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Redefining Human-Machine Collaboration: Industry
5.0 to Improve Safety and Efficiency

Francisco Antonio Lloret Abrisqueta , Antonio Guerrero Gonzalez , and Roberto Zapata Martinez

Abstract—This study presents an innovative implementation of
Industry 5.0 principles in a window production line, integrating
advanced robotics and artificial intelligence technologies to
improve operational efficiency and worker well-being. A robotic
cell was designed to automate the handling of heavy components
in the final production stage, resulting in a 35% reduction
in cycle times and a significant decrease in ergonomic risks.
Additionally, an interactive voice assistant based on generative
AI was implemented, allowing operators to access system
data and technical information in real-time through cognitive
interaction. The results show a substantial improvement in
job satisfaction, with a 278% increase in the perception
of occupational health. This approach not only optimizes
productivity but also redefines workers’ roles, aligning with the
human-centered vision of Industry 5.0. The study demonstrates
how the integration of advanced technologies can create safer,
more efficient, and adaptable work environments in modern
manufacturing.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9412

Index Terms—Advanced robotics, Generative AI, Industry 5.0,
Occupational Health

I. INTRODUCTION

THE manufacturing industry is at a turning point, facing
increasingly complex challenges that demand innovative

solutions. The need to improve efficiency, reduce costs, and
minimize risks has become particularly pressing in sectors
such as window manufacturing, where manual handling and
classification of heavy components not only affect productivity
but also expose workers to significant musculoskeletal injuries
[1]. The growing demand for flexible, sustainable, and human-
centered solutions underscores the importance of adopting
cutting-edge technologies. In response to these challenges,
Industry 5.0 emerges as a paradigm that seeks to integrate
Industry 4.0 technologies [2] with a closer human-machine
collaboration, aiming to create safer and more efficient work
environments centered on employee well-being [3], [4]. How-
ever, the transition to this new industrial model is not without
obstacles. One of the main challenges lies in the dependence
on proprietary systems, which limit flexibility and hinder the
integration of new technologies into existing production lines
[5].
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To address this, we propose an interactive voice assistant
based on generative artificial intelligence, which will enhance
operations by enabling real-time interaction with operational
data and facilitating predictive maintenance without halting
production [6]. Additionally, a robotic assistant will be in-
corporated to minimize physical strain on operators. This
assistant will implement protocols such as MQTT and OPC
UA, allowing seamless communication between systems [7],
[8]. This approach not only increases operational efficiency but
also redefines the role of workers, aligning with the principles
of Industry 5.0 [9], [10].

The main objectives of this study are:
1) To explore the integration of robotics and artificial

intelligence in optimizing industrial production, with a
focus on window manufacturing.

2) To evaluate the impact of these technologies on occupa-
tional health and worker satisfaction.

3) To propose an implementation model that exempli-
fies the principles of Industry 5.0, prioritizing human-
machine collaboration and employee well-being.

4) To analyze the implications of this technological trans-
formation on job roles and the skills required in modern
manufacturing.

This paper is structured as follows: Section II. State of the
Art provides a focused review of the state of the art in indus-
trial automation and Industry 5.0 technologies, highlighting
existing methodologies and gaps. Section III. Materials and
Methods details the materials and methods used in imple-
menting the proposed solution. Section IV. Results presents the
results, including improvements in production efficiency and
working conditions. Finally, Section V. Conclusion discusses
the broader implications of our findings and draws conclusions
on the future of Industry 5.0 in manufacturing.

II. STATE OF THE ART

The manufacturing sector has witnessed significant ad-
vancements in automation, redefining industrial production
processes. The transformation of the production line through
advanced automation reflects the latest progress towards Indus-
try 4.0. However, when these advancements align with close
collaboration with humans, the transition to Industry 5.0 takes
place [3].

A key aspect of this improvement is the incorporation of an
interactive voice assistant based on generative artificial intel-
ligence (Generative AI), allowing operators to access system
data and technical manuals in real-time [11]–[14] , enabling
interaction with this data in a graphical format or through
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speech recognition and synthesis [15]. This technology not
only facilitates problem-solving and predictive maintenance
but also optimizes efficiency by allowing workers to interact
directly with the system without stopping production [16]–
[19]. The application of natural language processing (NLP)
in industrial environments represents a significant leap in
human-machine interaction, allowing intuitive control and
real-time adaptability [11], [12], [20]. To achieve this, open
standards such as OPC UA and MQTT have been adopted,
enabling seamless and secure integration between various plant
components [21]–[23]. These protocols facilitate connectivity
between heterogeneous systems and devices, ensuring greater
flexibility and scalability in the production line [21], [24].

Industrial robots have emerged as a fundamental tech-
nology, providing not only precision in handling tasks but
also consistency and repeatability, minimizing human error
[25], [26]. By replacing manual handling with robots, the
risk of errors is drastically reduced, and plant efficiency is
improved [25], [27], [28]. Therefore, improving the final stage
of production through robot implementation will minimize the
risk of work-related injuries caused by repetitive handling [27],
[29], [30]. This type of automation addresses a recurring issue
in manufacturing: physical overload and ergonomic risks for
workers performing repetitive manual tasks [7], [31], [32].

However, Industry 5.0 does not stop here, as other tech-
nologies further enhance these developments. For instance,
the integration of digital twins improves this ecosystem by
bridging the physical and virtual realms for monitoring and
optimization [33], [34]. Cloud computing facilitates access to
and processing of large volumes of data in real-time [35],
[36]. Leveraging the power of the cloud enhances system
capabilities [37], [38]. Cloud computing enables the execution
of data-intensive tasks without overloading local systems,
increasing system efficiency and responsiveness [39], [40].
Despite these advancements, challenges such as cybersecurity
and sustainability remain critical. Increased system connec-
tivity demands robust security measures to protect against
potential cyber threats [22], [41]. Similarly, the emphasis on
sustainability requires evaluating technological solutions based
on their environmental impact, including energy efficiency and
carbon footprint reduction [42], [43].

The implementation of these technologies in the plant aligns
with Industry 5.0, promoting closer collaboration between
humans and machines [44], [45]. This evolution not only
enhances the plant but also redefines the role of operators,
freeing them from repetitive tasks and allowing them to
focus on higher-value-added activities [46], [47]. The Industry
5.0 approach also emphasizes improving working conditions,
addressing both ergonomics and worker safety [31], [41].

III. MATERIALS AND METHODS

A. System Description

The development plant, in this case, a Schirmer machine,
plays a fundamental role in the window production line,
being responsible for the initial cutting and machining of alu-
minum and PVC profiles. Designed to accommodate a variety
of profile sizes and configurations, the plant utilizes CNC

technology to perform precision cuts and specific machining
operations such as drilling and slotting, meeting the required
specifications for each production batch.

The plant consists of different stages (Fig. 1) to achieve
the final product. The first stage is the manual feeding of the
profiles through input 1, followed by processing as indicated in
the figure, adding reinforcements for manufacturing from input
2. These reinforcements, after passing through the conveyor,
are joined and drilled to obtain prepared profiles for the
next stage (Output). The transition between stages involves
manually loading a transport cart.

Fig. 1. Layout of the different parts of the plant.

B. Robot Implementation

The implementation of the robot in the production line
focused on replacing heavy and repetitive manual handling
tasks related to cart loading, improving both efficiency and
ergonomics [29]. The robot was specifically selected for its ad-
vanced capabilities in terms of payload and motion precision.
With a payload capacity of up to 235 kg and an operational
reach of 3.2 meters, this model offers a repeatability of ±0.07
mm [48], essential characteristics for handling large volumes
and ensuring the precision required for window component
manipulation.

Fig. 2. Industrial robot integrated for handling heavy components.

The first step was designing and simulating the robotic cell
in a virtual environment. This enabled the generation of pick-
and-place points for the components, optimizing trajectories
and ensuring efficiency in the work cycle. Subsequently, the
programmed trajectories and points from the simulation were
transferred to the robot controller’s RAPID code. The gripper,
manufactured by Zimmer, was selected for its adaptability
to the specific components of the production line. Real-
time communication tests were conducted between the robot
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and the control system. These tests included synchronization
with the gripper’s magnetic sensors, monitoring of open/close
states, and verification of digital signals, ensuring that each
robot movement met operational specifications. The system
was verified through initial movement tests on all six robot
axes to ensure optimal functionality in handling tasks.

C. Interactive Voice Assistant

The virtual assistant is integrated into the production line
using the existing network infrastructure, expanded to support
the necessary communication demands [14]. It is managed
through a graphical user interface (GUI) featuring a chat-style
dialog box that allows operators to communicate with the
assistant. Additionally, it incorporates voice recognition and
synthesis capabilities, essential for a completely hands-free
interaction in the industrial environment—ideal for scenarios
where visual attention must remain focused on operations. The
AI-based voice assistant structure for the production plant is
organized into modules designed to import necessary functions
from a single central program. This modular architecture
enables system scalability and facilitates maintenance (Fig. 3).

Fig. 3. UML diagram of the voice assistant’s modular architecture.

The system architecture is composed of the following mod-
ules:

• Main Module main.py: Serves as the central controller
integrating voice recognition, interaction with ChatGPT,
and speech synthesis.

• Recognition Module reconocimiento.py: Imple-
ments voice recognition using Google Speech Recogni-
tion.

• Synthesis Module sintesis.py: Converts text to
speech using Google Text-to-Speech (GTTS) or Chat-
GPT’s speech synthesis service.

• AI Module chatGPT.py: Manages connection and
communication with ChatGPT. It initializes the AI as-
sistant, processes user queries, and handles file uploads.

• GUI Module IG.py: Manages the graphical user in-
terface, displaying the chat dialog and processing user
inputs.

• In/Out Module EyS.py: Modifies program operation
by selecting real-time data sources.

• MQTT Module globalC.py: Provides MQTT func-
tionality to the assistant, subscribing to topics, extracting
relevant data, and handling real-time communication be-
tween devices.

• OPC UA Module localC.py: Provides OPC UA
functionality to the assistant, facilitating the retrieval
of operational data and ensuring interoperability with
industrial control systems in real-time.

• Configuration:
– variablesG.py: Defines global variables and

shared events across the system to ensure consis-
tency.

– json_Hilos.py: Manages configuration and data
storage using JSON files.

To ensure accurate responses, the assistant leverages the
OpenAI API, accessing advanced language models such as
GPT-4. This large-scale multimodal model has excelled in
various academic and professional evaluations, including the
simulated bar exam, where it scored in the top 10% of human
examinees [49]. Compared to previous models, this model
better aligns with user instructions, improves factual accuracy,
and reduces hallucinations, which is critical for a virtual
assistant requiring reliability and adaptability. Additionally,
the assistant benefits from a vector storage system, where
operation manuals are stored through the creation of OpenAI
assistants. Combined with real-time data reporting, this system
allows storing, retrieving, and contextualizing information
from manuals and plant-specific operational guides, providing
quick access to technical documentation [50]. This is achieved
through a system based on tokens, which are defined as the
minimum units of text that allow artificial intelligence to break
down and process the language to generate coherent responses.
These tokens are then used for subsequent billing for the use
of the assistant.

Although the supported machine can operate independently,
the assistant enhances its functionality by addressing both
plant-specific and general queries. Regarding response se-
curity, it is improved thanks to the system’s reliance on
operational data and real-time document retrieval, minimizing
the risk of hallucinations. Additionally, to mitigate risks,
the system employs activation words to prevent unintended
operations.

IV. RESULTS

A. Impact on Production

The implementation of the robotic cell has optimized
production efficiency, achieving a 35% reduction in cycle
time, decreasing from 15 to 9.5 seconds per operation. This
automation has facilitated continuous operation and signifi-
cantly reduced errors in the component classification process.
Additionally, the incorporation of an interactive assistant has
allowed a 25% reduction in waiting times, as workers can
resolve minor issues without needing to call a specialized
technician. In terms of job roles, the robotic cell has freed
workers from repetitive and physically demanding tasks, al-
lowing them to focus on higher-value activities. This not only
optimizes workflow but also fosters effective collaboration
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between humans and technology, aligning with the principles
of Industry 5.0 [51].

B. Interactive Voice Assistant
To evaluate the effectiveness of the assistant, an interaction

test was conducted with plant operators, measuring the accu-
racy of its responses and its audio detection capability.

The evaluation of the voice assistant (Table I) shows high
performance under optimal conditions, such as a neutral accent
and low to medium noise levels, achieving up to 100%
accuracy with fast response times. However, under conditions
of fast or slow speech, or high noise levels, accuracy decreases
and processing time increases. Interruptions and tone varia-
tions present the greatest challenges, significantly increasing
response time. These results indicate that the assistant is
effective. However, the increase in processing time is not
solely due to the assistant but also to the limitations of
the speech recognition system’s processing capacity; this is
observed when the same instruction under identical speech
conditions yields different processing times.

TABLE I
ACCURACY EVALUATION OF THE VOICE ASSISTANT

UNDER DIFFERENT CONDITIONS

Condition Accuracy (%) Processing Time
(s)

Neutral Accent
98.6 1.031
100.0 1.216

Fast Speech
88.2 0.935
100.0 1.436

Normal Speech
98.6 1.399
100.0 1.698

Slow Speech
88.6 0.936
100.0 1.497

Low Background Noise
98.6 0.809
100.0 1.458

Medium Background
Noise

98.6 0.894
100.0 1.668

High Background Noise
93.2 1.019
97.6 1.704

Simple Instructions
98.6 0.869
100 0.492

Complex Instructions
97.2 1.864
97.4 2.404

Interruptions 93.6 1.648
Tone Variation 92.6 2.029

Fig. 4. AI assistant performance based on token usage and accuracy.

Fig. 4 shows the analysis of the assistant when processing
each sentence, evaluating the number of Tokens In (input),

Tokens Out (output), and the Response Score in terms of
accuracy. The X-axis represents the number of analyzed sen-
tences, while the left Y-axis shows the number of processed
tokens, and the right Y-axis reflects the information retrieval
score. Tokens In (green) remain relatively constant, indicating
a stable volume of processed information due to the need to
supply reports as Tokens In. Tokens Out (blue) vary more,
suggesting that some queries require more extensive responses.
The Score (red) remains high, close to 100%, indicating
that the assistant maintains its accuracy without performance
degradation. Overall, the system dynamically adapts the length
of its responses according to the complexity of each sentence,
while the stability in Tokens In suggests that the size of queries
is relatively uniform, as the same reports are supplied for all
messages.The results confirm that the AI assistant is a reliable,
efficient, and context-aware solution, making it a key tool for
addressing industrial challenges.

C. Improvement of Human Conditions

The implementation of a robotic cell for manufacturing
tasks has shown a remarkable improvement in working con-
ditions, mainly through a significant reduction in physical
fatigue and musculoskeletal injuries. To assess the impact of
automation in the work environment, a survey was conducted
among the affected personnel, focusing on overall satisfac-
tion and perceived improvements in occupational health after
the implementation of the robotic cell. The survey included
questions designed to measure various aspects of the impact
of automation, such as overall satisfaction with the cell,
perception of improvements in working conditions, and eval-
uation of occupational health before and after the change.
Specific questions were also included on the reduction of
musculoskeletal injuries and the decrease in physical fatigue.
The responses were quantified on a scale from 1 to 10, where
1 represents the lowest level of satisfaction or improvement,
and 10 the highest level. The results obtained are presented in
Fig. 5:

• Satisfaction with the robotic cell: 8.96
• Improvement in working conditions: 8.40
• Occupational health before implementation: 2.44
• Post-implementation health improvement: 9.22
• Reduction of musculoskeletal injuries: 8.82
• Reduction of physical fatigue: 7.06
• Satisfaction with the virtual assistant: 9.22
• Ratio of correctly generated responses: 7.62
• Ease of use of the assistant: 7.34
These results reflect a positive perception among employees

towards automation, highlighting improvements in health and
ergonomics in the work environment, as well as an increase
in overall job satisfaction.

D. Discussion

The automation of the production line has demonstrated
significant improvements in efficiency and ergonomics, achiev-
ing a 35% reduction in cycle times and decreasing operators’
physical effort, reflected in a 278% improvement in occupa-
tional health perception. Additionally, the integration of an
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Fig. 5. Survey results on worker satisfaction and health improve-
ments.

AI-based virtual assistant has optimized interaction with the
production system, facilitating real-time access to information
and improving process monitoring.

These results suggest that automation not only increases
productivity but also has a positive impact on workers. The
virtual assistant has shown an accuracy of 98.6% under opti-
mal conditions, although in environments with high industrial
noise, it dropped to 93.2%. The integration of open protocols
(OPC UA and MQTT) has enabled a flexible and scalable
infrastructure.

Despite the benefits, key challenges remain. The high input
token consumption (15000-20000 per interaction) poses a
challenge in terms of efficiency and operational costs. Ad-
ditionally, the model’s dependence on the cloud makes it
vulnerable to network interruptions, which could affect its
availability in industrial environments. To mitigate this, local
models should be explored to allow for more autonomous
operation, reduce latency, and improve data security without
compromising the assistant’s accuracy. However, this chal-
lenge is limited, as the assistant has an exclusively consultative
role and does not directly intervene in plant operational
control, thereby avoiding critical risks in production.

V. CONCLUSION

The implementation of a state-of-the-art robotic cell and
a generative AI-based voice assistant in production line has
proven to be an innovative solution that optimizes operational
efficiency and revolutionizes working conditions, perfectly
aligning with Industry 5.0 principles. The automation of
repetitive and ergonomically challenging tasks has resulted in
a 35% improvement in production efficiency, reducing cycle
time from 15 to 9.5 seconds per operation [27], [52].

This synergistic integration of advanced AI in the produc-
tion environment exemplifies the human-machine symbiosis
proposed by Industry 5.0. The system architecture, based on
open protocols such as OPC UA and MQTT, provides a robust,
flexible, and highly scalable infrastructure. This technological
choice not only ensures interoperability between various sys-
tem components but also establishes a solid foundation for

future iterations and adaptations, anticipating the continuous
evolution of industrial technology [22].

The impact of this digital transformation on work roles
has been profound and multifaceted. Operators, freed from
monotonous and physically demanding tasks, have evolved
toward higher value-added roles, focusing on process supervi-
sion, real-time data analysis, and strategic decision-making.
This reconfiguration of responsibilities not only increases
employee satisfaction and engagement but also optimizes the
utilization of human capital in the plant, elevating the level
of expertise and intellectual contribution in the production
process [11].

The integrated implementation of the robotic cell and
interactive voice assistant has generated a more efficient,
safe, and adaptive work ecosystem. The significant reduction
in cycle times, combined with substantial improvement in
ergonomic conditions and the optimization of operational
roles, demonstrates the transformative potential of cutting-edge
technologies in modern manufacturing [35], [53].

Empirical results suggest that the strategic integration of
advanced automation technologies and artificial intelligence
in industrial environments can trigger exponential improve-
ments in production efficiency and working conditions. Future
research lines could explore the applicability and scalability
of these technologies in various industrial sectors, as well
as examine their longitudinal impact on key metrics such as
productivity, job satisfaction, and operational sustainability.
Additionally, it is recommended to investigate the potential
implementation of Industry 5.0 principles in other critical
phases of the production process, aiming to achieve a holistic
and systemic transformation of the manufacturing value chain.
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