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Abstract-This empirical research evaluated, via experimentation, how Edge Computing and 

Artificial Intelligence (AI) work together in the context of Industry 5.0. With a high satisfaction 

rating of 88%, participants in the Edge Computing condition saw an astonishing 18% decrease in 

task completion times. Similarly, in the AI integration scenario, participants rated AI's value at 86%, 

and they saw a significant 12% reduction in task completion times and a noteworthy 7% drop in 

mistake rates. Significantly, with an astounding 21% gain in work completion times, the Edge 

Computing and AI combo had the largest performance boost. These results highlight how Edge 

Computing and AI may dramatically improve industrial efficiency and performance in the context 

of Industry 5.0, providing insightful information for businesses looking to use these technologies 

to streamline processes and spur innovation. 
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1 INTRODUCTION 

With the introduction of Industry 5.0, enhanced automation and the smooth integration of cyber-physical systems 
herald a revolutionary age in industrial operations. The combination of two cutting-edge technologies, artificial 
intelligence (AI) and edge computing, is a major factor propelling Industry 5.0. Industry 5.0's dynamic requirements 
are well aligned with Edge Computing, a paradigm that promises decreased latency and greater real-time 
responsiveness by processing data closer to the data sources[1]–[5]. Conversely, artificial intelligence (AI) provides 
the cognitive powers to use the abundance of data produced by industrial systems, making it possible for 
autonomous decision-making, predictive maintenance, and overall process optimization. A topic of great interest 
and investigation is the possible synergistic influence of Edge Computing and AI as Industry 5.0 continues to 
reshape manufacturing, logistics, and other industrial sectors[6]–[10]. In the context of Industry 5.0, this article 
aims to do an experimental evaluation and provide light on the consequences of Edge Computing and AI coming 
together. Our main goal in doing this research is to determine how much these technologies, when combined, 
increase industrial performance, efficiency, and overall production[11]–[15]. The relationship between Edge 
Computing and AI is becoming a significant area of study as the industrial environment moves toward more 
interconnectedness. It addresses theoretical questions as well as real-world applications for enterprises who want 
to take advantage of this partnership. This study is organized as follows: Section 2 provides an overview of the 
literature, emphasizing the unique roles that AI and Edge Computing play in the industrial sector. The methodology 
of our experiment is described in full in Section 3, which also offers insights into the participation eligibility and 
data collecting procedure[16]–[20]. The data analysis and findings are shown in Section 4, which also reveals the 
effects of Edge Computing and AI integration on industrial performance. The ramifications of our results for 
Industry 5.0 are covered in Section 5. Section 6 provides a summary of the main findings and recommendations for 
further study, so bringing the work to a close. The goal of this research is to provide important empirical insights 
into how AI and Edge Computing interact and how they contribute to pushing Industry 5.0 into new heights of 
industrial excellence. The emergence of Industry 5.0 marks a turning point in the development of industrial 
processes, as the digital and physical domains come together to form an extremely intelligent and networked 
production environment[21]–[27]. Two revolutionary technologies, Edge Computing and Artificial Intelligence 
(AI), are at the core of this revolution. Edge computing promises reduced latency, real-time data analytics, and 
more autonomy for industrial systems. It is based on the idea of decentralized data processing at the edge of 
networks. Simultaneously, Industry 5.0 is enabled by AI's capacity to replicate human-like cognition, which allows 
it to use the vast amounts of data produced by industrial processes. This allows for autonomous decision-making, 
predictive maintenance, and operational optimization. Artificial Intelligence (AI) and Edge Computing together 
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have the potential to revolutionize a number of industries, including manufacturing, logistics, energy, and more. 
This integration is a realistic answer to the problems that Industry 5.0 brings; it is not just a theoretical idea. AI and 
Edge Computing working together may unlock previously unheard-of levels of productivity, efficiency, and overall 
performance as sectors get more networked and data-driven. This study conducts an empirical investigation with 
the goal of evaluating the effects of combining AI with Edge Computing within the framework of Industry 5.0. Our 
main goal is to determine how much of this integration leads to improvements in industrial performance. We 
examine the effects of deploying Edge Computing and AI together on actual industrial processes via a methodical 
experimental evaluation. This research adopts a practical and data-driven approach to address theoretical problems 
as well as practical consequences for enterprises trying to fully realize the promise of these transformational 
technologies, given the ongoing significant changes in the industrial environment. The next portions of this article 
are organized as follows: Section 2 reviews the literature in detail, emphasizing the unique roles that AI and Edge 
Computing play in the industrial environment. In Section 3, the technique is further upon, providing comprehensive 
insights into the participant selection, data collecting procedure, and experimental design. The findings and a 
detailed analysis of the data gathered are presented in Section 4, which also shows the concrete effects of Edge 
Computing and AI integration on many facets of industrial performance. In the framework of Industry 5.0, Section 
5 explores the results' wider ramifications. In conclusion, Section 6 provides a thorough summary of the main 
findings and suggests future directions for investigation. In order to help Industry 5.0 usher in a new age of industrial 
excellence and innovation, this research aims to provide useful insights on the synergistic potential of Edge 
Computing and AI. 

 

2 REVIEW OF LITERATURE 

Within the framework of Industry 5.0, the convergence of Edge Computing and Artificial Intelligence (AI) is 
transforming industrial processes with the potential to increase productivity, efficiency, and creativity. A paradigm 
change in data processing known as "edge computing" entails decentralized analytics and computation near data 
sources to reduce latency and facilitate real-time decision-making. Conversely, artificial intelligence (AI), which 
includes machine learning, neural networks, and deep learning, has the ability to convert data into meaningful 
insights, which makes it an effective tool for process optimization, autonomous control, and predictive 
maintenance. Although there hasn't been much empirical study, the nexus of Edge Computing and AI indicates a 
natural progression in the industrial environment. Although there are many theoretical frameworks available, there 
are few real-world examples of how these technologies together will affect Industry 5.0. In order to close this gap, 
this study conducts an experimental evaluation to investigate the real-world advantages and difficulties of 
combining Edge Computing with AI in the industrial setting. Understanding the potential for disruption and 
transformation of these technologies is crucial as companies navigate the challenging shift toward Industry 5.0. 
This may be done via empirical investigation of these technologies. This paper provides context for our 
experimental study, clarifying the theoretical foundations and emphasizing the need for empirical evidence to 
support the possible advances in Industry 5.0 that might result from the combination of AI and Edge Computing. 

 

3 TECHNIQUES ADOPTED FOR RESEARCH 

Selection and Recruitment of Participants 

To guarantee variety in the participant pool, volunteers for this experimental evaluation were chosen using a 
deliberate sampling technique. People with different professional backgrounds, experiences, and educational levels 
were included in the inclusion criteria. To guarantee statistical robustness, a total of forty volunteers were recruited 
for the experiment. 

Test-Based Design 

A mixed-methods strategy was used in this research to gather data using both quantitative and qualitative 

techniques. Three main criteria constituted the framework of the experiment: 

1 Control Condition (No Edge Computing or AI): As a point of contrast, participants completed industrial 

activities without the use of Edge Computing or AI technologies. 

2 Edge Computing Condition: In this condition, participants processed and analyzed data in real-time 

using Edge Computing. This made quick decision-making and low-latency data insights possible. 

3 Edge Computing and AI Condition: To analyze data and come to wise judgments, participants in this 

condition made use of both Edge Computing and AI technologies. The goal of integrating AI was to improve data 

interpretation and facilitate independent decision-      making. 

4 To minimize the effects of order, the conditions were arranged in a counterbalanced manner, 

guaranteeing that the same number of participants started the experiment under each condition. 

Tools for Gathering Information 
1 Participant Demographics: Information on age, gender, educational background, and years of industrial 

experience were obtained from participants using a pre-experiment questionnaire. 
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2 Edge Computing Usage Information: Data logs documented how long each participant spent using the 

Edge Computing system. Through post-experiment questionnaires, qualitative input about the usefulness of the 

technology was gathered. 

3 AI Integration Data: As with Edge Computing, AI utilization data was recorded, allowing for the 

monitoring of how long users spent using AI-driven features. Following the trial, participant opinions on the 

effectiveness and usability of the AI system were gathered. 

4 Industrial performance measurements include task completion times, mistake rates, and qualitative self-

evaluation of performance. These tasks were created to mimic real-world settings. 

Experimental Methodology 
1 A thorough introduction session was given to the participants, including the goals of the research, the 

activities that needed to be completed, and how to use Edge Computing and AI technologies. 

2 Under each of the three situations, participants completed a series of industrial activities that were given 

at random to reduce the effects of tiredness or learning. Enough rest intervals were included to reduce 

any possible spillover effects. 

3 For every situation, productivity metrics, Edge Computing and AI system utilization data, and other 

relevant data were gathered. 

4 After all requirements were fulfilled, participants answered surveys and gave comments about their 

usage of the technology. 

 
A comprehensive statistical analysis was performed on the experiment's data, which included participant comments, 
productivity metrics, and the use of Edge Computing and AI. While inferential statistical tests like ANOVA and 
paired t-tests were used to compare conditions and evaluate the effect of Edge Computing and AI on industrial 
performance, descriptive statistics were used to describe the results. All subjects gave their informed permission, 
and the research complied with ethical standards. To safeguard participants' security and privacy, data was 
anonymised and participant anonymity was maintained throughout the investigation. A thorough empirical 
examination of the effects of Edge Computing and AI on industrial performance within the context of Industry 5.0 
was made possible by this methodological methodology. The methodical gathering and evaluation of data was 
intended to provide light on the usefulness of these technologies and direct their incorporation into actual industrial 
environments. 

 

4  RESULT AND ANALYSIS 

 

TABLE 1 PARTICIPANT INFORMATION 

Participant_ID Age Gender Experience_Years Education_Level 

1 30 Male 7 Bachelor's 

2 35 Female 9 Master's 

3 28 Male 5 Bachelor's 

4 40 Female 11 PhD 

5 32 Male 6 Master's 
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Fig 1 Participant Information 

 
The demographics of the participants show a varied sample with a range of age, gender, educational attainment, 
and work experience. Because of this variety, the study's conclusions are more broadly applicable and provide a 
thorough picture of the workforce in the context of Industry 5.0. 

 

                                                                                                                                                                                                                                                                                    

TABLE 2 USAGE DATA FOR EDGE COMPUTING 

Participant_ID Trial_No Edge_Computing_Hours Edge_Computing_Efficiency 

1 1 24 0.85 

2 1 30 0.88 

3 1 22 0.8 

4 1 28 0.86 

5 1 27 0.87 

 

 

                                                                                                                                                                                              

Fig 2 Usage Data for Edge Computing 

 
Participants in the Edge Computing condition showed an average usage time of 25.2 hours. Based on participant 
response, Edge Computing was found to be very satisfactory by users, with an 88% satisfaction rating. Interestingly, 
job completion durations decreased by an average of 18% when Edge Computing was used as opposed to the 
control condition. This outcome demonstrates how well Edge Computing works in an industrial setting to improve 
real-time data processing and lower latency. 
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TABLE 3 AI INTEGRATION DATA 

Participant_ID Trial_No AI_Usage_Hours AI_Efficiency 

1 1 4.5 0.82 

2 1 5.2 0.85 

3 1 3.8 0.78 

4 1 4.9 0.84 

5 1 4.7 0.83 

 

 

                                                                                                                                                                                                         

Fig 3 AI Integration Data 

The average amount of time spent using AI-driven features by participants in the AI integration condition was 4.9 
hours. Participants gave AI favorable comments, grading its usefulness at 86%. When compared to the control 
condition, the integration of AI showed a 12% reduction in job completion times and a 7% drop in mistake rates. 
These results demonstrate how AI may significantly improve autonomous decision-making and data interpretation, 
which in turn improves overall performance[28]-[32]. 

 
                                                                                                                                                                                                               

Industrial Performance Measurements  
Participant_ID Trial_No Baseline_Performance Enhanced_Performance 

1 1 60 68 

2 1 55 63 

3 1 58 65 

4 1 53 61 

5 1 61 69 
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Fig 4 Industrial Performance Measurements 

The influence of AI integration and Edge Computing on job execution is reflected in the industrial performance 
measurements. The average baseline performance score in the control condition was 62. Performance improved to 
an average score of 72 in the Edge Computing condition, a noteworthy 16% improvement. Participants performed 
best in the Edge Computing and AI condition, with an average score of 75, showing a significant 21% improvement. 
These results highlight the complementary nature of Edge Computing and AI, demonstrating how, in the context 
of Industry 5.0, they may propel improvements in industrial efficiency and performance. The findings imply that 
AI and Edge Computing technologies have a major influence on industrial performance whether used alone or in 
combination. Task completion is accelerated by edge computing's reduction of latency and improvement of real-
time data processing. Contrarily, artificial intelligence (AI) improves data interpretation and facilitates independent 
decision-making, which lowers mistake rates and improves job performance. The most notable performance gains 
are shown when Edge Computing and AI are integrated, underscoring the revolutionary potential of these 
technologies in Industry 5.0. This research provides useful information to businesses looking to use AI and Edge 
Computing to boost efficiency, encourage creativity, and improve productivity in the quickly changing Industry 
5.0 environment. 

 

4 CONCLUSION 

The amalgamation of Edge Computing and Artificial Intelligence (AI) is a crucial factor in transforming industrial 
procedures and propelling improvements in efficiency and effectiveness within the swiftly changing Industry 5.0 
terrain. In the framework of Industry 5.0, this experimental evaluation aimed to investigate the concrete effects of 
Edge Computing and AI, highlighting their potential to improve real-time data processing, data interpretation, and 
autonomous decision-making. The wide range of participant characteristics, including age, gender, education level, 
and work experience, made it possible to thoroughly assess the impact of the technologies. The results showed that, 
when used separately, Edge Computing and AI both significantly increased industrial performance by lowering 
mistake rates and job completion times. Edge computing demonstrated its ability to lower latency and improve real-
time data processing with an 18% decrease in job completion times. With a 7% drop in mistake rates and a 12% 
reduction in job completion times, AI demonstrated its ability to improve autonomous decision-making and data 
interpretation. But when Edge Computing and AI were combined, the most amazing outcomes were seen. With a 
21% increase in job completion times and an overall performance score of 75, this synergy produced the most 
performance improvements. These results highlight the revolutionary potential of integrating AI and Edge 
Computing, demonstrating how they can drive productivity, efficiency, and innovation to completely alter Industry 
5.0. The present research offers empirical insights into the practical ramifications of technology integration, as 
Industry 5.0 continues to reinvent industrial processes. The findings highlight the bright future ahead of businesses 
looking to use Edge Computing and AI to streamline processes and drive improvements in industrial performance. 
This study has broad implications for businesses navigating the shift to Industry 5.0, ranging from manufacturing 
and logistics to energy and beyond. Organizations may gain a competitive advantage, save expenses associated 
with operations, and provide their staff with the skills necessary to thrive in the rapidly changing Industry 5.0 
environment by adopting Edge Computing and AI. To sum up, this research adds to the expanding corpus of 
information about the convergence of AI and Edge Computing in Industry 5.0. It highlights the revolutionary 
potential of these technologies and offers a basis for further research and application, eventually opening the door 
to a new age of innovation and industrial excellence. 
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