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A B S T R A C T 

Modern manufacturing requires more advanced approaches to quality control 

due to the limitations of traditional methods, which are inefficient, subject to 

human error, and insufficiently flexible for the growing demands of customers 

for personalized products. Complexity, along with the inability of traditional 

control to accurately identify errors and irregularities in the production 

process, imposes the need for the application of contemporary Industry 4.0 

tools. 

The rapid development of Industry 4.0 technologies has transformed quality 

control systems by integrating smart robotics, advanced machine vision, and 

data-driven decision-making. Smart robotic systems enable real-time 

inspection, adaptive defect detection, and high levels of process automation, 

thereby reducing human error and increasing production efficiency. This paper 

investigates the role of intelligent robotic platforms in improving quality 

assurance through the application of autonomous visual inspection and AI-

enhanced analytics. A case studies demonstrates the implementation of a smart 

robotic inspection workstation designed to optimize cycle time, increase 

detection accuracy, and support continuous process monitoring. The results 

indicate significant improvements in defect identification performance, 

operational consistency, and production traceability. The findings highlight the 

potential of smart robotic systems as a key enabler of digital transformation 

and a foundational component of next-generation quality control in Industry 

4.0. 

© 2026 Published by Faculty of Engineeringg 

 

 

 

 

1. INTRODUCTION  
 

Effective quality management enhances customer 

satisfaction, reduces non-quality costs, and creates 

competitive advantages in terms of cost efficiency, 

delivery performance, cycle time reduction, operational 

flexibility, and long-term sustainability. The accelerated 

digital transformation of manufacturing systems, driven 

by the Fourth Industrial Revolution, has fundamentally 

reshaped industrial production, logistics, and quality 

assurance. Industry 4.0 technologies, such as cyber-

physical systems, advanced robotics, artificial 

intelligence (AI), machine vision, and the Internet of 
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Things (IoT) - enable the creation of smart factories 

characterized by high levels of connectivity, autonomy, 

and adaptability. Within this environment, production 

processes increasingly rely on real-time data acquisition, 

automated decision-making, and intelligent control 

mechanisms capable of responding to dynamic operating 

conditions. Ensuring consistent and reliable product 

quality in such complex and interdependent systems 

presents both a technical challenge and a strategic 

priority for modern manufacturing organizations. 

 

Traditional quality control approaches, which depend 

heavily on manual inspection and operator experience, 

are no longer sufficient to meet the demands of high-

volume, high-variability, and highly individualized 

production. Variations in human perception, fatigue, and 

cognitive workload introduce inconsistencies that may 

reduce the reliability of inspection outcomes. As 

manufacturing processes become faster and more 

flexible, the limitations of manual inspection become 

increasingly apparent, particularly in scenarios requiring 

micro-scale precision, high-resolution defect 

identification, and continuous monitoring of process 

variability. Effective quality management enhances 

customer satisfaction, reduces non-quality costs, and 

creates competitive advantages in terms of cost 

efficiency, delivery performance, cycle time reduction, 

operational flexibility, and long-term sustainability.  

These challenges underscore the necessity for automated, 

intelligent, and scalable quality assurance solutions. 

 

The solution lies in the implementation of robotic stations 

with machine vision, which include smart and flexible 

quality control systems. Machine vision is based on 

image processing technology, signal processing 

technology, probability statistical analysis, 

computational geometry, neural network, machine 

learning theory and computer information processing 

technology, through computer analysis and processing of 

visual information. These systems, in addition to 

automatically detecting defects, also have the ability to 

react to them - either to eliminate irregularities or to 

remove a defective product - which ensures the 

continuity of production processes. The connection of 

these stations with information systems further improves 

the process, as it provides detailed insight into the causes 

and location of the error, drastically shortening the time 

of diagnosis and the continuation of production. 

 

This paper examines three case studies involving the 

integration of machine vision and robotics, which 

differentiate between the ways the camera is mounted 

and what action it preforms. The first one is implemented 

as a stationary system that’s only used for inspection, 

second is a system where cameras are stationary but are 

responsible for both localization and inspection, and the 

other one is a station with camera mounted directly on 

the end-effector of a robot. All of the systems incorporate 

industrial cameras capable of performing simultaneous 

object localization and quality verification through 

dimensional inspection - used to assess size conformity - 

and color analysis, which is particularly relevant in the 

food industry for detecting product ripeness or spoilage 

in fruits and vegetables. Following the inspection stage, 

products are transferred to the robotic handling zone, 

where robots autonomously determine the appropriate 

sorting location based on inspection results. Depending 

on the detected quality attributes, the robotic system 

either directs the product to a designated area for further 

processing or diverts it to a discard position. 

Additionally, the robots execute product-specific 

handling actions, enabling the processing of items that 

meet quality requirements and the systematic rejection of 

those that do not. 

 

2. LITERATURE REVIEW 
 

2.1 Industry 4.0 and Lean manufacturing in 

contemporary quality systems 
 

Within the Fourth Industrial Revolution, commonly 

referred to as Industry 4.0, manufacturing systems are 

undergoing profound structural and technological 

transformations (Martinelli et al., 2021).  Digitalization, 

cyber-physical integration, and advanced connectivity 

are reshaping how products are designed, produced, and 

inspected, while simultaneously redefining the 

interaction between humans and machines. These 

changes increasingly point toward the emerging 

paradigm of Industry 5.0, in which human-machine 

collaboration, resilience, and sustainability are 

positioned as central pillars of industrial development.  

 

The growing demand for individualized and customized 

products further accelerates the need for flexible, 

intelligent, and highly adaptive production systems. In 

this evolving landscape, the adoption of intelligent 

computer vision systems, autonomous decision-making 

algorithms, embedded systems, and the Internet of 

Things (IoT) is rapidly becoming a prerequisite for 

maintaining operational efficiency and ensuring high 

standards of quality control. Smart factories increasingly 

rely on interconnected machines, collaborative robots 

(cobots), real-time data exchange, and matrix production 

structures, which together disrupt traditional 

manufacturing paradigms and enable continuous process 

optimization (George et al., 2023). At the same time, 

artificial intelligence (AI), automation, and digital twins 

have emerged as key enabling technologies that support 

advanced monitoring, predictive analytics, and 

autonomous process correction. Machine vision (MV) 

belongs to a dynamic smart production strategy, allowing 

computers and machinery to see the world through the 

extraction, processing, and analysis of visual knowledge. 

 

In industrial manufacturing processes, human-based 

quality inspection is often inefficient and prone to 

inaccuracies. Unlike human inspectors, whose 

performance may deteriorate due to fatigue or cognitive 

overload, machine vision systems enable precise and 
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repeatable inspection, thereby significantly reducing the 

likelihood of defects (Mačužič et al., 2024). This high 

level of accuracy is particularly critical in industries with 

stringent quality requirements, such as the automotive, 

electrical, and pharmaceutical sectors, where even minor 

deviations can lead to substantial safety, reliability, and 

compliance issues. 

 

Lean Manufacturing has a critical role in enhancing 

productivity and reducing inefficiencies across 

production systems (Szyszka, 2025). The integration of 

Lean principles with digital and robotic technologies has 

given rise to concepts such as Lean 4.0 and Lean 

Automation. Synergy between Lean and Industry 4.0 

provides complementary benefits: Lean helps streamline 

processes and eliminate non-value-adding activities, 

while Industry 4.0 technologies enable real-time 

visibility, adaptive control, and data-driven decision-

making (Tortorella & Fettermann, 2017; Holmemo & 

Korsen 2023). This convergence has positioned smart 

robotic systems as a central component of next-

generation quality control, enabling more precise defect 

detection, greater operational stability, and enhanced 

responsiveness to dynamic production requirements. 

 

2.2 Implementation of machine vision in 

contemporary industrial systems  
 

Among enabling technologies, computer vision has 

emerged as a fundamental component of Industry 4.0 and 

smart robotics, providing machines with the capability to 

perceive their surroundings, extract meaningful features, 

and autonomously evaluate product characteristics 

(Vikas et al., 2023). Computer vision represents a 

scientific discipline focused on the development of 

theoretical frameworks and algorithmic methods for the 

automatic extraction and analysis of meaningful 

information from observed objects or scenes. Computer 

vision is based on image processing technology, signal 

processing technology, probability statistical analysis, 

computational geometry, neural network, machine 

learning theory and computer information processing 

technology, through computer analysis and processing of 

visual information. When applied to inspection and 

technical evaluation tasks using electronic imaging 

systems, computer vision offers several notable 

advantages, including high processing speed, 

consistency, objectivity, non-contact operation, and cost-

effectiveness.  

 

Machine vision systems rely on several core 

technological components that enable accurate 

perception and analysis of visual information. Image 

acquisition represents the initial stage of the vision 

pipeline and involves capturing high-quality images 

using industrial cameras under controlled illumination 

conditions. Image segmentation follows as a critical 

processing step, in which relevant objects or regions of 

interest are separated from the background to facilitate 

precise analysis. Finally, image recognition enables the 

identification and classification of objects, features, or 

defects by extracting and interpreting visual patterns. 

Together, these key machine vision technologies form 

the foundation for automated inspection, measurement, 

and decision-making processes in modern industrial 

environments. 

 

Visual information acquisition systems typically consist 

of illumination sources, image capture devices, and 

image processing units. The camera sensor captures 

visual data based on the light transmitted through the 

camera lens, after which the acquired image undergoes 

processing to extract relevant visual information. Image 

segmentation represents another fundamental component 

of machine vision, in which images are divided into 

multiple regions based on characteristics such as color, 

texture, and shape. Common image segmentation 

algorithms include simulated annealing, dynamic 

programming approaches, and local energy minimization 

methods. Image recognition is subsequently performed 

through the analysis of extracted visual features, motion 

patterns, and template matching techniques.  

 

MV supports industrial automation technologies in 

several respects, such as performance improvement 

through stock improvement and defective component 

detection and product quality improvement. Machine 

vision technology is widely employed in product 

inspection and verification applications, with primary 

uses including presence detection and defect 

identification (Chen et al., 2002) One of the primary 

benefits of machine vision is the enhancement of 

manufacturing flexibility and automation, enabling more 

adaptive and efficient production processes (Cadavid et 

al., 2020). Part inspection represents one of the most 

critical applications of machine vision in industrial 

manufacturing environments.  

 

In recent years, the adoption of computer vision 

technologies in quality of control of products in industrial 

environments has expanded significantly. These 

technologies have found widespread application across a 

variety of domains, including terrestrial and aerial 

mapping of natural resources, crop monitoring and 

precision agriculture, robotics and autonomous guidance 

systems, non-destructive inspection of product 

characteristics, quality control and sorting within 

production lines, as well as the broader automation of 

industrial processes (Cubero et al., 2011). Over the past 

decades, these techniques have been increasingly 

employed for the objective assessment of quality-related 

attributes of food products, particularly with respect to 

color-based characteristics, demonstrating their 

suitability for automated food quality evaluation systems. 

Its advantages include optimizing quality control by 

minimizing defects, increasing throughput, operating 

continuously without human fatigue, and reducing long-

term costs  
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Kazemian et al. (2019) proposed a computer vision-based 

system for real-time adaptive quality control in 

manufacturing extrusion processes. In their approach, a 

neural network is employed to establish a feedback 

control mechanism that regulates extrusion speed and, 

when required, adjusts the material feed rate. The system 

utilizes cameras positioned perpendicular to the 

controlled object, enabling the captured material layer to 

be interpreted as a linear feature. Through appropriate 

mathematical transformations, this feature is represented 

as a dynamic width parameter, which serves as the basis 

for monitoring and analyzing the extrusion process in real 

time (Moru & Borro, 2019). The development of a 

machine vision–based system for real-time monitoring of 

the extrusion process in Large-Scale Additive 

Manufacturing (LSAM) systems. LSAM technology 

utilizes construction materials, such as cement, for the 

fabrication of buildings and other large-scale structures. 

In the proposed approach, machine vision is employed to 

establish a closed-loop monitoring system capable of 

estimating the extrusion speed and performing adaptive 

adjustments when deviations are detected. Since the 

extruded material is observed from a top-view 

perspective, the system perceives the deposited material 

as a thick line, whose width serves as a key indicator for 

identifying variations in extrusion speed. Experimental 

results demonstrated that the system was able to correct 

extrusion speed deviations within ±10% of the desired 

value in less than three seconds, highlighting the 

effectiveness of machine vision for real-time process 

control in large-scale additive manufacturing 

environments. 

 

Article (Ettalibi et al., 2024) presented an overview of the 

application of artificial intelligence techniques, including 

machine learning, deep learning, and neural networks, in 

combination with computer vision (CV) for real-time 

quality control in industrial environments. Two practical 

application cases were examined, namely real-time 

quality monitoring in robotic construction processes and 

the inspection of bolts and screws on a production line. 

The findings demonstrate that computer vision has 

already become an integral component of modern 

industrial systems, significantly enhancing real-time 

quality assessment capabilities. Furthermore, the 

adoption of CV-based solutions enables earlier detection 

of non-conformities, improved decision-making, and 

substantial cost reductions within industrial quality 

control processes. 

 

Rajan et al. (2021) explored the application of machine 

vision for automatic inspection of bolts. A system was 

developed for automatic identification and classification 

of bolts with defects on the conveyer belt in real time. 

After image acquisition and segmentation using a 

convolutional neural network, three different kinds of 

defects were detected. 1) Color defect – detection of 

corrosion, 2) Orientation and alignment defect – is the 

bolt oriented in the correct way on the conveyer belt, and 

3) Bolt cracks.  

Akundi and Reyna (2021) proposed a dimensional 

inspection system designed to perform surface and 

diameter analysis of objects from a top-view perspective. 

The approach is based on blob analysis, which extracts 

object contours from images and enables the detection of 

components with various shapes, ranging from simple 

geometries such as rectangles and ellipses to sinusoidal 

and more complex forms. A shape similarity coefficient 

is defined by evaluating several geometric features, 

including perimeter, area, rectangularity, and circularity. 

The perimeter is calculated as the number of pixels 

forming the object boundary, while the area corresponds 

to the total number of pixels contained within the object 

region. Rectangularity is defined as the ratio between the 

object area and the area of the smallest bounding 

rectangle enclosing the object, yielding values between 0 

and 1, where 1 represents an ideal rectangle. Similarly, 

circularity is calculated as the ratio between the object 

area and the area of the smallest enclosing circle, with 

values ranging from 0 to 1, where 1 indicates a perfect 

circular shape. 

 

The similarity parameter is defined using the following 

equation: 

𝐿 = 𝑎𝑃 + 𝑏𝐴 + 𝑐𝑅 + 𝑑𝐶 (1) 

 

Where L represents the object similarity coefficient, and 

the coefficients a, b, c, and d denote the weighting factors 

of the individual parameters. The variables P, A, R, and 

C correspond to the object perimeter (or diameter, 

depending on the inspection configuration), area, 

rectangularity, and circularity, respectively. The values 

of the weighting coefficients are calculated using the 

following equation: 

𝑋 = 1 −
|𝑥𝑛𝑒𝑤 − 𝑥𝑖𝑛𝑖𝑡𝑖𝑎𝑙|

𝑥𝑖𝑛𝑖𝑡𝑖𝑎𝑙
 (2) 

 

Where xₙₑw represents the parameter value of the object 

under inspection, while xᵢₙᵢₜᵢₐₗ corresponds to the 

parameter value of the reference object. Finally, based on 

the computed similarity value and a predefined tolerance 

threshold, the machine vision system determines the 

degree of similarity between the observed object and the 

reference object and accordingly classifies the inspected 

item as compliant or non-compliant. 

 

One of the industrial domains in which computer vision 

technologies have experienced particularly rapid 

expansion is food product inspection, with a strong 

emphasis on the automated assessment of fruits and 

vegetables quality (Lorente et al., 2012). Its suitability for 

integration into industrial production lines makes it a 

reliable solution for automated quality evaluation, 

offering consistent performance and adaptability to the 

operational demands of industrial environments. 

Bhargava and Bansal (2018) highlight that the quality 

assessment of fruits and vegetables, particularly with 

respect to visual appearance as a key sensory attribute, 

plays a decisive role in determining market value and 

influencing consumer preferences. The quality of fresh or 
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processed fruits and vegetables is determined by a set of 

physicochemical attributes that directly influence 

consumer perception and market value. These attributes 

include, but are not limited to, maturity level, size, 

weight, shape, color, the presence of surface 

contamination or defects, signs of disease, stem and seed 

presence, as well as internal quality indicators such as 

sugar content. Conventional grading and sorting 

practices are predominantly manual, making them prone 

to subjectivity, inconsistency, and variability arising 

from external conditions, while also being labor-

intensive and costly. Consequently, there is an increasing 

demand for automated grading, sorting, and separation 

systems based on computer vision technologies. Study 

Saldaña et al. (2013) provides a comprehensive review of 

the existing literature on the application of computer 

vision techniques for the inspection of fruits and 

vegetables. The analysis focuses on the methods most 

commonly employed to estimate and evaluate a range of 

quality-related attributes, highlighting current practices 

and technological approaches in automated quality 

assessment systems. 

 

Zhang (2025) discusses various use cases of machine 

vision in agricultural robotics applications. He describes 

usage of different kind of image segmentation algorithms 

in the applications of crop identification and localization, 

pest and disease detection, weed recognition and 

removal, and path planning. Using models like U-Net and 

the YOLO series, an high recognition accuracy is 

achieved, which enables accurate distinction between 

healthy crops, disease ridden crops, and weeds. 

 

2.3 Integration of robotics and machine vision 

in control of quality 
 

Traditional visual inspection methods exhibit several 

inherent limitations. First, the accuracy of manual 

inspection is highly dependent on the physical condition, 

experience, and cognitive performance of human 

operators. Second, the efficiency of manual inspection 

processes is relatively low, making them unsuitable for 

the high throughput requirements of mass production 

systems. Additionally, labor costs have increased 

significantly in recent years, further reducing the 

economic viability of manual inspection approaches. 

These limitations have driven the adoption of automated 

machine vision–based inspection systems as a more 

reliable, efficient, and cost-effective solution for quality 

control in modern manufacturing. 

 

Against this backdrop, the development and 

implementation of smart robotic systems for quality 

control represent a vital step toward achieving fully 

integrated, automated, and intelligent manufacturing 

environments. These systems leverage the combined 

strengths of robotics, machine vision, and AI to support 

consistent inspection performance, minimize human 

error, and meet the high standards of modern Industry 4.0 

production  (Soori et al., 2024). The implementation of 

robotics and flexible robotic systems significantly 

enhances quality control processes by enabling 

automated, consistent, and high-precision inspection. 

 

Through the integration of machine vision technologies, 

robotic systems are capable of identifying manufacturing 

defects, detecting non-conforming products, and 

classifying quality deviations in real time. Based on 

inspection outcomes, these systems can autonomously 

initiate corrective actions, such as reworking defective 

components or removing non-compliant items from the 

production flow, while simultaneously ensuring the 

continuity of the manufacturing process. This level of 

automation not only reduces dependency on manual 

inspection but also improves process stability, minimizes 

production interruptions, and supports higher overall 

system efficiency. 

 

Furthermore, the integration of robotic workstations with 

enterprise information systems enables detailed insight 

into the type of detected defects and facilitates the 

identification of their root causes, thereby significantly 

reducing diagnostic time and accelerating system 

recovery and restart. The primary contribution of such 

systems lies in their ability to ensure high-precision 

quality inspection across all stages of the production 

process. By detecting scrap and other product non-

conformities at earlier process stages, manufacturing 

organizations can identify where quality deviations 

originate and respond more rapidly, which reduces 

downtime and minimizes material waste compared to 

traditional end-of-line quality inspection approaches. 

 

In a large number of studies, the implementation of 

robotic systems integrated with machine vision in 

modern industrial systems has been investigated. Filho et 

al. (2024) presents a robotic system integrated with 

machine vision. Using a Raspberry Pi 5 with PiCamera 

module for image acquisition and UR3e robot for item 

manipulation, he designed a system for detecting and 

manipulating tomatoes based on their position and health. 

Using a TensorFlow object detection API with the pre-

trained model, a mean average precision (mAP) of 

64.66% was achieved for two classes of detection 

(healthy and unhealthy), with an Intersection over Union 

(IoU) ranging from 0.5 to 0.95. For object grasping, a 

specially designed adaptive gripper was used with the Fin 

Ray Effect (FRE) fingers, with the ability to pick delicate 

products of varying shape.   

 

Traditional manufacturing processes typically require 

fixed workpiece positioning and strictly controlled 

processing conditions. The integration of machine vision 

systems introduces greater operational flexibility and 

enhances processing precision by enabling robots to 

perceive variations in object position, orientation, and 

geometry in real time. By providing visual feedback, 

machine vision allows robotic systems to adapt their 

motion planning and execution to dynamic 

environments, thereby improving accuracy, reducing 
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setup time, and supporting more versatile and efficient 

manufacturing operations. The advancement of sensing 

systems and machine vision technologies enables 

increasingly detailed and accurate 3D scanning and 

inspection of components, including those with complex 

geometries and hard-to-reach areas. Advanced sensing 

technologies are capable of detecting even minor 

irregularities that may remain unnoticed when using 

traditional quality control methods. High-resolution 

optical scanning, which can capture millions of data 

points within a short time frame, enables highly detailed 

measurements while significantly reducing the time 

required compared to manual measurement techniques. 

At the same time, the automation of the inspection 

process minimizes the risk of human error, thereby 

improving measurement reliability, repeatability, and 

overall inspection efficiency. 

 

3. CASE STUDIES 
 

The following studies will describe three different 

scenarios of robot-camera configuration, one where a 

single camera is used for quality control, and the 

positioning of the object is mechanically fixed, the case 

where a single camera is used for both object localization 

and quality control, and a case where more than one 

camera is used for either quality control, localization, or 

both.  

 

 
Figure 1. Different cases of robotic QC, 

stationary qc (a), stationary qc + localization 

(b), mobile qc + localization(c) 

 

3.1. Stationary quality control 

 
In the first case the robotics station consists of a SCARA 

robot, a conveyer belt, a SICK PIM Inspector camera for 

dimensional quality control, a photocell for image 

triggering purposes, a photocell for part presence 

detection, and an light tower for signaling purposes 

(Figure 1.a). An object is thrown on the conveyer belt, 

and after passing the first photocell, which acts as a 

trigger for the camera. Camera then acquires the image, 

processes the dimensions of the object by extracting it’s 

features and matching them to the pre-processed 

reference image. If the features match within the selected 

tolerances, the object will be considered valid for further 

processing, the camera activates its digital output that 

signals that a “good” part is oncoming and the green light 

will flash on the tower. However, if the object does not 

match the reference object, the object is considered 

invalid, the camera activates its digital output that signals 

that a “bad” part is oncoming, and the red light will flash 

on the tower. Robot controller takes note of the camera 

signals, and places the results in a FIFO structure, noting 

the result of the analysis.  Robot is waiting for a signal 

from presence detection photocell which signals that a 

part has arrived in the picking spot, and robot engages in 

its picking sequence. After the picking operation, 

depending on the judgement of the camera, robot places 

the part either in a pallet for packaging, or a pallet for 

defect disposal. A more detailed explanation is explained 

in Macuzic et al. (2024). 

 

Stationary quality control + localization 

 
In the second case, the station consists of a ceiling 

mounted SCARA robot and two conveyer belts, equipped 

with 2 GigE Industrial cameras, one with color and other 

monochrome, each equipped on one of the conveyer belts 

(Figure 1.b). The station is also equipped with Jetson 

Orin Nano computer, which controls and processes the 

result of the cameras. This robotic station has been 

specifically programmed to handle strawberries. When a 

strawberry is put on a conveyer belt, the system is waiting 

until the strawberry passes the camera trigger. Depending 

on whether the camera is color or monochrome, a 

different kind of process is engaged. If a strawberry 

activates the trigger while passing through the color 

vision camera, the process then engages in checking of 

ripeness of the strawberry. Using AI classification 

dataset, the camera is able to decide whether the 

strawberry is ripe or not. If strawberry passes the test, it 

will continue moving along the conveyer belt to the next 

destination. However, if it is unripe, then the strawberry 

is located by camera and tracked on the conveyer, until 

the robot is ready to dispose of it. In the case of a 

strawberry passing through the monochrome camera, 

then the process is that of removal of the strawberry’s 

calyx. If a calyx isn’t located on the camera, the 

strawberry passes through. If it is, the position of the 

calyx in relation to the center of the strawberry is sent to 

the robot, which cuts the calyx using the bladed part of 

the robotic gripper. A more detailed explanation is 

explained in Macuzic et al. (2025). 

 

In manual sorting processes, the likelihood of human 

error is relatively high, as decision-making can be 

significantly influenced by various human-related 

factors. These include physical and cognitive fatigue, 

subjective judgment, and learned habits acquired over 

time, all of which may lead to inconsistencies and 

reduced reliability in product classification and quality 

assessment. The following system removes these 

deficiencies 
 

3.2. Mobile quality control + localization 

 
In this case, the camera for quality control and 

localization of parts is located directly on the robot end-



Proceedings on Engineering Sciences, Vol. 08, No. 1 (2026) 241-250, doi: 10.24874/PES08.01.025 

 

 247 

effector (Figure 1.C). The robot is depalletizing cast iron 

pots from the pallet and is placing them on the conveyer 

belt for automatic enameling procedure. Because the pots 

are placed manually by a human on the pallet, the robot 

first checks for the pots in the expected area. During the 

check, the camera preforms the object location operation 

on the observed pot, and finding the offset between the 

expected position and actual position. After finding the 

pot, the camera also performs a quality check of the pots, 

in regards to its cleanliness. If the pot is too dirty to be 

used in enameling process, the pot is discarded for 

cleaning/as scrap. 

 

4. DISCUSSION 
 

In this paper there are three studies that demonstrate 

capabilities of robotic quality control (QC) systems, 

moving from passive verification to active, intelligent 

intervention. By integrating robotics with machine 

vision, advanced sensors, and AI-based algorithms, these 

systems provide the capability to perform precise, 

consistent, and repeatable inspection tasks with minimal 

human intervention. Unlike traditional quality control 

methods that rely on manual inspection, robotic systems 

are capable of performing inspection tasks continuously 

with high accuracy and consistency. Robotic inspection 

platforms can autonomously detect defects, classify 

anomalies, measure critical product attributes, and adjust 

inspection parameters based on contextual data. Their 

ability to operate continuously, maintain stable 

performance over extended periods, and adapt to changes 

in product design or production flow makes them 

essential components of Industry 4.0-oriented quality 

management. 

 

The analyzed systems operate according to a similar 

functional principle. In all three configurations incoming 

products are monitored externally, and upon trigger 

activation, image acquisition is performed using an 

industrial camera. The captured images are subsequently 

processed, and based on predefined parameters and 

comparison with a reference image of a compliant 

product, a quality assessment score is generated and 

expressed as a percentage. If the obtained value exceeds 

the defined tolerance threshold, the camera outputs a 

signal indicating whether the product meets the required 

quality criteria. Following the camera-based inspection, 

the product enters the robotic workspace, where the robot 

executes an appropriate operation according to the 

inspection result. This typically involves either 

transferring the product to the next processing location or 

placing it in a designated scrap position. 

 

One of key advantages of proposal robot stations lies in 

the ability to deliver objective and repeatable inspection 

results, independent of human variability. Through the 

integration of robotic platforms and advanced sensing 

technologies, real-time product quality monitoring 

becomes feasible, significantly reducing the risk of errors 

and increasing overall production efficiency. Quality-

related data from finished products are continuously 

collected, analyzed, and automatically processed at each 

stage of the manufacturing process to identify deviations 

and non-conformities, thereby enhancing the 

effectiveness and reliability of quality control systems. 

Additionally, supported by cameras and sensors, robotic 

systems can identify objects and recognize critical 

attributes such as size, shape, color, and orientation, 

enabling precise inspection and intelligent decision-

making in automated production environments. 

 

The capability of machine vision systems and robotic 

workstations to operate continuously across multiple 

shifts without interruption further enhances their 

economic viability and reinforces their value as key 

enablers of efficient, reliable, and sustainable 

manufacturing in modern industrial environments. 

 

This smart robotic systems support enhanced process 

transparency and traceability by generating structured 

datasets that facilitate statistical analysis, predictive 

modeling, and continuous improvement initiatives. 

These capabilities contribute to reduced defect rates, 

improved resource utilization, and increased 

responsiveness to customer demands. As manufacturing 

shifts toward personalized production, shorter product 

life cycles, and increasingly complex product 

architectures, the integration of smart robotics into 

quality control becomes not only beneficial but 

indispensable. 

 

5. CONCLUSION 

 
In order to maintain high levels of customer satisfaction, 

industrial organizations must be capable of continuous 

innovation, rapid adaptation, and ongoing process 

improvement, while simultaneously preserving their 

critical assets. However, if industrial advancement is not 

accompanied by a corresponding evolution of quality 

management functions, such progress may ultimately 

compromise product quality and, consequently, the 

overall customer experience. In this context, the concept 

of Quality 4.0 emerges as a fundamental pillar of modern 

industrial transformation, serving a role within Industry 

4.0 analogous to that played by quality management 

during the era of Industry 3.0. 

 

The rapid evolution of Industry 4.0 technologies has 

fundamentally transformed the way quality control is 

conceptualized and executed across contemporary 

manufacturing environments. This transformation has 

led to the emergence of the Quality 4.0 paradigm which 

leverages digital technologies and data-driven quality 

management throughout the entire product lifecycle in 

order to enable predictive quality assurance, real-time 

monitoring, and continuous process optimization. 

 

Given the strategic relevance of smart robotic systems for 

quality assurance, this paper examines their role, 

capabilities, and industrial impact within the context of 
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Industry 4.0. Special attention is placed on their 

application in automated visual inspection and sensor-

driven quality assessment, supported by a case studies 

that demonstrates practical implementation, performance 

outcomes, and key benefits for industrial environments. 

This study examined the potential of smart robotic 

systems - integrating machine vision and AI-driven 

technologies to enhance inspection accuracy, increase 

operational consistency, and reduce the dependency on 

manual processes.  

 

The findings from the examined case studies demonstrate 

that the robotic inspection platforms are capable of 

performing precise object localization, dimensional 

verification, and color-based quality assessment, 

followed by autonomous decision-making in product 

sorting and handling. These capabilities highlight the 

significant advantages of intelligent automation in 

achieving higher levels of productivity, defect detection 

reliability, and process traceability. Overall, the results 

indicate that the integration of smart robotic systems into 

quality control processes not only improves operational 

performance but also strengthens strategic 

competitiveness in the context of Industry 4.0.  

 

The research further reinforces the notion that the 

integration of robotics, computer vision, and data-driven 

control mechanisms serves as a cornerstone of digital 

transformation in quality assurance. As manufacturing 

systems continue to shift toward customization, 

flexibility, and real-time adaptability, the role of smart 

robotic systems will become increasingly critical. Their 

ability to continuously learn, respond to environmental 

variability, and support end-to-end process digitalization 

positions them as essential components of next-

generation industrial ecosystems. Future work should 

focus on further enhancing the autonomy, scalability, and 

robustness of these systems, particularly through 

advanced AI models, sensor fusion strategies, and 

seamless integration with cyber–physical infrastructures. 

Such advancements will contribute to the development of 

fully intelligent, self-optimizing quality management 

frameworks aligned with the emerging principles of 

Industry 5.0. 
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