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Abstract

Automating manufacturing tasks, such as quality control, fault detection, part classification, and inventory manage-
ment with machine vision systems can significantly improve process efficiency, accuracy, and productivity. As a result,
the machine vision technology market is expanding, largely driven by its applications in manufacturing across both
hardware and software sectors. Nevertheless, small- and medium-sized enterprises (SMEs) face distinct challenges in
the implementation of such systems due to their human, technical, and organizational constraints. An overview of the
current state of research and practical insights is essential to address these constraints and guide future developments.
Although some surveys and interviews have been conducted, no comprehensive review outlines scientific literature on
research methods and initiatives related to the characteristics and challenges of adopting machine vision systems in
industrial SMEs. Therefore, we present a systematic literature review to identify applications, challenges and proposed
approaches for machine vision and its adoption in industrial SMEs, analyzing 770 articles. The review highlights qual-
ity control as the prominent application, while primary challenges for SMEs include limited investment capacity, labor
and expertise shortages, and high-variety, low-volume production, which often leads to insufficient data for training
algorithms. Furthermore, the review identifies approaches involving low-cost hardware, open-source software, and
intuitive-to-use systems as potential solutions to these challenges. Although many articles contribute to highly specific
problems of SMEs, we identified a lack of broader applicable interdisciplinary approaches to integrate machine vision.
This article outlines challenges and initiatives for adopting machine vision across different applications to enhance value
generation for industrial SMEs facing specific challenges. Future research can leverage our findings to develop industrial
solutions or explore new research directions in this domain.

Article highlights

e Machine vision fosters efficiency and quality in SMEs production
e High costs and lack of skills are the main challenges in vision technology adoption
e lack of integrated frameworks calls for holistic solutions tackling cost, skills, data, and production variety
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1 Introduction

Manufacturing companies digitalize and automate their processes to enhance efficiency, accuracy, and productivity
[1]. Key automation tasks such as quality control, fault detection, part classification, and inventory management are
increasingly handled by machine vision systems [2-5]. As these systems become integral to modern manufacturing
environments, the machine vision technology market expands rapidly [6]. Market growth rates of over 10 percent
until 2030 are expected with manufacturing as the dominant industry in market share [7].

Despite the ongoing adoption of machine vision technologies in industry, small- and medium-sized enterprises
(SMEs) face unique challenges in integrating these technologies. SMEs often operate under significant human, tech-
nical, and organizational constraints, which contradict the requirements of implementing advanced technologies
[8]. Given their critical role in economies like Germany and the United States, where SMEs account for 97.3 percent
and 98.6 percent of all manufacturing companies respectively, addressing these barriers is essential to maintaining
competitiveness and fostering innovation in the manufacturing sector [9, 10].

Articles have explored various technical aspects of machine vision systems, including algorithm advancements,
hardware design, and software development [11, 12]. However, most of this research does not consider the unique
challenges SMEs face. While some literature addresses specific aspects of these challenges, such as the limited invest-
ment capacities of SMEs [13], a comprehensive understanding of how these challenges interplay in the context of
machine vision adoption remains understudied. Despite presented interviews on adopting machine vision tech-
nologies [14], no systematic review has specifically addressed the unique characteristics, challenges, and solution
approaches faced by industrial SMEs. Such a review that synthesizes existing research and identifies the intersected
area of machine vision, manufacturing applications, and technology transfer for SMEs could contribute valuable
insights for researchers and practitioners, guiding future developments and facilitating more effective adoption of
machine vision technologies in industrial SMEs.

To address this gap, a systematic literature review based on the PRISMA method will be conducted [15]. The review
aims to answer the following research questions:

1. What are the key application domains and tasks in industrial machine vision for SMEs?
2. What challenges do scientific articles identify in the use of machine vision systems for SMEs?
3. What approaches and solutions are presented to address these challenges?

The structure begins with fundamentals in Chapter 2, followed by the review methodology and literature analysis in
Chapter 3. Chapter 4 presents the findings to the research questions, and Chapter 5 concludes with limitations and
future research directions.

2 Fundamentals

This article focuses on the intersection of three domains: machine vision, industrial manufacturing, and technology
adoption for industrial SMEs. To facilitate understanding, Sect. 2.1 provides an overview of the fundamentals of
machine vision as applied in industrial manufacturing, while Sect. 2.2 addresses the adoption of technology by SMEs,
highlighting the interdependencies among human skills, technological requirements, and organizational structures.

2.1 Machine vision in industrial manufacturing

Machine vision, also referred to as the utilization of computer vision in industry, leverages various technologies,
including optics, imaging, sensors, and software algorithms, mostly to automate image analysis e.g. for inspection
and process control. Machine vision systems are widely used in industrial manufacturing sectors such as automotive,
electronics, and aerospace [16-18]. In these industries, they are integral to automating key functions like quality
control, inventory management, and part tracking, enhancing efficiency and precision throughout production pro-
cesses [5, 19, 2]. A typical machine vision system involves multiple hardware and software components to capture
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and analyze images. Beyerer et al. outline the process chain of machine vision systems in industrial applications as
comprising image acquisition and digitization, preprocessing, information compression and extraction, followed by
decision-making that leads to action. This process is illustrated in Fig. 1 with a flowchart [20].

The first step in the machine vision chain is image acquisition and digitalization. It describes the process in which a
camera captures optical image data of a scene and its environment (such as lighting), along with features like the objects
of interest, which is then converted into a digital image by analog-to-digital converters [21]. Figure 2 illustrates the sens-
ing process, showing the camera system, illumination setup, the object under inspection, and the optical geometry [20].

After image acquisition and digitalization, the digitalized images are usually preprocessed. Image preprocessing
involves improving the image quality according to the specific requirements of the corresponding task [22]. This can be
noise reduction, image resizing, or cropping to proper frames [22, 23].

Along with preprocessed image data, compression, and feature extraction are carried out. Compression describes the
process of reducing the image size without significant loss of quality to make transmitting and storing large volumes
of images easier. Compression is conducted using techniques such as JPEG or GIF [24]. Feature extraction, on the other
hand, involves identifying key characteristics such as edges, textures, shapes, or colors that are relevant to the analysis,
typically using dedicated filters and transformations, such as the Canny detector [25] to filter an image for edges, the
Gabor filter [26] to extract textures, and the Hough transformation [27] to recognize specific geometric shapes based
on such filtered images [28, 29].

Finally, an analysis is performed to interpret the visual data and derive insights or classifications, depending on the
application’s objectives. These analyses often lead to actions in the system’s operating environment, such as sorting
products based on machine vision identification [30].

In recent years, machine learning approaches have gained prominence in the feature extraction and analysis stages of
machine vision systems. Such models typically rely on convolutional neural networks (CNNs) or vision transformer blocks
(ViT) to learn the end-to-end relation between image data as input and the desired machine vision outputs, enabling
subsequent decisions and actions. Architectures such as the You Only Look Once (YOLO) [31] for object detection or the
U-Net architecture [32] for image segmentation have already been widely used and often perform better than traditional
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algorithms utilized for these machine vision tasks [33-35]. Besides such discriminative models, generative models such
as Generative Adversarial Networks (GANs) have been introduced in recent years to enhance machine vision tasks [36].
Generative Al models are able to learn the distribution of underlying image data foundations and can use this knowledge
for several downstream tasks, such as the generation of artificial data to augment training datasets for training [37].

To ensure a structured and standardized approach to integrating machine vision systems, the developed methods
and processes are often formalized in norms and guidelines. An example of such a guideline is the VDI/VDE/VDMA 2632
sheet 2, which describes the general requirement engineering for machine vision integration [38]. Additional specifica-
tions and guidelines are provided for specific subtopics, including image preprocessing, acceptance tests [39, 40], and
specialized areas such as surface inspections, the measurement and characterization of camera parameters [41], or visual
methodological aspects in flat steel applications [42]. These guidelines not only facilitate the preparation of requirements
and system specifications for machine vision systems but also ensure effective communication between suppliers and
users during project phases. Furthermore, they maintain internal quality by establishing clear performance criteria and
expectations.

2.2 Technology transfer in SMEs

An SME is a company with employees, revenue, and assets below a certain threshold, though these thresholds vary by
region. For example, in the European Union, SMEs are defined in the Commission Recommendation of 2003 as com-
panies with fewer than 250 employees, revenue below €50 million, and a total balance sheet fewer than €43 million
[43]. They are categorized with a critical role in modern economies, but fewer investment capacities compared to larger
companies [9, 10, 13]. On the other hand, technology transfer describes the process of sharing or transferring technol-
ogy from the person or organization that owns or holds it to another person or organization [44]. Technology transfer is
vital for SMEs because it allows them to harness advanced technologies and innovations from public research, driving
competitiveness and securing their future without necessarily increasing costs [45]. Thus, publicly funded institutions,
acting as intermediaries, are instrumental in driving open innovation among these businesses, facilitating the adoption
of new technologies [46]. For instance, the service center WestAl facilitates knowledge exchange on artificial intelligence
(Al) technology in Germany, with a particular focus on industrial SMEs [47]. To better understand the broader implica-
tions of technology transfer, various conceptual frameworks have been developed. Some of these specifically focus on
[T-related technology adoption in SMEs, exploring how these businesses can effectively integrate IT technologies into
their operations [48]. Arenas et al. summarize technology transfer models in general within a systematic review and
categorize them based on the interaction range, such as between university and industry or two industry partners [49].
Mancini et al. developed a conceptual model showing collaboration among governments, universities, and businesses
facilitates SMEs’ access to networks or clusters, leveraging external knowledge to boost international engagement [50].
SME-specific constraints, such as limited financial resources are described, and by integrating a multi-helix perspective,
itis illustrated that collaborative networks and multi-stakeholder partnerships can foster the competencies needed for
international expansion [50].

Figure 3 illustrates this model [50]. The study’s findings underscore the importance of SMEs' participation in networks,
enabling them to leverage external knowledge, collaborate with institutions, and improve competitiveness on a global
scale. Additional frameworks exist, along with further reviews that compare them [51].

To assess the readiness of industrial SMEs in technology adoption and usage, existing literature highlights several key
indicators such as the integration of industrial internet, cloud manufacturing, collaborative robots, business models, and
digital transformation. These indicators are grouped into five dimensions: (1) Organizational Resilience, (2) Infrastructure
System, (3) Manufacturing System, (4) Data Transformation, and (5) Digital Technology, providing a structured framework
to evaluate SMEs’ capabilities for integrating advanced technologies into their operations [52].

Despite this structured approach, the integration of advanced technologies presents significant challenges. Barri-
ers such as high investment costs, unclear economic benefits, and security risks are significant hurdles that must be
overcome to facilitate technology development. These barriers are particularly pronounced in the industrial domain,
where organizational, technological, and environmental factors play a critical role [53]. Given this complex interplay, it
becomes essential to adopt a Human-Technology-Organization (HTO) perspective, which provides a structured approach
to analyzing these dynamics. The HTO (sometimes also referred to as HOT [54]) framework helps identify and address
the interdependencies among human factors, technological infrastructures, and organizational structures, offering a
comprehensive view of the challenges and opportunities in industrial technology adoption [55]. Building upon the
foundational HTO framework, subsequent adaptations have been introduced to support the adoption of information
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technology in organizational technology management [56]. Table 1 summarizes the key aspects of this adapted frame-
work. Human factors are described as individual attributes, including skills and knowledge, and interactional aspects, such
as collaboration and communication. Organizational factors include internal characteristics, such as the organizational
structure and IT strategy, as well as external characteristics, like industry dynamics and government regulations. Finally,
technology factors encompass specific requirements, such as hardware and software, as well as broader considerations,
such as information and system quality [56].

Therefore, the adoption of technology in industrial SMEs is not only a technical effort but also an organizational and
human challenge. Technology transfer directly supports these dimensions by facilitating access to innovations, address-
ing skill gaps, and reducing financial risks [57, 58].

3 Methods

Building on the outlined fundamentals, this chapter gives an overview of the methods used in the review. It was con-
ducted following the PRISMA methodology, which aims to ensure systematic reviews are presented transparently, com-
prehensively, and accurately [15]. However, only the steps relevant to our domain were implemented to ensure the
approach remained tailored and applicable to the scope of the research. Firstly, we applied stringent exclusion criteria
to ensure relevance and focus, to our research questions defined and listed in Table 2. Each exclusion criterion ensures
the literature aligns with the specific domain of machine vision for industrial SMEs. Articles are excluded if they lack an
image modality, and consequently no machine vision orimage algorithm context. Similarly, papers are excluded if they
do not prominently feature SMEs in either the study’s motivation or its contributions. Articles that do not relate to indus-
trial manufacturing or its surrounding research areas are also excluded. Furthermore, there are content-independent
exclusion criteria. Articles not written in German or English were excluded due to language limitations. Also, articles
published before 2014 are excluded to focus exclusively on current research approaches from the past decade. Further,
publications that can not be accessed are excluded as their content can not be validated. Lastly, a category for exclusion
based on other factors is taken into account.

We selected three databases that are particularly recognized for their suitability in engineering research: IEEEXplore,
Scopus, and Web of Science. The initial search string was developed based on criteria 1, 2, and 3, and the specific terms
were chosen through an internal workshop format. We used the symbol “*” to allow flexibility in word endings during
the search. Three iterative cycles were conducted to refine the search string. For criteria 1, certain terms were found to
be either too specific, such as “CT" for the visual procedure of computed tomography, or overly broad, like “optical*” In
criteria 2, the abbreviation “SME” was challenging because it can represent various meanings (such as subject matter
expert, Society of Manufacturing Engineers, set-membership estimator, or squared-mean-error). Still, it was retained due
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Table 3 Refined search string

. Machine vision SMEs Industrial manufacturing keywords
categories and keywords keywords keywords
(Within each column,
keywords are combined “Computer vision” “SME*" “Manufactur*”

using an OR Operator; across
columns, they are combined

“Machine vision”

“Small compan*”

“Production technology”

using an AND Operator, as “Visual inspection” “Small business*” “Industr*”

written in Appendix 6.1 “Automated vision” “Small-scale Industr*” “fabricat*”
“Object detection” “Micro enterprises" “Factory”
“Defect detection” “Small-scale businesses” “lloT”
“Image classification” “Small enterprises” “loT”

“Image analysis”
“Semantic segmentation”

“start-up”
“Medium businesses”

“Production line”
“Assembly”

“Small- and medium-sized enterprise*”
“Small- and middle-sized enterprise*”

“Image segmentation”
“Visual quality control”
“Visual analysis”
“Optical metrology”
“Optical monitoring”
“Image synthesis”
“Image generation”

An asterisk (*) indicates a wildcard to include all word variations

[ 922 articles I | 770 articles in l | 64 articles in full I | 60 articles in data ]
retrieved ! abstact screening ! screening ! extraction
1 1 1
152 excluded: 706 excluded: 4 excluded:
150 dublicates, 39 criteria 1, 1 criteria 1,
2 not artlces 433 criteria 2, 3 criteria 6

189 criteria 3,
45 criteria 7

Fig.4 Results of research selection and extraction

to its common use for small- and medium-sized enterprises. Additionally, for criteria 3, the term “industrial” was sometimes
associated with medical, healthcare, or biological contexts, but it was kept because of its relevance to manufacturing
contexts. Table 3 describes the final search string.

The search was conducted on July 1, 2024. Article exclusion decisions were made by two independent reviewers
through an abstract screening, followed by a full-paper screening. The abstracts were randomly distributed to the review-
ers. A total of 922 articles were identified in the selected search engines, with 150 duplicates and 2 additional records,
that did not qualify as research articles. As a result, 770 articles were reviewed during the Abstract Screening, with 706
being excluded. This exclusion is primarily based on the usage of the abbreviation “SME” in a different context, as well
as the appearance of “industry” in domains beyond the scope of this review.

This left 64 articles for full-text screening, of which 3 were excluded as they could not be accessed and 1 irrelevant
regarding the exclusion criteria. The excluded articles were from fields unrelated to industrial manufacturing, did not
address machine vision systems or image modality in general, or lacked relevance to organizational aspects of SMEs. Thus,
60 articles underwent data extraction. The described research selection and extraction results are illustrated in Fig. 4.

After research collection, the data extraction is done by a single reviewer process, following nine predefined questions
and specific criteria. This extraction process systematically organizes key information into defined categories to address
the research questions and will be done with tabular sheets. Each category is mapped to specified answer options,
developed based on insights from an internal workshop conducted after extracting data from a subset of articles. An
‘undefined’ option is included for cases where the expected information is not provided in the article. The selected cat-
egories and option examples are listed in Table 4 as follows:

Categories 1-5 cover general information about the article. Categories 6-7 correspond to research question 1, Cat-
egory 8 to research question 2, and Category 9 to research question 3. The results will be presented both quantitatively
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through data visualization methods and qualitatively through summaries highlighting the most significant contributions
to the research questions.

4 Results

Firstly, Sect. 4.1 describes the general properties of the identified literature based on data extraction categories 3-5
(Table 4). Then, the results are organized according to the research questions. Section 4.2 explores research question
1, focusing on the applications and general tasks of machine vision in SMEs. Section 4.3 addresses research question 2,
identifying the challenges related to the development and implementation of machine vision systems in SMEs. Lastly,
Section 4.4 summarizes the proposed solutions in the literature for SMEs to overcome these identified challenges.

4.1 Funding and participation of SMEs

Within the identified publications, 15.9 percent are authored by German institutes or organizations, while 84.1 percent
are international publications. While funding was unclear for 47.5 percent of the projects, 16.5 percent were funded
through transfer projects, and 36 percent through non-transfer projects. 17.4 percent involve direct participation from
SMEs, with at least one author affiliated with an SME. Additionally, 10.1 percent of the publications include SMEs in a
supportive role, primarily contributing to the validation of the research. The majority, 72.5 percent, do not involve SMEs
and remain purely scientific publications.

4.2 Applications and tasks of machine vision in SMEs

To answer the first of our research questions, i.e., the analysis of which tasks and in which applications SMEs use indus-
trial machine vision, we primarily investigated the Domain and the Computer Vision Task category listed in Table 4. To
address both aspects of the research question, Fig. 5 in the first place shows the distribution of the application domain
of industrial machine vision in SMEs.

The literature on machine vision research for SMEs shows a notable increase in publications over the years with a peak
of publications in 2022, while 2024 is included only up to July 1, as that was the search date. The increasing interest can

Fig.5 Publication year and
industrial domain frequency 16 Domain
in the identified literature *

In 2024, articl blished W Further
n  articles publishec I Inventory Management
before July 1 are only consid- 14 o
ered Not specified
E Part Inspection
12 Quality Inspection
Bl Robotics
10 | HEE  Tool Monitoring '

Frequency
[o2)

6
4 1t -

n © ~ © o o = IN] ™ *
) ) ) ) ) S S S S 3
I3 I3 N 5 N I3 N N N S

(]

Publication Year
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be attributed to the growing accessibility and demand for automation technology solutions to the specific needs of SMEs
[59]. Nevertheless, a decline in publications in 2023 can be observed. While it is not within the scope of this review to
investigate the reasons behind this decline, possible explanations include changes in funding or economic conditions,
or shifting research priorities. The range of domains is increasing, showcasing the potential of machine vision across
industries. While in the 2010s, machine vision is primarily utilized for robotics and quality inspection, applications in other
domains, such as inventory management or tool monitoring become more relevant in the last years.

The most prominent application domain of industrial machine vision is quality inspection with about one-third of arti-
cles applying industrial machine vision to this domain. This large share might be because applications in quality inspec-
tion, in specific defect detection, have been known for a long time, and the potential of this technology has been proven
in many use cases [60]. For instance, camera-based defect detection can be utilized to automate otherwise manual and
monotonous work cost-efficiently while often still achieving the same level of accuracy as humans. Examples of this can
be found in the articles of [61-63], and [64], in which the authors implemented defect detection for LED displays, metallic
deposition processes, assembly processes, and injection molding. Besides quality inspection, a further key application
domain is robotics, in which vision capabilities enhance the recognition and coordination of robotic systems, such as for
autonomous movable robot arm simulations [65] or scene segmentation for robotic assembly processes [66]. Additionally,
part inspection is recognized as an application area, where manufacturing components are examined using machine
vision systems for dimensional accuracy, such as in the case of extruded rubber profiles [67] or for sorting purposes [68].
Smaller clusters include tool monitoring in production, for example with a focus on cost-effective solutions [69], and
inventory management, such as for the mass identification of products [70].

The second aspect that is assessed concerning the research question is the computer vision tasks. As listed in Table 4,
seven distinct categories were selected as being relevant. The distribution of articles over these categories is summarized
in Fig. 6.

The majority of articles work on object detection tasks, followed by classification and pose estimation. Object detec-
tion can be utilized to tackle a variety of machine vision problems, such as defect detection, where defect class and
location are being inferred [71], or inventory management, where an object detection task must be solved to keep track
of material flows within enterprises [72]. Additionally, some machine vision tasks are being utilized in specific domains.
For example, all five instances of articles focused on pose estimation are solely applied to the robotics domain. This is due
to the domain-specific requirements. In robotics, actions in the open space are performed such that robots must know

Fig.6 Frequency of computer
vision tasks in the identified 30
literature

25§

N
o

Frequency

10
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the position of certain objects to either avoid them to prevent collisions [73] or to approach them for placing operations
[11]. Besides robotics, the high number of articles working in the field of quality inspection is directly reflected by the
quite high number of classification tasks tackled since almost all of the papers working on classification problems do it
for quality inspection since for simple quality checks the sole information, whether a part is defective or not, is sufficient
for some applications. One example can be found in the work of [74], where the authors applied such a binary classifica-
tion to the quality inspection of casting parts. Both were used in the domains of quality inspection, robotics, and part
inspection purposes. Furthermore, some publications handle pose estimation, edge detection tasks, segmentation, and
other related tasks.

In summary, the literature highlights a growing interest in industrial machine vision for SMEs, with quality inspection
and robotics as the most prominent application domains, and object detection as well as classification as the major
computer vision tasks.

4.3 Challenges of machine vision development in SMEs

The publications highlight several challenges associated with adopting machine vision technologies. The most notable
included high costs, a lack of qualified personnel or labor shortages, the complexity of High Mix and Low Volume Pro-
duction (HMLV), and a shortage of data. Many of the identified articles also describe a combination of these challenges.
Figure 7. illustrates these challenges, categorized into different clusters as a bar chart.

High costs arise from various factors. Traditional inspection hardware often requires substantial investment, which
can be particularly challenging for SMEs and barriers in developing economies [75]. Additionally, off-premise software
infrastructure entails high initial setup costs, often due to the lack of existing hardware [61], while on-premise cloud
solutions are generally more expensive in the long term [70]. Besides service infrastructure, the investment required
for computing power to run vision algorithms is particularly high [76]. Moreover, the generation of images along with
labeling comes with high costs due to the significant time investment required from experts [77].

Articles highlight a shortage of skilled labor. General factors, such as population decline in many developed countries,
particularly affect the engineering domain [62]. SMEs face a general shortage of technical staff or lack sufficient IT-trained
personnel [78]. Even professional IT personnel in these companies often lack the specialized skills needed to adopt
new cutting-edge technologies [79]. Additionally, organizational aspects, such as employee acceptance, hinder small
organizations without clear processes [8]. Overall, skills shortages are significantly more likely to affect manufacturing
SMEs than large enterprises [80].

Furthermore, managing HMLV is challenging because it requires the production of a diverse range of products, each in
limited quantities. The current trends are pushing the manufacturing sector towards HMLV, which calls for collaborative
and more flexible solutions and production systems [81]. In SMEs, it is even more, as few-of-a-kind production is more
typically due to less automation [82]. Since the production volume for each product is limited, labeled data are scarce [83].
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This presents challenges in adapting algorithms to accommodate a wide variety of shapes, sizes, and features, without
requiring too much data for training with each product. Data availability itself is another challenge. SMEs often face a
lack of accessible datasets, particularly labeled ones [84]. Even when data is available, it is frequently unbalanced due to
the rarity of defective products in their processes [64].

The 'Multiple’ bar reflects cases where multiple challenges overlap, with segments representing each challenge pro-
portionally according to their frequency. Among the 20 articles addressing multiple grouped challenges, 9 highlighted
HMLV and 14 highlighted Insufficient Qualification and Labor Shortage, though both appear less prominently in the bar
chart compared to High costs.

Some articles also mention other barriers, such as the low workload of individual applications, which makes automa-
tion less feasible [65], as well as the challenges posed by tedious manual assembly [71]. Furthermore, the lack of proper
equipment, often linked to investment restrictions, poses a significant barrier [73]. Even when use cases exist, there is
often insufficient workload in a single specific context, making automation more challenging [85]. Furthermore, human-
related aspects, such as mistrust in machine vision technology and employee acceptance, have been highlighted [8, 14].
A categorization of these challenges in the context of HTO can be achieved by describing each aspect based on Table 5,
highlighting the critical focus on technology aspects along with human and organizational aspects. Table 5 presents
all articles, their categorization as HTO, and the corresponding challenge category [56]. The categorization process was
conducted independently by two researchers. Afterward, contradictions were resolved collaboratively to select the final
categorization.

Although many challenges have been identified, the main challenges for adopting machine vision technology in SMEs
presented are high cost, insufficient qualification and labor shortage, HMLV and data shortage, and their combinations.
These challenges include human technological and organizational aspects with a particular emphasis on technological
requirements.

4.4 Approaches and solutions for machine vision adoption SMEs

The articles present different approaches for integrating machine vision in industrial SMEs. Firstly, the selection of low-
cost hardware components, such as Arduino-based vision control [69] or single-board computers like Raspberry Pi [99].
Hardware components were often tailored to domain-specific requirements, such as flying tracking systems for data col-
lection along the entire production environment [95]. Additionally, open-source software such as OpenCV [82], combined
with tailored software specifications, including various combinations of software modules [105], was presented. Some
of these also work out-of-the-box as pre-trained models [91]. Other approaches were designed to be used intuitively
by user. Further data augmentation techniques, such as those that generate data using algorithms [64], including GANs
or synthetic computer-aided design (CAD)-based approaches [115]. Figure 8 clusters these approaches based on the
challenges described in the corresponding research.

Numerous approaches have been explored to address high-cost challenges, with many articles emphasizing the adop-
tion of open-source software [8, 691. It offers the dual benefits of cost-free usage and modular expandability, allowing
customization to suit specific machine vision use cases. Such tailored software has also been presented, along with out-
of-the-box solutions that reduce the monetary investment typically required for system integration [109]. Additionally,
low-cost hardware components were presented, offering sufficient attributes to address the use case under considera-
tion with less monetary investment required [72]. These hardware components included sensors, such as cameras and
lenses, or robots equipped with visual applications [11, 103].

Insufficient qualification and labor shortages are also addressed through intuitive systems. The articles introduced user-
friendly systems designed to facilitate intuitive interaction with users [84, 110]. Also, research proposes an augmented
reality approach for intuitive programming in robotic vision systems [102]. Further out-of-the-box solutions, such as the
automatic generation of digital twins are presented, which also cover vision applications [109].

HMLV is addressed through different approaches. Learning-based vision systems are introduced with adaptations to
varying conditions [110]. Additionally, easily reconfigurable systems are proposed, allowing for seamless adaptation to
new situations [82]. Data shortage was further addressed using data augmentation techniques. Various approaches were
proposed, including commonly known methods such as rotations and flips of existing visual image data [64] or modifi-
cations to lighting conditions [84]. Further research proposes generating fully synthetic data based on CAD data, which
are often available in manufacturing environments [115]. Additionally, transfer learning was proposed as an effective
approach to address data scarcity. This method involves leveraging pre-trained conventional models and fine-tuning
them using only a limited amount of new data specific to the target application [8].
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Challenges

Within the review literature, SMEs are frequently presented as the initial motivation for the research. Yet, the core focus
often shifts to highly specific problems that are not broadly applicable to the common challenges SMEs face. Twenty
articles were identified within the review as offering the most interesting integrative approaches for machine vision
development within SMEs addressing the challenges presented. These articles, summarized in Table 6, are classified as
contributions in the categories HTO aspects.

The reviewed research proposes a variety of approaches based on hardware and software considerations. Some stud-
ies explore human aspects within human-technology interaction [106, 108], while others identify organizational barri-
ers faced by SMEs [13, 81]. The majority of the research, however, focuses on proposing technical concepts tailored to
application domains, addressing the specific challenges encountered by SMEs. No comprehensive framework has been
identified for the integration of machine vision technology in industrial SMEs that addresses the various challenges or
combines the proposed solution approaches into a holistic methodology.

5 Discussion and outlook

Machine vision systems are widely used in various industrial manufacturing sectors and cover key automation in quality
control, inventory management, part inspection, and further processes. Despite ongoing adoption, SMEs face unique
challenges in integrating these technologies due to various technological and organizational constraints. Although many
research articles contribute to the development of machine vision for industrial SMEs, no comprehensive literature review
identifies the intersection and differences among these contributions. This article presented a systematic review, based
on the PRISMA guidelines, to address three research questions related to current research in machine vision develop-
ment for SMEs. By analyzing 770 articles, this review offers insights into the characteristics of machine vision systems
in industrial SMEs, their challenges, and proposed solutions. The results revealed increased publications over the years,
with German participation accounting for 15.9 percent of all articles, reflecting Germany’s interest in SME development
(noting that 3 of the 64 identified articles were inaccessible due to library license constraints, which could introduce
minor bias). The prominent applications were quality control and robotics with the majority of these dealing with object
detection tasks, followed by classification and pose estimation. Although many challenges have been described, the
main challenges identified were high cost, insufficient qualification, and labor shortage, HMLV and data shortage, and
their combinations. These included human technological and organizational aspects with a focus on technology. Various
software and hardware approaches were presented to address the investigated challenges. Key contributions included
several architectures for low-cost vision systems, such as the selection of Arduino or Raspberry Pl for image processing
to handle high costs [69, 99]. Additionally, systems that are easy to integrate and control, such as those using human
instructions for robot programming, were proposed [108]. Vision algorithms designed to handle data shortages and
the high variety of detection objects, due to HMLV, were introduced using synthetic data and transfer learning [8, 115].
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The review revealed a lack of conceptual models for machine vision integration in industrial SMEs that address various
HTO challenges. In articles referencing funding, approximately one-third were supported by transfer research, highlight-
ing their contribution to this field. Additionally, while the results were robust, they primarily reflect a research perspec-
tive, with limited direct involvement from SMEs, which may affect the practical applicability of some findings. This can
be concluded from the fact that only 17.4 percent of the reviewed articles feature direct SME participation, 10.1 percent
involve SMEs in a supportive role, and 72.5 percent do not involve SMEs. Despite the frequent use of transfer projects
and public funding, SME engagement in research remains limited. To ensure practical applicability, future funding calls,
and transfer initiatives should explicitly encourage SME participation, thereby strengthening the link between research
and industry needs.

The search strategy used in this review is defined by the specific research string employed. Future studies may broaden
and refine this search string, to identify more research articles and expand the generalizability of the results. For example,
relaxing the keywords related to small and medium-sized enterprises could increase the search and thus, add additional
value to the answer to the research questions. Besides, future research that focuses on the perspective of SMEs, utilizing
questionnaire approaches or even interview formats, could build upon the research questions investigated in this arti-
cle to gain insights from a more applied and practical perspective of industrial SMEs. Further, a conceptual framework
describing the integration process along the identified characteristics, challenges, and modular solution approaches
could provide holistic guidance for industrial SMEs in adopting machine vision technology. Such a framework could help
bridge the gap between theoretical insights and practical challenges by aligning industry-specific requirements with
proposed solutions in a scalable and adaptable way. Structured around key integration phases such as requirements
analysis, hardware selection, software implementation, and system operation, it could offer a step-by-step approach
tailored to the needs and constraints of SMEs.
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Appendix
Full search string

(“computer vision” OR “machine vision" OR "visual inspection” OR “automated vision" OR "object detection" OR "defect
detection" OR“image classification" OR "image analysis" OR "semantic sesgmentation" OR "image segmentation" OR "visual
quality control" OR "visual analysis" OR "optical metrology" OR "optical monitoring" OR "image synthesis" OR "image
generation") AND ("SME*" OR "Small compan*" OR "Small business*" OR "Small-scale Industr*" OR "Micro enterprises"”
OR "Small-scale businesses" OR "Small enterprises” OR "start-up" OR "Medium businesses" OR "Small- and medium-sized
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enterprise*" OR "Small- and middle-sized enterprise*") AND ("manufactur*" OR "production technology" OR "Industr*"
OR "fabricat*" OR "factory" OR "lloT" OR "loT" OR "production line" OR "Assembly")

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
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