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1. Introduction
Industry 5.0 represents a new technological rev-
olution that, rather than merely succeeding In-
dustry 4.0, expands and complements it with
a human-centric and sustainable approach. In
an increasingly competitive and complex global
landscape, this shift emphasizes the need for
adaptation and innovation, fostering a holistic
view that considers both technological and so-
cial impact. Industry 5.0 aims to transition
from a paradigm focused solely on shareholder
value to one that respects individual rights, pri-
oritizes environmental sustainability, and fosters
human-machine collaboration. Key technologies
driving this change include human-machine in-
teraction, bio-inspired materials, digital twins,
AI, and renewable energy solutions, which to-
gether provide a foundation for intelligent, adap-
tive, and ethical industrial environments, as re-
ported in [1].
Machines play a fundamental role in this revolu-
tion, especially regarding their relationship with
humans, often framed within the "5C" model
presented in [2]: Coexistence, Cooperation, Col-
laboration, Compassion, and Co-evolution. This
new industrial approach enables intelligent sys-
tems to work closely with humans, exempli-

fied by collaborative robots (cobots) designed
to assist in various sectors, including e-waste
management. Cobots can operate safely along-
side humans, enhancing productivity, safety, and
adaptability in complex environments. By in-
tegrating automation with human skills, Indus-
try 5.0 aims to create more resilient and flexible
workflows across diverse industries.
Cobots play a crucial role in circular e-waste
management, taking on repetitive or hazardous
tasks to optimize resource recovery and reduce
human exposure to risks.
This thesis presents a modular cobot system
aimed at improving e-waste recycling efficiency
and safety. It explores the current challenges
in cobot technology—such as safety in shared
human-robot workspaces, performance, cost-
effectiveness, and smart technology integration.
The project focuses on designing a cobot with
adaptable hardware that can handle various re-
cycling tasks, supported by real-time control and
predictive maintenance algorithms. This design
allows for versatile tool integration, enabling
the cobot to respond flexibly to different oper-
ational needs. Structured into chapters on sys-
tem architecture, algorithms, testing, and future
prospects, the thesis offers a scalable approach
to collaborative robotics with applications be-
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yond e-waste.

2. System architecture
Figure 1 presents the complete architecture of
the system, detailing the interconnected compo-
nents and hardware configuration essential for
the collaborative robotic setup. This figure illus-
trates the integration of various sensors, control
units, and computational devices, each playing a
critical role in ensuring efficient and safe human-
robot interaction. The accompanying image de-
scription provides additional insights into the
functionality and placement of individual com-
ponents, highlighting their specific roles within
the system to support optimal performance and
adaptability across various tasks.

Figure 1: 1. Raspberry Pi display, show-
ing real-time data for monitoring and control;
2. Server, for data storage and processing;
3. Beckhoff PLC with HMI[3], which serves
as main controller connected to HMI for issuing
commands; 4. ESP32 Cam, for capturing im-
ages in object detection (washers and nuts); 5.
Driver TB6560, to control motor speed and
direction; 6. Raspberry Pi Board, to collect
and transmit sensor data to the server; 7. Load
cell, providing real-time weight data for speed
control; 8. Electromagnet, to lift and move
ferrous objects; 9. Various sensors, including
temperature, humidity, vibration, human prox-
imity, current, and voltage.

In Figure 2, the overall system architecture
is presented in a schematic format, providing
a representation of the connections and inter-
actions between all components. All compo-
nents are interconnected via a local area network

(LAN), facilitating seamless communication and
data exchange. The Raspberry Pi board col-
lects data in real-time from various sensors, such
as those measuring temperature, weight, and
vibration. These data points are continuously
written to a shared folder accessible across the
LAN, allowing for instantaneous access by the
PLC and other devices on the network. The
shared area, not only supports real-time data
monitoring, but also enables functions such as
motor speed optimization and data analysis for
predictive maintenance.
The system includes a web-based HMI accessible
from devices connected to the LAN. This HMI
enables the operator to set monitoring thresh-
olds for key operational parameters—such as
current, voltage, vibration, weight, humidity,
and temperature—triggering alerts when lim-
its are exceeded. The operator can also de-
fine criteria for selecting objects to be recov-
ered by configuring dimensional ranges, assign-
ing batch codes, and organizing operations to
support traceability and predictive maintenance
analysis. Additionally, the HMI allows manual
control to start or stop the system for immediate
intervention, displays real-time sensor data to
facilitate anomaly detection, and shows detected
objects along with their diameter and confor-
mity status.

Figure 2: System architecture
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The system architecture is designed to en-
sure continuous data flow and high adaptability
across various operational scenarios. The cen-
tral server functions as a data hub, consolidat-
ing all essential information for system operation
in a single location. Specifically, it stores and
manages key files, including the user instruction
file, which contains commands provided by the
operator through the HMI; the image recogni-
tion results file, which records detected object
values for automated retrieval by the PLC; pro-
duction data, encompassing operational param-
eters collected from the cobots’ PLCs; and sen-
sor data, updated in real-time by the Raspberry
Pi board, covering critical measurements such
as vibration, temperature, current, and voltage.
Upon detecting objects, the PLC instructs the
cobot to process them and then logs the results
in the production file. This centralized config-
uration enables real-time data accessibility, al-
lowing each component to continuously update
information on the server. This setup facili-
tates live monitoring and timely adjustments as
needed, ensuring system responsiveness and ef-
ficiency in automated production environments.

3. Develop algorithms
In this thesis, four algorithms have been devel-
oped, each of which will be detailed in this sec-
tion to illustrate its purpose, implementation,
and role within the overall system architecture.

3.1. Object detection algorithm
The object detection algorithm developed for
the cobot system leverages an ESP32-CAM and
custom-trained YOLO (You Only Look Once)
models to identify and classify washers and nuts
with high accuracy in real-time. This algorithm
is designed to integrate seamlessly with a web-
based HMI, which allows operators to config-
ure detection criteria, such as the type of ob-
ject (washer or nut), and set acceptable diame-
ter ranges. Through this interface, operators can
ensure only objects meeting specified dimensions
and other compliance standards are processed,
providing a customized approach for each batch.
Images captured by the ESP32-CAM are pro-
cessed by the algorithm, which performs vari-
ous calculations to assess object geometry. Key
supporting functions include overlap detection
to reduce interference between objects, and geo-

metric measurements to determine each object’s
center, area, and diameter in millimeters, using
a scaling factor based on the camera’s field of
view and distance. Each object detected is eval-
uated against the criteria set in the HMI, filter-
ing out those that do not meet these specifica-
tions. Once detected, each object’s type, center
coordinates, area, diameter, and compliance sta-
tus are recorded in a structured CSV file. This
data format allows for streamlined tracking and
future analysis of detected objects, as well as in-
tegration with other production processes. The
detection process operates in a continuous loop
managed by a server-side script that responds
to commands issued from the HMI. The script
monitors a file that signals when to initiate de-
tection; once the process is complete, the system
resets for the next request. This setup enables
precise, on-demand object detection cycles, op-
timizing workflow efficiency and facilitating con-
trol over production timing.

3.2. Predictive maintenance algo-
rithm

The predictive maintenance algorithm moni-
tors critical parameters, including current, volt-
age, vibration, humidity, temperature, and load
weight, using a Random Forest model for clas-
sification. Initially trained on simulated data,
the model is designed to transition to real sensor
data to progressively enhance its accuracy. Each
time the Raspberry Pi adds new data from the
connected sensors, the algorithm immediately
analyzes these inputs, allowing for continuous,
real-time monitoring. This constant interaction
ensures that the model is consistently updated
with the latest operational data, enabling proac-
tive detection of potential maintenance needs.
The processed sensor data is recorded into a
dedicated file within the shared LAN folder,
to which the algorithm appends a specific col-
umn indicating whether maintenance is neces-
sary based on current conditions. This informa-
tion is accessible across the network, facilitat-
ing easy retrieval for real-time monitoring and
timely maintenance alerts, ultimately reducing
downtime and enhancing system performance.
Periodic retraining further aligns the model with
evolving operational conditions, keeping the pre-
dictive capabilities robust and adaptable.
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3.3. Speed control algorithm
The speed control algorithm is derived from the
motor model, represented by the equation
dω

dt
=

1

J
(−Kmia sin(Nθ)+Kmib cos(Nθ)−Kvω−Tl),

where the angular velocity ω is influenced by
parameters such as the motor current, load
torque Tl, and viscous friction. To facilitate
real-time optimization, a static model is em-
ployed, which simplifies the dynamics by assum-
ing a steady-state relationship between speed
and load torque, independent of time. This ap-
proach allows the algorithm to focus on achiev-
ing an immediate balance between speed and
load torque, streamlining the computation pro-
cess. The static model is derived from the full
dynamic equations, focusing on the immediate
relationship between speed, load, and current,
while bypassing transient dynamics. By neglect-
ing time-dependent fluctuations, this approach
reduces computational overhead and enhances
stability within operational limits. Most param-
eters in this model, including Km and J , were
obtained directly from the motor’s datasheet,
while the viscous friction coefficient Kv was es-
timated experimentally to reflect real-world op-
erating conditions. The total current I, repre-
senting the resultant current from both phases,
is calculated as:

I =
√
i2a + i2b .

This current is then related to the total driv-
ing torque Te, which includes the load torque Tl

and the viscous friction torque Kv · ω, by the
equation:

I =
Tl +Kv · ω

Km
.

The Raspberry Pi, equipped with a load cell,
continuously monitors the weight of the object
being lifted and records this information in a
shared file within the LAN directory. The opti-
mization script accesses this file in real-time to
retrieve the load weight as an input for calculat-
ing the optimal motor speed. This weight data
is converted into load torque, enabling the algo-
rithm to determine the optimal motor speed by
minimizing a predefined cost function.
The cost function used in the optimization pro-
cess is given by:

J = λ1(ωmax − ω)2 + λ2I
2,

where λ1 and λ2 are weighting factors that bal-
ance the importance of minimizing the deviation
from the maximum allowable speed ωmax and
the current I used by the motor. The computed
speed is then translated into a STEP pulse in-
terval for the PLC, which dynamically adjusts
the motor speed according to load variations,
ensuring efficient and responsive operation un-
der varying conditions.

3.4. Data acquisition and analysis in-
frastructure

A real-time infrastructure has been established
to monitor and optimize cobot operations within
an automated environment, ensuring efficient
and responsive control over various tasks. Data
from distributed PLCs, each responsible for dif-
ferent aspects of the cobot’s operations, is col-
lected by a centralized server where it is system-
atically stored in a standardized CSV format.
This comprehensive dataset includes critical in-
formation such as execution time, weight, motor
speed, and environmental parameters like tem-
perature and humidity. The standardized for-
mat allows for seamless integration and analy-
sis, supporting a continuous feedback loop that
enhances system performance.
To further facilitate operational insights, an in-
teractive dashboard has been implemented, al-
lowing operators to track productivity metrics,
analyze historical data, and identify trends or
potential inefficiencies across multiple locations.
The dashboard provides a real-time view of sys-
tem status and performance, enabling operators
to make data-driven decisions and quickly re-
spond to any issues. This infrastructure not
only improves transparency and oversight but
also supports predictive maintenance by identi-
fying early warning signs of potential failures,
thereby minimizing downtime and optimizing
cobot functionality across the entire automated
network.

4. Experimental tests
This section presents the experimental tests con-
ducted to thoroughly evaluate the system’s over-
all performance. The tests were designed to val-
idate multiple aspects of the system, including
the accuracy of the object detection algorithm in
identifying and differentiating washers and nuts,
the predictive maintenance algorithm’s effective-
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ness in forecasting potential failures before they
occur, and the optimal speed control algorithm’s
responsiveness to variations in load weight. By
addressing these key areas, the tests aimed to
confirm the system’s efficiency, reliability, and
adaptability under real-world operational condi-
tions, ensuring that each component functions
cohesively within the integrated robotic frame-
work. The results provide a comprehensive as-
sessment of the system’s capabilities and high-
light areas for further refinement and improve-
ment.

4.1. Object detection algorithm vali-
dation

The experimental results for the object detection
algorithm demonstrated high accuracy in iden-
tifying washers and nuts, showcasing its reliabil-
ity in standard operational conditions. Specifi-
cally, under typical lighting conditions and com-
mon object placements, the algorithm achieved
impressive precision and recall rates, reaching
nearly 98% for nuts and 93% for washers. How-
ever, in certain more challenging scenarios, such
as low lighting, overlapping objects, and high
object density, the algorithm encountered mi-
nor detection issues, resulting in some false posi-
tives and false negatives. These conditions high-
lighted potential areas for improvement, partic-
ularly in handling complex lighting setups and
enhancing object separation algorithms.
Figure 3 illustrates an example of detection per-
formance under high-density conditions, where
multiple objects are closely spaced. Despite
these challenges, the algorithm showed robust
and consistent performance, suggesting that tar-
geted refinements in lighting control and spatial
separation could further boost its accuracy and
reliability in demanding environments.

Figure 3: Nuts and washers recognition

4.2. Predictive maintenance algo-
rithm validation

The predictive maintenance algorithm demon-
strated strong performance, achieving an accu-
racy of 92% in identifying fault conditions and
successfully detecting 18 out of 20 simulated
anomalies, including instances of overloads, tem-
perature spikes, and other stress-related faults.
The model exhibited excellent real-time respon-
siveness, allowing for timely maintenance alerts
and ensuring robust performance across a range
of varied operating conditions. This capability
not only supports preventive actions but also
minimizes potential downtime, contributing to
overall system reliability and efficiency. How-
ever, minor limitations were observed when op-
erating under extreme or borderline conditions,
where the model occasionally missed or misclas-
sified faults. These observations highlight spe-
cific areas for future refinement, with a focus
on enhancing the algorithm’s sensitivity and ac-
curacy in detecting anomalies under high-stress
scenarios. Such improvements could further so-
lidify the predictive maintenance system’s effec-
tiveness in complex, demanding environments.

4.3. Speed control algorithm valida-
tion

The speed control algorithm effectively calcu-
lated the optimal motor speed in response to
real-time load variations, resulting in significant
energy savings and highly responsive adaptation
to changes in load weight. This responsiveness
ensures that the motor operates efficiently, ad-
justing its speed dynamically to match the cur-
rent load, thereby optimizing both performance
and energy consumption.
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Figure 4 illustrates the behavior of the cost
function and optimal speed as weight changes,
demonstrating the algorithm’s efficiency in bal-
ancing operational demands with minimal en-
ergy use. The results underscore the algorithm’s
effectiveness in maintaining smooth operation
across a range of loads.
While these initial results are promising, future
enhancements could focus on incorporating dy-
namic feedback integration, enabling the algo-
rithm to adapt to more rapid or unexpected
fluctuations in load. This would improve sys-
tem stability and further refine energy usage,
especially under highly variable operating condi-
tions. Additionally, incorporating advanced sen-
sor data and real-time monitoring could allow
the speed control algorithm to continuously fine-
tune performance, leading to even greater relia-
bility and efficiency in complex environments.

Figure 4: Cost trend for different load torques

4.4. Overall analysis of experimental
results

The experimental tests demonstrated the sys-
tem’s overall effectiveness and readiness for
practical applications. Each algorithm consis-
tently met performance expectations, validat-
ing the cobot’s ability to operate reliably across
a variety of conditions. The object detection,
predictive maintenance, and speed control algo-
rithms each contributed to enhancing the sys-
tem’s adaptability, accuracy, and responsive-
ness, ensuring smooth and efficient operations.
The results confirm that the system is well-
suited for handling complex tasks autonomously,
with minimal need for operator intervention.
Minor limitations, observed in more challeng-
ing test scenarios, highlight potential areas for
further refinement, particularly in adapting the

system to high-stress conditions or unexpected
variations.
In summary, these tests underscore the robust-
ness and reliability of the developed cobot ar-
chitecture, supporting its potential to improve
productivity and safety in automated recycling
environments.

5. Future developments
Future developments could include integrating
an electric gripper, allowing the cobot to han-
dle a wider variety of materials, including non-
ferrous components, which would expand its
flexibility in sorting and assembly tasks. Adding
an additional ESP32 CAM for enhanced moni-
toring could also provide real-time data to im-
prove item selection and sorting efficiency. Fur-
ther, refining the predictive maintenance model
with real-world data would enable more accu-
rate and timely scheduling, while upgrading sen-
sors could enhance safety and responsiveness.
Lastly, advanced data analysis could offer valu-
able insights into productivity, making the sys-
tem more adaptable and efficient across a range
of industrial applications.

6. Conclusion
While areas for improvement exist, the current
system represents a robust and adaptable foun-
dation, showcasing the impactful role that col-
laborative robotics can play in modern recycling
processes and industrial automation. This sys-
tem’s modularity, combined with its capacity for
data-driven optimization, illustrates the poten-
tial of cobots to streamline workflows, enhance
precision, and reduce resource waste in demand-
ing industrial environments.
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