges can be addressed through collaborative projects that
bring together interdisciplinary skills while ensuring the produced solutions
are appropriate for use in real-world manufacturing scenarios.

Democratization of Computer Vision

For CV to be successfully integrated, the entire organizational hierarchy must
accept and comprehend it. In order to ensure that not only the technical
team but also managerial and ground-level employees grasp the technol-
ogy’s potential and workings, this democratization comprises the provision
of fundamental CV training for all related departments.

Emphasis on Data Quality for CV Algorithms

AT experts concur that the quality and quantity of the available data play
a critical role in determining the stability and efficacy of CV models. The
gathering of high-quality data must be prioritized by organizations, and they
must make sure there is enough data to train reliable and generalizable CV
model.
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Adopting Rapid Development Cycles

The incorporation of cutting-edge technology like Computer Vision (CV)
into sustainable manufacturing requires quick development cycles, which are
similar to “agile” software development approaches. They allow for:

. Real-time feedback: testing and refining solutions in real operational
settings allows stakeholders to gather real-time feedback.

. Risk mitigation: identifying potential pitfalls and addressing challenges
early on.

. Stakeholder engagement and trust: Demonstrating the value of a solution
early builds trust and increases organizational acceptance.

. Enhanced flexibility and adaptability: keeping up with fast-paced devel-
opments in CV.

However, implementing rapid cycles presents challenges with resource
allocation, resistance to change, and quality assurance. Cross-functional
teams, regular testing, iterative feedback mechanisms, and continuous train-
ing are all advantageous for successfully implementing quick development
cycles. These agile methods become more and more important as industries
evolve.

Collaborative Knowledge Sharing

The speed and effectiveness of execution can be increased by encourag-
ing collaboration between development projects and building a professional
knowledge management system for CV development. Sharing best practices,
successful use cases, and guidelines may provide a road map for seamless CV
integration.

FUTURE PERSPECTIVES

We have examined the potentials and challenges of computer vision (CV) in
sustainable manufacturing, but it is as important to look ahead and fore-
cast the future of this mutually beneficial relationship. In this constantly
changing environment, the combination of CV and sustainable manufac-
turing not only shows potential but also signals the beginning of a new
era of environmentally responsible, productive, and cutting-edge industrial
processes.

Expansion of CV Technologies in Manufacturing

The use of CV in sustainable manufacturing is still in its early stages. We
anticipate a wider range of applications suited to specialized production pro-
cesses as technology evolves. The opportunities will expand due to improved
algorithms, high-speed cameras, and advanced sensors, allowing for even
more detailed and efficient operation monitoring.

Integration With Other Emerging Technologies

By combining CV with emerging technologies like the Internet of Things
(IoT), Blockchain, and 5G, the manufacturing landscape will be completely
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changed. Such a merger will make it easier to collect and analyze data in real-
time, guarantee fast decision-making, and improve sustainable operations.

Customized and On-Demand Manufacturing

The overproduction of commodities is one of the problems with sustain-
ability. With CV providing real-time customization and quality checks,
we predict a shift towards more on-demand production, decreasing waste
associated with mass manufacturing and unsold goods.

Advanced Training and Augmented Reality (AR) Integration

Training and skills development will be transformed by the integration of AR
and CV, which can provide real-time feedback to technicians while improving
their skills, ensuring products meet quality standards, reducing waste and
upskilling the workforce.

CONCLUSION

Today, sustainable manufacturing is central to addressing environmental
issues, and together with CVs’ transformational capabilities, it represents a
unique and promising paradigm. As this review shows, CV’s applications
in manufacturing are diverse, going beyond operational efficiency to fun-
damentally reshape how industries approach sustainability. It is possible to
use CV’s powerful combination of real-time analytics, precision quality con-
trol, predictive maintenance and waste reduction to transform sustainable
manufacturing from a theoretical idea into a workable, scalable reality. A
comprehensive and connected manufacturing ecosystem is made possible by
CV’s inherent versatility, which also allows it to be easily combined with other
emerging technologies.

However, as with any transformative technology, the integration of CV
into sustainable manufacturing is not without its challenges. Technical com-
plexity, skills gaps and privacy issues are all potential barriers. Yet our
analysis has shown that these challenges, when met with innovation and
strategic foresight, can be transformed into avenues of opportunity and
research.

In conclusion, there is a critical inflection point in the relationship between
computer vision and sustainable manufacturing. It is the shared responsibility
of academia, industry and governments to drive this discourse forward, pro-
moting research, implementation and ethical considerations, even as current
applications and studies have demonstrated its enormous potential. At the
forefront of this technological revolution, CV and sustainable manufactur-
ing are paving the way for a greener, more productive and more cutting-edge
industrial future.
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