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Abstract

Paper aims: This paper examines how computer vision (CV) technologies are being integrated into the Quality 4.0 
framework, addressing the gap between conceptual discussions and industrial implementation.

Originality: Unlike previous studies based on simulated environments or theoretical frameworks, this research draws on 
202 proofs of concept (POCs) developed with real industrial demands. The dataset provides a rare empirical perspective 
on how CV technologies are adopted.

Research method: The study employs a mixed-method approach combining descriptive statistics, trend identification, 
and correspondence analysis to identify technical and contextual patterns across the POCs.

Main findings: The analysis reveals challenges in CV adoption, including the need for customization to sector-specific 
requirements and environmental characteristics. Simultaneously, it identifies opportunities in automated inspection, 
predictive maintenance, and real-time decision-making. The increasing use of classification, segmentation, and object 
detection techniques indicates a progression toward greater technical maturity.

Implications for theory and practice: The findings extend Quality 4.0 research by providing empirical evidence of the 
technological and organizational conditions shaping CV implementation. For practitioners, they offer actionable insights 
on aligning CV deployment with infrastructure and production constraints. Overall, this study provides the first large-
scale empirical mapping of CV implementation, demonstrating its role as an enabler of data-driven quality management.
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1. Introduction

In the current landscape of industrial innovation, the integration of digital technologies has revolutionized 
traditional manufacturing processes, leading to the emergence of Industry 4.0. This transformation is characterized 
by the convergence of cyber-physical systems (CPS), the Internet of Things (IoT), big data, and artificial intelligence 
(AI), which collectively enhance operational efficiency and product quality (Frank et al., 2019; Kang et al., 
2016). Within this paradigm, Quality 4.0 emerges as a crucial concept, combining these digital advancements 
with quality management practices to foster superior quality outcomes (Sony et al., 2020). Quality 4.0 leverages 
advanced data analytics, machine learning, and real-time monitoring to transition from reactive to proactive 
quality management. This shift enables organizations to predict and prevent quality issues, optimize processes, 
and ensure higher customer satisfaction (Sony et al., 2020).

According to Jacob (2017) and Sony  et  al. (2020), Quality 4.0 is grounded on the integration of 
ten key elements – including data management, connectivity, analytics, collaboration, and leadership – 
that collectively enable a shift from reactive to predictive and adaptive quality management. As quality 
assurance in manufacturing has traditionally relied on manual inspection activities performed by workers, 
the automation of these tasks represents a critical step toward digital transformation. In this context, 
computer vision emerges as a central technological enabler of Quality 4.0, directly contributing to data 
acquisition, real-time analytics, and process automation, and thereby enhancing the precision, speed, and 
consistency of quality inspection processes.

Computer vision (CV) has matured to a point where it supports diverse applications across different 
manufacturing environments, enabling precise and efficient inspection processes that enhance quality 
management (Zhou et al., 2023). Despite significant technical progress, a detailed understanding of CV’s 
broader adoption within the Quality 4.0 framework is still limited. Most existing studies focus on algorithms or 
isolated applications, with fewer contributions offering systematic empirical evidence of how CV is demanded, 
tested, and adapted in industrial contexts (Wang et al., 2021). Understanding these implementation dynamics 
is crucial for advancing Quality 4.0, as the effectiveness of CV depends not only on technical performance but 
also on its alignment with process conditions, data infrastructure, and production environments. Generating 
empirical evidence from real industrial implementations is therefore essential to identify the practical enablers 
and limitations of CV, and to guide organizations in effectively translating Quality 4.0 principles into operational 
results (Wuest et al., 2016).

Thus, the primary goal of this study is to explore this intersection through an exploratory empirical study 
of 202 proofs of concept (POCs) developed with real industrial demands and parts. By analyzing these POCs 
systematically, the paper identifies opportunities and challenges that reflect not only the conditions of the POCs, 
but also recurring industrial patterns documented in the broader literature. Hence, this study evaluates various 
factors such as application targets, CV techniques applied, and features related to the process, providing an 
overview of computer vision implementation in the industry.

The findings contribute to the literature in two main ways. First, they provide empirical insights into the 
current trends, challenges, and opportunities of CV adoption in Quality 4.0. Second, they extend theoretical 
discussions by connecting them with evidence drawn from industrial practice, highlighting technological and 
organizational aspects that are crucial for successful adoption. Moreover, this work identifies critical factors 
influencing the successful implementation of computer vision technologies, such as inspection environments, 
internet connectivity, and the integration of various AI techniques. These insights may be helpful for organizations 
aiming to transition towards Quality 4.0, emphasizing the need for alignment between technological capabilities 
and organizational objectives. Furthermore, this research also underscores the importance of customization and 
adaptation of computer vision technologies to specific industrial contexts, which is crucial for the effective 
deployment of these technologies in diverse manufacturing environments (Smith et al., 2021).

Lastly, the evolution of Quality 4.0 within Industry 4.0 represents a significant advancement in quality 
management practices. However, translating theoretical potential into practical application requires addressing 
numerous challenges, including technological integration and organizational alignment (Frank et al., 2019; 
Kang et al., 2016). So, this study also contributes to this ongoing discourse by providing empirical insights for 
understanding and implementing computer vision technologies within the Quality 4.0 paradigm.

The remainder of the paper is structured as follows. The next section provides an overview of the theoretical 
background and existing research on computer vision and Quality 4.0. The method section outlines the research 
design and methods used for data collection and analysis. The results section presents the findings of the study. 
Next, the discussion section explores the implications of the research results. Finally, the conclusion summarizes 
the key contributions and offers directions for future research.
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2. Theoretical background

2.1. Quality management and its evolution to Quality 4.0

The concept of quality has undergone significant transformations over the past century, evolving through 
various stages that reflect advancements in industrial processes and technological innovations (Garvin, 1988). 
Initially, quality was managed through inspection, where the primary focus was on detecting non-compliant 
products through manual checks (Feigenbaum, 1991). This reactive approach was later complemented by 
Shewhart’s introduction of control charts in the 1920s, which allowed for proactive monitoring and control of 
process variability (Shewhart, 1931). The post-World War II era saw the emergence of Total Quality Control (TQC) 
and Total Quality Management (TQM) (Ishikawa, 1985). These paradigms emphasized a holistic approach to 
quality, integrating quality control into every aspect of the organizational process (Deming, 1986). TQM focused 
on continuous improvement and customer satisfaction, leveraging statistical methods and cross-functional 
team efforts (Montgomery, 2009). Despite the advancements brought by TQM and Six Sigma methodologies, 
the pace of innovation in quality management has slowed, creating a gap for new models and approaches 
(Zonnenshain & Kenett, 2020).

The advent of the fourth industrial revolution, known as Industry 4.0, marks a significant shift towards the 
digitalization and automation of manufacturing processes. This era is characterized by the integration of CPS, 
IoT, and big data analytics, which collectively enable real-time monitoring, decision-making, and optimization of 
production systems (Li, 2018; Xu et al., 2018). Within this context, Quality 4.0 emerges as a concept that seeks 
to digitalize and enhance traditional quality management practices using advanced technologies. Quality 4.0 is 
not a replacement for traditional quality methodologies but rather an evolution that integrates digital tools to 
improve process performance, visibility, and connectivity (Jacob, 2017). It leverages technologies such as AI, 
IoT, and big data to provide real-time insights, predictive analytics, and automated quality control measures, 
thereby transforming quality management into a more proactive and strategic function (Zonnenshain & Kenett, 
2020). Table 1 provides an overview of key aspects within the concept of Quality 4.0.

Quality 4.0 is founded on several key elements that align with the broader goals of Industry 4.0. These 
elements include analytics, data management, connectivity, scalability, collaboration, competency, leadership, 
culture, compliance, and management systems (Jacob, 2017). The integration of these elements facilitates the 
transition from reactive quality control to a more predictive and adaptive quality management system. The 
implementation of Quality 4.0 requires a cultural shift within organizations, where employees participate in the 
digital transformation process. Leadership plays a critical role in fostering a culture of continuous improvement 
and innovation, ensuring that quality practices are integrated into every aspect of the business (Javaid et al., 2021). 
Furthermore, the use of AI and machine learning in Quality 4.0 enables the development of intelligent systems 
capable of identifying patterns, predicting defects, and optimizing processes in real-time (Smith et al., 2021).

In this context, computer vision is a crucial technology within the Quality 4.0 framework, offering advanced 
capabilities for automated inspection, defect detection, and process control (Javaid et al., 2021). CV systems 
utilize deep learning algorithms, such as Convolutional Neural Networks (CNNs), to analyze images and videos, 
extracting meaningful information that can be used to ensure product quality and consistency (LeCun et al., 
2015). In manufacturing, CV applications range from surface defect detection and dimensional measurement to 
object recognition and robotic guidance (Chouhad et al., 2021; Moru & Borro, 2020). These applications not only 
improve the accuracy and efficiency of quality inspections but also enable the continuous monitoring of production 
processes, providing valuable data for predictive maintenance and process optimization (Zhou et al., 2023).

Table 1. Key aspects within the concept of Quality 4.0.

Aspect of the Quality 
4.0 concept

Description References

Features Real-time monitoring and analysis; integration 
with Industry 4.0 technologies; human-machine 

collaboration; data-driven decision-making

(Jacob, 2017; Radziwill, 2018; Sony et al., 2020)

Technologies AI; big data analytics; IoT; cyber-physical systems; 
computer vision, 5G connectivity

(Radziwill, 2018; Zonnenshain & Kenett, 2020; Sony et al., 
2020)

Applications Automated inspection and defect detection; dimensional 
measurement; predictive maintenance; end-to-end 

traceability

(Jacob, 2017; Sony et al., 2020; Javaid et al., 2021)
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2.2. Computer vision advanced applications in industry

Computer vision has seen a rapid evolution in its application within the industrial sector. This technology 
encompasses a range of functions, including defect detection, sorting, visual servoing, metrology, counting, 
object detection, robot guidance, and augmented reality support. These applications are often integrated to 
enhance manufacturing processes, aligning with the broader goals of Quality 4.0.

The most prevalent application of computer vision in industry is quality control. Computer vision techniques 
enable precise visual inspection for defect detection, significantly enhanced by deep learning algorithms such 
as CNNs (Chouhad et al., 2021). These advanced algorithms allow computer vision systems to detect a wide 
array of defects across various surfaces, outperforming traditional methods in both accuracy and scope. For 
example, Chouhad et  al. (2021) utilized a CNN to classify surface irregularities in copper pieces post-laser 
cutting, employing a 4K camera and chromatic confocal technology. Similarly, Ardanza et al. (2019) developed 
a quality control use case for additive manufacturing (AM), utilizing a human-machine interface (HMI) platform 
to operate and monitor an AM machine with high-resolution imaging, ensuring the accuracy of each printed 
layer. Moru & Borro (2020) proposed a machine vision application for sub-pixel level measurement of industrial 
gears, optimizing quality control and reducing downtime.

Further studies, such as Devereux et al. (2021), investigated automated object identification systems for 
nuclear reactor cores, employing semantic segmentation to outperform traditional methods. Wang & Guo 
(2014) developed a system for detecting faults in fruits and vegetables, achieving high recall and low false 
detection rates using a color histogram and Linear Support Vector Machine (SVM). In the automotive industry, 
Srivastava et al. (2019) evaluated deep learning models for real-time object identification, balancing resource 
consumption, run time, and accuracy across different hardware platforms.

Additionally, sorting applications in computer vision systems involve categorizing mixed items by shape, 
color, size, or other visual characteristics, often integrated with inspection processes in various industries. For 
instance, Soustek et al. (2020) explored machine vision for sorting nuts and washers, utilizing a visualization 
tool from National Instruments for automated inspection. In the food industry, Morales et al. (2014) described 
a robotic system for handling onions and artichokes, incorporating a parallel manipulator and custom-designed 
end-effector with computer vision software. Alaskar et al. (2022) employed a convolutional deep learning network 
to enhance the automatic sorting of date fruits, achieving high accuracy through a custom CNN architecture.

Computer vision systems also excel in visual guidance and measurement applications. Adams et al. (2018) 
demonstrated a thermal spraying application using machine learning-based vision to align plasma gun nozzles. 
Vijayan et al. (2017) discussed robotic assembly systems employing visual guidance and feedback, with artificial 
neural networks (ANNs) enhancing computing time and convergence. De Araujo & Lins (2020) proposed an 
autonomous system for workpiece referencing in machining, using stereo vision and cloud-based image analysis. 
Zawada-Tomkiewicz & Tomkiewicz (2020) developed an intelligent vision sensor for evaluating machined 
surfaces during cutting processes, addressing current research challenges. Castelli et al. (2017) created a machine 
learning-based visual servoing solution for robot control in copper wire winding, showcasing the integration 
of computer vision in automated manufacturing.

A morphological matrix is presented to systematize the various technological and organizational alternatives 
and aspects of computer vision implementation (Figure 1).

In the matrix, department is a variable that categorizes the beneficiary departments, such as production, 
quality, and maintenance. This classification assists in resource allocation and strategic planning of projects. 
Application type encompasses various operational categories like measurements, inspections, and code reading, 
which are essential for optimizing product and process designs within industrial settings. Technique refers to 
the main methodologies used in computer vision applications, while Subtechnique specifies algorithmic variants 
within each category, following the hierarchical organization commonly adopted in computer vision and Quality 
4.0 studies (Javaid et al., 2021; Radziwill, 2018; Smith et al., 2021; Sony et al., 2020; Zhou et al., 2023). Outputs 
in the matrix define the types of data provided to industrial controllers, including codes, measurements, and 
classification results; these outputs are integral to the automation and control processes within the industry. 
The inspection environment variable classifies the system’s conditions, distinguishing between open, closed, or 
dedicated environments to suit different operational needs.

Internet connectivity evaluates the impact of internet availability on the implementation of cloud computing, 
crucial for real-time data processing and remote operations in modern industrial applications. The trigger 
variable is critical as it defines the mechanisms that activate the inspection process, ensuring timely and accurate 
synchronization between the camera and the manufacturing line.
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Region of interest (ROI) indicates the focus areas within the camera’s field of view that are processed, 
optimizing the system’s efficiency by concentrating on regions critical for quality control and inspection (Gonzalez 
& Woods, 2018). Finally, inspection time (ms) measures the duration required to perform an inspection, providing 
insights into the system’s efficiency and the mechanical limits of the production line. This temporal metric is 
vital for evaluating the feasibility of deploying computer vision systems in high-speed industrial environments.

Despite the advancements in Quality 4.0 and the integration of computer vision technologies, gaps remain in 
the literature. While theoretical frameworks and conceptual models are abundant, empirical studies that highlight 
the applications, challenges, and successes of adopting Quality 4.0 are limited (Broday, 2022). There is a need for 
empirical research looking at technologies in the context of Quality 4.0 to bridge the theoretical advancements 
with practical applications, providing insights into the challenges and opportunities of implementing computer 
vision within the Quality 4.0 framework

3. Methods

The study employs an empirical research design centered on 202 proofs of concept (POCs) developed in 
response to real industrial demands within a technological testbed integrated into a learning factory environment. 
These demands were submitted by manufacturing companies from various industrial sectors, aiming to evaluate 
the feasibility of computer vision applications for quality control of their manufactured products. Each POC 
was developed using actual product samples provided by the related companies, thereby reproducing authentic 
industrial conditions and challenges. This approach enabled the systematic exploration of factors influencing 
the adoption of computer vision technologies and provided empirical evidence on opportunities and barriers 
within the Quality 4.0 framework.

3.1. Research scenario

The proofs of concept within this research were implemented and tested in a learning factory environment. 
The learning factory, known as Fábrica do Futuro, is located at the University of São Paulo. The learning factory 
environment is equipped with various setups designed to replicate real-world industrial conditions as truly 
as possible (Figure 2). These setups include conveyor lines (Figures 3a and 3b), assembly benches, enclosed 
environments (Figure 3d), and internal logistics equipment like carts and a pallet truck. The conveyor belt used 
in the study measures 4.5 x 0.16 meters and has a variable linear speed ranging from 0.1 m/s to 0.9 m/s. For 
the tests, two cameras were used: one MVISIA® ESOS v2.6 model with a global shutter, 120 fps, and a resolution 
of 1600×1200 pixels; and one MVISIA® SENS v1.2 model with a rolling shutter, 20 fps, and a resolution of 
1920×1080 pixels. For lighting, the study utilized a range of equipment, including ring light LEDs (9 W 6000 K), 
circular and rectangular backlights, spotlights, and darkfield lights (Figure 3c).

Figure 1. Morphological matrix for computer vision application in the industry.  
Source: Authors.
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Figure 2. Research setting.  
Source: Fabrica do Futuro archive.

Figure 3. Research equipment.  
Source: Fabrica do Futuro archive.
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3.2. Data collection

A computer vision service provider has partnered with the learning factory to establish a testbed designed to 
assess the feasibility of applying computer vision technologies to quality control across diverse situations and 
industrial sectors. The initiative sought to enable the evaluation of these technologies within an environment 
that replicates real factory conditions, as testing new solutions in operational production lines is often 
impractical. The data collection process consisted of 202 POCs (units of analysis) obtained over three years, 
from 2019 to 2021. This time interval corresponds to a defined temporal cut selected during the research 
design phase, in which all POCs submitted were systematically collected and analyzed. The delimitation of 
this interval ensured a manageable and methodologically consistent dataset, allowing in-depth comparative 
analysis across application contexts. These POCs involved a range of companies that submitted application 
cases for testing within the learning factory environment. Thus, the POCs represent a variety of contexts 
(e.g., quality inspection of beverage cans, feature identification in stamped automotive parts, and object 
counting in logistics applications), resulting in a comprehensive dataset that illustrates the applicability of 
computer vision to quality control.

More specifically, each POC followed a detailed procedure to ensure consistency and reliability in the findings. 
The procedure included the following steps:

•	 Initial setup – The learning factory environment was prepared with the necessary equipment and configurations 
to simulate the specific industrial conditions required for each POC. The setup included, for instance, adjusting 
the conveyor belt speed and installing the lightning in a way that was similar to the production line conditions.

•	 Data collection – Industrial customers provided test specimens and additional materials such as videos and pictures. 
These inputs were used to design minimum viable solutions using proprietary software based on Python, facilitating 
the demonstration or validation of these solutions.

•	 Execution – Each POC was executed under controlled conditions, with careful monitoring and documentation of 
all relevant variables. The setup varied depending on the specific application, ranging from inspections to tasks 
such as sorting and counting.

•	 Documentation – Detailed records were kept for each POC, including the ID, execution date, technical characteristics, 
and outcomes. This ensured a comprehensive dataset for subsequent analysis.

Each POC was meticulously documented. Data collected included the number of ROIs, inspection time, the 
presence of a trigger, inspection environment (open, closed, dedicated), internet connectivity at the potential 
application site (existent, intermittent, non-existent), and application type (measurement, binary inspection, 
counting, code reading, OCR/OCV, texture analysis, color inspection).

3.3. Data analysis

The collected data were analyzed using descriptive statistics, trend analysis, and correspondence analysis 
(Greenacre & Blasius, 2006) to identify key findings and insights, such as technological evolution trends, 
the relationship between technologies and industrial sectors, and application challenges, such as limited 
connectivity.

Initially, a descriptive analysis was conducted to summarize the key characteristics and outcomes of the POCs. 
This was followed by more detailed analyses to identify patterns, challenges, and opportunities associated with 
the adoption of CV technologies, identified from each context of the POCs. The descriptive analysis involved 
summarizing the quantitative and qualitative data collected from the POCs. This included calculating frequencies, 
means, and standard deviations for the quantitative variables and categorizing the qualitative data to identify 
common themes and patterns. To understand the progression of CV applications, the data was interpreted to 
identify trends over the three-year period. This involved examining the growth in the number of POCs, changes 
in application types, and the adoption of different CV techniques (e.g., anomaly detection, pattern recognition, 
etc.) and subtechniques (code bar, color binarization, etc.).

A correspondence analysis was also performed to gain deeper insights into the relationships between various 
CV techniques and their application areas. This multivariate statistical technique helped to identify patterns and 
clusters in the data, revealing hidden structures that might not be evident through traditional tabular analysis 
methods. The results were visualized in two-dimensional or three-dimensional graphs, where the proximity 
between points (categories) reflected similarity in terms of frequency profiles.
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4. Results

This section presents the key findings from the analysis of the 202 POCs, focusing on application areas, techniques 
used, and environmental factors affecting implementation to better understand the application of CV technologies.

4.1. Sample characteristics

POCs from the automotive sector are predominant in the sample, accounting for 20.8% of the cases or 
43 proofs of concept (Figure 4). This is likely due to the high level of automation in the automotive industry 
compared to other industrial segments. Agroindustry and the food and beverage sector follow with a significant 
number of cases, 27 and 25, respectively. Electronics (10.9%), mining and steelmaking (9.4%), and R&D (7.4%) 
also have significant relevance in the sample.

Figure 4. Industrial segments of the POCs.  
Source: Authors.

Figure 5 illustrates the distribution of proofs of concept conducted across various functional areas from the 
industrial customers. The quality department stands out with a significant majority of 100 proofs of concept. 
In comparison, 36 proofs of concept concerned the manufacturing department, also indicating a significant 
level of experimental activity aimed at optimizing production processes. Other functional areas, such as safety, 
maintenance, and operations, presented much lower numbers, with 7, 4, and 1 records, respectively. This indicates 
that these areas were still not the main focus of interest in CV technology applications.

Figure 5. Distribution of organizational departments where the technology has been implemented. 
Source: Authors.
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Figure 6 shows the distribution of computer vision applications in industrial contexts. Most systems (52.9%) 
perform binary inspection, involving “yes or no” decisions such as detecting the presence or absence of components. 
Measurement accounts for 19.4%, reflecting the importance of dimensional precision in quality control. Counting 
represents 7.3%, followed by texture analysis (6.3%) and color inspection (5.2%), which address surface and 
color quality. Finally, OCR/OCV (5.2%) and code reading (3.7%) support traceability and label verification.

Figure 6. Distribution of applications in the POCs.

Figure 7. Application types over the three-year period.  
Source: Authors.

4.2. Application areas and techniques

The POC analysis showed that computer vision technologies were mainly applied in quality control, 
measurement, and counting. Figure 7 illustrates their growth from 2019 to 2021, with binary inspections rising 
from 10 to 46 applications (totaling 101), indicating strong demand for automated quality control. Measurement 
also expanded from 3 to 22 cases, reflecting greater emphasis on precision. Texture analysis and counting grew 
to 10 and 8 cases, respectively, showing increased interest in advanced image analysis. Color inspection rose 
slightly from 4 to 6, while OCR/OCV declined, possibly due to saturation or shifts to newer methods. Overall, 
applications increased from 13 in 2019 to 101 in 2021, highlighting the rapid integration of CV for efficiency, 
quality, and automation.
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Figure 8 shows a steady and diversified growth of computer vision techniques from 2019 to 2021. Classification 
rose from 3 to 42 applications (total 79), and OpenCV segmentation from 9 to 37, indicating their expanding 
role in automating visual inspection and detailed image analysis. Anomaly detection and background subtraction 
also increased modestly. Among subtechniques (Figure 8b), geometric distance grew from 3 to 20 cases (total 
38), and grid from 1 to 21, emphasizing their value for precision and data organization. Color binarization rose 
from 3 to 11, SVM from 1 to 18, and multilabel classification reached 17 in 2020, evidencing greater complexity 
in image processing. OCR peaked at 9 in 2020, while Yolo appeared in 2020 as a key tool for real-time detection. 
Overall, these trends point to a progressive adoption of more advanced and diversified CV methods, enhancing 
industrial precision and efficiency.

Figure 8. Techniques (a) and subcategories (b) over the years.  
Source: Authors.

Furthermore, Figure 9 highlights the deployment of CV techniques tailored to specific needs across different 
industries. Both the automotive sector and food industry predominantly use “binary inspections” (28 and 15 
instances, respectively) to ensure product quality and safety. Agroindustry employs a variety of techniques, with 
a balance between “binary inspections” (8 instances) and “counting” (7 instances) playing a prominent role in 
the counting and quality control of agricultural products. The pharmaceutical, electronics, and textile sectors 
emphasize “binary inspections” and “measurements” for strict compliance and precision in quality checks. Other 
sectors, except for the construction industry, show a similar trend. In construction, a more even distribution of 
applications is observed. This analysis demonstrates the widespread and sector-specific application of computer 
vision technologies, underscoring their essential role in enhancing quality control, operational efficiency, and 
compliance across diverse industries.

The next analysis, presented in Figure 10, compares CV application categories with the techniques employed. 
In binary inspections, classification dominates (62 cases), confirming its central role in pass/fail assessments, 
followed by OpenCV segmentation and background subtraction. For measurement, OpenCV segmentation is most 
common (35 cases), supporting detailed deviation detection. Counting also relies mainly on this technique (12 
cases). In texture analysis, classification and OpenCV segmentation are equally frequent, while color inspection 
emphasizes both (6 and 3 cases, respectively) for color-based differentiation. OCR/OCV (9 cases) and code 
reading (7) primarily use pattern recognition, aligning with their text and code identification goals. Overall, 
the results indicate that technique selection is closely aligned with each application’s functional requirements.

Figure 11 provides an overview of the main techniques and their corresponding sub-techniques used in 
computer vision systems. In “classification”, the prominence of the “SVM” sub-technique stands out, being 
employed in 33 instances, denoting its robustness and reliability in accurately classifying images. Concurrently, 
the significant use of the “multilabel” approach, with 27 instances, underscores the contemporary need to 
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classify images into multiple categories simultaneously, a necessity in a world with complex visual information. 
“OpenCV segmentation” shows a marked preference for geometric distance, with 37 applications. This may 

Figure 9. Application category vs. industry sector.  
Source: Authors.

Figure  10. Application category vs. technique.  
Source: Authors.

Figure 11. Technique vs. subtechnique.  
Source: Authors.



Production, 36, e20250096, 2026 | DOI: 10.1590/0103-6513.20250096 12/18

illustrate its capability to measure similarities or differences for distinguishing elements in an image. “Color 
binarization” also plays a notable role, with 17 occurrences, reinforcing its effectiveness in segregating elements 
based on specific hues. “Blob detection” and the use of “multilabel” complement the segmentation framework, 
revealing the diversity of techniques adopted to visually break down an image into discernible components. In 
“pattern recognition,” there is a tilt towards specialized techniques such as “OCR,” used in 13 situations, and 
“codebar” applied in 6 cases, emphasizing the demand for precision in interpreting texts and codes in various 
formats and media. The occasional presence of “geometric distance” and “grid”, each with a single application, 
suggests the need for methods that compare shapes and geometric structures to recognize patterns. For “anomaly 
detection,” the “grid” technique is exclusively used 9 times, highlighting its usefulness in identifying deviations. 
This method can be particularly effective in isolating regions for detailed analysis, a critical step in identifying 
abnormalities in images. Lastly, in the context of “background subtraction,” “grid” is also shown as the only 
subtechnique adopted, present in 8 cases.

4.3. Industrial environment and task characteristics

The industrial infrastructure and task characteristics were also examined, such as internet connectivity and 
inspection environment at the production site of the company providing the samples.

Figure 12 shows that most industrial environments (111 out of 202) had intermittent internet connectivity, 
typically activated on demand for configuration or remote support. This highlights the need for systems 
capable of operating both online and offline to ensure continuous functionality. In contrast, 66 cases reported 
no connectivity, revealing limitations that hinder the adoption of digital technologies and the potential for 
modernization through connectivity. Only 25 cases (12.4%) indicated continuous internet access, reflecting 
environments already prepared for cloud-based and possibly 5G-integrated solutions.

Figure 12. Internet connectivity  
Source: Authors.

Figure 13 presents the distribution of inspection environments. Most installations (88) are closed areas, 
offering sufficient control and artificial lighting to ensure consistent inspection. Dedicated environments (78) 
feature enclosed setups with optimal and stable lighting conditions, supporting high inspection accuracy. Open 
environments (36) expose objects to uncontrolled lighting and external variables, posing greater challenges for 
CV systems and emphasizing the need for more robust solutions to handle environmental variability.

Figure 14 presents two key operational parameters of the POCs: inspection time and the number of regions 
of interest (ROIs). Across 202 measurements, inspection times varied widely, with a mean of 1,905 ms, a median 
of 875 ms, and a high standard deviation of 5,103 ms. The most frequent inspection time was 1,000 ms, while 
the maximum reached 60,000 ms, indicating the presence of extreme outliers and considerable process variability 
that may reflect specific inefficiencies or contextual challenges in certain industrial settings. Regarding ROIs, 201 
records were analyzed, and in 159 cases, only a single ROI was used, as shown by the mode, median, and lower 
quartiles all equal to one, suggesting fixed-position inspections focused on a single feature. The average of 2.22 
ROIs was inflated by a few high values (maximum of 100), with a standard deviation of 7.22, again indicating 
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outliers rather than general dispersion. Overall, the results show that most industrial CV applications operate with 
short, consistent inspection times and a single ROI, with a few exceptional cases demanding higher complexity.

4.4. Correspondence analysis in the context of quality 4.0

A correspondence analysis was conducted to gain a comprehensive understanding of the interaction between 
various CV techniques within the Quality 4.0 framework. This analysis uncovers the relationships between 
different categories and their contributions to Quality 4.0 initiatives. Principal dimensions derived from this 
analysis illustrate the associations between categories, offering a visual representation that identifies patterns 
and clusters, essential for enhancing quality management through digital technologies. The correspondence 
analysis chart (Figure 15) maps the relationship between application categories and departments based on Quality 
4.0 principles. The first axis (component X) captures the largest variance, while the second axis (component 
Y) represents additional variance. Application types (red points) and departments (blue points) are plotted to 
show their proximity and correlation. For example, “color inspection” is narrowly linked with “safety” indicating 
a solid application of CV for ensuring compliance and safety. “Measurement” is associated with “production” 
and “quality” reflecting its importance in maintaining production accuracy and quality. “Code reading” and 
“counting” are also near “production,” suggesting their utility in inventory management and process tracking. 
Techniques like “binary inspection,” “OCR/OCV,” and “texture analysis” are closer to “quality”, underscoring their 
role in quality control and compliance verification. Functional areas such as “maintenance” and “operations”, 
although less associated with specific techniques, indicate a broader application of CV technologies, enhancing 
various operational aspects.

Figure 16 shows the relationship between application types and specific CV techniques within quality 4.0. 
Techniques such as “code reading” and “OCR/OCV” are positioned distantly from others along axis X, highlighting 

Figure 13. Inspection environment.  
Source: Authors.

Figure 14. (a) Inspection time (ms) (b) Regions of interest. 
Source: Authors.
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their unique applications in text and code recognition tasks. “Counting” and “measurement” are grouped, 
indicating shared techniques for quantification and precision tasks. “Texture analysis” and “color inspection”, 

Figure 15. Correspondence analysis of department by application category.  
Source: Authors.

Figure 16. Correspondence analysis of application category by technique.  
Source: Authors.
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despite their central positions, differ along Component Y, suggesting diverse yet distinct applications for surface 
and color assessment. Techniques like “classification”, “anomaly detection”, and “background subtraction” 
cluster together with “binary inspection”, implying their frequent use in defect detection and quality assurance 
tasks. Application types like “measurement”, “counting”, “texture analysis”, and “binary inspection” seem to 
cluster together based on their usage or similarity in methods, showing separation from certain techniques 
(e.g., pattern recognition).

Figure 17 shows a detailed view of the relationship between general CV techniques and their subtechniques. 
Subtechniques such as “blob detection” and “geometric distance” cluster close to “OpenCV segmentation”, 
indicating their use in similar contexts within Quality 4.0, like precision measurements and feature identification. 
“Color binarization” and “OpenCV segmentation” also share proximity, suggesting they are commonly used in 
tasks requiring color processing. Subtechniques related to “pattern recognition”, such as “Codebar” and “OCR”, 
are logically grouped, emphasizing their roles in automated identification and tracking. “YOLO”, a real-time 
object detection method, is distinctively positioned, reflecting its specialized use in dynamic and real-time 
quality control environments. Subtechniques for “classification” such as “multilabel”, “SVM”, and “grid” are 
closely associated, highlighting their use in complex classification and anomaly detection tasks. “Background 
subtraction” is near “anomaly detection” and “SVM”. This may indicate their combined use for separating objects 
of interest from backgrounds, which is crucial in automated inspection processes.

Figure 17. Correspondence analysis of technique by subtechnique.  
Source: Authors. 

The correspondence analysis underscores the strategic deployment of CV techniques within Quality 4.0, 
revealing that these technologies enhance quality management. “Color inspection” applications are pivotal for 
security and compliance. At the same time, “measurement” and “counting” are integral to production accuracy 
and efficiency. Departments like maintenance and operations utilize a broad array of CV techniques, reflecting 
the versatility and adaptability of these technologies in various industrial scenarios. Moreover, the clustering of 
techniques such as “binary inspection” and “OCR/OCV” with quality-related tasks indicates their critical role 
in maintaining high standards and regulatory compliance. The distinct positioning of advanced subtechniques 
like “YOLO” and “multilabel” highlights their specialized applications in dynamic and complex quality assurance 
environments. By aligning CV capabilities with organizational objectives, businesses can effectively transition 
to a proactive and adaptive quality management system.
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5. Discussion

The empirical analysis of 202 proofs of concept (POCs) developed in the learning factory provides evidence on the 
technical and organizational aspects influencing the adoption of computer vision within the Quality 4.0 framework. 
Based on real production parts and industrial demands, the results indicate the application patterns and the coexistence 
of persistent barriers and emerging opportunities that shape the trajectory of CV implementation in manufacturing.

A recurrent limitation identified in the POCs was the need for specific adjustments to integrate vision 
systems with legacy equipment and existing information flows. Synchronizing image capture, data processing, 
and production takt time often required custom engineering efforts. These observations are consistent with 
the literature that highlights integration and interoperability as enduring obstacles to the diffusion of digital 
technologies in manufacturing (Zhou et al., 2023). Furthermore, inspection cycle times varied substantially 
across applications – from milliseconds to several seconds – revealing that even when algorithms are effective, 
their operational fit depends on production speed and process synchronization.

Environmental conditions also proved to be a decisive factor for CV system performance. Many POCs required 
dedicated setups with controlled lighting and physical isolation from external interference. In contrast, applications 
tested in open environments experienced instability due to dust, vibration, and variable illumination. These 
findings corroborate Pacchini et al. (2019), who emphasized that robustness remains one of the main challenges 
for the industrial use of CV. The evidence suggests that, despite algorithmic advances, the physical and optical 
configuration of the system continues to impact its reliability in real production contexts.

Customization emerged as another critical element for success. Particularly in sectors such as agribusiness and 
food, achieving accurate results required tailor-made algorithms, specific illumination setups, and preprocessing 
routines adapted to the visual characteristics of products. Such findings support Smith et al. (2021), who noted 
that off-the-shelf CV solutions seldom meet industrial demands without contextual adaptation. This need for 
contextual adaptation reflects the analytical and collaborative dimensions of Quality 4.0, in which the integration 
of expertise and data analytics is essential to tailor digital solutions to specific production realities. Consequently, 
CV implementation remains an engineered process, dependent on expert knowledge and iterative fine-tuning 
rather than full plug-and-play integration.

The analysis also revealed recurrent connectivity constraints. Several POCs operated in environments with 
intermittent or absent internet access, limiting the feasibility of cloud-based inference and real-time monitoring. 
This reinforces Lu et al. (2020) argument that reliable digital infrastructure is essential for Industry 4.0 deployment. 
In such conditions, hybrid or edge-computing architectures may represent practical alternatives to support 
continuous operation while mitigating dependency on network availability.

Despite the above constraints, the results demonstrate the tangible potential of CV to improve quality 
inspection processes. The majority of successful POCs addressed binary inspection or dimensional measurement, 
which proved technically viable, scalable, and economically relevant. These systems replaced or supported 
manual inspection, improving repeatability and traceability. A smaller subset of projects explored more advanced 
applications – texture analysis, object counting, and real-time object detection (e.g., YOLO-based models) – 
indicating a gradual progression toward more sophisticated use cases. This evolution mirrors the broader trend 
of increasing technical maturity described by Smith et al. (2021).

From a Quality 4.0 perspective, these findings illustrate that CV is transitioning from isolated automation 
tools to key enablers of data-driven quality management. The growing use of classification, segmentation, 
and object-detection techniques signals a movement toward integrated, continuous-improvement systems 
that connect shop-floor inspection with broader analytics frameworks. However, the persistence of integration, 
customization, and connectivity challenges indicates that successful adoption depends not only on algorithmic 
capability but also on organizational readiness and infrastructure robustness.

For practitioners, the evidence highlights the importance of aligning CV deployments with the technological 
maturity of their production systems. Incremental implementation strategies, starting with structured, high-
feasibility tasks and gradually advancing to complex real-time analyses, appear more sustainable than abrupt, 
large-scale rollouts. For researchers, the study underscores the need to further investigate hybrid architecture, 
adaptive models for variable environments, and frameworks that assess return on investment for Quality 4.0 
technologies under different maturity levels.

6. Conclusions

This study contributes to the literature on Quality 4.0 and computer vision by providing empirical evidence 
from 202 proofs of concept of real industrial demands developed under conditions that replicated real production 
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setups. The analysis offers a systematic overview of how CV has been applied in different sectors, highlighting both 
recurring challenges and emerging opportunities. These insights bridge the gap between theoretical discussions 
of Quality 4.0 and its practical implementation, complementing prior work that has emphasized the importance 
of understanding digital technologies in real industrial contexts (Zhou et al., 2023).

The findings indicate that challenges such as integration with legacy systems, the need for customization, 
environmental robustness, and connectivity constraints remain central barriers to implementation. At the same 
time, the POCs revealed opportunities for automating routine inspections, improving product quality, enabling 
real-time process adjustments, and scalability across sectors, underscoring the transformative role of CV within 
the Quality 4.0 paradigm.

From a managerial perspective, the results suggest that successful adoption of CV requires strategic alignment 
with existing infrastructure and production demands, as well as careful planning to ensure that inspection 
performance matches industrial requirements. Managers can use these findings to prioritize feasible applications 
while preparing for more advanced deployments.

Although conducted in a learning factory, the patterns identified mirror challenges and opportunities widely 
recognized in industry. Future studies should validate these findings in real production environments, across 
different sectors, and over time. Overall, the evidence demonstrates that computer vision is not merely an auxiliary 
inspection tool but a core technological enabler of Quality 4.0, strengthening its pillars of automation, data analytics, 
connectivity, and continuous improvement. By grounding these conclusions in empirical data, the study offers 
actionable insights to researchers and practitioners seeking to advance digital quality management in manufacturing.
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