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Abstract
Machine vision enables automated quality control, process monitoring, and robotic 
operations in manufacturing. While adoption is increasing, small- and medium-sized 
enterprises (SMEs) often face barriers such as limited resources, lack of technical 
expertise, and standards that do not address their specific needs. This research 
develops a conceptual framework for SME-oriented machine vision integration. 
Key requirements were identified through a systematic literature review and expert 
interviews. A morphological matrix maps these requirements against existing 
standards and research, forming the basis of a UML-modeled framework. The 
framework is implemented as a Model Context Protocol (MCP) server, enabling 
structured information retrieval via generative AI tools. Validation via a focus group 
highlighted the framework’s usability, relevance, and coverage. Results provide a 
foundation for supporting SMEs in adopting machine vision and point to future 
research opportunities, particularly in enhancing generative AI for interactive 
automation.

Keywords  Machine vision, Computer vision, Manufacturing, Framework, SMEs

1  Introduction
Machine vision and automated visual inspection as automation technologies in manu-
facturing are steadily increasing in economic relevance [1]. Key applications, including 
defect detection [2], robot control [3], or industrial sorting [4], drive the technological 
development and market growth. Therefore, machine vision is a critical component in 
industrial automation and plays an important role in smart manufacturing plants of the 
future [5]. While Artificial Intelligence (AI) is continuously applied to machine vision 
tasks, advancements in machine vision algorithms are also reshaping the AI landscape 
[6]. Furthermore, recent developments in generative AI offer new opportunities for data 
augmentation and analysis [7].

Nevertheless, industrial Small- and Medium-sized Enterprises (SMEs), which have a 
strong prevalence in 51,8% of the economic value share and 64,4% of employment in 
the European Union (EU) based on a report in 2023 [8], are not equipped for the inte-
gration of machine vision technologies, especially when considering new technological 
developments in AI [9]. They face challenges in diverse areas, such as financial resources 
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or a lack of skilled personnel [10]. A previously published systematic review identified 
high costs, insufficient qualification and labor shortage, high mix low volume (HMLV) 
production, and data shortage as the main challenges in machine vision integration 
for SMEs [11]. On top of that, the German public-funded project ”Mittelstand Digital” 
identified public measures through a questionnaire, to support SMEs in AI-technology 
Integration. In this context, the provision of best practices was highlighted as the most 
suitable action to support SMEs [12]. While standards [13], foundational resources for 
machine vision [1], and best practices for their integration in SMEs [14] do exist, there 
is no conceptual framework introducing the technological integration of advanced 
machine vision systems to industrial SMEs [11]. Such a framework could provide practi-
cal support for implementation, bridging the gap between theory and application.

This research explores whether a conceptual framework for machine vision integra-
tion, can be developed to provide guidance and task-independent best practices for 
fostering the usage of this technology, while addressing the requirements of industrial 
SMEs. This objective is divided into two subquestions:

1) Which requirements are crucial for the integration of machine vision systems in 
manufacturing SMEs?

2) Can these requirements be used to develop a combined approach that integrates 
existing methods and resources facilitating machine vision integration for SMEs?

To answer the first research subquestion, semi-structured expert interviews are con-
ducted, and the transcriptions of the interviews are analyzed using Qualitative Data 
Analysis (QDA) to identify the central requirements. Regarding the second subquestion, 
resources for machine vision integration are first summarized, and a morphological box 
is presented, incorporating the identified requirements and the extent to which existing 
resources fulfill them. Additionally, the challenges from the previously published litera-
ture review research [11] are added as further requirements. Thereafter, a morphological 
analysis is conducted to develop a conceptual framework for machine vision integration, 
considering existing approaches and the specific requirements of industrial SMEs. This 
framework is then provided via a Model Context Protocol (MCP) [15] server, enabling 
generative AI applications to support user-friendly information retrieval. Finally, the 
conceptual framework is introduced and discussed in a structured focus group discus-
sion. Figure 1 visualizes the described methods, together with a color coding indicating 
the structure of the sections.

Fig. 1  Methodological approach for developing a conceptual framework for machine vision integration in indus-
trial SMEs, with color-coded section structure
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The structure of this work is as follows: Sect. 2 describes the resources for machine 
vision integration. Section  3 presents the findings of the prior literature review and 
Sect. 4 outlines the semi-structured interviews, detailing the QDA and derived insights. 
Section  5 outlines the integration workflow design, the morphological box, and the 
resulting conceptual framework, while Sect. 6 describes the focus group discussion vali-
dation and its findings. Finally, Sect. 7 discusses the overall results, and Sect. 8 provides 
the conclusion.

2  Fundamentals for machine vision integration
This section presents resources that provide fundamental concepts and research for 
machine vision systems and their integration in industrial environments. Section  2.1 
presents standards and guidelines for machine vision for associations and industry coop-
erations. Afterwards, Sect. 2.2 introduces foundational literature on machine vision sys-
tems, their development, and integration, as well as current research for machine vision 
integration.

2.1  Standards and guidelines

The largest machine vision standardization associations are organized under the Global 
Coordination of Machine Vision Standards (G3) alliance. This alliance includes the 
following participants: the Association for Advancing Automation (A3), the China 
Machine Vision Union (CMVU), the European Machine Vision Association (EMVA), 
the Japan Industrial Imaging Association (JIIA), and the German Mechanical and Plant 
Engineering Association (VDMA). Each organization provides guidelines and standards 
specific to its region or expertise. Additionally, the G3 alliance has published a docu-
ment that offers a comparative overview of the standards developed by its member orga-
nizations [13]. They are categorized into standardization areas: lighting standards, lens 
mount standards, camera interface standards for hardware and software, camera per-
formance standards, Industry 4.0 standards, and system integrator standards. Figure 2 
provides the standard categories ordered in the context of machine vision integration 
based on [13].

Lighting standards ensure that the object under inspection provides a sufficient con-
trast in the image acquisition. Within G3, lighting standards are only provided by the 
JIIA and focus on different aspects, such as vision lighting performance metrics in the 
"Light Performance Specification Guidelines" [13], or fundamentals in design and speci-
fication on the brightness during the discovery of optical irritations [16]. Further, the 
JIIA provides lens amount standards for recommended mechanical interfaces applied 
to image size classifications [17]. Camera interface standards describe how cameras 
connect to their higher-level environments, such as to computer systems. Within these 
standards, there are four different tasks: finding and connecting to the camera; config-
uring the camera; capturing images from the camera; and dealing with asynchronous 
events signaled by or to the camera. These can be categorized by hardware and software: 

Fig. 2  Machine vision standard categories in the G3 based on [13]
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Five hardware interface standards (Camera Link, Camera Link HS, CoaXPress, GigE 
Vision and USB3 Vision), and two software standards (GenICam and IIDC2) which are 
provided by JIIA, A3 and EMVA. EMVA also provides camera performance standards 
within the Standard for Measurement and Presentation of Specifications for "Machine 
Vision Sensors and Cameras" describing measurement procedures and data guidelines 
to make comparison of cameras and image sensors easier [18]. Lastly, VDMA provides 
Industry 4.0 standards for high-level information models in vision systems and its inte-
gration within the OPC UA standard for Machine Vision Companion Specification [19], 
as well as system integrator standards describing the specifications and communication 
between supplier and user [20]. As complementary quality, procedure, and testing stan-
dards relevant to the broader inspection domain, the following certification and testing 
norms are also referred. These complementary standards cover comprehensive quality 
requirements (e.g., ISO 3834, DIN EN 15085), process qualification (ISO 15614-11), as 
well as non-destructive testing methods (ISO 17637, ISO 3452, ISO 16810, ISO 1779, 
ISO 10675). Table 1 summarizes all machine vision and related standards in the G3 alli-
ance and further complementary standards with their organization and standard area 
categorization. Nevertheless, there is no standard providing guidance for the complete 
integration of machine vision, from planning to hardware, software, and operation.

In summary, the machine vision standards organized by the G3 alliance provide guide-
lines and specifications for integrating vision systems into industrial environments. In 
addition to these, quality, procedure, and testing standards complement the integration 
process and may be crucial for specific machine vision use-cases.

2.2  Foundations

Foundational literature on machine vision systems provides resources on their charac-
teristics and integration. In the following, the integration workflow is introduced, fol-
lowed by an outline of relevant resources for each integration step.

Hornberg [21] introduces the integration workflow of machine vision in three differ-
ent domains. First, optical engineering with the object under inspection, lighting, and 
lenses. Then, electrical engineering, covering the areas of camera, interface, and com-
puter. Lastly, software engineering with image analysis and outputs [21]. Beyerer et 
al. [1] describe the integration as a processing chain, consisting of image acquisition 

Table 1  Machine vision standards categorization
Name of standard Organization Area of standard
Lighting Standards JIIA Lighting Standards

Lens Mount Standards JIIA Lens Mount Standards

CameraLink A3 Camera Interface (Hardware)

CameraLink HS A3 Camera Interface (Hardware)

CoaXPress JIIA Camera Interface (Hardware)

GigE Vision EMVA Camera Interface (Hardware)

USB3 Vision EMVA Camera Interface (Hardware)

IIDC2 JIIA Camera Interface (Software)

GenICam EMVA Camera Interface (Software)

OOCI EMVA Camera Interface (Software)

EMVA 1288 EMVA Camera Performance Standards

Industry 4.0 Standards VMDA Industry 4.0 Standards

System Integrator Standards VDMA System Integrator Standards

Further complementary standards DIN/EN/ISO Quality, procedure, and testing standards
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(illumination, test object, and optics/sensor), digitization (sampling, quantizing, and 
storing), preprocessing (image improvement, and filtering), compression and extraction 
of information (segmentation and feature extraction), and decision (detection, classifica-
tion, interpretation) that finally lead to an action in the system’s environment [1]. Fig-
ure 3 visualizes machine vision as an information process chain based on Beyerer et al. 
[1] and Hornberg [21], showing the different engineering domains and their integration 
workflow steps. In the following, these steps are described briefly as follows, based on 
[1, 21], and further literature on the foundations of machine vision systems and general 
relevant physics.

The object under inspection can consist of materials with different properties, such 
as plastic molding parts of different colors or cast iron parts and their corresponding 
characteristics. While the object is often treated as a black box, in which the properties 
and their effects are not fully understood, some general influences of these properties 
are well-documented in machine vision literature. These influences can be categorized 
into optical factors (e.g., absorption, reflection), mechanical factors (e.g., surface rough-
ness, shape of edges), and chemical factors (e.g., oil film). For example, mixed materials 
often exhibit challenges such as varying absorption and reflection, which fall under opti-
cal factors. [21]

The optical acquisition or measurement of the object under inspection also relies on 
the properties of light [1]. Light can be described within quantum mechanics with par-
ticle or wave characteristics depending on the experimental conditions [22].

Within industrial machine vision, the description of lighting is primarily based on the 
wave characteristics and spectrum of light as electromagnetic waves. Distinctions can be 
made based on the illumination properties. The illumination can be described, for exam-
ple, based on luminance in candela per square meter cd/m2 and the wavelength of the 
light. Natural light sources, such as the sun, a cloudy sky, or the full moon, exhibit vary-
ing luminance values ranging from 0.01 to 150,000 cd/m2. Artificial light sources, such 
as fluorescent lamps or xenon short-arc lamps, typically vary between 0.01 and 500,000 
cd/m2. Furthermore, each light source differs in its spectrum. For instance, lasers pro-
duce a monochromatic spectrum, emitting a single wavelength, whereas fluorescent 
lights produce a continuous spectrum. The spectrum’s choice significantly influences the 
behavior of the object’s reflection [1].

For example, green light causes red objects to appear darker on a camera sen-
sor, whereas red light makes the same object appear brighter. Therefore, the light-
ing does influence the brightness, contrast, and homogeneity of the digitalized object 
under inspection, and further the efficiency of software algorithms [21]. Also, further 

Fig. 3  Machine vision information processing chain based on [1] and [21]
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illumination properties, such as polarization, coherence, or speckle, are explained in 
foundational literature [1].

In the image acquisition process, it is often necessary to capture a bigger segment of 
light and bundle it to retrieve the detailed information needed. This can be achieved 
with lenses. A lens is an optical component, usually made out of glass or plastic, that 
is used to reflect the light coming as parallel waves and project it on a single point, the 
focal point [1].

Therefore, the lens creates a projection of the object under inspection to focus more 
information on the camera sensor. Lighting properties, such as brightness, contrast, and 
homogeneity, affect its performance. Additionally, the lens influences the quality of the 
digitized image and can be adjusted through lens control parameters, including f-stop, 
focal length, and focus [21]. Multiple lenses can also be used in vision systems. In two-
lens optical systems, such as those found in projectors and microscopes, the first lens 
directs or condenses light into the second lens, which then forms a sharp and magnified 
image at a specific projection or observation plane [1].

The camera sensor is responsible for digitizing the projected object under inspec-
tion. Depending on its exact type, it detects optical properties such as reflectance, color, 
and texture, as well as object properties, such as geometrical dimensional placement 
or shape. Cameras can be categorized into area-scan cameras, line-scan cameras, and 
3D-laser triangulation cameras. While area-scan and line-scan cameras are primarily 
used to detect optical properties, 3D-laser triangulation cameras are designed to mea-
sure object properties [1]. Beyond these categories, cameras also differ in key indepen-
dent properties, such as resolution and frame rate, which influence their suitability for 
specific applications. Resolution is described in different types, such as camera sensor 
resolution, spatial resolution, and measurement accuracy. Camera sensor resolution 
refers to the number of pixels (columns and rows) provided by the sensor, while spatial 
resolution describes the real-world mapping of objects to the sensor in millimeters per 
pixel. Measurement accuracy defines the system’s ability to detect the smallest measur-
able feature, influenced by software algorithms and contrast [21]. A frame rate that is 
too low can lead to aliasing, an effect where distinct signals (or pixels) become indis-
tinguishable [21]. The Nyquist–Shannon sampling theorem in signal processing theory 
states that the sampling frequency must be at least twice the highest frequency present 
in the signal [23]:

	 fsampling > 2 fmax

In the context of machine vision, this means that the smallest structure to be resolved 
must be at least twice the size of a single pixel. On the other hand, the frame rate (or 
pixel rate) refers to the number of pixels that can be processed or changed in an image 
per second [21]. The frame rate is an important consideration when measuring moving 
objects under inspection. Within common commercially available cameras, the frame 
rate decreases with increasing image resolution and vice-versa [1].

A machine vision system requires interfaces to interact with its environment. These 
include human–machine interfaces (HMIs) for operator interaction, communication 
protocols such as TCP/IP, field buses, and serial interfaces for machine-to-machine 
communication, or digital I/O interfaces for converting sensed analog signals into digital 
data. Among other functionalities, these interfaces are used for handling or visualizing 
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results, initiating inspections, configuring parameters, and storing inspection data in log 
files and databases [21].

Computer systems perform algorithm setup and inference. Therefore, the chosen 
computer and its operating system must support the software library selected for image 
analysis. The hardware must be capable of handling the computational requirements 
during setup, such as training algorithms, pixel rate, and processing load. Additionally, 
it should support development and maintenance. Training of software models does not 
necessarily have to take place on the same system as subsequent inference. For smaller 
computational requirements, smart cameras can also handle inference directly with 
device-integrated or embedded systems [21].

The image analysis step involves algorithmic processing to extract information from 
the image. Within this research, this analysis is referred to as computer vision, while the 
industrial setup, including hardware and operation, is referred to as machine vision. The 
choice of algorithm depends on the specific vision task. In manufacturing, these tasks 
can be categorized into automated vision inspection, process control, part identification, 
and guidance and control [24]. Within these categories, computer vision tasks include 
pose estimation, segmentation, object detection, and classification [7]. While many algo-
rithms are designed for analyzing 2D image data, sensors capable of acquiring 3D data 
have become increasingly available in the industry. Consequently, 3D algorithms play 
an essential role, particularly in guidance and control tasks, such as pose estimation in 
robotic systems. Furthermore, machine learning algorithms, which are trained on large 
datasets, are becoming increasingly important in this field [21]. Architectures, such as 
convolutional neural networks or support vector machines models are driving the state 
of the art and are already part of foundational literature [21].

As the vision system perceives changes to the object under inspection and its environ-
ment, the purpose is to react promptly [24]. To enable efficient reactions based on the 
vision systems, connectivity and robustness of the connection to its environment are key 
factors [24]. While some tasks, such as robot guidance and control, are driven by real-
time requirements, others tolerate latency.

Beyond foundational literature, recent research in machine vision is actively exploring 
various directions. For instance, review articles summarize diverse findings on machine 
vision applications in manufacturing, including specific application areas [25] and the 
use of algorithms, such as generative artificial intelligence [7]. Additionally, specialized 
conceptual frameworks are being proposed for computer vision integration in other 
domains, such as visual control of construction sites [26].

In summary, foundational literature on machine vision provides a structured integra-
tion workflow for industrial applications by covering physical concepts and applicable 
knowledge relevant to each step of the integration process and its various aspects. This 
is complemented by ongoing research within the field. Nevertheless, these resources 
do not address specific challenges and remain largely academic, offering little concrete, 
practice-oriented guidance.
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3  Background from prior literature review
This research builds on a previously conducted systematic review article [11], which 
investigated technology transfer and the current literature on machine vision in manu-
facturing SMEs, highlighting applications, challenges, and solution approaches for inte-
grating machine vision in these enterprises.

The review emphasized the central role of technology transfer in enabling SMEs to 
access innovations, address skill gaps, and reduce investment risks. To frame these 
insights, both the Human-Technology-Organization (HTO) model [27] and Mancini et 
al.’s multi-helix collaboration model [28] were described, illustrating how human, tech-
nological, and organizational factors interact to facilitate successful adoption. These the-
oretical perspectives guided the development of a conceptual framework for integrating 
requirements and resources in machine vision applications for manufacturing SMEs.

Within the systematic literature, the applications for machine vision reported in the 
screened articles, ranked from most to least relevant, include quality inspection (such 
as defect detection), robotic applications, part inspection (excluding quality purposes), 
inventory management, and tool monitoring. The most prominent challenges identified 
are high costs, a lack of qualified personnel or labor shortages, the complexity of HMLV, 
and a shortage of data. Many studies also report that these challenges frequently appear 
combined. These challenges can be considered as requirements for integrating machine 
vision in manufacturing SMEs. High costs can be transferred into cost requirements, 
which might include budget limitations, or cost-effectiveness measures. A lack of quali-
fied personnel or labor shortages can be addressed through personnel requirements, 
such as training programs, or workforce development plans or easy to use systems which 
require no high qualification to operate. following plug and play concepts. The complex-
ity of HMLV can lead to HMLV requirements that may address production flexibility. 
Finally, data shortage can result in data requirements focusing on data collection or 
augmentation methods. Approaches to tackle the presented challenges or requirements 
included open-source software, low-cost hardware, out-of-the-box software, intuitive 
systems, domain-specific hardware, and data augmentation. Table 2 lists the articles 
identified in the review and their solution categories regarding the challenges, presented 
here briefly based on [11].

While the presented results have already elaborated initial implications, they primar-
ily reflect the research perspective with limited direct involvement from manufacturing 
SMEs or machine vision integrators. Incorporating an industrial perspective could pro-
vide valuable insights from these stakeholders and their requirements. Therefore, con-
ducting methods such as interviews would offer a more practical understanding of the 
challenges and needs in SMEs.

4  Semi-structured expert interviews
A semi-structured interview is a qualitative research method that involves a guided 
conversation between the interviewer and the interviewee. It combines predetermined 
questions with the flexibility to explore topics that emerge during the discussion. This 
approach allows for the collection of detailed information and provides insight into 
the interviewee’s experiences and perspectives within a specific context [48]. For this 
research, the interview guide was designed in collaboration with experts in the domain 
of industrial machine vision and technology transfer, following a semi-structured expert 
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interview format [49], all while focusing on the specific requirements of machine vision 
integration.

It begins with an introduction from both the interviewer and interviewee, followed by 
seven open-ended questions, exploring various aspects of machine vision integration, 
including applications, challenges, and methods. The questions are based on insights 
from the resources discussed in Sects.  2 and 3. The interview guide is designed for a 
duration of approximately 45 to 60 min, and the interview is conducted in German. The 
guide is tested in an internal pre-test (test interview) to evaluate its structure, assess first 
responses, and determine the expected duration. Table 3 summarizes the final guide and 
its questions in German, along with the English translations.

Table 2  Selected machine vision contributions in SMEs
Title Methods presented Reference
Learning-based object detection and localization for a mobile 
robot manipulator in SME production

Open-source software, Domain-
specific hardware

[29]

An effective programming by demonstration method for 
SMEs’ industrial robots

Open-source software, Low-cost 
hardware, Intuitive System

[30]

Affordable Artificial Intelligence-Assisted Machine Supervi-
sion System for SMEs

Open-source software, Low-cost 
hardware, Intuitive System

[31]

A literature review on the prediction and monitoring of 
assembly and disassembly processes in SMEs with machine 
vision

Open-source software, Domain-
specific hardware

[32]

Demonstrating computer vision to SMEs in manufacturing Open-source software, Low-cost 
hardware, Domain-specific hard-
ware, Data Augmentation

[9]

Image-Bot: Generating Synthetic Object Detection Datasets 
for SMEs

Open-source software, Low-cost 
hardware

[33]

Architecture for task-dependent human-robot collaboration Open-source software, Domain-
specific hardware

[34]

Automated generation of digital twin for a built environment Open-source Software [35]

Low-Cost Precision Monitoring System of Machine Tools for 
SMEs

Open-source software, Low-cost 
hardware, Ready-to-use software

[36]

Technology Modules Providing Solutions for Agile 
Manufacturing

Open-source software, Low-
cost hardware, Domain-specific 
hardware

[37]

Hand-Monitoring System Using CutMix-Based Synthetic 
Augmentation for Safety

Open-source software, Low-cost 
hardware

[38]

Smart extensions to regular cameras in industrial 
environments

Ready-to-use software [39]

IoT-enabled computer vision-based parts inspection system 
for SME 4.0

Open-source software, Low-cost 
hardware

[40]

Smart warehouse 4.0 approach for pallet management Open-source software, Low-cost 
hardware

[41]

Decision Support System for Dimensional Inspection of Rub-
ber Profiles

Open-source software, Low-cost 
hardware

[42]

Automation of SME production with a Cobot system pow-
ered by learning-based vision

Open-source software, Low-cost 
hardware, Intuitive System

[43]

Machine learning-based real-time monitoring system for 
smart connected worker to improve energy efficiency

Open-source software, Low-cost 
hardware

[44]

Comparative assessment of pre-trained CNNs for surface 
defect detection

Data Augmentation [45]

Identification of Barriers to and Opportunities for Adoption of 
Machine Vision in SMEs

Open-Source Software [46]

Flexible and robust detection for assembly automation with 
YOLOv5

Open-Source Software [47]
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Interviewees are selected based on their expertise: they must be working in manu-
facturing SMEs, machine vision integrator companies, or public manufacturing-ori-
ented institutions, such as university chairs, and be involved in the area of technology 
implementation, preferably with a background in machine vision. Besides the test inter-
view, a total of 10 interviews are conducted, following recommendations from empiri-
cal studies to target a group size between 9 and 17 interviewees for optimal saturation 
[50]. These include two interviews with university employees, one with an employee of 
a machine vision integrator, and two with executives of machine vision integrators, four 
with employees or executives from manufacturing SMEs, and one with an employee of 
a standardization institute. Furthermore, all interviewees identified as male and work in 
Germany. Table 4 provides a categorization of all 11 interviewees according to the type 
of organization they are employed in and their respective roles.

Following the completion of all interviews, the recordings are transcribed. The high 
volume of transcribed data and the limited number of participants in the semi-struc-
tured expert interviews led to a qualitative approach for analysis. The QDA can be 

Table 3  Interview structure and questions in German and English
Step Content (German) Translation (English)
1 Einleitung: Vorstellung des Instituts, des Forschungst-

hemas "Integration von Machine Vision in KMU" und 
Möglichkeit zur Präsentation des Arbeitshintergrunds 
des Experten, um Herausforderungen und Chancen 
besser zu verstehen

Introduction: Presentation of the institute, the 
research topic "Integration of machine vision 
in SMEs," and an opportunity for the expert to 
share their professional background to better 
understand the challenges and opportunities

2 Was verstehen Sie unter einem Machine Vision System 
und welche Erfahrungen haben Sie hier eventuell 
schon gesammelt?

What do you understand by a machine vi-
sion system, and what experience have you 
already had in this area?

3 Wie läuft bei Ihnen ein Integrationsprozess ab und 
welche Hilfsmittel nutzen Sie?

How does an integration process work in 
your company, and what tools do you use?

4 Welche Anwendungsfälle sehen Sie bei sich in der 
Produktion, um diese Technologie zu erproben 
oder bei schon bestehender Erfahrung weiter zu 
integrieren?

What applications do you see in your produc-
tion for testing this technology or further 
integrating it based on existing experience?

5 Welche Anforderungen sehen Sie, wenn Sie Machine 
Vision Systeme für einen Anwendungsfall in ihrer 
Produktion integrieren möchten?

What requirements do you see when 
integrating machine vision systems for an 
application in your production?

6 Welche Hindernisse sehen Sie bei der Integration? What obstacles do you see in the integration 
process?

7 Was würden Sie von einem konzeptuellen Rahmen-
werk erwarten, das bei der Integration unterstützt?

What would you expect from a conceptual 
framework that supports integration?

8 Gibt es weitere Punkte oder Erfahrungen, die Sie 
ergänzen möchten?

Are there any additional points or experi-
ences you would like to share?

Table 4  Interviewees categorized in organization type and their role (test interview marked with an 
asterisk*, machine vision abbreviated as MV)
Role ↓ / organization type → University MV Integrator Manu-

factur-
ing 
SMEs

Standard-
ization 
Institute 
(incl. MV)

Mostly Operational
(For example: PhD Student, ML Developer, hardware 
expert)

1 + 1* 1 – 1

Technical Management
(For example: Postdoc, Production Manager, CTO)

1 1 2 –

Management
(For example: CEO, Professor)

– 1 2 –
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defined as the reduction of qualitative data to identify core consistencies and meanings 
[51]. Mayring’s QDA method is a common choice for the analysis of semi-structured 
interview content [52]. It is characterized by rule-guided qualitative text analysis, which 
combines methodologically defined procedures with interpretative analysis, and can 
incorporate quantitative elements such as frequency counts, thereby integrating both 
qualitative and quantitative aspects [53]. The core of the method is the selection of cat-
egories within the text, involving both inductive category development and deductive 
category application. Categories (codes) are developed by analyzing (coding) the text 
concerning the research questions and are then deductively applied throughout the 
entire text for systematic analysis [53]. After the initial coding, the codes are first re-
coded axially. Axial coding, a process in qualitative research [52], is used to establish 
relationships between the categories and subcategories identified during open coding. 
These axial coded categories are then used for the conceptual framework.

In the first phase, two independent reviewers conducted open coding on all interview 
transcripts to identify relevant segments related to machine vision integration, such as 
data availability, scalability, or applications based on text snippets. In addition, word 
frequency analysis was used to support the identification of prominent themes. In the 
second phase, the reviewers developed a shared codebook and performed axial coding, 
grouping related codes into broader concepts (e.g., cost requirements and funding under 
financial aspects, or personnel and AI knowledge under competence requirements). In 
the third phase, these axial codes were categorized into overarching themes such as inte-
gration workflow or requirements. The resulting categories informed the design of the 
conceptual framework. Table 5 presents the most frequently used terms across all inter-
views in a structured format, excluding filler words (e.g., “and”, “or”) and thematically 
irrelevant terms.

The most frequent words include technical concepts related to the domain, such as 
camera, software, or vision, as well as non-technical terms such as integration, project, 
experience, and human. Furthermore, some frequently occurring words, such as AI, 
appeared in only a few interviews, indicating that certain participants did not go into 
algorithmic specifics. As these words occur within the codes, Table 6 shows an example 
of three codes within the process.

Based on these, the axial codes were merged. The complete axial codebook derived 
from this process is included in the git repository publication [54]. The final categoriza-
tion, developed through the described procedure, is presented in Table 7 and includes 
context descriptions as well as example transcription excerpts from various interviews.

Each category represented a different proportion of the content in each interview, with 
"Integration Workflow" and "Requirements and Challenges" being the most discussed 
topics. Figure 4 presents the arithmetic mean of the absolute word count for each cod-
ing category, grouped by organization type. The results indicate that the emphasis on 
integration workflows as well as on requirements and challenges varies with the partici-
pants’ organizational backgrounds (see Table 4). For example, employees of manufactur-
ing SMEs placed greater emphasis on organizational and environmental factors, whereas 
university researchers concentrated more on the integration workflow.

The category Requirements and Challenges was combined into a single term, Require-
ments. For example, a challenge, such as high costs, is therefore reformulated as a 
requirement, e.g., “costs need to be manageable.”. The codes resulting from this process, 
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along with their contexts, are presented in Table 8 and are used for the morphologi-
cal box in Sect. 5.2. While some requirements may reflect general SME challenges such 
as regulatory compliance, others are more specific to machine vision integration, for 
example handling HMLV. Some requirements may appear to overlap, which is inherent 
to qualitative coding. Closely related codes were retained when they captured distinct 

Table 5  Most frequent terms in the interview corpus across all documents excluding filler words
Word Length (in characters) Frequency (absolute) % of all words transcribed
System 6 249 2.00

Vision 6 215 1.73

Machine 7 169 1.36

Camera 6 141 1.13

Software 8 117 0.94

Company 11 110 0.88

Customer 5 109 0.88

Project 7 99 0.80

Integration 11 90 0.72

Problem 7 74 0.59

Ai 2 68 0.55

Image processing 16 67 0.54

Process 7 63 0.51

Experience 9 62 0.50

Machine 8 59 0.47

Purchase 6 58 0.47

Human 6 57 0.46

Hardware 8 53 0.43

Use cases 15 51 0.41

Model 6 45 0.36

Computer 8 44 0.35

Production 10 43 0.35

Solution 6 42 0.34

Technical 9 42 0.34

Integration process 19 39 0.31

Engineering 11 37 0.30

Product 7 37 0.30

Important 7 37 0.30

Information 11 35 0.28

SMEs 4 34 0.27

Case 4 33 0.27

Challenge 15 32 0.26

Employee 11 31 0.25

Table 6  Examplary codes of the conducted interviews
Initial name of the code Context Example
Costs The interviewee describes financial 

obstacles
"Then there is always the obstacle that not 
enough defect samples are available or can 
be produced, because producing a faulty 
product sometimes costs a lot of money."

IT-Infrastructure The interviewee identifies data and 
IT-related issues

"In general, I think the biggest obstacle is, 
well, the data issue, the IT problems, because 
for many clients this is often somewhat 
neglected and not really up to date yet."

Integration Aspects The interviewee discusses design 
or integration considerations for 
machine vision

"So that means, if I were to build such a 
prototype, I would already design it to be 
extendable."



Page 13 of 29Werheid et al. Discover Artificial Intelligence           (2026) 6:442 

aspects of the data, such as hardware requirements and lighting requirements as part of 
the hardware, which were often explicitly emphasized in the interviews.

These requirements are used in the following section, together with previously identi-
fied challenges from the literature, to create the morphological box for the framework. 
Several challenges identified in Sect. 3, such as high costs, a lack of qualified personnel, 
limited data, are likewise reflected in the requirements derived from the interview tran-
scripts. Specifically, these challenges are mapped to Req. 17 (Cost Requirements), Req. 

Table 7  The categories identified within the conducted interviews developed through initial, axial, 
and categorical coding
Category Context Example
Personal 
Information

The interviewee describes their 
professional background, role, or 
experience

I am a computer scientist with a focus on semantic 
technologies, distributed systems, and AI

Applications The interviewee mentions use cases 
or application areas of machine vision 
in SMEs

In the use case related to the welding process, the 
goal is to define the welding trajectory as precisely 
as possible – in other words, to determine exactly 
where the welding should be applied

Organisation and 
Environment

The interviewee explains structural 
or environmental conditions in the 
company relevant to machine vision

That was often the problem in the use cases of 
small companies, where diagnostics might not 
even be available yet

Integration 
Workflow

The interviewee discusses specific 
steps, processes, or sequences in-
volved in integrating machine vision 
systems

It usually starts with requirements analysis, where 
the different dimensions are collected system-
atically and in a structured way. This includes a 
detailed description of the task of the machine 
vision system

Requirements 
and Challenges

The interviewee identifies specific 
requirements, obstacles, or technical 
difficulties affecting implementation

"Systems—and thus interfaces ranging from very 
old to very new formats, yes, so from text files to 
OPC-UA to REST APIs—are all involved. That means 
you have to be extremely flexible in responding."

Framework The interviewee refers to existing or 
desired frameworks, guidelines, or 
conceptual models for MV integration

It would be good to have a balanced discussion of 
pros and cons, or at least a balanced presentation 
of the different options that can be usefully applied 
across the various system levels you just showed

Fig. 4  Arithmetic mean of absolute frequency of coded segments by category across interviews (excluding the 
personal information category). Organization types are indicated by index numbers within the bars: (1) University 
(Uni), (2) Machine Vision Integrator (MV-I), (3) Standardization Institute (Sta), and (4) Small- and Medium-sized En-
terprises (SME)
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2 (Personnel Requirements), and Req. 13 (Data Requirements). The challenge of HMLV, 
which was not explicitly mentioned during the interviews, is added to the requirement 
list as Req. 21 to ensure completeness of the framework.

5  Conceptual framework generation
The development of the conceptual framework consists of three steps. Firstly, the inte-
gration workflow are introduced by combining the initial workflow derived from the 
machine vision resources with the insights identified by the QDA, especially based 
on the categories “Organisation and Environment”, “Integration Workflow”, and 

Table 8  Extracted requirements for a framework supporting machine vision integration for SMEs
Req No. Code Context
Req. 1 Human 

Requirements
Support employees without adding workload or removing tasks that provide 
job satisfaction. Provide decision support tools with relevant and actionable 
information

Req. 2 Personnel 
Requirements

SMEs need skilled interdisciplinary staff in measurement technology and 
machine vision despite limited technical resources. A cooperative structure is 
essential for communication and smooth hardware and software integration

Req. 3 AI Expertise 
Requirements

Develop AI and machine vision expertise to apply methods, such as neural 
networks, select suitable cameras and ensure stable well programmed systems

Req. 4 Environmental 
and Robustness 
Requirements

Equipment must operate reliably in harsh conditions. Cameras may require self 
cleaning to handle coolant or dust

Req. 5 Time 
Requirements

Provide sufficient time for installation, training and ongoing maintenance of 
machine vision systems

Req. 6 Regulatory 
Requirements

Machine vision solutions must meet sector-specific rules, such as mandatory 
100 percent visual inspection. In highly regulated fields, such as rail, any digital 
inspection method requires formal justification and documented approval

Req. 7 Shop Floor 
Requirements

Involve machine operators early, address skepticism and plan short production 
stops for setup or adjustments with informed staff

Req. 8 IT Requirements Ensure adequate storage, network capacity and security. Many SMEs need flex-
ible solutions to integrate with legacy systems and varied data formats

Req. 9 Software 
Infrastructure

Use a unified platform with robust algorithms for automated image analysis to 
avoid frequent system switching and user errors

Req.10 Software 
Requirements

Provide sufficient and diverse training data and accept that machine vision is 
statistical rather than perfectly accurate. Software must match sensor resolution 
and handle motion or poor lighting

Req.11 Hardware 
Requirements

Select compatible components and offer clear setup guidance. Choosing the 
right camera type and lens resolution is critical for performance

Req.12 Cross System 
Requirements

Integrate data from multiple sources beyond camera inputs to capture the full 
operational context

Req.13 Data 
Requirements

Secure high quality and well organized data, especially error samples, for train-
ing and operation. Many SMEs still face digitalization and data access challenges

Req.14 Data Protection Comply with privacy and ethics rules, such as the EU AI Act and avoid high risk 
uses that create heavy administrative burdens

Req.15 Lighting 
Requirements

Evaluate local lighting on site to ensure reliable vision performance

Req.16 Process 
Requirements

Appoint a contact person familiar with the application, data and error cases to 
support tasks such as labeling

Req.17 Cost 
Requirements

Assess return on investment carefully. Investments can reach five to six figures 
and ongoing personnel or maintenance costs may reduce expected savings

Req.18 Usability 
Requirements

Provide intuitive software that minimizes operator training and presents camera 
output in an easily usable format

Req.19 Service 
Requirements

Arrange external or internal certification, regular updates and long term avail-
ability of spare parts and support

Req.20 Further Require-
ments and 
Challenges

Additional context specific obstacles or limitations
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“Framework”, described in Sect. 5.1. Secondly, a morphological box is used to map the 
requirements derived from the QDA category Requirements and Challenges and the 
previous literature review to existing resources, identifying suitable resources for SMEs’ 
needs through morphological analysis, as outlined in Sect. 5.2. Finally, these resources 
are integrated into the workflow process in Sect. 5.3, forming the conceptual framework 
for machine vision integration in manufacturing SMEs.

5.1  Integration workflow

The integration workflow is modeled using UML as a two-level activity diagram, where 
each activity in the upper-level diagram is detailed in a corresponding sub-activity dia-
gram. Based on the concept of the processing chain from foundational literature, as well 
as relevant standards, and interview insights based on the QDA categories Organisation 
and Environment, Integration Workflow, and Framework, the upper-level diagram rep-
resents the high-level integration workflow for machine vision applications (see Fig. 5). 
It illustrates the identified steps: requirements & specifications, hardware setup, soft-
ware setup, image analysis, and operational integration. Furthermore, the connections 
and backward loops in the integration process.

The lower-level diagrams are similarly grounded in standards, literature, and more 
detailed interview findings, and can be categorized in one low-level diagram for each 
high-level step: requirements & specifications, hardware setup, software setup, image 
analysis, and operational integration. Each diagram shows the integration steps. For 
example, in the case of software integration, these include driver installation, software 
development kit (SDK) usage, proprietary software selection, open source software 
development, IT infrastructure integration, and human–machine interface integration. 
These steps are further detailed with conditional structures, including if-else and back-
ward loops, for decisions such as choosing between proprietary and open source soft-
ware. All low-level diagrams are summarized in Fig. 6 and presented individually in the 
Appendix (Figs. 11, 12, 13).

Fig. 5  Integration workflow: high-level machine vision integration activity diagram (UML)
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While the initial integration processing chain based on foundational literature (see 
Fig.  3) already provided a structured approach, the interview revealed several addi-
tional insights. Firstly, the integration procedures were described as human-centered, 
both in terms of requirements and the validation of machine vision systems. They fol-
low a highly iterative approach, which is why the integration workflow includes steps 
for human feedback and several backward loops as well. Furthermore, the integration 
included both technical steps, including hardware filters or camera sensor triggers, and 
organizational steps, such as business case investigation or work allocation. While some 
interviewees emphasized the importance of distinct roles in the integration process, 
such as the owner or IT role, the framework does not provide fixed responsibilities due 
to the commonly mentioned flexibility of roles in smaller companies. Besides, several 
other adjustments were implemented, such as the integration of sensor types beyond 
cameras, including computer tomography as well as make-or-buy decisions in software 
selection. Each step involves different requirements and challenges identified by SMEs 
as well as varying resources and available opportunities. Importantly, since the integra-
tion workflow is modeled on the information processing chain as the underlying struc-
ture, enriched by insights from the interviews, it should not be interpreted as a strictly 
sequential process. Depending on the specific use case, individual steps may be parallel-
ized, reordered, or revisited, with the actual dependencies determined by the technical 
and organizational context.

5.2  Morphological box and analysis

The morphological box and analysis is a structured method that systematically identifies 
sub components or key parameters and defines multiple options for each. By combining 
these options within a matrix, a range of unique solutions can be generated [55]. This 
method is used for analyzing multiple solutions to complex problems in various indus-
trial settings, such as worker assistance system development [56], or for 3D-Scanner 
evaluation [57].

In the context of this work, the integration of machine vision systems in manufactur-
ing SMEs represents such a complex design space, characterized by diverse technical, 
organizational, and resource-related requirements. Therefore, a morphological analysis 
is conducted to examine the requirements in relation to available resources and thereby 

Fig. 6  Integration workflow: low-level machine vision integration activity diagrams (UML)
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potential opportunities. Therefore, a morphological box needs to be created that can be 
represented as a table. The rows represent the requirements, which are derived through 
QDA and the systematic review. The columns represent existing materials and include 
norms, foundational literature, and research papers presented in Sect. 2 as well as solu-
tions and opportunities retrieved from the QDA in Table 7. The mapping of each row 
and column describes the extent to which a material meets a given requirement. Three 
levels of fulfillment are considered: not fulfilled, partially fulfilled, and completely ful-
filled. The fulfillment is analyzed by two independent researchers and finalized through 
a decision-making process afterward. Within the assessment, there were 12 cases out 
of 164 in which the two researchers initially disagreed. These disagreements occurred 
only between the categories “No” and “Partial” or between “Partial” and “Complete”. The 
final decision was reached by comparing both ratings and discussing the differing assess-
ments to ensure an unbiased mapping. After discussing and comparing the reasoning 
behind the differing ratings, all 12 discrepancies were resolved unanimously.

Afterwards, a morphological analysis is conducted based on the proposed morpho-
logical box. This analysis selects and combines the most suitable elements from each 
functionality, ensuring that the best aspects of existing approaches are integrated. One 
or multiple resources that fulfill a given requirement are chosen. The selected resources 
are then combined in a collaborative format. Therefore, two researchers independently 
develop possible combinations before collaboratively discussing and evaluating the opti-
mal solutions.

The morphological box is illustrated in four tables covering standards, foundational 
literature, research, and interview insights (Tables  9, 10, 11, 12). In each table, only 
requirements that can be mapped to resources are summarized.   

The combination of existing standards, foundational literature, research approaches, 
and interview-based solution suggestions addresses multiple integration requirements 
and challenges. However, for some requirements, no resource could be identified that 
covers them, such as Regulation Requirements, Data Protection Requirements, or Ser-
vice Requirements. In the following, the identified elements are mapped to specific inte-
gration steps to create the conceptual framework.

5.3  Conceptual framework

To design the conceptual framework, the integration workflow for machine vision in 
industrial SMEs, modeled in Sect. 5.1, is combined with the requirements and resource 
mapping derived from the morphological analysis in Sect. 5.2. Each requirement or chal-
lenge, along with its corresponding resource or potential solution and their interconnec-
tions, is assigned to steps in the presented high-level or low-level integration workflow. 
Therefore, two researchers independently assign the requirements and resources to 
specific integration steps before collaboratively discussing and evaluating the optimal 
solutions. The overall framework is then modeled using a UML Activity Diagram and 
UML Class Diagram, providing a structured and unified representation of the concep-
tual framework. The framework is published as a resource within the article over a git 
reporitory [54].

Overall, the conceptual framework includes multi-level integration activity diagrams 
and associated requirements, supported by resources applicable to the general inte-
gration of machine vision systems in manufacturing SMEs. The integration workflow 
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has parallel processes due to the individual steps of machine vision integration, such 
as the separation between proprietary and open-source software selection and their 
integration, which are later combined in the subsequent processing steps, in this case, 
infrastructure integration. Individual steps are separated by decision nodes, which 
are represented by yes/no questions, as in the example: “Open-source development 

Table 9  Fulfillment of requirements by machine vision standards (No: , Partial: 
, Complete: ), showing only requirements for which the corresponding resources are 
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Req. 8: IT Requirements

Req. 9: Software Infrastruc-
ture Requirements

Req. 10: Software Require-
ments

Req. 11: Hardware Require-
ments

Req. 12: Cross-System
Requirements

Req. 13: Data Requirements

Req. 15: Lighting Require-
ments

Req. 16: Process Require-
ments

(T), and cross-lagged effect (P20), aggregated across other conditions. Power values greater than 0.8 are indicated in bold.

Table 10  Fulfillment of requirements in foundational machine vision literature (No: 
, Partial: , Complete: ), showing only requirements for which the corresponding 

resources are relevant
1 21Relevant requirement Beyerer et al. [ ] Hornberg [ ] Golnabi et al.

[24 ]

Req. 10: Software Require-
ments

Req. 11: Hardware Require-
ments

Req. 13: Data Requirements

Req. 15: Lighting Require-
ments

Req. 16: Process Require-
ments

Req. 18: Usability Require-
ments

(T), and cross-lagged effect (P20), aggregated across other conditions. Power values greater than 0.8 are indicated in bold.
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intended?”. Furthermore, some integration steps are looped to model iterative refine-
ments, such as the operational integration loop between inference, human-centered 
feedback, and system improvement.

The mapped resources enable tailored solutions for specific challenges. For example, 
Fig. 7 illustrates a case in which a user requires guidance in image analysis during the 
implementation of machine vision for a use case with no accessible data. This situation 
leads to defined data requirements and the recommendation to use CAD-based data 

Table 11  Fulfillment of requirements in recent research contributions (No: , Partial: 
, Complete: ), showing only requirements for which the corresponding resources are 

relevant
Relevant Requirement Open-

source
software

Low-cost
hardware

Ready-
to-use

software

Intuitive
systems

Domain-
specific

hardware

Req. 2: Personnel Require-
ments

Req. 3: Knowledge Require-
ments

Req. 4: Environmental
Requirements

Req. 5: Time Requirements

Req. 7: Shop Floor Require-
ments

Req. 8: IT Requirements

Req. 9: Software Infrastruc-
ture Requirements

Req. 17: Cost Requirements

Req. 19: Usability Require-
ments

(T), and cross-lagged effect (P20), aggregated across other conditions. Power values greater than 0.8 are indicated in bold.

Table 12  Fulfillment of requirements in interview opportunities mentioned (No: , Par-
tial: , Complete:  ), showing only requirements for which the corresponding resources 

are relevant
Relevant requirement Training

materials
Iterative
develop-

ment
process

Search for
reference
examples

Use of
LLMs

Req. 1: Human Requirements

Req. 2: Personnel Require-
ments

Req. 3: Knowledge Require-
ments

Req. 5: Time Requirements

Req. 10: Software Require-
ments

Req. 13: Data Requirements

Req. 16: Process Require-
ments

Req. 17: Cost Requirements

(T), and cross-lagged effect (P20), aggregated across other conditions. Power values greater than 0.8 are indicated in bold.
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augmentation to generate synthetic data, along with Direct Object Identifiers (DOIs) 
referencing literature on such augmentation methods in various use cases.

Further examples of mappings include lighting standards within the design phase, 
various resources for the software interface phase, such as drivers and software devel-
opment kits (SDKs), and literature for identifying computer vision tasks, such as object 
detection or semantic segmentation, depending on the specific use case. The complete 
framework is illustrated in the UML diagram attached to the manuscript [54].

To improve the readability of the conceptual framework as nested activity diagrams 
and embedded class diagram resources within the activity actions, the diagrams can be 
modeled in interactive software [58]. Within this framework, cross-references between 
resources and their activity steps, as well as connections from one activity step to 
another nested activity diagram, can be visualized interactively. Furthermore, such soft-
ware applications can interface the conceptual framework using standardized protocols, 
such as the Model Context Protocol (MCP) via an MCP server. MCP is a standardized 
interface that allows software components, including interactive modeling tools or AI 
agents, to exchange structured information with the conceptual framework. Using MCP, 
an LLM can act as a client to query resources, activity steps, or nested diagrams stored 
on the MCP server, ensuring seamless integration between modeling software and AI 
tools and enabling interactive exploration of the conceptual framework. Implementa-
tion-wise, the selected software provides MCP out-of-the-box [58].

Figure 8 illustrates an interaction with the LLM GPT−4.1 [59], which queries informa-
tion from the MCP server of the conceptual framework as a proof-of-concept. In the 

Fig. 8  Interaction between the proprietary LLM model GPT−4.1 [59] and the MCP Server of the conceptual 
framework

 

Fig. 7  Addressing data shortage for SMEs: an exemplary use case for synthetic data generation within the con-
ceptual framework
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given case, the user requests the requirements and resources of the lighting design phase 
from the LLM, which retrieves the corresponding information from the MCP Server 
as an MCP Client. The interactive version of the conceptual framework, along with its 
MCP server, can be hosted within the attached resources [54]. Nevertheless, such an 
MCP implementation as a proof-of-concept needs to be further investigated regarding 
its performance in operation.

Consequently, the framework can be used as a guide for integrating industrial machine 
vision systems and offers insights into general requirements, particularly for manufac-
turing SMEs, as well as possible solution approaches. To validate the approach, struc-
tured feedback in focus group discussion can be gathered regarding its structure, 
content, and usability.

6  Focus group discussion
A focus group discussion is conducted to validate the conceptual framework. Focus 
group discussions are a common data collection technique in qualitative, mixed-method, 
and quantitative research designs [60]. They are used for the synthesis and reflection of 
presented research concepts [61]. Group sizes of six to twelve participants [55, 62] with 
durations of 60–90 min [63] are recommended in research. In the context of software 
engineering, focus groups are considered a cost-effective and efficient empirical method 
for obtaining feedback from practitioners [64]. Various guidelines describe the applica-
tion of focus group discussions from a practical perspective [65].

Within the conducted focus group, six participants with an academic research back-
ground are invited for 90 min. Of the six participants, five identified as male and one 
identified as female. Some had participated in earlier interviews, others were new, ensur-
ing that all academic participants could discuss the framework’s practical relevance and 
validate the research methods from different perspectives and levels of prior knowl-
edge. Industrial partners did not participate to keep the focus on academic evaluation. 
The session begins with a 10-minute introduction to the research context, followed by 
a 20-minute presentation of the conceptual framework. As the framework is designed 
to address previously identified requirements for machine vision integration in indus-
trial SMEs, these requirements are explicitly communicated to the participants and pre-
sented alongside the framework. Subsequently, participants spend 20 min to familiarize 
themselves with the framework, assessing its alignment with the specified requirements, 
and making direct annotations or suggestions. Afterwards, a 30-minute group discus-
sion allows participants to present their feedback and discuss it collectively. For this pur-
pose, three guiding questions were selected:

1)	 What are the scientific strengths and limitations of the methodological approach used 
for developing the conceptual framework?

2)	 What are the practical strengths and limitations of the conceptual framework for 
industrial SMEs?

3)	 How can the conceptual framework be further refined in future research?

Finally, 10  min are included for general feedback on the discussion. The key findings 
from the feedback are presented in Table 13, categorized by template contributions and 
summarized group discussion insights.
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The feedback based on the three guiding questions highlighted the strengths of the 
approach as a methodologically defined procedure that integrates both research and 
industrial insights into a clearly structured framework. At the same time, participants 
pointed out limitations and areas for improvement, particularly regarding the simplifica-
tion of interactions with the framework and the need for validation in concrete indus-
trial use cases. In summary, the applied methods provide a solid basis for answering the 
initial research questions.

7  Results and discussions
The following provides the key insights that address the research questions based on our 
methodological approach.

Research Question 1 Which requirements are crucial for the integration of machine 
vision systems in manufacturing SMEs?

In addition to the challenges identified in the literature review, such as high costs and 
data shortages, the interview transcript analysis revealed several additional require-
ments that SMEs face, including hardware, software, and operational infrastructure. 
In total, 21 requirements were identified and analyzed for the integration of machine 
vision, particularly in SMEs. These requirements contribute to a better understanding 
of the integration workflow and its practical demands for industrial SMEs, reflecting not 
only a scientific perspective but also the viewpoints of MV integrators and SME stake-
holders. Although the interview sample includes participants from different organiza-
tions and backgrounds, the limited number of interviewees means that the identified 
requirements reflect a first overview rather than a complete picture of manufacturing 
SMEs. Furthermore, all interviewees operate within Germany and thus the regulatory 
and industrial context of the EU, which may limit the applicability of certain require-
ments, such as Regulatory Requirements or Data Protection, to SMEs outside the EU 
with different legal frameworks. Future research may benefit from a broader sample 
across countries and additional stakeholder types, such as operational staff from manu-
facturing SMEs or university professors, who were not directly represented, as shown in 
Table 4.

Research Question 2 Can these requirements be used to develop a combined approach 
that integrates existing methods and resources to facilitate machine vision integration 
for SMEs?

Table 13  Summary of feedback structured by guiding questions
Guiding question Key findings
Scientific strengths 
and limitations of 
the methodological 
approach

 Broad coverage by including participants from different domains (SMEs, integra-
tors, among others) - Appreciation of requirement identification, but concerns that 
interview categories may have been too leading - Open question about the distinc-
tion between computer vision in general and the specific methodological focus on 
machine vision

Practical strengths 
and limitations of the 
conceptual framework 
for SMEs

 Clear step-by-step structure, but flexibility in development should be emphasized 
more strongly - Need for clearer differentiation between self-development in SMEs 
and support from external service providers, including a stronger role structure - Cer-
tain aspects may be out of scope, such as other sensor methods beyond vision - Lim-
ited reference to concrete decision-making foundations for individual workflow nodes

Future refinement 
of the conceptual 
framework

 Some integration workflow steps could be rearranged - Framework could be simpli-
fied further and extended with additional interfaces, for example to generative AI - 
Recommendation to validate the framework within real industrial contexts



Page 23 of 29Werheid et al. Discover Artificial Intelligence           (2026) 6:442 

The study proposes that the identified requirements can serve as the foundation for 
a conceptual framework, structured through morphological analysis and modeled in 
UML, to describe the integration process of machine vision systems in industrial SMEs. 
The workflow outlines the general integration steps, linking the specific requirements 
of manufacturing SMEs to suitable resources. In this way, the requirements are applied 
within a combined approach to develop a conceptual framework that integrates exist-
ing resources and additional insights from the interviews. Furthermore, the modeled 
framework can be provided via MCP to facilitate user integration of different stakehold-
ers, addressing questions about machine vision integration. The focus group discussions 
validated the approach and provided insights for refinements, including the conceptual 
framework, the design of user interaction, and the further integration of generative AI. 
Nevertheless, the validation could be strengthened by involving industrial stakeholders. 
While the integration framework may not be the primary approach for machine vision 
integration in manufacturing, it addresses previously overlooked aspects by providing 
a defined mapping of the investigated requirements against existing resources, which 
are crucial for enabling machine vision in manufacturing SMEs. The interaction with 
the framework as an MCP server remains basic in terms of its generative AI capabili-
ties, and general IT personnel are required for the setup described in the supplementary 
resources. For example, it does not yet support modeling the entire framework for use 
in multi-agent systems with an intuitive user interface. Therefore, the potential of gen-
erative AI’s role in fostering user integration was emphasized. Furthermore, an indus-
trial use case could further validate the framework in industrial settings. Future research 
might explore how advanced computational methods, such as multi-agent systems, 
can automate this framework and offer holistic guidance for machine vision integra-
tion in SMEs and beyond. These approaches could then be validated in industrial set-
tings, for example by guiding a machine vision integration process in an SME using the 
framework.

Together, the identified requirements and the resulting conceptual framework provide 
a structured foundation that both captures the specific conditions of SMEs and dem-
onstrates how these can be systematically linked with existing resources to support the 
integration of machine vision systems.

8  Conclusions
Machine vision is important for industrial automation and drives advancements in 
modern manufacturing systems. SMEs face distinct challenges in adopting machine 
vision methods, often AI-based, to enhance their manufacturing processes. Although 
standards, literature on machine vision, and some best practices for SMEs exist, to our 
knowledge, there is no conceptual framework to guide them in integrating machine 
vision technology while addressing their specialized needs and requirements. By com-
bining requirements from a previously published systematic literature review with those 
from semi-structured expert interviews and an analysis of their transcriptions, require-
ments for machine vision integration in manufacturing SMEs were identified. Based 
on these requirements, a morphological box that illustrates how each one aligns with 
existing approaches from standards, foundational literature, and research in the field is 
presented. Finally, a conceptual framework for machine vision adoption that considers 
the specific requirements of industrial SMEs and presents resources to address them 
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is proposed. The conceptual framework was deployed as an MCP server to enable a 
proof-of-concept for generative AI accessibility and was demonstrated, along with the 
framework itself, in a focus group discussion. Using these methods, the problem was 
categorized into specific SME requirements, shaping the solution by mapping these 
requirements and creating a conceptual framework that provides a structured founda-
tion for supporting SMEs in machine vision integration and offers resources to address 
the identified challenges, for example via chatbot interaction. The key findings included 
a guided approach through the framework as well as easier identification of resources. 
Feedback highlighted further possible research directions, such as the integration of 
multi-modal generative AI to support the integration process of machine vision. In gen-
eral, the framework may serve as a foundational concept for developing tools that sup-
port SMEs in their machine vision integration.

Nevertheless, the feedback by the focus group consisted exclusively of participants 
with academic backgrounds. Therefore, the validation should be considered a prelimi-
nary academic validation, and future work should involve industrial stakeholders such 
as SME practitioners and machine vision integrators to further assess the framework’s 
applicability in practice. Furthermore, the performance of information retrieval by the 
MCP server was not investigated in depth.

In summary, the presented research and the developed framework contribute to a 
deeper understanding of SMEs’ requirements in technology adoption. In addition, they 
provide guidance for SMEs in the adoption of machine vision systems, thereby sup-
porting digitalization and competitiveness. Future research could explore additional 
requirements through more extensive interview formats and by integrating generative 
AI, thereby broadening guidance for machine vision integration in manufacturing SMEs.

Fig. 9  Integration workflow: low-level machine vision integration activity diagram for requirements & specifica-
tions (UML)
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Fig. 11  Integration workflow: low-level machine vision integration activity diagram for software setup (UML)

 

Fig. 10  Integration workflow: low-level machine vision integration activity diagram for hardware setup(UML)
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