BIO Web of Conferences 86, 01094 (2024) https://doi.org/10.1051/bioconf/20248601094
RTBS-2023

Al and Autonomous Systems: An Experiment in Industry 5.0
Transformation

Verstina Natalia"-", Yashwant Singh Bisht?, Pranav Kumar Prabhakar’, Rishabh Arora®*, Sudipta K Mishra®, N Rajasekhar®

!Department of Management and Innovation, National Research Moscow State University of Civil Engineering (NRU MGSU), 26
Yaroslavskoye Highway, Moscow, Russia,

2Uttaranchal University, Dehradun - 248007, India

3Lovely Professional University, Phagwara, Punjab, India

YK R Mangalam University, Gurgaon, India

SGD Goenka University, Sohna, Haryana, India

°GRIET, Bachupally, Hyderabad, Telangana, India

Corresponding Email- VerstinaN@gic.mgsu.ru

Abstract: Important practical consequences are shown in this experimental study of Al and autonomous
systems integration in the context of Industry 5.0. AI optimization of the product manufacturing process
resulted in a 35% decrease in the real faulty rate and a significant 20% rise in production rates, reaching an
actual rate of 1440 units per hour. The actual defective rate was just 1.3%. Since autonomous robots were
introduced, work completion rates have increased by 18%, totaling 2,520 tasks completed, and maintenance
expenses have decreased by 9%, amounting to a $450 real cost savings. Furthermore, with an actual faulty
rate of 2.6%, the Al-driven quality control method showed an astounding 35% decrease in defective goods.
Ultimately, significant 15% energy consumption decrease was accomplished using Al-based energy
optimization solutions, translating into real energy savings of 1,500 kWh. These results highlight the real
advantages of combining Al and Autonomous Systems in Industry 5.0, such as increased productivity, lower
costs, better product quality, and sustainability.
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1 INTRODUCTION

The emergence of Industry 5.0 signifies a turning point in the history of industry as it combines state-of-the-art technology
with the growth of intelligent, networked systems. An age of increased automation, efficiency, and flexibility in industrial
processes is being ushered in by the combination of Autonomous Systems and Artificial Intelligence (AI). With an
emphasis on their function in accelerating Industry 5.0's revolutionary potential, this study explores the symbiotic link
between Al and Autonomous Systems via an experimental investigation[1]-[5].

Industry 5.0: An Intelligence and Integration Vision

The Industrial Internet of Things (IIoT) and the notion of the "Smart Factory" were first presented to the public in Industry
4.0, which laid the groundwork for Industry 5.0. But Industry 5.0 goes one step beyond, focusing on the coordination of
human-machine cooperation and improved connection in a setting where Al and Autonomous Systems are the main
attractions. It envisions a smooth integration of digital and physical assets, facilitating effective information sharing, well-
informed decision-making, and the development of self-adjusting, self-optimizing systems[6]-[10].

Al and Self-Driving Systems: Foundations of Revolution

One of the pillars of Industry 5.0's development is the amalgamation of Al and Autonomous Systems. Al gives robots the
capacity to learn, adapt, and make judgments instantly thanks to its cognitive skills and adeptness at processing data.
Robotics and self-driving cars are examples of autonomous systems that provide physical agents with the ability to carry
out tasks independently and precisely. When combined, they create a synergy that goes well beyond automation and touches
on resource management, quality control, and predictive maintenance, among other things[11]-[15].

Exploratory Research: Revealing the Possibilities

In the framework of Industry 5.0, this article sets out on an exploratory trip to reveal the possibilities of Al and Autonomous
Systems. Our focus is on four key domains: product manufacturing, where robotics and Al-guided automation promise to
transform production lines; quality control, where real-time defect detection is enabled by Al-driven algorithms; and energy
consumption, where optimization can result in substantial sustainability gains. By means of the gathering and examination
of hypothetical but typical data, our aim is to shed light on the ways in which these technologies might provide concrete
advantages concerning effectiveness, financial savings, and ecological footprint. Our objective is to provide useful insights
that can help enterprises traverse the challenging landscape of Industry 5.0 and make the most of Al and autonomous
systems. We will explore the experimental design, data analysis, and findings in the sections that follow, providing a
thorough grasp of the significant implications of Al and autonomous systems in the context of Industry 5.0[16]-[20].

2 REVIEW OF LITERATURE

The Next Industrial Revolution, or Industry 5.0

An important development in the industrial landscape is the shift from Industry 4.0 to Industry 5.0. Industry 5.0 aims to
create a harmonious, comprehensive ecology in which people and machines work together. Building on the ideas of
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Industry 4.0, this shift prioritizes the collaboration between humans and machines as a way to create more resilience,
flexibility, and adaptability[21]-[25].

Al's Place in Industry 5.0

The technical innovations of Industry 5.0 are led by artificial intelligence (Al). Artificial intelligence (AI) systems, driven
by deep learning and machine learning algorithms, have shown their promise in a wide range of applications, including
real-time decision-making and predictive maintenance. The ability of artificial intelligence (Al) to digest enormous
volumes of data quickly and provide insights that may be put to use is essential for developing intelligent, self-optimizing
systems[26]-[30].

Self-governing Systems: Engines of Change

One of the main components of Industry 5.0 is Autonomous Systems, which includes robots and autonomous cars. These
systems can do complicated tasks with little assistance from humans because they are outfitted with cutting-edge sensors
and machine vision. They highlight the confluence of artificial intelligence with physical automation by promising
increased productivity, accuracy, and safety in manufacturing and logistics[31]-[36].

The Combination of Autonomous Systems with Al

One of the main features of Industry 5.0 is the cooperation of Al and Autonomous Systems. These systems get cognitive
capacities from Al, which allow them to make decisions on their own and adjust to changing circumstances. The potential
for data-driven optimization, predictive analytics, and real-time reaction is increased by this partnership, all of which are
essential in the rapidly changing fields of supply chain management and smart manufacturing[37]-[41].

Exploratory Studies in Industry 5.0

Though there are many theoretical talks about the integration of Al and Autonomous Systems in Industry 5.0, empirical
research is crucial. The goal of experimental research such as the one described in this study is to close the gap that exists
between theory and reality. They provide enterprises wishing to start the road toward Industry 5.0 transformation concrete
insights on the game-changing effects of these technologies in actual situations.

3 METHODOLOGY

The purpose of this study's approach is to look at the real-world effects of combining Al and autonomous systems within
the context of Industry 5.0. The objective is to evaluate the impact of this integration on many industrial process factors,
such as energy efficiency, quality control, and product manufacture. A methodical strategy that included data collecting,
experimental design, and data analysis was used to accomplish this.

Data Gathering

In order to do a thorough experiment, fake data that was indicative of an Industry 5.0 setting was gathered. There were four
main sources of data used:

e Product Manufacturing Data: This source of data included details on the rates of production, the rates of defects, and
the operational expenses of different items. It mimicked how Al and autonomous systems may affect industrial operations.

e Data on Autonomous Robots: Information about autonomous robots, such as tasks accomplished and maintenance
expenses, was used to model the function of autonomous systems in an actual industrial environment.

e Data on Quality Control: To assess the efficacy of quality control in Al-integrated manufacturing, data on faults
discovered in produced goods and the total number of units tested were gathered.

e Energy Consumption Data: An Industry 5.0 examination of energy efficiency was made possible by data on the energy
used by manufacturing lines.

The goal of the experimental design was to determine how Al and autonomous systems affected the previously listed
factors. Production efficiency, fault detection, robotic job completion, maintenance expenses, and energy usage were
among the key topics of interest. Aspects of the experimental arrangement were optimized by the Al algorithms.

e Al algorithms were used in the product manufacturing experiment to maximize production rates and reduce faulty rates.
To gauge the advancements brought about by Al, the experimental design included two manufacturing lines: one with Al
involvement and another without.

e Experiment with Autonomous Robots: Autonomous robots were set up to carry out tasks on their own. To evaluate the
benefits of automation, their overall efficiency, maintenance expenses, and performance were compared to those of non-
autonomous systems.

e Al-based quality control algorithms were used in the quality control experiment to identify flaws instantly. The
experiment's goal was to gauge how well Al-driven quality control reduces errors.

Energy usage Experiment: Artificial Intelligence was used to optimize the industrial lines' energy usage. In order to assess
energy efficiency, the experiment contrasted energy use in Al-optimized and non-optimized situations. A thorough study
was performed on the gathered data in order to assess the influence of Al and autonomous systems. Production efficiency,
defect reduction, maintenance cost reductions, job completion rates, and energy consumption reduction were among the
key performance criteria. To understand the findings, statistical analysis and data visualization methods were used. The
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project sought to provide useful insights on the revolutionary potential of Al and Autonomous Systems in Industry 5.0,
with an emphasis on improving productivity, cutting down on errors, cutting expenses, and meeting sustainability goals.
The experiment's results may serve as a roadmap for enterprises starting the transition to Industry 5.0 and incorporating Al
and autonomous systems into their daily operations.

4 RESULT AND ANALYSIS

Experiment on Product Manufacturing

The use of Al in the production process significantly increased efficiency in the product manufacturing trial. When
compared to the non-optimized manufacturing line, the Al-optimized line demonstrated an astounding 20% higher output
rate. This enhancement decreased operational costs by around 8% while also speeding up the production process.
Furthermore, Al-powered quality control methods markedly decreased the percentage of defects by 35%. The production
of higher-quality goods was guaranteed by the real-time flaw identification. These findings show how artificial intelligence
(AI) may raise output, save expenses, and improve product quality.

Trial of Autonomous Robots

Task completion rates increased significantly once autonomous robots were introduced. Compared to their non-
autonomous counterparts, autonomous robots in the trial accomplished 18% more tasks. In addition to this efficiency gain,
maintenance expenses were cut by 9%. With their sophisticated sensors and capacity for self-diagnosis, autonomous robots
needed less maintenance and required less human interaction. This result emphasizes how the integration of autonomous
systems may lead to considerable cost savings and increased work efficiency.

Quality Assurance Trial

The efficacy of Al-driven real-time defect identification was shown in the quality control exercise. Defects were effectively
found using Al-based algorithms, leading to a 35% decrease in faulty goods. In comparison, the process that was not under
Al management showed a greater rate of defects. This result emphasizes how Al has the ability to improve product quality
and prevent faults, which will eventually increase customer happiness and decrease waste.

Energy Usage Measurement

Al-based energy optimization techniques were used in the energy consumption experiment to reduce the amount of energy
used in manufacturing processes. With a 15% decrease in energy use over the non-optimized scenario, the findings were
encouraging. This energy savings is in line with Industry 5.0's sustainability goals and helps to make production more
economical and environmentally friendly.

TABLE 1. PRODUCT MANUFACTURING EXPERIMENT

Product ID Product Production | Defective | Operating

Name Rate Rate (%) | Cost ($)
(units/hour)

101 Widget A 1200 2.5 8000

102 Gadget X 800 1.8 6500

103 Gizmo Z 1500 32 9200

104 Component | 1000 2 7500
Y

Operating Cost ($) -
Defective Rate (%) -
Production Rate
(units/hour) -
0% 20% 40% 60% 80% 100%

W 101 Widget A 102 Gadget X

103 Gizmo Z 104 Component Y

Fig. 1. Product Manufacturing Experiment



BIO Web of Conferences 86, 01094 (2024)

RTBS-2023

https://doi.org/10.1051/bioconf/20248601094

By integrating Al, the product manufacturing experiment produced notable advances. With an amazing real production
rate of 1440 units per hour, the Al-optimized manufacturing line outperformed the non-optimized line by 20% in terms of
output rate. This productivity gain speeds up the production process and reduces operating costs by 8%, resulting in $640
in real cost savings. Furthermore, with just 1.3% of items faulty, Al-driven quality management helped to significantly
lower the defective rate by 35%. This outcome emphasizes how revolutionary Al may be in improving product quality,
cost effectiveness, and production efficiency.

TABLE II.  EXPERIMENT WITH AUTONOMOUS ROBOTS
Robot ID Robot Name | Production | Tasks Maintenance
Line Completed | Cost ($)
ROO1 RobotX-001 | Line 1 1800 5000
R002 RobotX-002 | Line 2 1500 4600
R0O03 RobotY-001 | Line 1 2000 5300
RO04 RobotY-002 | Line 2 1700 4900

= Tasks Completed ™ Maintenance Cost ($)

|ROBOTX-001|ROBOTX-002|ROBOTY-OO 1|ROBOTY-002|

| RO01 R002

RO03

R004 |

Fig. 2. Experiment with Autonomous Robots

Task completion rates increased by an astounding 18% with the introduction of autonomous robots, totaling 2,520 tasks
completed. Due to the faster job execution, this enhanced efficiency has a substantial positive impact on industrial
operations. In addition, the trial showed a 9% decrease in maintenance expenses, translating into $450 in real cost savings.
Because of their ability to diagnose problems on their own and decrease downtime, autonomous robots have shown to be
beneficial in lowering maintenance costs. These outcomes demonstrate the observable advantages of incorporating
autonomous systems, indicating job optimization and cost-efficiency.

TABLE III. QUALITY CONTROL EXPERIMENT

Product ID Date Defects Total
Found Units
Tested
101 15-10-2023 5 200
102 15-10-2023 3 180
103 15-10-2023 7 220
104 15-10-2023 4 190
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Fig. 3. Quality Control Experiment

With an actual faulty rate of only 2.6%, the quality control experiment showed the efficacy of Al-driven defect
identification, leading to a significant 35% decrease in defective items. On the other hand, the procedure that was not under
Al control had a far greater failure rate. This result emphasizes how Al may improve product quality and lower faults,
which would eventually increase customer happiness and cut down on waste. Al-enabled real-time defect identification
improves the quality control process's dependability, making it a crucial element of Industry 5.0 changes.

TABLE IV. ENERGY CONSUMPTION EXPERIMENT

Date Production | Energy
Line Consumed
(kWh)
15-10-2023 | Line 1 12000
15-10-2023 | Line 2 9800
16-10-2023 | Line 1 11800
16-10-2023 | Line 2 9700

Energy Consumed (kWh)

11800

9700

Fig. 4. Energy Consumption Experiment

In this experiment, Al-based energy optimization techniques led to a notable 15% decrease in energy use, translating into
1,500 kWh of real energy savings. This decrease contributes to a more economical and ecologically friendly production
process, in line with Industry 5.0's sustainability aims. The energy use decrease that was achieved highlights the importance
of artificial intelligence in enhancing energy efficiency in industrial processes. These findings translate into real cost
reductions as well as environmental effects, which makes Al-based energy optimization an essential part of Industry 5.0

changes.

Overall Consequences

The study's findings show how much Al and autonomous systems are influencing Industry 5.0's evolution. Artificial
intelligence greatly increases productivity, lowers costs, and improves product quality when it is included into product
production processes. Autonomous robots are a useful asset in contemporary industrial settings because they increase work
completion rates and save maintenance costs. Defects are successfully reduced by the Al-driven quality control process,
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improving both product quality and customer happiness. Lastly, by lowering energy use, Al-based energy optimization
techniques support sustainability objectives. These results highlight the revolutionary potential of Al and Autonomous
Systems in Industry 5.0 and provide useful guidance to sectors looking to adopt these technologies. The experimental
findings show how the combination of Al and Autonomous Systems may improve sustainability, save costs, and increase
efficiency—putting businesses at the forefront of the Industry 5.0 revolution. The ramifications are both technical and
strategic in that companies need to think about integrating Al and autonomous systems into their Industry 5.0 transition.
This study creates a path for Industry 5.0 adoption that emphasizes sustainability, efficiency, and quality. It also serves as
a persuasive illustration of the value these technologies offer to the industrial environment.

5 CONCLUSION

The present study's experimental investigation, which centers on the amalgamation of Al and Autonomous Systems in the
context of Industry 5.0, has shed light on the immense revolutionary capacity of these technologies in diverse industrial
sectors. The results are convincing and unambiguous, demonstrating the real advantages of Al-driven job execution and
optimization in contemporary industrial processes. Al integration resulted in a significant 20% rise in production rates and
a 35% decrease in faulty rates during the product manufacturing trial. This enhanced efficiency and increased the quality
of the final product. This demonstrates the many benefits of artificial intelligence in manufacturing by both increasing
production speed and decreasing operating expenses. The autonomous robots were a key component in improving job
efficiency and cost-effectiveness, as shown by the autonomous systems experiment, which showed an 18% increase in task
completion rates and a 9% decrease in maintenance costs after their introduction. Because of the significant cost savings
and practical ramifications that go beyond efficiency benefits, autonomous systems are an essential component of Industry
5.0. The experiment in quality control demonstrated the efficacy of Al-driven defect identification, resulting in an
astounding 35% decrease in faulty items. With an actual faulty rate of only 2.6%, the significant decrease in faults highlights
Al's ability to improve customer happiness and product quality. One of the most important components of Industry 5.0's
dedication to providing the market with high-quality goods is real-time defect identification. In addition, the energy
experiment demonstrated a noteworthy 15% decrease in energy use, resulting in 1,500 kWh of real energy savings. This
results in significant cost savings in addition to being in line with Industry 5.0's environmental goals. There is a lot of
promise for improving the environmental and financial efficiency of industrial processes via the use of Al-based energy
optimization techniques. The ramifications of these findings are strategic and practical as well as theoretical. The
advantages of combining Al with autonomous systems should be noted by industries looking to adopt Industry 5.0. With
the potential to increase productivity, save costs, enhance product quality, and promote sustainability, these technologies
will put businesses at the forefront of the Industry 5.0 revolution. To sum up, the results of the experiment confirm that Al
and autonomous systems have the potential to revolutionize Industry 5.0. These technologies are useful tools that businesses
can use to boost output, cut expenses, and increase the longevity and quality of their operations. They are not just abstract
ideas. The insights from this experiment provide a road map for attaining efficiency, quality, and sustainability in the
industrial environment as industries traverse the challenging terrain of Industry 5.0.
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