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Abstract. The rapid development of Industry 4.0 technologies has significantly transformed
conventional approaches to manufacturing quality control. Modern production systems increasingly
require intelligent, real-time, and automated mechanisms capable of identifying product defects,
determining product quality status, tracking individual products, and automatically directing defective
items to appropriate processing or rejection routes. This study proposes an integrated system for
product quality assessment, digital identification, and automatic management of defective products
during the manufacturing process. The proposed system combines computer vision, artificial
intelligence, digital identification technologies, sensors, programmable logic controllers, industrial
communication networks, and automated actuators into a unified cyber-physical architecture. The
system captures product images using industrial cameras, processes visual information using artificial
intelligence algorithms, determines the quality status and type of defect, associates the inspection
result with a unique digital product identifier, and generates an automatic control signal for product
sorting. The proposed architecture enables real-time quality monitoring, product traceability, reduction
of human-related errors, and automatic separation of defective products. A mathematical model for
estimating the time required for defective product detection and actuation is also considered. The
study demonstrates that the integration of intelligent inspection and automated material handling can
provide a foundation for smart quality control and support the transition toward zero-defect
manufacturing.
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Introduction. Manufacturing industries are currently undergoing a fundamental transformation
driven by digitalization, automation, artificial intelligence (AI), the Internet of Things (IoT), cyber-
physical systems, cloud and edge computing, and advanced robotics. This transformation, commonly
associated with Industry 4.0, is changing the principles of production management and quality control.
Traditional quality inspection approaches that depend heavily on human operators are increasingly
being replaced or supplemented by intelligent systems capable of continuously monitoring production
processes and making automated decisions. Product quality is one of the most important factors
determining the competitiveness, reliability, safety, and economic efficiency of manufacturing
enterprises. A defective product that is not detected in time can move to subsequent technological
stages, increase rework costs, consume additional resources, and ultimately reach the customer.
Therefore, the early detection and automatic management of defective products are essential
components of modern manufacturing systems. Conventional quality inspection methods often rely on
visual inspection by trained personnel. Although human inspection can be flexible and effective in
many situations, it has several limitations. Operator fatigue, subjective decision-making, variations in
experience, reduced attention during repetitive tasks, and limited inspection speed can affect the
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consistency of quality assessment. These limitations become particularly significant in high-speed
production lines where hundreds or thousands of products may pass through an inspection point every
hour. Computer vision provides an important technological foundation for overcoming these
limitations. Industrial cameras can continuously acquire product images, while image-processing and
artificial intelligence algorithms can identify deviations from expected product characteristics. In
particular, convolutional neural networks (CNNs), object detection models, image segmentation
algorithms, and anomaly detection techniques have significantly expanded the capabilities of
automated visual inspection. However, detecting a defect alone does not completely solve the
manufacturing quality-control problem. In an intelligent production environment, it is also necessary
to determine which specific product contains the defect, associate the inspection result with its digital
identity, track the product through the manufacturing process, and automatically direct it to an
appropriate route. Therefore, product quality assessment should be integrated with digital
identification and automated material handling. Digital identification technologies such as QR codes,
Data Matrix codes, RFID tags, and other identification mechanisms enable individual products or
production batches to be associated with digital records. By connecting the product identifier with the
quality-inspection result, it becomes possible to create a digital history of each product. Such
information can include production time, production line, batch number, inspection result, defect type,
confidence score, and subsequent product destination. The combination of intelligent visual inspection
and digital identification creates a more comprehensive quality-management mechanism. The system
can establish a relationship between the physical product and its digital representation. This approach
improves traceability and enables manufacturers to determine not only whether a product is defective
but also when and where the product was manufactured and what actions were taken after inspection.
Another important aspect is the automatic management of defective products. Once a defect is
detected, the system must generate a control decision and transfer it to the appropriate actuator.
Depending on the manufacturing process, the actuator may be a pneumatic cylinder, robotic
manipulator, servo mechanism, conveyor diverter, or another automated device. A programmable
logic controller (PLC) can coordinate the timing between defect detection and physical product sorting.
The objective of this study is therefore to develop a conceptual and technical framework for an
integrated system capable of performing three interconnected functions: product quality assessment,
digital identification, and automatic management of defective products during manufacturing.

Discussion. The results of the study demonstrate that integrating product quality assessment,
digital identification, and automated management of defective products into a unified manufacturing
system can significantly improve the efficiency, traceability, and reliability of industrial quality
control. Unlike conventional inspection approaches, in which quality assessment is often performed as
an isolated final-stage operation, the proposed approach considers quality control as a continuous
digital process throughout the manufacturing cycle. The integration of artificial intelligence, computer
vision, digital identification technologies, programmable logic controllers (PLCs), sensors, industrial
communication networks, and automated actuators creates a closed-loop quality-management
environment. One of the most important findings of the study is that automated defect detection
should not be considered independently from product identification and physical product management.
A conventional computer-vision system may successfully determine that a particular product contains
a defect; however, this information has limited practical value if the system cannot reliably associate
the detected defect with the corresponding physical product and subsequently remove or redirect that
product. The proposed architecture addresses this limitation by connecting the output of the AI-based
inspection module with a unique product identifier and a real-time tracking mechanism. The
integration of digital identification with quality assessment provides an important improvement in
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product traceability. Each product can be assigned a unique identifier through technologies such as QR
codes, Data Matrix codes, RFID tags, or other identification mechanisms. Once the product passes
through the inspection station, its quality status can be linked to the corresponding identifier.
Consequently, the system can create a digital record containing information about the product,
production batch, manufacturing time, inspection result, defect type, confidence level, and subsequent
routing decision. This approach is particularly important for manufacturing environments in which
product traceability is essential. If a quality problem is discovered after production, the digital history
can help determine when and where the product was manufactured and which production batch it
belongs to. Therefore, the proposed system can support not only real-time quality control but also
post-production analysis and quality auditing. Another significant aspect is the use of artificial
intelligence for automated defect detection. Traditional image-processing techniques can perform
effectively under stable and controlled conditions, but their performance may decline when product
appearance, illumination, orientation, or background conditions change. AI-based methods,
particularly deep-learning models, provide greater flexibility because they can learn complex visual
patterns directly from training data. The effectiveness of AI-based inspection, however, depends
strongly on the quality and diversity of the training dataset. A model trained using a limited number of
defect types may not perform reliably when previously unseen defects occur. Therefore, the
development of a representative industrial dataset should be regarded as one of the most important
requirements for practical implementation. The dataset should contain variations in lighting, product
orientation, surface appearance, production batches, defect size, and defect severity. The problem of
rare defects is especially important. In many manufacturing processes, defective products represent
only a small proportion of total production. As a result, obtaining sufficient examples of every defect
type can be difficult. This creates a class-imbalance problem and can negatively affect model
performance. To address this issue, data augmentation, transfer learning, semi-supervised learning,
self-supervised learning, and anomaly-detection methods can be considered. The discussion also
indicates that model accuracy alone is insufficient for evaluating the effectiveness of the proposed
system. In a manufacturing environment, false positive and false negative predictions have different
economic and operational consequences. A false negative occurs when a defective product is
incorrectly classified as acceptable. This can be particularly serious because the defective item may
continue through the production process or reach the customer. A false positive, on the other hand,
occurs when a good product is incorrectly classified as defective, potentially increasing waste and
unnecessary rework. Therefore, quality-assessment systems should be evaluated using several
complementary indicators, including accuracy, precision, recall, F1-score, false-positive rate, false-
negative rate, processing time, and sorting accuracy. In addition, economic indicators such as waste
reduction, rework reduction, labor savings, and return on investment should be considered when
evaluating the practical value of the system. Real-time performance represents another critical factor.
The proposed system is intended for manufacturing lines where products may move continuously at
relatively high speeds. Consequently, detecting a defect is only one part of the problem. The system
must also determine the position of the corresponding product and activate the sorting mechanism at
the correct moment.

The relationship between conveyor speed, inspection-to-actuator distance, and system response
time can be represented by:

ta=
L
V

where L represents the distance between the inspection point and the actuator and V represents
conveyor velocity.
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The total response time of the system can be expressed as:
ttotal=tcapture+tprocessing+tdecision+tcommunication+tactuation

For reliable operation, the total system response time should remain lower than the product
travel time:

ttotal<ta
This relationship demonstrates that increasing conveyor speed without optimizing the AI model

and control architecture can result in incorrect sorting. Therefore, system designers must consider both
AI accuracy and computational latency.

The integration of PLC technology provides an effective mechanism for translating AI decisions
into physical actions. The AI model performs the analytical function, while the PLC coordinates
sensors, timing, conveyor movement, and actuators. This separation between intelligent analysis and
industrial control can improve system reliability and make the proposed architecture compatible with
existing manufacturing infrastructure. For example, when the AI model identifies a product as
defective, the corresponding decision can be transmitted to the PLC. The PLC then calculates or
receives the required timing information and activates a pneumatic cylinder, robotic mechanism,
servo-driven diverter, or other actuator. The defective product is subsequently directed to a rework
station, inspection area, or rejection container.

This creates a closed-loop control structure:
Product → Identification → Image Acquisition → AI Analysis → Quality Decision → Tracking

→ PLC → Actuator → Product Routing.
Such an architecture represents an important transition from passive quality inspection to active

quality management.
Another important finding concerns the integration of IoT technologies. Sensors installed

throughout the production environment can provide additional information about conveyor speed,
equipment condition, temperature, vibration, production volume, and other process parameters. When
these data are combined with product-quality information, manufacturers can identify relationships
between process conditions and defect occurrence. For example, an increase in surface defects during
a particular period may be associated with abnormal machine vibration, temperature changes, tool
wear, or incorrect process parameters. Therefore, historical quality data collected by the proposed
system can become a valuable source for predictive analytics. This creates an opportunity to extend
the system from defect detection toward predictive quality management. The development can be
conceptualized as:

Defect Detection → Defect Classification → Defect Management → Defect Prediction →
Defect Prevention.

Such a progression is consistent with the objectives of smart manufacturing and zero-defect
production. The use of edge computing can further improve the proposed system. In conventional
cloud-based architectures, images may need to be transmitted to a remote server for analysis. This can
introduce communication delays and increase network requirements. In contrast, edge AI enables data
processing close to the production equipment. As a result, image processing and decision-making can
be performed with lower latency. The combination of edge computing and industrial control is
particularly beneficial for high-speed production lines. A possible implementation can use the
following structure:

Industrial Camera → Edge AI Device → PLC → Actuator.
This architecture minimizes unnecessary data transmission and enables rapid local decision-

making.
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Despite these advantages, the proposed system has several limitations. First, AI models may
require substantial computational resources, particularly when high-resolution images and complex
deep-learning architectures are used. Second, changes in production conditions may cause model
degradation. Third, the integration of heterogeneous industrial devices can create communication and
interoperability challenges. Fourth, continuous model updating requires an appropriate data-
management strategy. Cybersecurity is another important consideration. The proposed architecture
connects cameras, AI systems, databases, PLCs, sensors, and industrial networks. Unauthorized access
to these components could potentially affect both production data and physical manufacturing
operations. Therefore, secure communication protocols, authentication mechanisms, network
segmentation, access control, and system monitoring should be incorporated into practical
implementations. The economic implications of the proposed system should also be considered.
Although the initial implementation requires investment in cameras, computing hardware,
identification devices, PLCs, sensors, actuators, software, and system integration, these costs can
potentially be offset by reductions in defective-product leakage, manual inspection labor, rework,
material waste, and production interruptions. The proposed architecture is also scalable. A small
manufacturing line may initially implement only camera-based inspection and automatic rejection. As
the digital infrastructure develops, RFID or QR-based identification, centralized databases, IoT
sensors, edge computing, robotic sorting, and predictive analytics can be added. This makes the
system suitable for gradual digital transformation rather than requiring complete replacement of
existing production infrastructure. From a scientific perspective, the major contribution of the
proposed approach lies in the integration of three traditionally separate functions: quality assessment,
digital product identification, and automatic physical management. Existing research has made
substantial progress in AI-based defect detection, but practical manufacturing systems require a
stronger connection between digital decisions and physical product movement. The proposed system
addresses this gap by establishing a direct relationship between the product's digital identity, AI-
generated quality assessment, and automated routing decision. Therefore, the system can be
considered not merely a defect-detection mechanism but an integrated intelligent quality-management
platform. Future research should focus on experimental validation of the proposed architecture using
real manufacturing datasets and physical production equipment. Particular attention should be given to
the comparison of different AI architectures, including CNN-based classifiers, YOLO-based detectors,
segmentation networks, and anomaly-detection models. The influence of conveyor speed, lighting
conditions, defect size, camera resolution, and product orientation should also be experimentally
evaluated. Further studies should investigate the integration of explainable AI methods to increase
operator confidence in automated decisions. Explainable models could provide visual indications of
the regions responsible for a defect classification, allowing engineers to verify whether the AI system
has made a technically justified decision. Overall, the discussion confirms that the development of
intelligent manufacturing quality systems requires a shift from isolated inspection toward integrated,
real-time, data-driven control. The combination of AI-based visual inspection, digital identification,
product tracking, PLC control, and automatic sorting provides a strong technological foundation for
this transition. Such systems can improve manufacturing transparency, increase quality consistency,
reduce human-related errors, and create new opportunities for predictive and autonomous production
management.

Conclusion. This study presented an integrated system for product quality assessment, digital
identification, and automatic management of defective products during the manufacturing process.
The proposed architecture combines artificial intelligence, computer vision, digital identification,
sensors, PLC-based control, industrial communication, and automated actuators into a unified cyber-
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physical manufacturing system. The main contribution of the proposed approach is the integration of
three traditionally separated functions: quality assessment, product identification, and automatic
product management. The system not only determines whether a product meets predefined quality
requirements but also associates the inspection result with a unique digital identity and automatically
determines the subsequent physical route of the product. The proposed mathematical framework
demonstrates that reliable automatic sorting depends on the relationship between conveyor speed, the
distance between the inspection point and actuator, and the total system response time. Therefore, real-
time performance should be considered an essential design criterion together with classification
accuracy. The integration of digital identification improves product traceability and enables the
creation of detailed digital quality histories. This information can support production analysis, defect-
source identification, quality reporting, and future predictive-quality applications. Despite its
advantages, the system requires further research in several areas, including large-scale industrial
datasets, rare-defect detection, domain adaptation, edge AI, explainable AI, cybersecurity, and
adaptive model updating. Future research should focus on the experimental implementation of the
proposed architecture in a real manufacturing environment and on quantitative evaluation using
accuracy, precision, recall, F1-score, processing latency, sorting accuracy, false rejection rate, and
economic efficiency. Overall, the proposed system provides a technological foundation for intelligent
quality management and represents a promising approach to the digital transformation of
manufacturing processes. Its implementation can contribute to improved product quality, enhanced
traceability, reduced human error, lower production losses, and the development of smart
manufacturing systems oriented toward zero-defect production.
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