Journal of Mechatronics, Automation and Identification Technology

Vol. 11, No. 3, pp. 1 —4, 2026.

Al and IoT 1n Quality Control: Applications Across

Industrial Sectors
Gordana OSTOJIC, Stevan STANKOVSKI

Faculty of Technical Sciences, University of Novi Sad, Centre for Identification Technologies, Trg Dositeja Obradoviéa
6, 21000 Novi Sad, Serbia
Faculty of Technical Sciences, University of Novi Sad, Centre for Identification Technologies, Trg Dositeja Obradoviéa
6, 21000 Novi Sad, Serbia
goca@uns.ac.rs, stevan@uns.ac.rs
Corresponding Author: Gordana Ostoji¢”

Abstract - The integration of Artificial Intelligence (Al), the
Internet of Things (IoT), automation, and robotics has
transformed quality monitoring in modern manufacturing.
However, the selection of technologies varies considerably
across industrial sectors due to differences in production
processes, quality requirements, and regulatory standards.
This paper provides a comparative overview of Al tools, IoT
sensors, and automated quality control systems used in key
industrial sectors, including automotive, food,
pharmaceutical, electronics, and metal processing industries.
The analysis highlights sector-specific applications of
computer vision, predictive analytics, smart sensors, and
robotic inspection systems, as well as the emerging role of
generative Al in data interpretation and quality reporting.
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I. INTRODUCTION

Quality control has become one of the key
determinants of competitiveness in modern manufacturing.
Increasing customer expectations, stricter regulatory
requirements, and the growing complexity of production
systems require manufacturers to monitor product quality
continuously rather than relying solely on conventional
inspection methods. Traditional quality control approaches,
which are primarily based on manual inspections and
statistical sampling, often fail to detect process deviations
in real time, leading to increased production costs, material
waste, and customer dissatisfaction [1].

The emergence of Industry 4.0 has fundamentally
transformed manufacturing by enabling the integration of
digital technologies into production systems. Among these
technologies, the Internet of Things (IoT), Artificial
Intelligence (Al), automation, and industrial robotics have
become essential components of intelligent quality
management. [oT sensors continuously collect large
volumes of process data from machines, products, and the
production environment, while Al algorithms convert
these data into actionable insights through anomaly
detection, pattern recognition, predictive analytics, and
decision support [2]. At the same time, robotic systems
equipped with advanced vision technologies enable highly

accurate and repeatable inspection procedures that
significantly reduce human error and improve production
efficiency.

Although numerous studies have examined individual
applications of Al, IoT, or robotics in manufacturing,
comparative analyses across industrial sectors remain
relatively limited. A better understanding of sector-
specific technological solutions can support manufacturers
in selecting appropriate quality monitoring systems and
identifying best practices that can be adapted to different
production environments.

Therefore, this paper provides a comparative review of
Al tools, IoT sensing technologies, automation, and
robotic systems used for quality monitoring and control
across major manufacturing sectors. The analysis focuses
on the automotive, food, pharmaceutical, electronics, and
metal-processing industries, highlighting similarities,
differences, implementation challenges, and future
development trends. Particular attention is given to the
emerging role of generative Al as a complementary
technology that supports data interpretation, reporting, and
decision-making in intelligent manufacturing systems.

II. TOT SENSORS IN QUALITY MONITORING

The IoT has become one of the fundamental
technologies enabling real-time quality monitoring in
modern manufacturing. By connecting physical devices,
sensors, and  production  equipment  through
communication networks, IoT enables continuous
acquisition, transmission, and analysis of production data.
Unlike traditional quality control methods, which are often
based on periodic inspections and offline measurements,
IoT-based systems provide continuous monitoring
throughout the manufacturing process, allowing deviations
to be detected before they result in defective products [3].

IoT sensors measure a wide range of process and
product parameters, including temperature, pressure,
humidity, vibration, force, displacement, acoustic
emissions, surface characteristics, and dimensional
accuracy. These measurements are transmitted to local
control systems or cloud-based platforms, where they are



processed and analyzed to evaluate product conformity
and process stability. The availability of real-time data
significantly improves process visibility, supports
predictive quality control, and enables rapid corrective
actions.

Another important advantage of loT-enabled
monitoring is data traceability. Sensor data can be
associated with specific production batches, machines,
operators, or individual products, creating comprehensive
digital records throughout the manufacturing lifecycle [4].

In the automotive industry, quality monitoring focuses
primarily on dimensional accuracy, assembly precision,
and equipment reliability. Therefore, manufacturers
employ laser sensors, three-dimensional scanners, force
and torque sensors, vibration sensors, and machine vision
systems to monitor robotic assembly operations, welding
quality, and component alignment. Continuous monitoring
allows early detection of deviations that could affect
vehicle safety and performance [5].

The food industry relies heavily on environmental and
process monitoring to ensure product safety and
compliance with hygiene regulations [6]. Temperature,
humidity, pH, gas concentration, and moisture sensors are

commonly integrated into production and storage facilities.

These sensors support continuous monitoring of
processing conditions, cold chain management, and
contamination prevention while improving product
traceability throughout the supply chain.

In the pharmaceutical industry, IoT sensing
technologies are essential for maintaining strict
environmental conditions required during manufacturing
and storage [7, 8]. Sensors continuously monitor
temperature, humidity, pressure differentials, airborne
particle concentrations, and equipment operating
conditions. Real-time monitoring supports compliance
with Good Manufacturing Practice (GMP) requirements
and minimizes the risk of product contamination or
process deviations.

The electronics industry requires extremely high
measurement precision because even microscopic defects
may affect product functionality. Optical sensors, high-
resolution cameras, laser scanners, and infrared imaging
systems are widely used to inspect printed circuit boards,
semiconductor components, and electronic assemblies [9].
These sensing technologies generate high-resolution
image data that serve as input for automated visual
inspection systems.

In metal processing and machining, quality monitoring

focuses on machine condition and machining performance.

Vibration sensors, acoustic emission sensors, cutting force
sensors, temperature sensors, and power consumption
monitoring are commonly used to assess tool wear,
machining stability, and surface quality [10]. Continuous
sensor monitoring enables predictive maintenance while
reducing dimensional inaccuracies and production
downtime.

The information generated by IoT sensors constitutes
the primary input for Artificial Intelligence algorithms,
which transform raw sensor data into actionable insights
for automated quality control and decision-making.

II1. AT TOOLS FOR DATA ANALYSIS AND QUALITY
CONTROL

The selection of Al technologies depends on the type
of manufacturing data and the quality objectives of the
production process (Fig. 1.).
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Fig. 1. Different Al and Lean tools

Machine learning techniques are primarily applied to
structured numerical data collected by IoT sensors.
Supervised learning algorithms are commonly used for
defect prediction, product classification, and process
optimization, whereas unsupervised learning methods
facilitate anomaly detection by identifying unusual
operating patterns without requiring labeled datasets.

Deep learning has become the dominant approach for
image-based quality inspection. Convolutional Neural
Networks (CNNs) enable automated detection of surface
defects, dimensional deviations, scratches, cracks, missing
components, and other visual imperfections with high
accuracy. Recent object detection models, such as the
YOLO (You Only Look Once) family of algorithms,
provide real-time inspection capabilities that are
particularly suitable for high-speed production lines.

Another rapidly developing area is the application of
generative Al based on Large Language Models (LLMs)
[11]. Unlike predictive Al models, generative Al does not
directly evaluate product quality but supports engineers by
interpreting analytical results, summarizing production
data, generating inspection reports, explaining detected
anomalies, and assisting in root-cause investigations.
These capabilities improve communication between
quality engineers, production managers, and decision-
makers while reducing the time required for
documentation and reporting.

Al technologies are increasingly integrated into cloud-
based manufacturing platforms that combine sensor data,
production records, maintenance information, and
enterprise databases. Such integration enables continuous
learning, adaptive process optimization, and intelligent
decision support across multiple manufacturing sites.

In the automotive industry, Al is primarily applied to
machine vision systems for dimensional inspection, weld
quality assessment, paint defect detection, and assembly
verification. Deep learning algorithms process high-
resolution images captured by industrial cameras, while
predictive machine learning models analyze production
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data to identify process variations that may affect product

quality.
In the food industry, AI focuses on product
classification,  contamination  detection,  shelf-life

prediction, and process optimization. Computer vision
systems automatically evaluate product appearance, color
consistency, size, and packaging quality, whereas
predictive models analyze environmental sensor data to
optimize storage conditions and reduce food waste.

The pharmaceutical industry employs Al mainly for
process analytical technology (PAT), quality prediction,
anomaly detection, and regulatory compliance. Machine
learning models analyze environmental monitoring data
together with process parameters to ensure manufacturing
consistency and support continuous process verification.
Explainable Al techniques are increasingly important
because regulatory authorities require transparent and
interpretable decision-making.

In the electronics industry, Al-powered computer
vision plays a dominant role in Automated Optical
Inspection (AOI). Deep learning algorithms identify
microscopic defects in printed circuit boards, solder joints,
semiconductor devices, and electronic assemblies with
greater accuracy than conventional rule-based inspection
systems. Al also supports predictive maintenance of
precision manufacturing equipment, reducing production
interruptions.

In metal processing and machining, Al is mainly
applied to predictive maintenance, tool wear prediction,
machining optimization, and defect detection. Machine
learning models analyze vibration signals, acoustic
emissions, cutting forces, and temperature measurements
collected by IoT sensors to estimate tool condition and
predict surface quality before machining defects occur.

Across all manufacturing sectors, the integration of Al
with IoT data enables faster decision-making, higher
inspection accuracy, and continuous process optimization.
Nevertheless, the choice of Al methods depends strongly
on production characteristics, available data, regulatory
requirements, and the desired level of automation.

IV. GENERATIVE Al IN QUALITY MANAGEMENT

Generative Al represents one of the most recent and
rapidly evolving trends in industrial applications. Unlike
traditional machine learning models that focus on
prediction and classification, generative Al models, such
as LLM are capable of producing human-readable
explanations, reports, and recommendations based on
complex datasets [12].

In the context of quality control, generative Al can
support engineers by summarizing sensor data trends,
generating automated quality inspection reports,
explaining detected anomalies, and assisting in root-cause
analysis. These capabilities significantly reduce the time
required for data interpretation and documentation,
improving overall operational efficiency.

However, the use of generative Al in industrial
environments also introduces challenges related to
reliability, explainability, and factual accuracy. Since
these models are not deterministic, their outputs must be
carefully validated, especially in regulated industries

where incorrect interpretations may lead to serious
consequences. Therefore, generative Al is best positioned
as a decision-support tool rather than a fully autonomous
system.

V. CONCLUSION

The integration of IoT sensors, Al, automation, and
robotic systems has significantly transformed quality
monitoring and control in modern manufacturing
environments. By enabling continuous data acquisition,
advanced analytics, and automated inspection, these
technologies have shifted quality management from
traditional reactive approaches toward predictive and data-
driven strategies.

This paper has presented a comparative analysis of the
application of IoT and Al-based quality control systems
across different industrial sectors, including automotive,
food, pharmaceutical, electronics, and metal processing
industries. The results of the analysis demonstrate that,
although the overall objective of quality improvement is
consistent across all sectors, the selection of technologies
varies  significantly = depending on  production
characteristics, regulatory requirements, and process
complexity. For instance, highly standardized industries
such as automotive manufacturing rely heavily on machine
vision and robotic inspection, while sectors such as food
and pharmaceuticals prioritize environmental monitoring,
traceability, and compliance-oriented analytics.

Artificial Intelligence plays a central role in
transforming raw sensor data into actionable insights
through machine learning, deep learning, and computer
vision techniques. In particular, Al enables anomaly
detection, predictive maintenance, defect classification,
and process optimization. In addition, the emerging role of
generative Al introduces new possibilities for improving
decision support, automating reporting, and enhancing
knowledge management in quality engineering processes.

Despite significant technological progress, several
challenges remain, including data quality issues, system
interoperability, cybersecurity risks, high implementation
costs, and the shortage of skilled professionals. These
challenges are particularly relevant for small and medium-
sized enterprises, which often face limitations in adopting
advanced digital manufacturing solutions.

Future developments are expected to be driven by the
convergence of Al, IoT, robotics, and digital twin
technologies within the Industry 5.0 paradigm. This
evolution emphasizes human-centric and collaborative
manufacturing systems in which intelligent technologies
support, rather than replace, human decision-making. The
combination of real-time sensor data, Al-driven analytics,
and virtual simulation environments is expected to further
enhance quality assurance, reduce production defects, and
improve overall manufacturing efficiency.

In conclusion, Al and IoT enabled quality control
systems represent a fundamental step toward intelligent,
adaptive, and resilient manufacturing systems. Their
continued development and integration will play a key role
in shaping the future of competitive and sustainable
industrial production.



Note: ChatGPT, Copilot, and Gemini were used in the
writing of this paper to search and obtain information and
data. The information and data obtained were reviewed,
revised, and enhanced with additional content and used to
write this paper. In addition, the image in the paper was
generated using the Copilot tool.
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