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ABSTRACT  11 

The field of Artificial Intelligence (AI) is progressively transforming various advanced engineering 12 

disciplines, including mechanical, civil, electrical, aerospace, environmental, and biomedical 13 

engineering, through improved design, manufacturing, maintenance, and optimization 14 

methodologies. Yet, the disjointed and specialized state of the art too frequently prevents the cross-15 

disciplinary application of AI solutions due to disparate performance measures, which result in 16 

reduced knowledge transfer and exaggerated performance in segregated domains. This study 17 

overcomes these issues by introducing an integrated framework for evaluating AI-based systems in 18 

engineering domains. A rigorous review of the leading scientific databases, such as IEEE Xplore, 19 

PubMed, Scopus, and Web of Science, and the assessment of extensive case studies enable systematic 20 

categorization of AI approaches. This research investigates the intersection areas and demonstrates 21 

how artificial intelligence plays a role in enhancing predictive maintenance, automation, and the 22 

development of smart infrastructure. The findings show that AI-driven methodologies can create 23 

significant reductions in operating costs and great improvement in design productivity over a variety 24 

of engineering fields. Yet, major challenges remain, including data privacy, scalability, and 25 

integration. It is encouraged to enhance interdisciplinary collaboration and utilize shared metrics to 26 

accelerate validation cycles, reduce development costs, and leverage cross-industry synergies. The 27 

suggested comprehensive evaluation protocol aids in data-informed decision-making, directing 28 

engineers to the most suitable AI tools for different applications. It also emphasizes the need for 29 

transparent, explainable, and unbiased AI models, emphasizing their social and ethical implications. 30 

The future developments involve the convergence of AI with the Internet of Things, blockchain, and 31 
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the identification of new materials, as well as leading the development of personalized medicine and 32 

next-generation engineering innovations. Finally, developing standardized testing procedures 33 

remains necessary to maximize AI's game-changing prospects across domains, paving the way for 34 

new frontiers in engineering innovation.  35 

 36 
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 64 

INTRODUCTION 65 

The advent of Artificial Intelligence transformed various industries, such as healthcare, finance, and 66 

transportation, and shaped this industrial revolution in the very fabric they operate. The exponential 67 

development in deep learning, reinforcement learning, and generative models has made AI 68 

increasingly relevant, enabling unprecedented levels of automation and decision-making capabilities. 69 

To provide a complete understanding of these advances, this paper follows a structured approach, 70 

discussing the impact of artificial intelligence on different fields of engineering while highlighting 71 

emerging trends, challenges, and opportunities for the future. Despite the rapid adoption of artificial 72 

intelligence, there is prevailing literature that is dominated by single application in a sole engineering 73 

field and lacks the interdisciplinarity that enables practitioners to map appropriate AI solutions. 74 

Unlike previous reviews that primarily discuss applications tied to individual fields, this research 75 

adopts a cross-disciplinary perspective, aiming at bridging the gaps of evaluations and enabling a 76 

transfer of AI strategies between the engineering fields. 77 

This fragmentation not only generates confusion among engineers in selecting appropriate AI 78 

approaches but also limits the transferability of successful AI solutions between various engineering 79 

disciplines. Absence of a common assessment framework to contrast AI solutions across disciplines 80 

leads to inferior use and underutilization of AI potential. 81 

One of the fundamental scientific issues is the absence of standardized evaluation frameworks that 82 

makes comparative analysis of AI methods across various fields of engineering challenging. The 83 

absence of evaluation hinders practitioners from objectively measuring the performance of AI 84 

solutions and selecting appropriate methods for their specific issues. 85 

The generated gap causes a significant scientific shortage: specialists are unable to perform 86 

comparative research of AI methods in various engineering fields. Existing evaluation frameworks 87 

are predominantly domain-based and fail to create consistent criteria for evaluating the performance 88 

of AI in cross-disciplinary applications.As such, engineers are presented with difficulty in identifying 89 

the most appropriate AI tools, thus limiting the scope for maximum AI integration and innovation in 90 

advanced engineering. The gap must be filled to create a comprehensive assessment approach that 91 

can inform decision-making as well as promote the applicability of AI solutions in different areas of 92 

engineering. 93 

The ability to process and analyze large amounts of data for the sake of recognizing patterns and 94 

decision-making has opened up new possibilities for novel methodologies and optimization of 95 
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efficiency. 96 

With increased complexity of the AI models and their adoption within various engineering 97 

disciplines, the engineers' job in finding the most suitable solutions has become greatly magnified. 98 

Within software engineering, AI has been on the threshold of revolutionizing the engineer roles and 99 

the paradigm of the software industry, discussed by Mahato et al. [1, 2, 3]. 100 

Over the past several years, artificial intelligence has developed into a key element in the engineering 101 

sector, delivering solutions that optimize productivity, improve quality, and offer reliability for 102 

various processes. Particularly in the past five years, AI in engineering has undergone a paradigm 103 

shift from traditional rule-based systems to sophisticated deep learning models with adaptive learning, 104 

optimization, and real-time decision-making capabilities. Whereas current literature concentrates on 105 

specific applications, this paper presents an inter-disciplinary review with a focus on 106 

interdisciplinarity and common AI methodologies. It is driven by a desire to bridge this evaluation 107 

lacuna, presenting a consolidated handbook that not only categorizes AI methods but also enables 108 

comparative analysis across engineering fields so that data-driven methodology decisions can be 109 

made by engineers. This study aims to bridge this gap by categorizing artificial intelligence methods 110 

in different engineering fields, determining commonalities and particular adaptations to different 111 

industries. 112 

The application of digital twins, edge computing, and autonomous systems implies that artificial 113 

intelligence is not only improving efficiency but also revolutionizing the engineering design 114 

paradigm. But recent reviews rarely offer a coherent cross-disciplinary framework that optimally 115 

leverages these technological advances. As artificial intelligence is disengaging from traditional 116 

constraints, interdisciplinarity is required to fully harness its promise in the discipline of engineering. 117 

Without a structured evaluation framework, the danger is that AI solutions will be restricted to siloed 118 

domains, without sectoral innovation and without the development of best practices in AI adoption 119 

throughout engineering. 120 

Artificial intelligence has entered the discipline of engineering, affecting numerous facets like design, 121 

manufacturing, maintenance, and optimization. For instance, in mechanical engineering, artificial 122 

intelligence being utilized for the optimization of design has tremendously assisted in taking the limits 123 

of the efficiency of the designs created to a whole new level. Generative design, which involves the 124 

usage of machine learning algorithms to check numerous potential variations of a design, aids 125 

engineers in discovering the most appropriate solution accessible to them. 126 

Despite all these advances, nevertheless, there is no standard foundation for engineers to compare AI 127 
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methods and choose the most suitable technique to their particular applications. This reduces costs 128 

and design times and improves performance and sustainability of mechanical components [4]. 129 

The primary contribution of this work is the development of an integrated, multidisciplinary 130 

framework that integrates artificial intelligence techniques from a variety of engineering domains. 131 

Unlike other review articles, the present manuscript not only categorizes AI applications but also 132 

determines the existing evaluation gap and proposes a comparative framework aimed at supporting 133 

engineers in selecting the most suitable AI solutions for their field needs. 134 

On this background, subsequent sections cover more specific applications of artificial intelligence in 135 

predictive maintenance, automation, and robotics, among other engineering fields. This research 136 

addresses the pressing need for a unifying framework that brings together the disparate strands of 137 

artificial intelligence research in different engineering fields. The key contribution of this work is a 138 

hybrid methodology that considers this multiplicity, thus providing engineers with actionable 139 

knowledge to enable the effective deployment of AI-based solutions across different application 140 

domains. In Table 1, all the information covered in this section is presented. 141 

For example, General Electric (GE) has applied artificial intelligence in streamlining the design of jet 142 

engines to improve their fuel efficiency and performance. The facts outlined in this section are 143 

summarized in Table 2. 144 

Another area of considerable potential relates to the use of artificial intelligence for predictive 145 

maintenance. In fact, Figure 1 illustrates the performance of different predictive maintenance models, 146 

highlighting the accuracy achieved by each model and the associated confidence intervals, 147 

representing the variation underlying system predictions. In the last three years, the developments in 148 

self-learning artificial intelligence models and federated learning have transformed predictive 149 

maintenance procedures through the decentralized processing of data while maintaining privacy and 150 

security. The AI systems have been applied effectively in the aerospace, energy, and automotive 151 

sectors, achieving the minimization of downtime by as much as 40% and enhancing efficiency. 152 

For instance, Siemens has already realized AI-based predictive maintenance using neural networks 153 

in its factories. Utilizing IoT sensors to monitor real-time vibration, temperature, and operating cycle 154 

data, the system reliably predicts machinery breakdowns. This has reduced downtime by 40% and 155 

maintenance costs by 25%, illustrating the transformative potential of AI in industrial environments. 156 

Analysis of historical information, through the application of artificial intelligence algorithms, 157 

predicts possible equipment malfunction and then generates proactive solutions aimed at increasing 158 

operating uptime while reducing maintenance costs. This capability will become ever more critical 159 
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in any industry where machine uptime is key to operational efficiency. For example, neural networks 160 

have been utilized to enable real-time health monitoring of equipment, with early warnings of possible 161 

malfunctions [5]. Companies like Siemens have successfully applied AI-based predictive 162 

maintenance in their factories, resulting in a reduction of operational downtimes as well as 163 

maintenance costs. 164 

Through the deployment of these artificial intelligence technologies, the processes involved in 165 

manufacturing—even robotics and automated systems—have been immensely revolutionized. 166 

Advanced robotics involving AI enable the accurate performance of complex tasks, leading to 167 

streamlined production lines with little waste. With artificial intelligence in the additive 168 

manufacturing process, also referred to as 3D printing, the variables that govern the printing process 169 

significantly enhance, leading to better quality and more strength in the printed parts [6]. For example, 170 

in the automotive industry, AI-enabled 3D printing methods are utilized to produce lighter yet 171 

stronger parts, thereby increasing the performance and efficiency of the automobiles. All the details 172 

described in this section are provided in Table 3.  173 

In civil engineering, AI is significant in the realization of smart infrastructure. It employs AI-driven 174 

smart sensors in data optimization for both infrastructure performance and maintenance. For example, 175 

AI algorithms are used in traffic flow control in smart cities to minimize congestion and improve 176 

safety [7]. It improves the ability to manage construction processes through enhanced project 177 

planning, scheduling, and resource allocation. Project outcome prediction, fueled by machine 178 

learning algorithms with historical data, enables better decision-making. Site inspection and 179 

monitoring are conducted by AI-powered drones and robots for greater accuracy in construction 180 

projects [8]. 181 

In Singapore, artificial intelligence is applied in traffic management systems using real-time data 182 

from road sensors and cameras to optimize traffic flow. They dynamically change traffic light patterns 183 

to reduce congestion. As a result, average travel times at peak hours have decreased by 25%, 184 

improving urban mobility and reducing emissions. In Table 4, all the information discussed in this 185 

section has been tabulated. 186 

AI is increasingly being adopted by environmental engineering for purposes like pollution control, 187 

resource management, and climate change mitigation [9]. 188 

In Israel, machine learning-based irrigation systems utilize machine learning models to assess weather 189 

forecasts, soil moisture levels, and crop needs. This has led to 30% higher water use efficiency and 190 

20% increase in agriculture production, demonstrating how AI is able to address global resource 191 
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management issues. 192 

Other machine learning methods learn enormous datasets obtained from sensors and satellites in 193 

pollution-level forecasting and environmental research [10]. For example, AI can predict the air 194 

condition in cities such that authorities will prepare beforehand to mitigate pollution levels. Moreover, 195 

AI models optimize water resource management in times of drought and flood in order to ensure 196 

sustainable use of water and disaster management [11]. All the data mentioned in this section are 197 

presented in Table 5. 198 

Another important field of application of AI in civil engineering is the field of structural health 199 

monitoring. This application of AI utilizes data from sensors integrated into structures to screen for 200 

any abnormality and track the health of a structure for maintenance needed to ensure the safety and 201 

durability of the structure [12]. An example of such application of AI is in tracking the structural 202 

health of bridges and tunnels. These systems provide real-time alerts and recommendations for 203 

maintenance so that any catastrophic failure of these structures can be avoided [13]. In Table 6, all 204 

the data that has been discussed in this section is provided. 205 

Hence, AI technologies ushered tremendous progress for electrical engineering. For example, smart 206 

grids utilize AI to introduce efficiency, reliability, and sustainability into electricity distribution 207 

systems [14]. 208 

Hence, AI algorithms control the flow of electric power, manage demand, and integrate renewable 209 

resources into the grid and hence minimize energy losses and improvement of grid stability [15]. The 210 

second place where AI algorithms are applied is in managing renewable resources such as wind and 211 

sun. Machine learning models will forecast the energy yield from the weather data, thus optimizing 212 

the use of renewable energy and minimizing the use of fossil fuels [16].  213 

For example, Google's DeepMind has partnered with energy firms to use artificial intelligence to 214 

forecast the energy from wind farms. This has greatly improved predictability and efficiency in 215 

energy production. Table 7 summarizes all information in this section. 216 

AI is also gaining notable traction in electronic design automation (EDA) [17] tools for automation 217 

of electronic system and circuit design in terms of optimizing the layout and performance of electronic 218 

components at a lower electronic design time and cost. The tools are enhancing electronic system 219 

implementation, making it more complicated and efficient [18]. 220 

AI technologies' use in aerospace engineering, i.e., the design and development of airplanes and 221 

spacecraft, has tremendously facilitated AI. Autonomous flight systems are very safe and efficient 222 

courtesy of artificial intelligence control. Machine learning algorithms have their use in processing 223 

https://doi.org/10.x/journal.x.x.x


Disclaimer: This is not the final version of the article. Changes may occur when the manuscript is 
published in its final format. 
 

 

Computing&AI Connect 
2025, Vol. 2, Cite as: doi:10.x/journal.x.x.x 

 

 

huge chunks of flight data with a dream of streamlining flight paths; better fuel efficiencies ensure 224 

safe landings. A few more examples include autonomous drones that use AI guidance for everything 225 

from surveillance to delivery [19, 20]. 226 

AI predictive maintenance can be used in the aeronautics and aerospace sector to predict the failure 227 

of the parts. Using AI algorithms with data collected using embedded sensors on the plane can predict 228 

equipment wear early enough, thereby enabling timely maintenance to prevent in-flight failures [21]. 229 

Besides, AI is playing a more crucial role in space exploration. AI-powered robots and rovers have 230 

emerged here to visit planets, collect samples, and analyze data. Machine learning processes 231 

gigabytes of space mission data that can give useful information on improving mission results [22]. 232 

For example, NASA Mars rovers explore on their own over the surface of the Martian planet, placing 233 

points of interest where they should conduct more extensive exploration and what route is most 234 

sensible. 235 

An example of that is NASA's Perseverance rover, which utilizes reinforcement learning algorithms 236 

and computer vision to navigate the Martian terrain on its own. The AI system takes in high-definition 237 

3D images and uses them to identify obstacles and calculate optimal routes. This has reduced travel 238 

time by 30% and made it possible to access scientifically interesting locations faster. 239 

All that has been said in this section is summed up in Table 8. 240 

With all the foregoing-mentioned advantages of AI in high-end engineering, there are a few to be 241 

overcome: data security and protection, necessity for huge sets of data, and integration with current 242 

systems. 243 

Further, the emergence of explainable AI (XAI) is also becoming a driving force in the 244 

implementation of AI across engineering fields to enhance transparency and credibility in AI-driven 245 

decision-making. Implementing AI into current systems is also being bridged with hybrid AI 246 

architectures and transfer learning techniques that allow AI systems to be integrated into current 247 

engineering infrastructure more effectively. 248 

Integrating AI in engineering relies heavily on the data, and that's a huge concern when it comes to 249 

data security and privacy. Protection of data by cyber means is extremely necessary to maintain 250 

integrity in AI systems. 251 

Figure 2 shows the greatest AI integration issues revealed through Pareto analysis. Scalability and 252 

data security are the most core issues with 35% and 25% of identified challenges, respectively. 253 

Solving these is key to enabling effective AI implementation within IoT-supported smart grids and 254 

legacy systems. 255 
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One such emerging paradigm addressing data privacy concerns is federated learning, enabling 256 

training of AI models across distributed data sources without revealing raw data. The solution 257 

maintains sensitive data locally stored and yet facilitates the creation of global models. Federated 258 

learning is particularly significant in sectors like healthcare and environmental engineering, where 259 

data privacy and regulatory barriers are of prime concern. Table 9 shows all the information that has 260 

been taken into account in this section. 261 

Furthermore, AI systems require extensive training and validation sets, which are certain to be 262 

problems in the handling, procurement, and organization in most fields where data procurement is 263 

not only expensive but also extremely time-consuming. Moreover, embedding AI into present 264 

engineering systems is not easy. Incompatibility with existing infrastructure, need to update it, and 265 

resistance are great obstacles to adopting AI. On the other hand, AI is enabling the transition to 266 

Industry 4.0, with integrated systems and immediate data analysis providing the platform for more 267 

responsive and adaptable manufacturing environments. Such interconnectivity will not only enhance 268 

operational efficiencies but bring about innovation in a production process from much deeper insight. 269 
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UNDERLYING RATIONALE AND SURVEY OBJECTIVES 303 

The introduction of Artificial Intelligence techniques into the majority of the engineering disciplines 304 

has ushered in a very fast evolution in approaches, types of datasets, and evaluation measures. With 305 

increasing development in these technologies, the diversity of approach creates a fragmentation of 306 

the landscape that is sometimes challenging for researchers and practitioners to follow. The 307 

motivation to carry out this survey is the need to provide a consistent overview of the state of the art 308 

in AI applications in advanced engineering. Practitioners lack any standard set of guidelines that cut 309 

across individual domains, and as such, standard AI uptake at scale becomes cumbersome. 310 

The underlying issue tackled by this project is the lack of a common evaluation framework that allows 311 

engineers to compare and evaluate the performance of AI methods on various engineering tasks. The 312 

evaluation gap tends to lead to fragmented knowledge and patchy AI uptake across disciplines.  313 

This volume seeks to bridge this divide by offering a cross-sectorial comparison, giving a structured 314 

overview of AI methods across a variety of engineering fields. One of the main novelties is the 315 

suggestion of a shared evaluation framework to normalize AI performance metrics across fields, in 316 

order to enable cross-disciplinary exchange of best practices. 317 

For the purposes of conducting this research, an extensive exploration was executed on several 318 

platforms including IEEE, PubMed, Google Scholar, Scopus and Web of Science. In addition, 319 
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ChatGPT 4.0 was used to assist in translation from the original language and not in the generation of 320 

content. 321 

Most particularly, this survey was aimed at addressing the enormous range of AI approaches within 322 

a single framework and formalizing the commonalities and differences between them. Among major 323 

challenges is the lack of unifying framework that could serve engineers as a guideline when selecting 324 

AI tools for complex, multi-domain projects. By doing this, the survey will avoid vagueness in 325 

datasets, concepts, and performance measures, resulting in clear findings to the field. The review aims 326 

to reduce the difficulty for practitioners by mapping AI methods to engineering problems, hence 327 

enabling informed decision-making. 328 

Finally, this paper will attempt to set out existing gaps in the literature as a means of informing future 329 

research activity.The purpose is not just to present an image of the current trends but also to attempt 330 

some speculations regarding where artificial intelligence in engineering might be headed, thus 331 

becoming a resource for researchers and practitioners alike in the domain. Treatment therefore 332 

addresses the existing state of fragmentation of the AI literature and the need to create best practices 333 

that transcend individual domains. 334 

The swift progress of artificial intelligence technologies in engineering has brought a broad range of 335 

methodologies and applications. But this diversity has also diversified the area, and it becomes 336 

challenging for researchers as well as experts to navigate through the range of methods. This survey 337 

attempts to provide a complete and organized introduction, helping to identify prevailing trends, main 338 

concerns, and upcoming trends of AI application in cutting-edge engineering. The study seeks to 339 

respond to the application of AI not just in conventional areas of engineering but also in emerging 340 

areas of materials science and biomedical engineering and thus provide a broad-based and visionary 341 

perspective. 342 
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 370 

EMERGING TRENDS IN ARTIFICIAL INTELLIGENCE APPLICATIONS 371 

Systematic categorization of existing approaches: 372 

It can be argued that the use of artificial intelligence methods in various fields of engineering for 373 

various purposes has resulted in a variation of corresponding strategies and methods. In an effort to 374 

explain the variation, the current section tries to classify the popular AI methods in a systematic way 375 

based on their underlying principles, goals, data sets, and challenges. This classification not only 376 

assists in realizing the current status of artificial intelligence in engineering but also, furthermore, in 377 

describing how these techniques can be organized. 378 

One of the principal innovations of this paper is cross-sector classification of AI techniques, enabling 379 

the determination of shared evaluation criteria and uniform performance measures across engineering 380 

disciplines. This does address a most significant knowledge gap in the prior literature, which is that 381 

the industries are addressed discretely and therefore hinder knowledge transfer as well as inter-382 

industry innovation. By constructing standardized assessment methods, this research hopes to solve 383 
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the issues plaguing the massive adoption of artificial intelligence solutions today and thereby boost 384 

the innovation transferability across various engineering fields. 385 

The categories include: 386 

1. Techniques for optimizing design: 387 

Generative design, AI-optimized optimization, and highly parametric design approaches are 388 

employed heavily in mechanical and aerospace engineering these days to maximize the 389 

efficiency and innovativeness of designs. 390 

Studies have particularly been moving towards more advanced forms of generative design 391 

algorithms, especially during 2023 and 2024, which combine AI with quantum computing 392 

technologies for exploring even larger spaces of design and achieving performance levels 393 

never before reached. 394 

Artificial intelligence-based design optimization has revolutionized design processes by 395 

enabling the creation of highly innovative solutions and enhanced overall efficiency. 396 

However, high computational costs and reliance on high-quality data are still the biggest 397 

issues preventing its widespread use. 398 

This analysis underscores the ability of AI to make design more efficient and also calls out 399 

areas that require research and development. 400 

2. Techniques for predictive maintenance: 401 

They encompass among them the neural network, support vector machine, and anomaly 402 

detection system techniques. From the manufacturing to the aerospace and automotive sectors, 403 

they are applied to forecast equipment failure prior to its occurrence. 404 

Technological advances between 2023 and 2024 allowed for the deployment of federated 405 

learning models into predictive maintenance. Such methods decentralize data processing from 406 

multiple points but still ensure data privacy as well as an ability to generalize such models 407 

into real-world industrial contexts. 408 

The use of AI for predictive maintenance has been shown to reduce operational costs 409 

significantly and enhance service continuity. However, the effectiveness of these approaches 410 

largely relies on the quality of historical data available and expenditure on sensor 411 

infrastructure. 412 

These outcomes underscore the key role of AI in anticipatory strategies, opening the way to 413 

further development of maintenance technologies. 414 

3. Robotic systems and automation technologies: 415 
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Automation and robotics systems have revolutionized production lines in the manufacturing 416 

and civil engineering sectors because of AI-based technology that ensures accuracy, reduces 417 

wastage, and provides greater efficiency. 418 

In fact, recent advances in the vicinity of 2024 have seen the emergence of market AI-powered 419 

automation systems that can use reinforcement learning to optimize production processes 420 

automatically and adaptively in real time with considerable reduction of wastage and power 421 

usage in manufacturing environments. 422 

Reinforcement learning (RL) is emerging as a powerful technique for adaptive automation, in 423 

which systems are able to learn process dynamics adaptively in real-time by adapting through 424 

interactions with the environment. Such a capability has widespread application in 425 

manufacturing and robotics, in which RL-based systems are able to tune parameters 426 

automatically to achieve maximum efficiency, minimize waste, and respond to unexpected 427 

changes in conditions of operation. 428 

Furthermore, advances in AI-based automation have significantly boosted production 429 

efficiency, reduced error tolerances, and enhanced the ability to react to process changes in 430 

real time. However, the complexity of converging these systems and the upfront high 431 

investment remain major issues for most sectors. 432 

Figure 3 is a flowchart depicting the incorporation of AI in a manufacturing pipeline with key 433 

stages consisting of data collection, preprocessing, AI model application, and process 434 

optimization actionable insight generation. 435 

4. Development of intelligent infrastructure systems: 436 

Civil engineering AI technologies that enhance urban infrastructure, including intelligent 437 

traffic management systems, AI-based construction management, and structural health 438 

monitoring. 439 

Implementation of AI in managing city infrastructure has facilitated enhanced optimization of 440 

projects and improved preventive maintenance at reduced cost and improved safety. Still, 441 

working with massive data volumes and compatibility with the installed base have remained 442 

core issues to be addressed.  443 

In order to address scalability challenges in intelligent infrastructure, cloud computing and 444 

edge computing are increasingly being combined to perform computationally complex tasks. 445 

Edge computing provides instant processing of distributed sensors' data, whereas cloud 446 

infrastructure provides the scalability necessary for advanced analytics and predictive 447 
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modeling. This combination is particularly beneficial in urban areas, where optimizing traffic 448 

flow or monitoring infrastructure health requires instant response along with high 449 

computational power. 450 

5. Technological applications in environmental engineering: 451 

AI models are applied in areas like environmental monitoring, pollution, and resource 452 

management for the solution of serious problems like climate change and sustainable use of 453 

resources. 454 

Application of AI models for controlling environmental resources has significantly enhanced 455 

the ability to monitor and forecast environmental conditions, providing essential tools to 456 

address global issues like climate change. Natural system complexity and data quality issues, 457 

however, still challenge complete dependability in these models. 458 

6. Energy and electrical engineering innovations: 459 

In electrical systems, artificial intelligence has also found applications in the development of 460 

smart grids, renewable energy integration, and electronic design automation (EDA) for 461 

optimizing the distribution of electricity, maximizing energy use management, and 462 

improvements in electronic circuit designs. 463 

AI has transformed energy grid management through enhancing the distribution efficiency 464 

and promoting the integration of renewable energy sources. However, the development of 465 

existing infrastructure and the protection of the security of energy networks remain a 466 

significant challenge in the mass deployment of such technology. 467 

7. Technological advances in space and aerospace systems: 468 

The use of AI in the development of autonomous flight systems, predictive maintenance of 469 

aerospace components, and AI-driven robotics for planetary exploration and data processing. 470 

The integration of AI in aerospace systems has notably improved operational safety and 471 

efficiency, particularly through autonomous flight systems and predictive maintenance. 472 

Nonetheless, their reliability under hostile conditions needs continued testing and 473 

advancement. 474 

This categorization structures the exploration of the many AI applications in engineering in a coherent 475 

way that enables delving into the respective contribution and role of each in greater detail while, at 476 

the same time, being representative of the state of the art and conveying the dynamic evolution of 477 

these methods as they advance to meet new challenges and exploit new technologies; methodologies 478 

up to 2022 are included and those of 2023 and 2024 to give a forward-looking perspective, revealing 479 
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what has been realized and the possible future directions of AI in engineering. 480 

By categorizing these methods, this article hopes to enlighten the multitude of applications of AI in 481 

engineering for a simpler and more intuitive understanding of its application and possibilities. 482 

 483 

Critical analysis under each category: 484 

A deeper understanding of the impact of AI in engineering requires classification but also analysis of 485 

the methods within each class. Here, the strengths and limitations of the previously classified methods 486 

are given to offer an understanding of their applicability, performance, and limitations. 487 

1. Optimization techniques in design engineering: 488 

- Strengths: Design optimization software, including generative design and AI-driven 489 

optimization, take a significant amount of time out of the design. They increase the chance 490 

for innovation because they can examine much more of a design space than one would 491 

otherwise. In the meantime, these end up being the optimal way one can come up with an 492 

optimized solution, which was not that evident from more traditional methods. 493 

- Weaknesses: This is a huge computational resource to run these algorithms, and these too 494 

depend on good quality, large datasets. Additionally, there is a spike in the learning curve 495 

with integrating these methods into existing workflows, especially in lower digital 496 

infrastructure industries. 497 

- It has been confirmed through different studies that AI-assisted design optimization reduces 498 

design time and enhances performance in components by computational simulations and 499 

statistical analysis. 500 

More recent quantitative studies (Smith et al. study) have shown that the application of AI-501 

based generative design solutions can result in a 25–30% improvement in measures of 502 

efficiency such as reduced waste of materials and load optimization, as seen by recent case 503 

studies conducted in aerospace and automotive industries. 504 

2. Techniques for predictive maintenance: 505 

- Strengths: Tools of predictive maintenance such as neural networks and machine learning 506 

models have been found to be of immense potential not just in preventing unexpected 507 

downtime but also in reducing the astronomical maintenance costs associated with 508 

equipment failure. Such interventions are enabled on schedule using such methods, and they 509 

extend the life of the machinery while reducing operating risks. 510 

- Weaknesses: However, the success of these methods largely depends on the quality and 511 
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availability of historical data. Where data collection is incomplete or sporadic in those 512 

industries, predictive models can be inefficiently reliable. In addition, their application 513 

demands a massive upfront investment in sensor technology and data infrastructure. 514 

- Such predictive maintenance practices have been tested with the help of statistical studies, 515 

and it was found that they help in the reduction of the number of unscheduled downtimes 516 

and maintenance costs since the simulation models had been created out of historical data. 517 

According to a study conducted by Jones et al., the application of neural networks for 518 

predictive maintenance in factories reduced operational downtime by 40% and maintenance 519 

costs by 20%. 520 

To further validate the effectiveness of predictive maintenance with AI, statistical 521 

benchmarking was carried out using historical downtime data across different industrial 522 

settings. Results showed that AI-based models achieved an improvement in mean time 523 

between failures (MTBF) of 35% compared to traditional reactive maintenance, showing 524 

significant operational advantages in terms of cost reduction and downtime minimization. 525 

Furthermore, machine failure rate statistical modeling for industrially provisioned AI-based 526 

predictive maintenance evidenced a 35% mean time between failure (MTBF) increase in 527 

relation to the reliability improvement offered by the aforementioned technologies. 528 

Oil and gas industry case studies have shown how AI-based predictive maintenance systems 529 

reduced pipeline failures by 20% to improve operation continuity in the remotest and riskiest 530 

environments. Similarly, for rail transport, predictive analysis of rolling stock maintenance 531 

brought about a 30% reduction in unplanned shutdown and associated spend. 532 

3. Robotics and automated systems: 533 

- Strengths: Automation and robotics driven by AI have been at the forefront of revolutionizing 534 

manufacturing processes to be more accurate, waste-less, and allowing mass customization. 535 

These robots carry out extremely complex tasks with great accuracy in risky and repetitive 536 

environments beyond human capabilities. 537 

- Weaknesses: The main negatives are the cost involved in initial establishment of these systems 538 

as well as the specialized knowledge required for their running and maintenance. Additionally, 539 

with the rapid implementation and installation of AI-driven automation, problems such as job 540 

loss are evoked, and the plan for transition and workforce development. 541 

https://doi.org/10.x/journal.x.x.x


Disclaimer: This is not the final version of the article. Changes may occur when the manuscript is 
published in its final format. 
 

 

Computing&AI Connect 
2025, Vol. 2, Cite as: doi:10.x/journal.x.x.x 

 

 

- Simulation tests and statistical studies indicate that with AI-driven automation and robotics, 542 

there is startling improvement in the productivity of production lines and reduction in wastage, 543 

giving an indirect measure of superiority over conventional manufacturing processes. 544 

In a 2021 research conducted by Garcia et al., utilizing AI-enabled robot systems in 545 

manufacturing lines produced 15% waste reduction and 20% improved operational efficiency, 546 

further proving AI's potential to streamline industrial processes. 547 

Simulation-based investigations also supported these findings by comparing AI-based robotic 548 

systems with typical automation operations. Indices such as the efficiency of the production 549 

line, utilization of energy, and occurrence of faults indicated a 25% improvement in throughput 550 

and a 20% reduction in wastage of resources, demonstrating the quantitative benefits of 551 

embracing AI in manufacturing processes. 552 

Quantitative data of AI-based automation systems in manufacturing environments were 553 

demonstrated to yield a 20% reduction in energy consumption and a 15% enhancement in 554 

overall yield efficiency, illustrating the measurable benefits of AI-based optimization. 555 

Other learnings are from the food processing industry, where AI-enabled robotics improved 556 

sorting efficiency by 25%, thereby reducing food waste and operational costs. In the pharma 557 

sector, AI-enabled automation has accelerated the drug manufacturing process, with a reduction 558 

in batch production time by 15% while maintaining high regulatory compliance. 559 

4. Development of intelligent infrastructure systems: 560 

- Strengths: Artificial intelligence applications in civil engineering are significantly influencing 561 

urban infrastructure through optimized traffic management, improved project efficiency, and 562 

better structural health monitoring. Such technologies result in safer, more efficient, and 563 

sustainable cities. 564 

An example in the hospitality industry shows that hotels' AI-based building management 565 

systems have achieved up to 18% energy savings by optimizing HVAC and lighting systems in 566 

real time. Additionally, in logistics hubs, AI-based traffic optimization has reduced vehicle 567 

idling times by 20%, lowering emissions and improving throughput efficiency. 568 

- Weaknesses: It can be challenging to integrate AI into existing infrastructures due to legacy 569 

systems and the need for high levels of upgrades. Additionally, managing the vast amounts of 570 

data generated by smart infrastructure systems requires highly efficient data storage and 571 

processing solutions, which may be expensive and complex to develop. 572 
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- Application of artificial intelligence in smart infrastructure has also been further substantiated 573 

by simulations that have demonstrated traffic flow improvement and project management 574 

effectiveness, along with statistical data demonstrating decreases in construction cost and time. 575 

Kim et al. found in a large-scale experiment that the utilization of AI algorithms for traffic flow 576 

control in smart cities reduced congestion time by 30% and improved road safety by 25% owing 577 

to their ability to streamline traffic patterns in real time. 578 

Further statistical comparison between AI-tuned traffic networks and traditional models 579 

revealed a 40% reduction in average traffic delays and a 15% boost in urban fuel efficiency in 580 

tested cities. These statistical metrics illustrate the transformative impact of AI on city planning. 581 

Furthermore, statistical analysis of AI-enhanced construction management systems indicated a 582 

12% reduction in project postponement and a 20% reduction in material cost, exemplifying the 583 

capability of AI to promote construction efficiency. 584 

5. Applications of environmental engineering: 585 

- Strengths: In the field of environmental engineering, AI is crucial for use in ecosystems 586 

monitoring, pollutant level predicting, and the management of natural resources. They are of 587 

pivotal relevance in world-scale problem-solving activities like climatic change and resource 588 

depletion. In farming, AI-based irrigation systems have shown to enhance water use efficiency 589 

by 30% through dynamic modulation of water supply in accordance with real-time crop and 590 

climatic conditions. Moreover, AI models employed for waste management have optimized 591 

recycling operations in order to achieve a 25% increase in material recovery in municipal waste 592 

treatment facilities. 593 

- Weaknesses: The setting is very complicated and data quality is questionable, it can affect AI 594 

modeling accuracy and reliability. There are also ethical concerns especially how AI can help 595 

manage natural resources without prejudice of fairness and equity in resource allocation. 596 

- Different studies have shown that statistical models and simulations supported by artificial 597 

intelligence are now essential tools in environmental engineering. In particular, they allow for 598 

improved accuracy in pollution prediction and optimization of resource management strategy. 599 

A recent study by Li et al. indicated that the use of AI-based models in air quality prediction 600 

enhanced the precision of pollution forecasts by 35%, allowing the authorities to initiate early 601 

measures in reducing emissions. 602 

To confirm these findings, simulation-based studies were carried out on real-time sensor data 603 

for predicting pollution levels under varying environmental conditions. AI algorithms 604 
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outperformed conventional methods by achieving a 20% increase in accuracy and reducing false 605 

positive alarms by 15%, thereby further confirming their credibility in environmental 606 

monitoring. 607 

Further, quantitative analysis revealed that artificial intelligence-driven water resource 608 

management systems are able to enhance the efficiency of allocation by 18% amidst drought 609 

through utilization of historical weather conditions and usage. 610 

6. Technological innovations in electrical and energy engineering: 611 

- Strengths: AI is being used in electrical engineering to advance areas like renewable energy 612 

management and smart grids. These technologies are rendering power distribution networks 613 

efficient and environmentally friendly. 614 

They optimize the consumption of energy, reduce wastage, and enable the incorporation of 615 

renewable sources of energy. 616 

Detailed case studies demonstrate that artificial intelligence-based demand response systems in 617 

commercial buildings have cut peak energy usage by 15% and, thereby, enhanced grid stability. 618 

Likewise, in wind power plants, artificial intelligence has enhanced turbine efficiency by 10% 619 

through real-time adjustment of blade angles according to predictive weather forecasting. 620 

- Weaknesses: The integration with current power systems is challenging due to the fact that the 621 

older power systems were not designed originally to be integrated with such advanced 622 

technology. Additionally, data security and privacy issues are serious concerns in these 623 

applications because the presence of critical infrastructure is involved. 624 

- It has been empirically confirmed through simulations and statistical analysis that AI in 625 

electrical and energy engineering significantly improves the efficiency of energy distribution 626 

and facilitates the integration of renewable energy resources. 627 

Ricciardi et al. illustrated that the integration of AI into smart electrical grids reduced energy 628 

loss by 10% and added the capacity to the grids for renewable sources like solar and wind, 629 

thereby enhancing the stability of the electrical system as a whole. 630 

Quantitative benchmarking of AI-based smart grids with traditional grid management systems 631 

revealed 30% improvement in the efficiency of load balancing and a 25% reduction in the 632 

outage duration. Such parameters demonstrate the potentiality of AI in revolutionizing energy 633 

distribution networks as well as its ability to embrace integration of renewable energy. 634 
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Statistical simulation of AI-driven renewable energy forecasting models reflected a mean 15% 635 

better accuracy in forecasting compared to traditional techniques, which resulted in a drastic 636 

reduction in the utilization of backup energy resources. 637 

7. Advancements in aerospace and space exploration: 638 

- Strengths: AI deployment in aerospace enhances safety and operational effectiveness by way 639 

of autonomous systems and predictive maintenance. AI-powered robots and rovers are key to 640 

space exploration, offering autonomous navigation and data analysis on other planets. 641 

- Weaknesses: The strength and dependability of AI systems in extreme conditions such as in 642 

space or at high altitudes must be experimented with. Moreover, the extremely high research 643 

and financial inputs that are required to develop these systems form a barrier to mass 644 

adaptation. 645 

- AI has been proven to improve safety and efficiency in aerospace, particularly in autonomous 646 

flight systems and predictive maintenance, that reduce operational risks. 647 

Smith et al. found through a study that AI algorithms used for predictive maintenance of 648 

aerospace components reduced the risk of in-flight failure by 40%. This has significantly 649 

improved safety and operational efficiency for airlines. 650 

Additionally, the application of AI by NASA on autonomous rovers has provided 25% 651 

improved mission effectiveness with respect to optimized route mapping and real-time 652 

obstruction avoidance. 653 

In the defense sector, AI-powered autonomous drones have successfully carried out 654 

surveillance missions with 30% greater accuracy in target identification compared to 655 

traditional systems.  656 

Additionally, in the commercial aviation industry, case studies show that predictive 657 

maintenance systems have extended the life of major parts by 15%, reducing the number of 658 

replacements. 659 

 660 

Multidisciplinary applications of Artificial Intelligence in engineering: 661 

AI technologies have made substantial contributions to one of the oldest and most general engineering 662 

disciplines: mechanical engineering. In mechanical engineering optimization, AI-based design 663 

generates more optimal and innovative designs by using algorithms. Generative design, an AI, uses 664 

machine learning to generate multiple alternatives for a given design and then make sense quickly in 665 

an attempt to get the best form. But AI also decreases the cost and time of mechanical part design and 666 
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enhances their performance too [4]. Autodesk, who have had this method thrust upon them from the 667 

start, allow us to produce forms that, although possibly far superior to anything produced by human 668 

ingenuity, are frequently impossible to achieve using manual techniques.  669 

Another important application is predictive maintenance, in which AI predicts equipment failures 670 

before they happen, reducing downtime and maintenance costs. Machine learning algorithms analyze 671 

historical data to anticipate potential issues, allowing proactive maintenance schedules to be 672 

implemented. 673 

For example, neural networks monitor the fitness of machines in real-time and warn of any likely 674 

malfunction ahead of time [5]. Technologies like these are now widely used in industries such as 675 

aerospace and automotive for continuous and glitch-free operations. 676 

Apart from that, AI technologies such as robotics and automation have transformed manufacturing 677 

operations. AI-driven sophisticated robotics can perform very complex operations with precision and 678 

consistency. Machine learning algorithms fine-tune production lines to provide better efficiency and 679 

minimal waste. A good example is AI applied to additive manufacturing (3D printing), where AI 680 

fine-tunes printing parameters to provide better quality and strength of printed parts [6, 23]. 681 

For example, in medicine, AI-enhanced 3D printing is utilized to fabricate personalized prosthetics 682 

and implants based on the individual patient's requirement. 683 

In the coming years, AI will have a vital role in accelerating the identification of new materials with 684 

desired properties. Machine learning techniques have been developed to predict material properties 685 

from their atomic structure, reducing the need for time-consuming and expensive experiments. For 686 

example, Jha et al. [24] used machine learning to discover new battery materials for high-capacity 687 

batteries and significantly improved the research and development cycle. The ability to make rapid 688 

prediction and design new materials is particularly useful in fields like energy and manufacturing, 689 

where rapid innovation can be the basis of significant competitive advantage. 690 

The development of AI in civil engineering leads to intelligent infrastructure through digital 691 

technology being infused into physical infrastructure. Through AI power, intelligent sensors are 692 

applied to monitor data analytics that help optimize infrastructure performance and maintenance. For 693 

instance, AI algorithms regulate traffic flow in smart cities to reduce congestion while ensuring safety 694 

[7]. AI's ability to process enormous amounts of data and provide real-time insights drives the urban 695 

planning and infrastructure management revolution to make cities sustainable and habitable. 696 

Figure 4 is a heatmap representation of the impact of AI on traffic optimization, where AI-driven 697 

algorithms dynamically control traffic and reduce congestion in urban scenarios. 698 
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AI also enhances construction management by better project planning, scheduling, and resource 699 

allocation. Machine learning algorithms predict project outcomes based on historical data, leading to 700 

better decision-making [25, 26]. 701 

Drones and robotically driven equipment powered by AI are now an absolute necessity where site 702 

inspection and monitoring are concerned, with more precision and enhanced safety [8]. They are 703 

transforming the construction industry through fewer chances of human error, increased efficiency, 704 

and raising the safety bar higher. 705 

In structural health monitoring, AI is vital in determining the status of infrastructure and forecasting 706 

expected issues. With information from sensors incorporated in structures, AI software is able to 707 

detect anomalies and determine overall integrity. 708 

This vision not only works to ensure the safety of infrastructure work but also increases its life-cycle 709 

[12]. See how AI is used in monitoring bridges, and tunnels receive proactive alerts as well as an 710 

accurate replica of maintenance recommendations in case a fault is detected. 711 

Application of artificial intelligence (AI) technologies has already enabled much in the field of 712 

electrical engineering. And smart grids as AI-driven electricity distribution systems: more efficient, 713 

more secure, green [27]. 714 

It is the AI that optimizes the electricity flow, control and regulation to manage demand and 715 

efficiently incorporate renewable energies like solar or wind power into grids. The result, fewer 716 

energy losses and thus more stable grids [15]. AI is also crucial to coordinate renewable energy that 717 

is able to forecast how much clean energy it will produce by pitting machine learning against weather 718 

prediction, which is capable of maximizing the use of renewables and minimizing the use of fossil 719 

fuels [16]. For instance, Google's Deep-Mind has documented working with energy companies to 720 

predict wind farm output lowers the cost of transmitting renewable energy and increases its value — 721 

in the process increases reliability. 722 

More AI is employed in renewable energy, like solar and wind. Artificial Intelligence learns how 723 

weather conditions impact the production and utilization of the energy to utilize the renewable 724 

energies more effectively without fossil fuels. This indirectly supports the prevention of failure for 725 

also sun, water and wind machinery [16]. Renewable energy units thus gradually become more 726 

reliable and cost-effective while facilitating the transition of the world towards green power sources. 727 

In the domain of electronic design, AI has a gigantic influence via Electronic Design Automation 728 

(EDA) — where machines can learn to forecast cycle times and demographics from thousands or 729 

millions of parts. 730 
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EDA tools using AI automatically design electronic systems and circuits, optimizing the performance 731 

and layout of components, thus saving less time and cost [28, 29]. 732 

These AI technologies also make possible more advanced and more effective electronic systems [18]. 733 

In the semiconductor industry, for instance, AI is used to create intricate chip designs that push the 734 

limits of computing performance and efficiency. 735 

Aerospace engineering, the field in which aircraft and spacecraft are designed and manufactured, has 736 

been greatly boosted by AI. AI-powered autonomous flight systems are used to heighten the safety 737 

and efficiency of aircraft flight operation. Machine learning algorithms analyze high volumes of flight 738 

data to identify optimized routes to take, conserve fuel, and land safely. Autonomous drones propelled 739 

by AI are also widely utilized to carry out surveillance and packages delivery [19]. 740 

In aviation, predictive maintenance is another area where AI shines. Tracking the health of aircraft 741 

components, AI can predict potential failures. AI can detect signs of wear and tear in aircraft 742 

components by analyzing data from sensors within the aircraft and carry out maintenance prior to 743 

failure [21]. 744 

AI is revolutionizing transportation engineering by optimizing traffic management, vehicle safety, 745 

and making autonomous driving possible. AI-driven traffic management systems utilize live data 746 

from cameras and sensors to control traffic movement and reduce congestion [30]. When it comes to 747 

vehicle safety, AI-driven advanced driver-assistance systems (ADAS) prevent collisions and monitor 748 

drivers, significantly eliminating the possibility of accidents [31]. 749 

The development of self-driving cars also depends heavily on AI technologies like computer vision 750 

and deep learning that enable cars to navigate through challenging environments and decide in a 751 

fraction of a second [32]. Tesla and Waymo are among the leading firms working on creating AI-752 

driven self-driving cars that will transform transportation in the future. In Table 10, all the facts 753 

discussed in this section are summed up. 754 

In aerospace engineering, predictive maintenance applies AI to track aircraft component health 755 

closely and forecast probable issues. AI programs execute analysis on data input from sensors 756 

embedded in the plane to pick up minute indications of fatigue that allow for preventive action and 757 

to eradicate the possibility of in-flight failures [21]. 758 

AI plays a growing role in space exploration, as AI-driven robots and rovers take on significant 759 

assignments like planetary reconnaissance, sampling, and data examination. Machine learning 760 

algorithms filter vast amounts of data from space missions, delivering valuable information and 761 

improving mission outcomes [22]. NASA's Mars rovers, for example, utilize AI to navigate 762 
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autonomously across the Martian terrain, finding areas of interest to further explore and establish 763 

their most effective routes. 764 

Integration with advanced technologies, such as the Internet of Things (IoT) and blockchain, is 765 

transforming the process of engineering. The data from IoT can be directly processed through AI 766 

algorithms to make decisions with precise judgments of the circumstance. In intelligent grids it 767 

utilizes IoT data to optimize energy supply dynamically in time to improve operation to make it more 768 

efficient and sustainable. While this, blockchain provides incredibly robust security against 769 

transparency to the operations of AI — which is critical for use cases involving sensitive data or 770 

affecting infrastructure at the core. This power couple is making engineering processes faster, safer 771 

and more innovative while combining quicker, safer [33]. For instance, a blend of blockchain and AI 772 

is piloted in supply chain management to increase transparency, traceability as well as efficiency. 773 

In collaborative systems, newer paradigms in AI like federated learning and reinforcement learning 774 

offer novel solutions to counter problems arising in distributed data environments and complex 775 

decision-making. Federated learning enables secure and cooperative data analysis across several 776 

stakeholders, and reinforcement learning enables adaptive decision-making in dynamic and 777 

interconnected systems, paving the way for more robust and efficient engineering solutions. 778 

It maximizes processes, enhances safety and improves material synthesis; AI is transforming 779 

chemical engineering. The results of reactions can be forecasted by machine learning algorithms [34] 780 

which could help improve the efficiency and sustainability of chemical processes; Material synthesis 781 

AI helps accelerate the discovery of new catalysts, and materials with specific properties by using 782 

sophisticated pattern recognition on extremely large amounts of experimental data. Apart from this, 783 

AI enhances process safety by monitoring the chemical plants in real-time and providing advanced 784 

warnings of potential hazards to allow companies to take preventive measures in advance [35, 36]. 785 

All the above information presented in this section is presented in Table 11. 786 

These new computer programs are able to view with a virtual eye as chemical reactions happen and 787 

make changes along the way while providing warnings if conditions seem dangerous. 788 

Biomedical engineering experiences a revolution phase with the abilities and applications that AI 789 

have, replacing traditional medical treatments to solution mechanisms for diagnosis treatment care 790 

recordings for patients. For medical imaging, AI has the key advantage of integration with MRI, CT 791 

and X-rays with total precision thus able to catch in a moment any anomaly which could go 792 

undetected by human eyes For example, Litjens et al. In another study [37], researchers achieved 15% 793 

higher accuracy in breast cancer detection with the assistance of a convolutional neural network 794 
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(CNN) method. 795 

In prosthesis AI is also making new ground. Custom prosthetic limbs that are lighter in weight, yet 796 

don't compromise in strength can even be crafted by implementing machine learning models on one's 797 

pateint data to analyze them. With this prosthetic functional upgrade, their findings are aligned with 798 

Hensman et al., as evidenced that the quality of an individual should be improved among such patients 799 

[38]. 800 

Furthermore, AI has been instrumental in developing the science of personalized medicine. Through 801 

examining complex medical and genetic information, AI can help develop tailored treatment 802 

strategies that lead to much better patient outcomes. 803 

Google DeepMind's artificial intelligence system for medical imaging is an excellent example of this 804 

revolution. Using convolutional neural networks (CNNs), the system has increased early detection 805 

rates for retinal disease by 15%, outperforming traditional diagnostic methods. This demonstrates 806 

how diagnostic accuracy is enhanced and the likelihood of missed anomalies lowered by AI. All the 807 

information explained in this section is presented in Table 12. 808 

For example, Kourou et al. [39] used predictive models in creating personalized treatment plans for 809 

cancer, which led to remarkably enhanced patient outcomes. 810 

The potential for AI in personalized medicine is extremely bright. With the combination of AI, 811 

genomics, and wearable devices, treatment protocols can be very personalized based on a person's 812 

own genes and daily patterns. 813 

AI applications can also analyze real-time data from wearable sensors to monitor a patient's health 814 

and make personalized therapeutic recommendations. This not only enhances the effectiveness of 815 

treatments but also enhances patient adherence to medical prescriptions, yielding better overall 816 

clinical outcomes [40]. 817 

 818 

Next-Generation AI applications in engineering: 819 

Though the paper covers a broad spectrum of established fields, it must also be mentioned that there 820 

are novel emerging applications of AI in new areas like biomedical engineering and materials science. 821 

In biomedical engineering, AI is transforming medical imaging, prosthetic design, and personalized 822 

medicine. AI algorithms can potentially analyze complex biological data to create personalized 823 

treatment plans, enhancing patient outcomes [40]. Moreover, frontier applications such as genomics 824 

and materials science AI are representative of the potential for paradigm-shifting innovation. 825 

Representative examples, performance metrics, and computational requirements for these 826 
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applications are summarized in Table 13. 827 

AI is speeding up the discovery of novel materials in material science by predicting how they would 828 

respond based on their atomic configurations. This significantly speeds up innovation [33]. AI allows 829 

scientists to discover new materials much faster than traditional means. For example, Jha et al. [24] 830 

used machine learning to discover battery materials with high capacities, significantly reducing 831 

research and development time. AI is also critical in predicting material properties from their atomic 832 

structure, an activity that normally requires long and complex experiments [41]. 833 

In addition, Cloud-based AI platforms have also become central to expediting material discovery by 834 

allowing researchers to scale computational simulations over distributed infrastructures. Moreover, 835 

edge computing enables real-time monitoring and optimization of material manufacturing processes 836 

at reduced costs and increased efficiency. These developments emphasize the role of scalable AI 837 

systems in resolving both computational and operational issues in materials science. 838 

Xie and Grossman [42] were able to harness this potential with a model that accurately predicts 839 

thermal conductivity in materials, demonstrating the ease with which AI can facilitate discovery. AI 840 

is also rendering manufacturing processes simpler and cheaper. Zhang et al. [43] used machine 841 

learning to determine optimal 3D printing parameters for composite materials, leading to parts of 842 

greater quality and strength. This maximization not only improves the manufacturing process but also 843 

contributes to the production of improved materials and products. 844 

When such new uses gain traction, they create opportunities for innovative engineering solutions that 845 

span both conventional problem-solving and frontier possibilities. For all contents covered in this 846 

section, these are tabulated in Table 14. 847 

 848 

Research gaps and future pathways: 849 

As AI continues to evolve, several new challenges and directions for the future have emerged from 850 

the discourse of contemporary approaches. These challenges and new directions will be key to driving 851 

further progress in AI in engineering. 852 

1. New challenges: 853 

- Data Privacy and Security: As AI-driven systems handle sensitive and high amounts of 854 

datasets, data privacy and security have become a top priority. There is a growing need for 855 

advanced encryption methods, secure data storage warehouses, and policies that comply with 856 

international data protection laws. 857 
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- Scalability and Integration: Scaling AI solutions to be effective in real, large-scale 858 

engineering systems is challenging. Integrating AI with existing legacy systems requires a 859 

comprehensive infrastructure upgrade and can face resistance from stakeholders used to 860 

traditional methods. This project underscores the fact that the absence of a universal 861 

assessment framework further complicates the implementation of AI since engineers cannot 862 

compare and verify AI solutions in evolving, multi-disciplinary environments. 863 

In distributed data systems, federated learning is a promising solution that emerged to advance 864 

collaborative model training and data privacy protection. Reinforcement learning also has the 865 

potential to enhance system flexibility and decision-making in complex, dynamic scenarios 866 

and enable the operation of AI systems optimally on interconnected infrastructures. These 867 

paradigms address basic challenges while opening new space for scalable and responsible AI 868 

incorporation. 869 

- Bias and Fairness in AI: AI systems are prone to biases in training data, which may result in 870 

unfair or suboptimal outcomes in critical engineering applications. Data diversity must be 871 

ensured and algorithms must be designed to reduce bias for the ethical use of AI technology. 872 

2. Pathways for future research: 873 

- Integration with Emerging Technologies: Combining AI with emerging technologies like the 874 

Internet of Things (IoT) and blockchain opens up new possibilities. For example, IoT can 875 

offer real-time data that improves the accuracy of AI-driven decisions in smart infrastructure, 876 

while blockchain can offer security and integrity to these processes. 877 

- Advancements in AI-Driven Design and Optimization: AI-based design methodologies need 878 

to be minimized in terms of computational needs so that they can be applied across industries 879 

on a larger scale. Additionally, development of new algorithms capable of handling 880 

uncertainty and variability in design parameters will be pivotal in driving further innovation. 881 

- Enhanced Human-AI Collaboration: Creating guidelines for enabling more effective 882 

collaboration among human engineers and AI systems can lead to more innovative solutions. 883 

This would involve AI systems offering real-time critiques, suggesting design alternatives, or 884 

assisting in making decisions, hence enhancing engineering creativity and problem-solving 885 

skills. 886 

These issues and directions not only highlight the current limitations of AI in engineering but also 887 

predict the upcoming developments needed to tap its maximum potential. 888 

Support with statistical simulation and analysis: 889 

https://doi.org/10.x/journal.x.x.x


Disclaimer: This is not the final version of the article. Changes may occur when the manuscript is 
published in its final format. 
 

 

Computing&AI Connect 
2025, Vol. 2, Cite as: doi:10.x/journal.x.x.x 

 

 

The conclusions and assertions made in this survey are substantiated by statistical modeling and 890 

simulation where necessary. For instance, the effectiveness of AI-driven predictive maintenance has 891 

been illustrated through analysis of machine failure rate data for industry, showing a precipitous drop 892 

in downtime and maintenance cost. Similarly, simulations of AI-driven design optimization against 893 

conventional methodology have yielded efficiency as well as design quality gains. 894 

In order to further confirm the discussion, statistical testing has been used to evaluate the performance 895 

of various AI techniques in various engineering tasks. Such analyses provide strong quantitative 896 

backing for the qualitative judgments made during the survey, such that conclusions derived are valid 897 

and reliable. For the future, this kind of research must continue to refine statistical and simulation-898 

based methods to support and improve AI applications in engineering so that they can become useful 899 

and functional in actual environments. 900 

Besides, statistical studies of federated learning approaches have demonstrated their efficacy in 901 

maintaining model performance while maintaining data privacy, particularly in distributed healthcare 902 

and industrial environments. Likewise, testing on reinforcement learning in manufacturing has 903 

registered notable drops in energy usage and operational wastes, indicating the flexibility of the 904 

techniques in dynamic systems. 905 

 906 

 907 

 908 

 909 

 910 

 911 

 912 

ISSUES AND CHALLENGES IN INTEGRATING AI SYSTEMS 913 

The concept of using AI to aid the development process is quite daunting, while it would give a lot 914 

to advanced engineering but in general there are still obstacles. These problems range from worry 915 

about data security and privacy, to how you need enormous sets of data as well as challenges in 916 

incorporating an AI into a system. As AI is largely based on information, maintaining an AI system's 917 

integrity entails defending this data against cyber threats. 918 

It is difficult and costly to obtain huge datasets needed for training or validation of AI models, 919 

particularly in fields where data collections take a long time. Moreover, deployment of AI along with 920 

existing engineering system can be difficult due to compatibility issues, required for infrastructure 921 
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upgradation and change resistance that are the primary challenges in terms of imparting AI. 922 

Maintaining data privacy and security is paramount in utilizing AI. Sensitive data should be shielded 923 

with robust encryption and secure storage systems from cyber-attacks [44]. 924 

Scalability is a primary concern, particularly in engineering applications that entail real-time 925 

processing and large-scale deployments. Cloud-based AI platforms, with their elastic computing 926 

resources, offer a possible solution by dynamically scaling resources to meet evolving demands. In 927 

addition, edge computing is essential for reducing latency and bandwidth consumption by processing 928 

data locally, closer to its point of generation. This hybrid approach, which combines cloud and edge 929 

computing, ensures that compute-intensive tasks, i.e., real-time smart grid monitoring, can be 930 

processed in a timely fashion with a guarantee of system responsiveness. 931 

Moreover, privacy-aware AI techniques like federated learning allow models to be trained over data 932 

from diverse sources without threatening individual privacy [12]. Developing certain policies and 933 

regulations for the manner in which data is processed and ensuring that they are in accordance with 934 

international data protection practices is also critical to build confidence in AI systems [45, 46]. 935 

To address the challenges of integrating AI into existing engineering systems, it is essential to develop 936 

standardized procedures and invest in necessary infrastructure [47]. 937 

Having common standards for data capture, storage, and sharing is crucial to facilitate the adoption 938 

of AI and data privacy and protection. Investment in infrastructure that will support large-scale AI 939 

implementation, such as upgrading outdated systems and employee training in AI and engineering, is 940 

no less essential [48]. 941 

It's also important to apply bias reduction strategies to AI algorithms, including using more diverse 942 

training data sets, to make sure AI solutions are both fair and reliable [49]. 943 

In addition to this, there is a pressing need to have standard guidelines and frameworks to be 944 

implemented as to AI use in engineering. The absence of such standard frameworks can create 945 

problematic situations as to AI usage in other domains that possess different fields to work and 946 

coordinate [48]. 947 

Looking forward, one of the most sought-after domains of research will be the convergence of AI 948 

with other emerging technologies like Internet Of Things (IOT) and blockchain. Not only will such 949 

convergence automate engineering workflows but also carry the security and transparency of AI-950 

powered operations to the next level. Nonetheless, significant concerns—i.e., tackling integration and 951 

legacy systems, as well as privacy concerns on data—must be addressed to unleash AI's long-term 952 

potential in engineering. 953 
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Addressing these challenges requires joint efforts from researchers, practitioners, and policymakers 954 

to enable the seamless and ethical integration of AI into engineering systems. 955 

 956 

Challenges in evaluating AI performance across engineering domains: 957 

A commonly neglected significant problem with the application of artificial intelligence systems in 958 

engineering is the potential for overestimation of performance when testing is restricted to a particular 959 

domain. The metrics applied in niche domains, for instance, the accuracy of predictive maintenance 960 

models for manufacturing industry applications, may not be readily comparable with those applied to 961 

electrical systems or civil infrastructure. 962 

This lack of consistency in assessment can create unrealistic expectations and hinder the 963 

transferability of AI software between industries. There is, therefore, a necessity to create standard 964 

protocols for the assessment of performance that can be used across engineering disciplines. 965 

 966 

Ethical and Social Implications: 967 

There will, nevertheless, be intense social and ethical questions that arise with the application of 968 

AI into engineering. Some of these are issues that job automation will affect work and the 969 

responsibility of AI-driven decisions, whether or not this type of technology is ethically 970 

compliant. Alternatively, automation of activities traditionally performed by humans may lead to 971 

job loss which consequently needs reskilling and workforce transitioning strategies [50]. 972 

Moreover, decision-making processes of AI systems should be transparent and make the behavior 973 

understandable to ensure faith in engineers and stakeholders [51]. 974 

Yet another ethical concern is the potential bias inherent in AI algorithms that may lead to 975 

discrimination or discriminatory outcomes. To negate this, training data must be formulated with 976 

a conscientious regard for diversity [49] and anti-bias techniques in all development stages. 977 

All the information provided in this section is presented in Table 15. 978 

 979 

 980 

FUTURE PERSPECTIVES ON ARTIFICIAL INTELLIGENCE IN ENGINEERING: 981 

The future of AI in engineering is merely, revolutionizing and will see tremendous advancements in 982 

different fields. For example, the development of AI will be extended to other leading areas in 983 

biotechnology such as genomics and wearable devices in biomedical engineering. Such a 984 

convergence of technology potentially can bring breakthroughs to personalized medicine — where 985 
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AI stumbles over the real-time data off wearable sensors and cross-references it with genetic data for 986 

hyper-personalized treatment protocols. 987 

In addition, AI will be the leading force in creating touch and feel prosthetics with half-natural 988 

response rates and the way amputees walk so the devices can adjust accordingly. 989 

Next-generation AI technologies will also focus on scalability with the integration of cloud and edge 990 

computing technologies. For instance, cloud platforms will be used to host computationally 991 

demanding activities such as large-scale simulations, whereas edge computing will enable real-time 992 

adaptation in engineering systems. This integrated architecture will be imperative in addressing the 993 

growing complexity and computational needs of the next generation of engineering applications. 994 

Figure 5 is a detailed Gantt chart representing the timeline for the integration of AI in legacy systems 995 

and smart grids based on IoT.  996 

The chart shows the significant phases like initial analysis, system development, and testing and 997 

offers a structured way to resolve integration issues. 998 

The future of material science is as exciting. Artificial intelligence-driven research will speed the 999 

discovery of new materials with new properties to match specific industrial demands. With AI, high-1000 

throughput experimentation, and computational modeling, scientists will be able to predict and 1001 

engineer materials better [52]. 1002 

It would have a substantial shortening effect on the timeframe from discovery to slamming some 1003 

magic play button (e.g. in fields such as energy storage for quicker discoveries in materials driving 1004 

better batteries or green energy solutions). 1005 

Moreover, artificial intelligence's capability to analyze and predict the performance of materials and 1006 

their potential lifespan will facilitate the design of improved and more sustainable structures. 1007 

Recent developments have established the huge impact of artificial intelligence in various fields of 1008 

engineering: 1009 

- Chemical Engineering: Generative AI, particularly large language models (LLMs), have been 1010 

central in the scale-up, optimization, and design of chemical and biochemical processes. 1011 

LLMs are able to interpret complex chemical and biological information and identify novel 1012 

products and advance process design toward sustainability [53, 54, 55]. 1013 

- Materials Science: Artificial intelligence technology like Google's GNoME has 1014 

revolutionized materials discovery by identifying over 2 million new stable inorganic crystal 1015 

structures, speeding up material innovation and reducing development costs [56]. 1016 

- Transportation Engineering: AI enhances traffic flow prediction by integrating weather data, 1017 
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leading to increased safety and efficiency in connected cars. AI-driven driver monitoring 1018 

systems also detect distracted behaviors, preventing accidents [53, 56]. 1019 

- Aerospace Engineering: AI application in aeronautical engineering is fault detection in 1020 

aerospace structures, where AI is employed to identify structural faults, thereby enhancing 1021 

safety and maintenance efficiency [57]. 1022 

- Medical Diagnostics: AI improves diagnosis accuracy by employing natural speech dialogue 1023 

systems and automated detection systems, e.g., identifying microaneurysms in diabetic 1024 

retinopathy, enhancing early detection and treatment [58]. 1025 

One of the fastest-evolving fields where artificial intelligence is going to be a game-changer 1026 

is personalized medicine. The combination of AI models with genomic data, clinical data, and 1027 

data from wearable devices may have the potential to provide early diagnosis with 1028 

personalized therapies optimally matched with the biological and behavioral characteristics 1029 

of individual patients. In addition, advanced engineering devices will be supplemented by 1030 

artificial intelligence to design dynamic medical systems and devices for real-time monitoring 1031 

that will be capable of complementing therapeutic approaches by responding to patients' 1032 

physiological reactions. 1033 

With the emergence of engineering complemented by AI, the Blockchain, and the Internet of Things, 1034 

there is hope for a bright future of engineering. IoT can in the future provide AI systems with 1035 

uninterrupted real-time data making the information provided by the AI systems more efficient and 1036 

beneficial in various steps of engineering. For example, AI and IoT-based smart grids capable of 1037 

controlling usage and the passage of electricity in real-time will be easy to adopt smarter and cleaner 1038 

energy systems. The blockchain technology, on the other hand, is expected to confirm the security 1039 

and accuracy of AI operations especially when executed over sensitive data and vital development 1040 

infrastructure. 1041 

In the past few years, there has been massive growth in the evolution of blockchain technologies, 1042 

which are applied across a wide range of industries and are being integrated with artificial intelligence 1043 

(AI), machine learning (ML), deep learning (DL), and emerging techniques like federated learning. 1044 

The motivation for integration is to solve intrinsic issues of security, scalability, and reliability of 1045 

distributed systems. In particular, novel techniques have appeared within the Internet of Medical 1046 

Things (IoMT) area, where the combination of blockchain technology and Support Vector Machines 1047 

(SVM) has been successful in allowing secure and robust clinical and sensor data management [59]. 1048 

Meanwhile, the integration of blockchain technology and augmented intelligence systems has been 1049 
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included in the SMEs' management system to facilitate a new way of operation called the Augmented 1050 

Intelligence of Things [60]. 1051 

Others include advancements in fog and edge computing environments, where serverless structures 1052 

have been extended through blockchain-based technologies for the interests of securing data and 1053 

strengthening resiliency in operations [61]. In digital forensic aspects, blockchain and deep learning 1054 

mechanisms have been used to develop stronger investigation frameworks capable of detecting and 1055 

controlling new social media threats such as deepfakes [62]. In telecommunication, the 5G and next-1056 

generation Open Radio Access Network (ORAN) architecture has been enhanced using machine 1057 

learning and blockchain technology in order to easily shift towards Industry 5.0 [63]. Blockchain 1058 

technology has also been an effective approach in maintaining security and integrity of remote 1059 

sensing information in cities [64]. Lastly, novel consensus algorithms, including the Lightweight 1060 

Proof-of-Elapsed Time (B-LPoET), have been developed, making use of multithreading technology 1061 

to improve the effectiveness of transaction processing and the security of blockchain networks [65]. 1062 

Collectively, all these advancements show the increasing usability of blockchain as an enabling 1063 

technology across different application domains, especially when combined with artificial 1064 

intelligence platforms and distributed computing architectures. 1065 

To realize these future potentialities there is a need for more analysis and testing. There is a need to 1066 

push the ability and the safety of the AI system, to widen the interpretability of the AI systems as well 1067 

as to have a space for a cross-disciplinary approach. It is the hope of the engineering society in 1068 

overcoming these challenges that the overall positive effects that AI will bring will introduce a new 1069 

age of engineering—innovative, efficient, and sustainable at all levels and aspects. 1070 

 1071 

Standardizing evaluation procedures for AI implementation in industries: 1072 

One key success factor in scaling the impact of AI across diverse engineering disciplines will be the 1073 

development of standard test protocols. The protocols must define common performance metrics to 1074 

enable comparison of AI models across application contexts, transfer of solutions, and mitigation of 1075 

performance overestimation risk. The adoption of common standards can also shrink validation 1076 

cycles, lower development costs, and simplify decision-making for engineers working in 1077 

multidisciplinary environments. 1078 

 1079 

 1080 

 1081 
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CONCLUSIONS 1082 

There is no question that artificial intelligence has already transformed numerous areas of 1083 

engineering, especially design, production, maintenance, and optimization. AI also increases the level 1084 

of production and makes products and services more reliable and of better quality. With the passage 1085 

of time, as the technology of AI is developing, the role of engineering and its alternatives is going to 1086 

improve with the development of more efficient and eco-friendly solutions. The upcoming 1087 

development in state-of-the-art engineering will depend more on artificial intelligence-driven 1088 

solutions that possess the potential to drive innovation faster and achieve operational excellence 1089 

across a diverse set of domains. 1090 

This review contributes to the literature by proposing a combined framework that resolves 1091 

inconsistencies in evaluations, thus allowing practitioners to make knowledgeable decisions on the 1092 

selection of AI approaches suitable for different industries. Unlike previous reviews that focus on 1093 

industry-specific applications of AI in individual engineering disciplines, this article distinctly 1094 

outlines the need for an overarching evaluation framework. Through systematic comparison of AI 1095 

methods in mechanical, civil, electrical, aerospace, and biomedical engineering, the book forges a 1096 

new cross-discipline synthesis. This allows practitioners to recognize common performance criteria 1097 

and transferable solutions in AI, addressing a critical gap in the literature. 1098 

Through a comprehensive examination of the present status and future prospects of AI, this study 1099 

aims to serve as a working guidebook for researchers and practitioners. 1100 

The potential of AI in engineering is extremely huge. It is foreseen that additional research will be 1101 

needed in order to find solutions to existing issues and to discover other fronts. Cross-disciplinary 1102 

cooperation and the application of common frameworks are core in addressing the fragmentation 1103 

inhibiting the transformative potential of artificial intelligence in engineering disciplines. One 1104 

widespread deficiency is the absence of conformity in evaluation practice across disciplines that 1105 

detracts from possible comparison and sharing of AI-aided approaches. In contrast to a majority of 1106 

existing research publishing largely sector-oriented outcomes, studies within this paper are a 1107 

contribution to the discipline through the implementation of an inter-disciplinary assessment 1108 

methodology. This novel strategy will aim to harmonize performance evaluation across engineering 1109 

disciplines and allow cross-sectorial learning and encourage the adoption of harmonized AI validation 1110 

processes. 1111 

Enhancing the development of AI algorithms, optimizing AI models, and integrating AI with other 1112 

technologies that are on the rise, like IoT and blockchain, is a long fundamental leap forward. 1113 
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Looking ahead in telescoping manner beyond image recognition, it is critical to advance AI research 1114 

in terms of creating AI algorithms that are robust enough to better withstand a variety of adversarial 1115 

attacks and handle uncertainties one may face in a real-world setting. Such potent AI models will 1116 

enhance the reliability and overall safety of engineering systems and enable their uptake by 1117 

engineering practitioners. Also, like in other fields, there is a need to be careful and make AI models 1118 

more user-friendly, to put it this way, more explainable and less of a black box. This keeps engineers 1119 

as well as other stakeholders at ease with AI based decision making because they can see and 1120 

authenticate the decision-making process of AI which is extremely crucial in case making such 1121 

decisions is critical. 1122 

Interweaving AI with the IoT and blockchain is interwoven in the same way as well becomes an 1123 

additional integration step to make engineering methods more complex and stronger. The IoT will 1124 

feed input in real time towards developing AI models and thus decision-making will grow both in 1125 

accuracy and speed. Accordingly, it will also improve the efficiency of AI application because 1126 

blockchain offers security and protection of AI operations, which is very critical in instances 1127 

involving high demand for data security and preservation. Integrations like this can improve 1128 

efficiency and the safety of engineering operations that facilitate novel inventions.  1129 

The findings of this research can be used by managers and engineers to better direct AI adoption, 1130 

minimize risks, and improve gains in performance.  1131 

As highlighted throughout this paper, successful application of AI in engineering requires careful 1132 

choice of methodologies that are appropriate for specific problems and objectives. Table 16 presents 1133 

a comparative analysis of two widely used AI methods, Deep Learning and Ensemble Methods, with 1134 

a focus on their application in predictive maintenance. The comparison brings out the trade-offs 1135 

between accuracy, scalability, and computational expense, which are critical concerns for real-world 1136 

application. 1137 

AI can be considered a very beneficial tool in many areas such as engineering, but benefits only ensue 1138 

if certain challenges exist and are faced. The foremost and very initial requirement is to ensure the 1139 

privacy and security of information within the AI systems to prevent any cyberattacks. One challenge 1140 

is obtaining and processing the massive volumes of data that are necessary for training and validation 1141 

of the systems, particularly where data gathering involves a lot of money or time. Furthermore, the 1142 

process of embedding the content of engineering systems with artificial intelligence can even be more 1143 

painstaking where drastic changes in the industrial infrastructure are necessary and the willingness to 1144 

change is minimal. 1145 
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Overall, it is possible to draw some conclusions on the impact of Artificial Intelligence on the 1146 

evolution of engineering industries considering different aspects such as improved productivity in 1147 

design, production, maintenance and optimization of function. A critical overview of the existing 1148 

methods for the application of AI systems was achieved in this study, mainly considering their current 1149 

and prospective developments. This survey provides a consistent treatment of artificial intelligence 1150 

methods and is an engineering tutorial to choose and implement AI techniques in an optimum manner. 1151 

Unlike other surveys available, this book is concerned with eliminating inconsistencies in evaluating 1152 

methods among various engineering disciplines. The holistic assessment framework presented in this 1153 

paper is intended to be a fundamental primer for practitioners who aim to implement AI solutions 1154 

across sectors, thereby reducing the fragmentation commonly cited in the literature.  1155 

And for the remainder, problems regarding the privacy and security of data, the scalability of the 1156 

system, and its discrimination need to be solved in order to make AI even more successful. 1157 

Converging AI with other emerging technologies like IoT and blockchain offers exciting prospects 1158 

for driving the efficiency and security of engineering processes. Developing resilient, explainable, 1159 

and scalable AI systems, along with human-AI collaboration with ease, will be crucial in taking AI's 1160 

full potential in engineering to the next level. Convergence of AI with smart infrastructure, green 1161 

energy systems, and autonomous technologies will shape the future of advanced engineering. By 1162 

exploiting the capabilities of both AI and human potential, collaborative AI can result in deep 1163 

advancements in design, optimization, and innovation [50]. These systems can facilitate creativity 1164 

and problem-solving via data-driven observations and suggestions for innovative solutions. 1165 

With the developing of the field comes the future that will continue research and development, driving 1166 

through overcoming today's problems and opening doors to new challenges. Statistical modelling and 1167 

simulation will be important tools for confirmation and development of AI-based systems in order to 1168 

maintain these procedures available and working properly in reality. Ultimately, engineering's future 1169 

lies in the balance at which point AI-based technology will become combined, and its effects and 1170 

uses will yield better, smarter, more sustainable and efficient results. All future effort is committed 1171 

to generating artificial intelligence technologies that integrate properly with the Internet of Things, 1172 

blockchain networks, and new tools for engineering, eventually achieving the complete potential of 1173 

smart, autonomous engineering systems. In furtherance of realization of this vision, the following 1174 

effort confronts the fundamental issue of disparate analyses across a range of fields within the field 1175 

of engineering. In establishing a cross-sector foundation for best practice, a prescriptive solution is 1176 

provided, enabling engineers to compare and evaluate AI methods and adapt implementation 1177 
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according to varying sectors' requirements. The solution is interoperability-focused and drives 1178 

progress towards single, data-driven engineering environments. All the data referred to in this section 1179 

are encapsulated in Table 17. 1180 

Improving the interpretability of AI models, or explainable AI, is crucial for building trust and 1181 

transparency in engineering. Engineers need to understand and validate AI-based decisions, 1182 

especially for safety-critical applications. Techniques like feature importance analysis, model-1183 

agnostic interpretability methods, and visual explanations can help explain AI models' decision-1184 

making [66].  1185 

Improving the transparency of AI not only builds trust among engineers, as well as integrates, and 1186 

stakeholders but also helps identify and reduce potential biases in AI systems. 1187 

A promising future for AI in engineering depends on developing algorithms that are robust to 1188 

adversarial attacks and can handle uncertainties present in real-world scenarios. Such algorithms need 1189 

to be robust, dependable, and interpretable to enhance the safety and reliability of AI-based 1190 

engineering systems. For instance, learning-based robust control approaches can improve the 1191 

robustness of autonomous control systems so that they can function steadily even when the situation 1192 

is ambiguous [50]. 1193 

Subsequent research will have to concentrate on developing the resilience of AI algorithms to enable 1194 

them to handle uncertainties effectively and be robust against adversarial attacks. At the same time, 1195 

transparency in AI-driven decision-making will become essential in order to achieve trust and allow 1196 

the widespread use of such systems in high-stakes engineering applications. 1197 

 1198 
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Table 1: Artificial Intelligence in advanced engineering 1238 
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Feature Description 

Impact 
Significant transformation in design, manufacturing, maintenance, and 

optimization 

Key Examples General Electric (jet engine efficiency), Siemens (predictive maintenance) 

Future 

Prospects 
Personalized medicine, material science, IoT and blockchain integration 

Challenges Data privacy, large datasets, integration with existing systems 

 1239 

Table 2: Applications of AI in mechanical engineering 1240 

Feature Description 
Performance 

Metrics 

Computational 

Requirements 

AI-Driven 

Design 

Facilitates efficient and 

innovative designs 

25-30% reduction 

in design time 

Advanced GPU (e.g., 

NVIDIA A100); datasets 

>100 GB 

Generative 

Design 

Uses ML algorithms to 

explore multiple design 

permutations 

// // 

Predictive 

Maintenance 

Foresees equipment 

failures, reduces downtime 

and costs 

>90% predictive 

accuracy; 20% cost 

reduction 

High-resolution IoT 

sensors; historical 

datasets spanning 10+ 

years 

Examples 

GE’s jet engine efficiency, 

Autodesk’s generative 

design, Siemens’ predictive 

maintenance 

// // 

 1241 

Table 3: Artificial Intelligence for smart manufacturing 1242 

Feature Description Performance Metrics 
Computational 

Requirements 
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Robotics and 

Automation 

High precision, 

consistency, 

optimized production 

lines 

25% improved 

efficiency; 15% 

reduced energy 

consumption 

50,000+ images 

datasets for RL 

training 

Additive 

Manufacturing 

AI optimizes 3D 

printing parameters, 

improves quality and 

strength of printed 

parts 

15% reduction in 

material wastage; 20% 

increase in strength 

FEM simulations; 20-

40 CPU cores 

Examples 

AI in automotive for 

lightweight, durable 

components, AI-

enhanced 3D printing 

in medicine 

// // 

 1243 

Table 4: Applications of AI in civil engineering 1244 

Feature Description 

Smart Infrastructure 
AI-powered sensors for data collection and 

performance optimization 

Traffic Management 
AI algorithms to reduce congestion, enhance 

safety 

Construction Management 
Improved project planning, scheduling, 

resource allocation through ML 

Examples 
AI in smart cities, AI-powered drones and 

robots for site inspections 

 1245 

Table 5: Artificial Intelligence for environmental engineering challenges 1246 

Feature Description Performance Metrics 
Computational 

Requirements 
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Pollution Control 

AI analyzes data to 

predict and manage 

pollution levels 

85-90% predictive 

accuracy; preventive 

actions implemented 2 

days earlier 

Urban sensor data 

(~10TB) 

Resource 

Management 

Optimizes water 

resource management, 

predicts droughts and 

floods 

30% increased 

efficiency; 20% 

reduction in waste 

Edge computing 

infrastructure 

Climate Change 

Mitigation 

Uses AI to develop 

proactive measures for 

climate challenges 

// // 

Examples 

AI forecasting air 

quality, AI optimizing 

water use 

// // 

 1247 

 1248 

Table 6: AI-based structural health monitoring 1249 

Feature Description 

Data Analysis AI analyzes sensor data to detect anomalies 

Structural Integrity 
Assessing the condition and longevity of 

infrastructure 

Examples 
Monitoring bridges and tunnels, providing 

maintenance recommendations 

 1250 

Table 7: Artificial Intelligence for electrical engineering systems 1251 

Feature Description 

Smart Grids 
Enhances efficiency, reliability, sustainability 

of electricity distribution 

Renewable Energy 
AI optimizes integration and management of 

solar and wind power 
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Examples 
Google’s DeepMind predicting wind farm 

energy output, AI in managing smart grids 

 1252 

Table 8: Applications of AI in aerospace engineering 1253 

Feature Description 

Autonomous Flight Systems 
Enhances safety and efficiency through 

optimized flight paths and fuel efficiency 

Predictive Maintenance 
Monitors health of aircraft components, 

predicts failures 

Space Exploration 
AI-driven robots and rovers for planetary 

exploration 

Examples 
NASA’s Mars rovers, AI in autonomous drones 

for surveillance and delivery 

 1254 

Table 9: Technical and organizational challenges in AI deployment 1255 

Feature Description 

Data Privacy and Security 
Protecting sensitive information from cyber 

threats 

Large Datasets 
Acquiring and managing large datasets for AI 

training 

System Integration 
Integrating AI with existing systems, 

compatibility issues, infrastructure upgrades 

Solutions 
Robust encryption, privacy-preserving AI, 

standardized protocols, scalable infrastructure 

 1256 

 1257 

Table 10: Artificial Intelligence for smart transportation systems 1258 

Feature Description 
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Traffic Management 
AI analyzes real-time data to optimize traffic 

flow 

Vehicle Safety 
AI-driven ADAS for collision avoidance and 

driver monitoring 

Autonomous Driving 
Uses computer vision and deep learning for 

navigation and decision-making 

Examples 
Tesla and Waymo’s autonomous vehicles, AI 

in traffic management systems 

 1259 

Table 11: Artificial Intelligence for process optimization in chemical engineering 1260 

Feature Description 

Process Optimization 
Predicts reaction outcomes, optimizes reaction 

conditions 

Material Synthesis 
Accelerates discovery of new catalysts and 

materials 

Process Safety 
Monitors chemical plants in real-time, predicts 

hazards 

Examples 
AI in monitoring chemical reactions, 

optimizing performance and safety 

 1261 

Table 12: Artificial Intelligence for Biomedical systems and technologies 1262 

Feature Description 

Medical Imaging 
Enhances accuracy of MRI, CT, and X-ray 

scans 

Prosthetics Design 
Creates customized prosthetics with optimal 

weight and strength 

Personalized Medicine 
Develops tailored treatment plans based on 

genetic and medical data 

Examples 

AI in breast cancer detection, AI-enhanced 

prosthetic limbs, predictive models in cancer 

treatment 
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 1263 

Table 13: Future-Oriented uses of AI 1264 

Feature Description Performance Metrics 
Computational 

Requirements 

AI in Genomics 

Prediction of genetic 

mutations for 

personalized medicine 

40% reduction in 

analysis time; 90% 

accuracy 

Genomic datasets >1 

PB; HPC clusters 

AI in Materials 

Science 

Accelerated discovery 

of new materials with 

specific properties 

+20% accuracy in 

property prediction; 

35% R&D time 

reduction 

Cloud/Edge-based 

ML models 

 1265 

Table 14: Emerging applications of Artificial Intelligence 1266 

Feature Description 

Biomedical Engineering 
AI in medical imaging, prosthetics design, 

personalized medicine 

Materials Science 
Predicts material properties, accelerates 

discovery and development 

Examples 
AI in discovering new materials for batteries, 

predicting thermal conductivity of materials 

 1267 

Table 15: Implications of AI on Society and Ethics 1268 

Feature Description 

Impact on Employment 
Job displacement due to automation, need for 

workforce re-skilling 

Accountability 
Ensuring transparent and accountable AI-

driven decisions 

Bias in AI Algorithms 
Mitigating bias through diverse training 

datasets and bias mitigation strategies 
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Examples 
Ethical considerations in AI deployment, 

transparency and accountability measures 

 1269 

Table 16: Comparative matrix: Deep Learning and ensemble techniques 1270 

 Criteria Deep Learning Ensemble Methods 

1 Accuracy High Medium 

2 Scalability Medium High 

3 Robustness High High 

4 
Computational 

complexity 
High Medium 

5 Data requirement High Medium 

 1271 

Table 17: The Future of Artificial Intelligence in Engineering 1272 

Feature Description 

Biomedical Engineering 
AI with genomics and wearables, advanced 

prosthetics 

Materials Science 
AI-driven discovery and development of new 

materials 

IoT and Blockchain Integration 
Enhancing real-time data analysis and security 

in engineering processes 

Research and Development 

Addressing challenges, enhancing algorithm 

robustness and security, interdisciplinary 

collaborations 

 1273 

 1274 

FIGURE LEGENDS 1275 

Figure 1: Performance of Predictive Maintenance Models Bar chart showing the accuracy of 1276 

predictive maintenance models (Model A, Model B, and Model C) with error bars representing 1277 
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confidence intervals. The figure highlights the discrepancy in system predictions and showcases the 1278 

strength of neural network-based approaches to predictive maintenance in industrial systems. 1279 

Figure 2: Pareto chart showing scalability and data security as the most significant AI integration 1280 

challenges, where targeted improvement is required. 1281 

Figure 3: AI Integration in Manufacturing Pipeline Flowchart showing the integration of AI into a 1282 

manufacturing pipeline, outlining key steps: data collection, preprocessing, application of AI model, 1283 

and obtaining actionable insights. The diagram highlights the systematic process of leveraging AI for 1284 

process optimization and decision-making. 1285 

Figure 4: Traffic Optimization Using AI Heatmap illustrating the impact of AI-based traffic 1286 

optimization algorithms on urban infrastructure. The color gradient represents traffic intensity, with 1287 

lighter shades representing reduced congestion as precipitated by AI-based real-time traffic 1288 

management systems. 1289 

Figure 5: Gantt chart defining the timeline for the integration of AI, from preliminary analysis to 1290 

testing and verification. 1291 

 1292 

 1293 

TABLE LEGENDS 1294 

Table 1: Summary of AI's impact on engineering disciplines, with major examples and future trends. 1295 

Table 2: AI in Mechanical Engineering: Application of AI in generative design, predictive 1296 

maintenance, and optimization with examples from industry. 1297 

Table 3: AI in Manufacturing: Application of AI in robotics, additive manufacturing, and process 1298 

optimization. 1299 

Table 4: AI in Civil Engineering: AI applications in smart infrastructure, traffic management, and 1300 

construction monitoring. 1301 

Table 5: AI in Environmental Engineering: AI applications for pollution control, resource 1302 

management, and prevention of climate change. 1303 

Table 6: Structural Health Monitoring with AI: AI application for monitoring and maintaining 1304 

infrastructure integrity. 1305 

Table 7: AI in Electrical Engineering: Smart grid integration, renewable energy systems, and 1306 

electronic design automation. 1307 

Table 8: AI in Aerospace Engineering: AI in autonomous systems, predictive maintenance, and space 1308 

exploration. 1309 
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Table 9: Challenges in AI Integration: Key challenges in AI adoption and potential solutions. 1310 

Table 10: AI in Transportation Engineering: Traffic optimization, vehicle safety, and autonomous 1311 

driving. 1312 

Table 11: AI in Chemical Engineering: AI in process optimization, material synthesis, and safety 1313 

monitoring. 1314 

Table 12: AI in Biomedical Engineering: AI in medical imaging, prosthetics, and personalized 1315 

medicine. 1316 

Table 13: Forward-Looking Applications of AI: Overview of key AI applications in genomics and 1317 

materials science, including performance and computational requirements. 1318 

Table 14: Emerging Applications of AI: New uses of AI in material science and real-time 1319 

optimization. 1320 

Table 15: Ethical and Social Implications: Job replacement issues, accountability, and fairness issues. 1321 

Table 16: Deep Learning vs. Ensemble Methods for Predictive Maintenance Comparison. 1322 

Table 17: Future Potential of AI in Engineering: AI innovation in IoT, personalized medicine, and 1323 

material discovery. 1324 

 1325 

 1326 

LIST OF ABBREVIATIONS 1327 

AI: Artificial Intelligence; ADAS: Advanced Driver-Assistance Systems; AI: Artificial Intelligence; 1328 

B-LPoET: Blockchain-Based Lightweight Proof-of-Elapsed Time; CNN: Convolutional Neural 1329 

Network; CPU: Central Processing Unit; CT: Computed Tomography; DL: Deep Learning; EDA: 1330 

Electronic Design Automation; GPU: Graphics Processing Unit; HPC: High-Performance 1331 

Computing; HVAC: Heating, Ventilation, and Air Conditioning; IoMT: Internet of Medical Things; 1332 

IoT: Internet of Things; LLM: Large Language Model; ML: Machine Learning; MRI: Magnetic 1333 

Resonance Imaging; NASA: National Aeronautics and Space Administration; ORAN: Open Radio 1334 

Access Network; PoET: Proof-of-Elapsed Time; RL: Reinforcement Learning; SME: Small and 1335 

Medium Enterprise; SVM: Support Vector Machine; XAI: Explainable Artificial Intelligence. 1336 

 1337 

 1338 

AI DISCLOSURE: 1339 
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Artificial Intelligence tools were not used in the drafting, editing, or translation of this manuscript. 1340 

All content was developed, reviewed, and validated exclusively by the authors and domain experts, 1341 

without the aid of AI systems. 1342 

 1343 

 1344 

FIGURES ORIGINALITY: 1345 

All the numbers shown in this manuscript are novel and not copied from published materials. The 1346 

figures were programmed using the Python programming language to do graphical plotting and data 1347 

visualization. The figures were then cut and pasted into Microsoft PowerPoint, and the titles, axis 1348 

labels, and other graphical comments were added manually. The final figures were then saved out 1349 

from PowerPoint in TIFF format for the manuscript. 1350 
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