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Abstract: In today’s industrial environment, rapid technological changes require continuous adaptation and 

innovation. Advanced Manufacturing Technologies (AMT), particularly those supported by Artificial 

Intelligence (AI), have become a key factor in improving production processes and educational models in 

mechanical engineering. This paper explores modern AMT systems integrated with AI tools, their impact on 

engineering education, and practical applications in the industry. Specific applications are analyzed, such as 

predictive analytics in CNC machining, adaptive robotic systems, and intelligent maintenance systems. The 

research methodology is based on secondary source analysis [1], [2], field research through industrial surveys, 

and simulation experiments. The results show significant improvements in efficiency, reduced downtime, and 

accelerated learning in students through the use of AI technologies. The conclusion emphasizes the need for 

greater AI integration in mechanical engineering curricula and industrial practices, along with recommendations 

for further research. 
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1. INTRODUCTION 

Beyond optimizing production processes, digital technologies enable flexibility in adapting 

manufacturing lines to market changes [1]. Artificial intelligence further allows automatic trend 

analysis, failure prediction, and real-time generation of optimal solutions [3]. Educational systems 

must respond by reforming curricula, introducing interdisciplinary areas that connect traditional 

mechanical engineering with computer science, electronics, and data analytics [2], [4]. 

The Fourth Industrial Revolution has transformed production systems toward digitalization, 

automation, and smart decision-making [5]. Modern manufacturing processes increasingly depend on 

technologies that enable autonomous adaptation and resource optimization [6]. At the same time, 

educational institutions face the challenge of preparing future engineers to master these complex 

technologies. The integration of AI into manufacturing and educational processes opens new 

possibilities for enhancing efficiency, reliability, and innovation. 

Advanced manufacturing technologies include: 

 CNC systems with predictive analytics [7] 

 Adaptive robotic cells [8] 

 Smart maintenance systems (Predictive Maintenance) [9] 

 Digital Twin technologies [2] 

 3D printing with real-time process optimization [6] 

Artificial Intelligence contributes through: 

 Big data analysis [10] 

 Automated decision-making 

 Production flow optimization 

 Failure prediction and maintenance cost reduction [9] 

 

2. METHODOLOGY 
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The research in the field of interest was conducted through direct visits to production facilities and 

performance analysis of machines operating with and without AI support. Simulations were carried 

out using models of production cells that applied AI algorithms for optimization purposes [4], [8]. 

 

Methods: 

 Literature review: 42 papers were reviewed, including prominent works on digital twins [2], 

predictive maintenance [9], and the Industrial Internet of Things (IIoT) [5]. 

 Surveys: Conducted across 15 companies, including Siemens AG Serbia, IMT, and Metalac 

[8]. 

 Case studies: 

1. Metalac a.d. – predictive maintenance 

2. IMT – adaptive robotic systems 

3. Milanović Machines – AI-assisted quality control 

 Simulations: Software tools Siemens NX and Ansys Twin Builder [2] 

3.  RESULTS 

In this section, the results of the research will be clearly separated according to the categories 

outlined in the Methodology chapter. The categories of results include findings from literature 

analysis, industry partner surveys, case studies, and simulations. Each category is presented separately 

with relevant explanations and results. 

3.1 Industry partner survey results 

The data presented in Table 1 are derived from the Industry Partner Survey, which was conducted 

among three key partners: Metalac a.d., IMT (Industrija Mašina i Traktora), and Milanović Machines 

d.o.o.. The survey focused on the application of AI technologies in their production processes. Below 

are some of the key questions from the survey: 

 How are AI technologies currently implemented in your production processes? 

 What challenges do you face in the adoption of AI? 

 What benefits have you observed after implementing AI solutions? 

 What percentage of your production lines are automated with AI tools? 

The results from this survey show a significant variation in AI implementation across different 

companies. For instance, Metalac a.d. reported a 28% reduction in downtime due to predictive 

maintenance systems, while IMT reported an increase in machine utilization by 25% after adopting 

AI-supported robotic systems. The detailed results are shown in the table below: 

 

Table 1 –Results from industry partner survey 

Company 
AI Technology 

Applied 

Efficiency increase 

(%) 

Downtime reduction 

(%) 

Maintenance cost 

reduction (%) 

Metalac a.d. 
Predictive 

maintenance 
18% 28% 25% 

IMT Adaptive robotics 25% 22% 20% 

Milanović machines 
Automated quality 

control 
23% 20% 18% 

 

This data shows how each company utilizes AI tools differently and the corresponding benefits 

they observed. 

3.2 Literature review results 
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The results from the literature review, which were based on 42 studies published between 2018 

and 2024, provide insights into the general trends of AI adoption in manufacturing. The review 

revealed that, on average, AI adoption increases production efficiency by 20-25% and reduces 

downtime by 15-20%. These findings align with the data from the case studies, as shown in Diagram 

1. The data in Diagram 1 corresponds to findings from the literature review and general trends 

reported by various studies in the field of AI in manufacturing. 

Diagram 1 – Impact of AI on Key Production Parameters (from literature review) 

(Diagram showing the impact of AI on production processes such as efficiency, downtime, and 

maintenance cost reduction based on the literature review) 

3.3 Simulation results 

The simulation data were obtained through digital models of manufacturing cells, where AI 

algorithms for optimization were implemented. The simulations were conducted using Siemens NX 

and Ansys Twin Builder. These simulations demonstrated an average increase in machine capacity 

utilization by 23%, a decrease in maintenance costs by 18%, and a reduction in downtime by 20%. 

These results are shown in Table 2, which represents the simulation-based findings. 

 

Table 2 –Results from simulation experiments 

Simulation scenario 
Efficiency increase 

(%) 

Downtime reduction  

(%) 

Maintenance cost reduction 

(%) 

AI-Optimized 

manufacturing cell 
23% 20% 18% 

 

3.4 Summary of results 

To summarize, the results can be divided into three distinct categories: 

 Industry partner survey (Table 1): Data from Metalac a.d., IMT, and Milanović Machines 

d.o.o. show varying levels of AI implementation and their impact on production efficiency, 

downtime, and maintenance costs. 

 Literature review (Diagram 1): Trends from academic studies on the general impact of AI in 

manufacturing processes. 

 Simulation results (Table 2): AI-driven simulations in manufacturing cells showing improved 

efficiency, reduced downtime, and cost savings. 

Each category reflects the different methods used in this research: direct industry surveys, 

secondary data from academic literature, and digital simulations. 

 

Three diagrams are presented here, clearly illustrating the results according to the categories 

outlined in chapter 3: 

Diagram 1 – Impact of AI on key production parameters (from literature review)  

This diagram presents the average improvements observed across multiple studies in the literature 

related to AI applications in manufacturing. Specifically, it shows that artificial intelligence 

contributes to a 23% increase in production efficiency, a 19% reduction in downtime, and a 17% 

reduction in maintenance costs. These results are based on a comprehensive analysis of 42 academic 

and industrial studies published between 2018 and 2024. The diagram reflects general trends and 

serves as a benchmark for evaluating case-specific findings. 
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Diagram 1 – Impact of AI on key production parameters 

 

Diagram 2 – Results from Industry partner survey  

The grouped bar chart illustrates the responses from three industry partners: Metalac a.d., IMT, 

and Milanović Machines d.o.o. It highlights the specific gains each company experienced after 

implementing AI technologies in their production systems. Metrics include efficiency improvement, 

downtime reduction, and maintenance cost savings. For example, Metalac a.d. saw a 28% reduction in 

downtime due to predictive maintenance, while IMT reported a 25% increase in machine utilization 

from adaptive robotics. This diagram provides a direct insight into the practical outcomes of AI 

integration in real manufacturing environments. 

 

 
Diagram 2 –Results from Industry partner survey 

 

Diagram 3 – Results from simulation experiments  

This diagram displays the results obtained from simulations performed using AI-optimized digital 

manufacturing cells. Conducted in environments such as Siemens NX and Ansys Twin Builder, the 

simulations tested AI algorithms for system optimization. The results show a 23% increase in 

efficiency, a 20% reduction in downtime, and an 18% reduction in maintenance costs. This diagram 

demonstrates the potential benefits of AI when implemented in a controlled, digitally simulated 

production setup, offering predictive insight into its future real-world applications. 
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Diagram 3 – Results from simulation experiments 

 

4. DISCUSSION 

Table 1 and Diagrams 1 and 2 clearly demonstrate the advantages of applying artificial 

intelligence in industrial manufacturing processes. The data presented in Table 1—obtained through 

field research with industrial partners and validated through simulation—highlight a significant 

increase in efficiency and reduction in downtime and maintenance costs when AI-supported 

technologies are implemented. For example, CNC systems integrated with AI showed a 23% increase 

in efficiency and an 18% reduction in maintenance costs, consistent with findings reported in recent 

literature [8], [10]. 

The field research was conducted among selected partner companies, including Siemens AG 

Serbia, Milanović Machines d.o.o., IMT, and Metalac a.d., providing empirical insights into the degree 

of AI implementation. Diagram 2, derived from the survey results, compares AI adoption across 

company sizes. Large enterprises exhibit a higher level of implementation (over 70% of production 

lines), while medium-sized companies show about 45%, and small enterprises lag behind at less than 

25%. These findings reflect the real-world challenges faced by SMEs, including limited budgets, lack 

of skilled personnel, and insufficient infrastructure—observations consistent with those discussed in 

literature sources [6], [7]. 

The observed improvements in the educational context, such as the 30% reduction in training time 

for students using AI-driven CNC simulators, stem from both empirical classroom observations and 

feedback from pilot implementation projects at partnering academic institutions. These data points 

were not drawn from literature but rather from the original simulations and feedback collected during 

the study. As reported by participating educators, students using realistic AI-enhanced simulators 

demonstrated a faster and deeper understanding of machine programming and process optimization. 

Moreover, the discussion on company readiness and training highlights a key observation: 

enterprises that continuously invest in employee education and digital modeling technologies 

demonstrate long-term competitive advantages. This is particularly evident in the case of Metalac a.d., 

where predictive maintenance systems reduced downtime by 28%, validating both literature insights 

[8] and our case study findings. 

In summary, the comparative analysis of our results with those from the literature confirms that 

while AI integration leads to measurable improvements, its adoption remains uneven across industry 

segments. Clearer support structures and standardized educational pathways are required to bridge this 

implementation gap and fully leverage AI's potential in both industry and education. 
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5. CONCLUSION 

In the future, the development of adaptive and autonomous manufacturing systems with the help 

of AI will become the standard in industrial production [3], [4], [9]. Educational systems should guide 

students towards developing skills in programming, data analytics, and mechatronics [6], [7]. Industry, 

on the other hand, should invest in digitalization, creating opportunities for the application of new 

technologies and ensuring the continuous upgrading of employee competencies [1], [5]. Sustainable 

competitiveness will only be possible through the integration of knowledge, innovation, and advanced 

technologies in all segments of production processes [2], [10]. 

The application of advanced manufacturing technologies supported by artificial intelligence 

represents an unavoidable trend in modern industry and education [3], [6], [11]. The integration of AI 

enables increased efficiency, cost reduction, and process optimization, but it also requires new 

approaches in the education of mechanical engineers [7], [8]. It is recommended to intensify 

cooperation between industry and educational institutions through the development of joint projects 

and innovative curricula that include practical application of AI tools [4], [9]. Future research should 

focus on the development of standardized methodologies for applying AI in manufacturing and 

education [2], [11]. 
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