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Abstract: This paper presents a revolutionary approach to
image analysis, specific to quality testing (QT) processes
performed in industrial manufacturing processes, which
integrates specific concepts of Industry 4.0 and Industry 5.0.
The results of the research were translated into an innovative
software interface, finally customized for testing the
manufacturing quality on the mechatronic assembly and
disassembly lines. The QT control structure, subordinated to the
new technologies of Industry 4.0 and Industry 5.0, proposes that
the acquisition sequences, analysis, decision-making and
historical recording of quality data, be implemented through a
server application (SA) and remotely through client
applications (CA). Additionally, the system’s hardware
configuration and embedded software components function
analogously to an Internet of Things (loT) sensor, providing a
framework for real-time process analysis and control. The QT
system is structured as a Machine Vision (MV) framework,
leveraging advanced image processing techniques to extract
relevant information, thereby enhancing the reliability and
detail of quality assessments. In this setup, the mechatronic line
is seamlessly integrated with cutting-edge analytical and control
functionalities, enabling robust production monitoring and
remote-control capabilities through the SA. Concurrently, the
CA software offers enhanced flexibility for customizing
production orders in response to customer demands. Following
the implementation of this MV-based control structure, which
utilizes the developed software interface for image analysis, a
series of performance tests were conducted to validate system
efficacy and adaptability within an automated production
environment.

Keywords: SMART Assembly / Disassembly, Quality Test
Management System, Machine Vision.

1. INTRODUCTION

Currently, in large production series, the aim is to increase
productivity and production quality, by making maximum
use of production resources and minimizing losses.
Moreover, given the massive integration of Industry 4.0
and Industry 5.0 concepts into industrial processes,
manufacturing systems offer remote access monitoring and
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control functions on computer systems connected through
communications networks [2].

Mechatronic production systems are designed to adapt to
different product typologies - flexible manufacturing, using
the same hardware resources with the reconfiguration of
interconnected stations, or through new control algorithms
developed to reconfigure the flow of the production
process, served by robotic systems for handling and
transport operations [6].

In modern production systems specializing in assembly
operations, the goal of production management is that the
assembly process must be faster and faster, and quickly
adapt to production requirements with a high degree of
manufacturing flexibility. There are rules of good practice
used to raise the flexibility level and the efficiency of
assembly process: using an appropriate material handling
system according to the production process (conveyors,
autonomous vehicle, autonomous robots etc.), using as
many robotic arms as possible in the production flow, using
autonomous processes and using the concept of
disassembly in the production process [1].

The assembly process can be divided into three categories:
mechanical fastening, adhesive bonding and joining
methods. Each category is fitting, according to necessity, to
a specific production process. In the case of the product
assembled from parts designed for assembly and
disassembly, the most used method of assembly is
mechanical fastening [7].

Autonomous mobile robots are integrated to improve the
disassembly process in the production process. The use of
collaborative robot structures, connected in parallel or
alternative control structures, lead to the reduction of
effective production times or auxiliary times, generated by
handling and transport operations. Therefore, they bring an
economic advantage by minimizing the cost [14].
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Thus, this paper proposes a software solution developed for
the control of a quality assurance system on a flexible
mechatronic manufacturing line with component recovery.
The research presented in this article was carried out on a
mechatronic assembly and disassembly line, which can be
adapted to the production of products with monolayer
typologies or multilayer typologies, obtained through
recurrent assembly operations. In order to determine the
compliance of the products with the imposed standard, it
was necessary to integrate a quality management system.
All aspects of these topics have been detailed in chapter
two. In the third chapter, the following aspects were
detailed: the architecture of the MV system, the hardware
structure proposed for the MV system, and the algorithm
used for image processing using the MV acquisition
system. The fourth chapter presents the decision-making
algorithm already implemented and the software developed
in C# programming language. Chapter five is reserved for
testing the software application and for evaluating the
degree of applicability in the field.

2. LITERATURE REVIEW

2.1. Flexible Manufacturing Systems (FMS) in context
of Industry 4.0 and Industry 5.0 overview

The SMART Assembly/Disassembly mechatronic line
(A/DML) represents a sophisticated, adaptable production
system featuring workstations served by robotic
manipulators specialized for assembly and disassembly
tasks, alongside mobile robots designated for handling and
transport operation systems operate within advanced
control frameworks engineered to coordinate and
synchronize tasks, optimizing resource utilization across
the production line. Achieving high product quality within
the A/DML production process is closely tied to the
integration of an autonomous quality management system.

In the A/DML production system, the final product is
achieved through a continuous workflow progressing
sequentially across up to seven workstations, each
facilitated by a SCARA robot and a mobile robot. Each
workstation integrates a material handling system and is
assigned a specific task, while interdependencies between
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tasks at each station are governed by the manufacturing
flow dictated by the workpiece (see Figure 1). This
structured flow ensures precision and consistency, aligning
with the objectives of efficient and high-quality production.

To enable production across multiple workflows, the
A/DML system has been designed with flexible
manufacturing capabilities. In the context of A/DML,
flexible manufacturing encompasses the ability to produce
two distinct product types that can be assembled in varying
configurations using common components, alongside
adaptability in product configuration [3].

Production outcomes on the A/DML line include products
with differing internal structures, which can be classified
into two main categories: Product A and Product B (see
Figure 2). Specifically, Product A is composed of an upper
layer, a single inner layer, and a basal layer, whereas
Product B includes an upper layer, three inner layers, and a
basal layer (see Figure 2). This flexible configuration
approach allows the A/DML system to efficiently cater to
diverse product requirements within a unified production
framework.
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Figure 2: A/DML product types: a) product A; b) product B

b)

2.2. Integrating a decision node capable of dynamically
altering the production flow within the A/DML

The A/DML workstations can be categorized based on their
roles within the assembly and disassembly processes.
Specifically, workstations dedicated to the assembly of the
basic product include WS1, WS2, WS4, and WS5, while
those involved in assembling the complex product include
WS3, WS4, and WS5. Workstations WS7 and WS3 are
designated for disassembly operations (Figure 3).
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Figure 3: Schematic representation of the A/DML workflows
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Based on these workstation functions, five distinct
production flows can be established along a single
assembly and disassembly line. To optimize these flows,
the concept of pseudo-parallelism was employed, which
enhances the system's capacity to assemble or disassemble
various product types on the same line, thus increasing
production efficiency [18].

The quality assurance system is pivotal within the
production process, as it independently determines whether
each product meets specified quality standards [12]. Based
on its evaluation, products deemed satisfactory are directed
to storage at WS6, while those identified as defective are
sent to WS7 for disassembly.

2.3. A/DML a customer-oriented system

In response to significant market changes, assembly lines
must now possess the ability to swiftly adapt to evolving
customer requirements [19]. There are instances when the
profitability of one product exceeds that of another
produced on the same line, prompting a strategic shift from
a product-centric to a customer-centric approach [4].

To effectively implement this customer-centric concept
within the Assembly/Disassembly Manufacturing Line
(A/DML), the integration of a SCARA robot into the
assembly and disassembly processes was essential. This
robot not only facilitates the transport of products between
workstations but also complements traditional conveyor
systems, enhancing operational flexibility.

Adopting a production system specifically tailored to
customer needs yields numerous advantages, particularly
in terms of production efficiency and economic viability.
When this approach is aligned with the implementation of
a Material Requirements Planning (MRP) application, it
can significantly enhance the production capacity of the
line. The synergy between customer-centric design and
advanced planning systems allows for optimized resource
allocation and responsiveness, ultimately leading to
improved overall performance and profitability.

III. MACHINE VISION SYSTEM

The quality management system is required to meet
specific criteria tailored to the Assembly/Disassembly
Manufacturing Line (A/DML) production process, namely
high speed, accuracy, and accessibility. To fulfill these
requirements, the quality management system must
establish real-time communication with the workstation
control system, ensuring seamless integration and
responsiveness throughout the production process [9].

III.1. Design and Development of a Machine Vision
System

Machine Vision (MV) systems incorporate computer
vision principles to address a broad spectrum of industrial
applications, primarily for the visual inspection of products
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[10]. The advantage of deploying MV systems lies in their
rapid task execution, enabling the high throughput testing
of numerous products within a minimal time frame [11].
This efficiency significantly enhances production line
performance and quality assurance in fast-paced industrial
environments [8].

Integrating an MV system into the A/DML production
process necessitates compliance with specific conditions
dictated by the production line’s architectural requirements
(Figure 4). These conditions include dimensional
constraints, the nature of interaction with products, and the
complexity of the inspection tasks [13].
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Figure 2: Acquisition system architecture designed in
Solidworks

The electromechanical system responsible for image
acquisition comprises two cameras, a stepper motor with a
reducer, two mirrors, a support structure, and various
electronic components. This setup facilitates precise
positioning and image capture, aligned with the operational
demands of the A/DML process (Figure 5).
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Figure 5: Acquisﬁion System architectﬁ;é Solidworks in WS6
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I11.2. Hardware architecture of Machine Vision system

The Machine Vision system utilized on the production line
comprises an image acquisition subsystem, a control and
processing unit, a monitoring system, and an
electromechanical system (see Figure 6). Building on the
approach introduced in the previous study, an enhanced
version of the Machine Vision system was developed. This
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improved design integrates a computer to handle both
process management and image processing tasks, offering
a substantial performance upgrade over the previous model,
which relied on a Raspberry Pi 3 microcontroller. Due to
the limitations in processing power and memory of the
Raspberry Pi 3 compared to a standard laptop [17], this
transition was necessary.

Implementing a machine vision system with two webcams,
a Raspberry Pi 3 B+, a Tic T834 driver, a motor and
MATLAB code involves balancing cost with performance
gains. Hardware costs are relatively low (about 300 EUR),
but software costs vary—MATLAB with Computer Vision
Toolbox can range from 200 EUR to 2,000 EUR, while
open-source alternatives like Octave reduce costs but
require more feature development effort. Training and
integration can add additional costs, depending on
complexity.

After conducting extensive testing in Python, C++, and
MATLAB, it was determined that significantly improved
performance could be achieved by upgrading the hardware
architecture. The original processing unit—a Raspberry Pi
3 B+ microcontroller featuring four Cortex-AS53 processors,
each operating at 1.4 GHz—was replaced by a laptop with
dual Intel i5 processors, each with a maximum processing
frequency of 2.7 GHz. This modification results in a
marked reduction in execution time.
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Figure 6: Schematic representation of the hardware structure
of Machine Vision system

The image acquisition system includes two Microsoft
LifeCam 3000 cameras and a laptop. These cameras feature
a 1280x720 image resolution, 24-bit color depth, a
maximum video resolution of 1280x720, and a 30fps frame
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rate. Additional specifications include 4x digital zoom, a
CMOS sensor, and a USB 2.0 interface (Figure 7).

The processing and control subsystem is supported by
custom-developed software designed to manage the image
acquisition stages with optimal safety and efficiency. This
software employs a specialized algorithm that processes
images and, through its analytical components, delivers a
verdict on each product's quality.

The monitoring system is implemented via an application
developed in C#, which allows seamless connectivity to the
Machine Vision device from any internet-enabled
computer. This application continuously exchanges data
with the server, enabling the operator to adjust essential
production parameters remotely with a single action. By
providing full system accessibility from any networked
computer, this software aligns closely with the core
principles of Industry 4.0 and Industry 5.0, promoting
connectivity, flexibility, and real-time control in the
production environment [15].
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Figure 7: The mecanical and aquisition subsystems of the
Machine Vision system

The electromechanical subsystem is purpose-built for the
A/DML production process (refer to Figure 7). The
electrical components of this subsystem include limit
switches, a driver, and a stepper motor, all of which define
the operational boundaries within the working areas. The
mechanical components comprise bearings, an HPL (High-
Pressure Laminate) support structure, and mirrors
positioned at a 75° angle relative to the horizontal axis.
These elements collectively enable precise control and
positioning are essential for high-accuracy operations
within the production line.

IV. THE ALGORITHM APPLICATION

The algorithm proposed in [17] integrates several well-
established image processing techniques to make
decisions. These include Gaussian and sharpen filters, an
edge detection algorithm, the M sample estimator (MASC),
and normal cross-correlation (NCC). The decision-making
process follows a series of sequential steps, executed in a
predetermined order, to ensure accurate and efficient
outcomes.
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No Algorithm Step

1 Image capture: Acquire an image using the
designated acquisition system.

2 Filtering: Apply filters to both the captured
image and the template image.

3 Image alignment: Align the captured and
template images based on a feature matching
algorithm;

4 Edge detection: Execute the edge detection
algorithm on both the captured and template

images;

5 Index map generation: Utilize the normalized
cross-correlation (NCC) algorithm to generate an
index map;

6 Decision-making: Determine the product’s
quality based on the maximum index from the
index map:
if (the maximum index is higher than 0.80) then
the product is good

else product is defective

IV.1 The core of the algorithm

The defect detection algorithm primarily relies on the
percentage of the maximum value of the normalized cross-
correlation (NCC) index for decision-making. The
effectiveness of this method is constrained by the ability of
image processing techniques to reduce noise and ensure the
geometric alignment of the products within the images. The
cross-correlation algorithm takes as input a template and an
image captured by the machine vision (MV) system. Prior
to their use in the algorithm, both the template and the
captured image undergo pre-processing. This pre-
processing involves applying noise-reduction filters, an
edge detection algorithm, and a geometric alignment
algorithm to align the products within both images.

The algorithm can be adjusted according to the type of
product analyzed by the machine vision system, using
specific conditional structures. The identification of the
product type during the quality test process is carried out
by the RFID integrated in the transport tray, thus allowing
the automatic adaptation of the inspection parameters and
the optimization of the accuracy of the analysis.

IV.2 Implementation of Machine Vision Control
Structures in MATLAB

MATLARB is a software platform offering a wide range of
toolboxes applicable across various fields. Its proprietary
programming language facilitates optimal integration with
external devices connected to a computer, making it an
effective solution for developing both machine vision
(MV) system control programs and implementing image
processing algorithms.

In controlling the MV process, MATLAB leverages built-
in functions to transmit commands via serial
communication to a stepper motor driver, interfacing with
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the laptop’s command prompt control panel. This enables
precise control of the MV system’s operations.

For image preprocessing, MATLAB supports the execution
of functions and provides the MATLAB App Design utility,
which allows the creation of standalone applications. An
interface was developed using this utility to facilitate edge
detection in images, enabling users to adjust edge detection
parameters dynamically and efficiently (Figure 8).

Figure 8: Design a software application in MATLAB App
Designer of the Edge Detection algorithm

IV.3 The software application developed in C#

The software application is an integral component of the
management subsystem within the machine vision (MV)
system, designed primarily to oversee the decision-making
activities conducted by the MV system. This supervision
can be executed by an operator or through dedicated
supervisory software [16].

Both the user interface and the operational core of the
application are developed within the Microsoft Visual
Studio programming environment, which supports the
creation of portable executable applications across various
programming languages. Among the languages available in
this suite, C# is particularly noteworthy. C# offers a range
of capabilities, including graphics development, server-
side application development, and hardware control
applications, making it well-suited for this application’s
requirements.

The MV system management application encompasses all
the functionalities of a database management system. This
software interface enables users to access, retrieve, store,
save, and define database information [5].

To enhance data security, a multi-user policy has been
implemented within the system. Each operator is assigned
a user account and password, granting them secure access
to the application and its features. This approach ensures
that sensitive data remains protected while allowing
authorized wusers to perform necessary operations
effectively.

Upon successful entry of a username and password, the
application grants access to the main window, which
incorporates an SQL function to query the database at
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regular intervals or in response to user actions. The
database is continuously updated by a secondary
application, which records the status of products in
production. The process monitoring interface retrieves this
data from the database and visualizes it through progress
containers. This enables the user to track key production
metrics, including the number of parts in storage, the
location of individual parts in the production process, the
position of the mobile robot, and the percentage of
completion for the Quality Test (Figure 9).
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Figure 9: Login interface of quality management systm

The main window features an interactive menu, accessible
by pressing the "Menu" button located in the upper left
corner. Activating this button expands a vertical panel on
the left side of the window. The menu offers access to the
following options: Overview, Quality Test, Statistical
Information, and About. Each menu button dynamically
updates the content displayed in the main window (Figure
10).

By accessing the "Quality Test" button opens a window
titled "Quality Test," which presents important details
about the QT process. This includes the total number of
products tested, the number of defective products, the
number of defective products reported in the last 10
products, and the number reported in the last 100 products.
All of this data is retrieved via SQL queries performed on
the database. In addition to displaying this information, the
window also provides functionality for modifying QT
settings and viewing all captured images (Figure 10).

SMART FLEXIBLE ASSEMBLY MECHATRONICS SYSTEM
WITH COMPONENT RECOVERY

FLEXIBLE CELL

{4

MOBIL ROBOT

Figure 10: Software application of QTS. Overview
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The "Statistical Information" button in the application
menu opens the Statistical Information window, which
offers a feature for generating charts tailored to the
operator's specifications. These charts can be created for
data from a specific day, a particular month, or the entire
operational period of the QT system. Additionally, the
"Clear" button allows users to remove all data displayed on
the chart (Figure 11).

QUALITY TEST

To}:

Settings

Figure 11: Quality Test window
V. EXPERIMENTAL TESTS RESULTS

The algorithm of default detection works based on
Normalized Cross-Correlation and obtains the result by
directly comparing a template with an image, being
sensitive to variations such as rotation, scaling and
illumination. This algorithm requires manual adjustments
for each transformation and is inefficient for large images
or extensive databases. If we compare this algorithm with
an algorithm based on convolutional neural networks
(CNN), it can be appreciated that these networks possess
the automatic learning characteristic, being more robust to
variations and noise. However, CNNs require a large
number of images, long training time and high
computational resources. Tests performed on A/DML
pictures using the system demonstrated a detection
accuracy of 98.56% [17].

Performance testing carried out with Microsoft Visual
Studio revealed that the application, on average, consumes
118 MB of RAM during runtime, while utilizing a
maximum of 12% of the CPU capacity. Notably, user
interactions do not lead to significant fluctuations in
resource consumption. Additionally, resource usage was
found to be higher during the initialization phase compared
to steady-state operation (Figure 12).

4 Process Memory (MB) {

% of all processors)

Figure 12: Application resource consumption
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The provided performance metrics illustrate the
computational load of the process, specifically in terms of
memory consumption and CPU utilization. The process
maintains a stable memory footprint at 118 MB, indicating
predictable allocation patterns. The observed CPU usage
remains near 0%, suggesting minimal computational
demand under current conditions. As production volume
increases, memory consumption may rise due to higher
data throughput or concurrent processing demands,
necessitating adequate RAM provisioning.

VI. CONCLUSIONS

The results presented in the conducted research
demonstrate that a QTS (Quality Testing System)
implemented on a production line offers numerous
benefits, particularly when, in addition to the defect
detection algorithm, remote monitoring and control
applications are also implemented. In this scenario, the
QTS can conceptually be assimilated to an 'ToT' sensor
based on Industry 4.0 technologies. The implementation of
a client-server model for the QTS allows for easy
interpretation of QT results. The system provides real-time
information about the volume of manufactured products,
statistics on defective products, details regarding stock
failures, or potential defects in the manufacturing process,
which will trigger warning alarms. Simultaneously, the
monitoring application allows for interventions in
production planning when the process is in a critical
operational state.

The software interface, designed with a client-server
architecture, allows for seamless interpretation of machine
vision data, offering a user-friendly experience through
interactive menus and detailed graphical representations.
This solution supports dynamic adjustments in production
planning, especially during critical operational states,
thereby improving the adaptability and resilience of the
manufacturing process.

Resource usage tests indicated that the application operates
efficiently, with minimal impact on system memory and
processing power, ensuring stability even during complex
operations. The ability to generate statistical reports and
visualize progress in real-time adds further value to
production management, optimizing decision-making and
enhancing quality control.

The developed software interface is a robust and scalable
solution that aligns with modern industrial automation
requirements, promoting improved productivity, reduced
downtime, and enhanced product quality in smart
manufacturing environments.
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