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ABSTRACT: Machine artificial intelligence (Al) transforms design, optimization, predictive maintenance, and control systems. Even the
systematic unification of Al and the laws of physics governing the mechanical systems can be clearly observed as a gap, despite the significant
progress of the field of discrete applications. The paper follows a conceptual and analytical review approach, which involves the synthesis of
recent developments into a stratified theoretical model that has not been directly experimented with or industrialized. This paper fills this gap
by conceptualizing recent developments and a layered theoretical structure for implementing Al in mechanical engineering. The framework is
structured into four layers: (1) the input layer, which consolidates experimental, simulation, and historical operational data; (2) the Al modeling
layer, which applies machine learning, deep learning, and evolutionary algorithms; (3) the hybrid physics—Al layer, which integrates data-
driven approaches with governing physical equations through methods such as physics-informed neural networks and surrogate modeling; and
(4) the output layer, which delivers optimized design, predictive maintenance, accelerated simulations, and adaptive control strategies. This
study reiterates building models that strike a compromise between data-driven methodologies and physical interpretability in an effort to
improve innovation and reliability. For the future of the field, this and other viewpoints stress the significance of digital twins, explainable Al,
sustainable engineering application cases, and interdisciplinary work synergies. This framework positions Al systems as essential catalysts for
the upcoming generation of mechanical engineering. The framework can be used for upcoming studies and business ventures because
conceptualizations and foundations are balanced.
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INTRODUCTION

Since the outset, mechanical engineering has served as the foundation for industrialization, starting with design, robotics, fluid mechanics, thermal
systems, and manufacturing. Within the framework of the Fourth Industrial Revolution, artificial intelligence (Al) has emerged as a disruptive and
revolutionary invention that has the potential to revolutionize conventional activity in mechanical engineering. [1,2] Using machine learning, deep
learning, and evolutionary algorithms, engineering has given rise to new methods for solving problems where the issue space was previously
constrained by economic, data sufficiency, physical model, and computational cost restrictions. [3,4,5]

Recently, Al has been used in predictive maintenance, design, optimization, fault detection, and control systems. However, there are notable
improvements in the practice implementation in the literature; the lack of theoretical assimilation is especially evident, even in the lack of a gap.
[6,7] To Al and mechanical engineering systems, there seems to be a missing unified conceptual design that is needed to tie the physical principles
of the systems with the corresponding Al techniques. [8,9,10] Methodologically, this work is designed as a theoretical and analytical review of the
literature over the past two decades, aiming to classify applications, identify limitations, and construct a unifying conceptual framework that
integrates data-driven Al with physics-based models. [11,12]

This will improve the systems' operational efficiency while lowering the overall cost of solution reliability, interpretability, and scalability of Al-
based systems.

The paper aims to fill these gaps by reviewing and classifying the state of artificial intelligence applications to mechanical engineering, analysing
the shortcomings of the existing approaches, and constructing a theoretical model of systematic integration. This model hinges on the hybrid Al
physics paradigm, capturing the need for the data-driven model to supplement the existing analytical and/or numerical models to strengthen both
the prediction and the overall usefulness. Additionally, the chapter outlines Next-Generation Al, digital twins, explainable Al, and physics-informed
neural networks as relevant future directions to help orient the remainder of the research in the discipline. [13,14,15,16]
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As with all review papers, the objective will be to provide a rational framework for deciding how the mechanical engineering discipline should
embrace Al, thereby serving the primary goal of promoting innovative and sensible methods for achieving sustainability in engineering and
industrial practices. [17,18]
To address these gaps, this study is guided by the following objectives:
1. Examine and categorize the recent applications of Artificial Intelligence (Al) in state-of-the-art mechanical engineering areas like design,
optimization, computational modeling, predictive maintenance, and control systems.
2. Determine the key weaknesses of present Al-based solutions, especially on generalization, interpretability, and the interaction with
physical models.
3. Build a multi-tiered theoretical framework that synthesizes the systems of Al approaches and recommended physics-based mechanical
engineering concepts.
4. To inform future research and practice, offer perspectives on new directions, including digital twins, explainable Al, and sustainable
engineering applications.
Accordingly, the paper seeks to answer four central research questions:
The following research questions are aimed to be answered in this paper:
Sharpen Research Questions: You might rephrase them to emphasize impact:

e  RQI: What roles has Al played in advancing key domains of mechanical engineering over the past two decades?
e RQ2: What limitations prevent Al-based approaches from achieving generalizable and interpretable results?
e RQ3: How can a hybrid physics—Al paradigm improve predictive accuracy, reliability, and computational efficiency?

e  RQ4: What future directions (digital twins, explainable Al, sustainable design) can ensure systematic Al integration into mechanical
engineering?

2. LITERATURE REVIEW

Artificial Intelligence (Al) has gained substantial attention in mechanical engineering research over the past two decades, particularly with the rise
of data-driven methods and computational advancements. Applications span design, optimization, computational modeling, predictive
maintenance, and intelligent control. The following subsections summarize these contributions, highlighting both achievements and limitations.
[19,20,21,22]

2.1 Design and Optimization

Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Deep Neural Networks (DNNs) are Al-based algorithms that have been
extensively used to optimize the action of mechanical structures. Indicatively, topology optimization, when used with GA, has developed
lightweight and mechanically strong aerospace parts [23,24]. Likewise, Al-based optimization in the automotive industry has created energy-
efficient, crash-free structures. Although these investigations show great developments in mechanical performance, they are still domain-specific
and do not combine with the principles of physical design. [25,26,27]

Critique: Although these studies show impressive performance improvements, their results are usually domain-specific and do not have wider
generalization. In addition, the solutions generated are often not physically interpretable, casting doubt on their viability in engineering practice.
2.2 Computational Modeling (FEM/CFD)

Basic to mechanical engineering, Finite Element Method (FEM) and Computational Fluid Dynamics (CFD) are commonly costly to compute,
particularly for nonlinear or multiphase problems. Recent studies found that surrogate Al models can solve stress distributions, thermal conduction,
and turbulent flows at a fraction of the cost with a level of accuracy comparable to the finest analytical methods [28,29]. Showed how neural
networks can be used to substitute FEM solvers in structural stress prediction, created deep-learning-based turbulence models that cut CFD
computation time by almost 80 %. Nevertheless, such models are not always generalized because they rely greatly on the training data.[30]
Critique: Although the diagnostic accuracy is high, there are still challenges, including low sensor data quality, few labeled datasets, and the cost
of deploying industrial sensors on a large scale, all of which are obstacles to large-scale adoption.

2.3 Predictive Maintenance and Fault Diagnosis

One of the areas in which Al has had the greatest effect in mechanical engineering is predictive maintenance.[31] Machine learning is widely used
in vibration analysis, acoustic monitoring, and thermal imaging to identify early faults in pumps, compressors, and rotating machines.[32]
Convolutional neural networks (CNNs) to detect faults in rotating machinery with an improved accuracy compared to traditional signal-processing
modeling. In more recent days, recurrent neural networks (RNNs) and Long Short-Term Memory (LSTM) networks are used to monitor turbines
in terms of time series, with real-time detection of anomalies [33,34]. Nevertheless, some challenges exist in low sensor data quality and expensive
data acquisition.

Critique: Although diagnostic accuracy is high, concerns related to poor sensor data quality, small labeled data sets, and the high cost of industry
sensor deployment impede large-scale applications.

2.4 Control and Robotics

Al has also revolutionized control systems and robotics in mechanical engineering. Reinforcement learning (RL) has been increasingly adopted in
robotic manipulators [35,36], HVAC systems, and autonomous vehicles. For instance, RL-based controllers were implemented in HVAC systems,
reducing energy consumption by up to 15%. In advanced manufacturing, adaptive controllers based on neural networks have improved flexibility
and robustness in robotic assembly lines. However, many Al models' “black-box” nature limits their interpretability, which is critical for safety-
critical mechanical applications. [37,38]
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Critique: Despite the benefits of these approaches regarding flexibility and efficiency, most AI models are interpretable due to their black-box
nature. This is a major impediment in safety-critical mechanical use, in which explainability and transparency are needed.

2.5 Gap Analysis

Despite significant progress, existing studies are fragmented and case-specific. Most works demonstrate isolated successes without proposing a
unifying theoretical framework to integrate Al systematically with the physical principles of mechanics. Moreover, limitations in generalization,
explainability, and data availability remain unresolved. This gap underscores the necessity of a layered conceptual framework that blends Al
methods with physics-based modeling, thereby ensuring computational efficiency, reliability, and interpretability.

Table 1. Comparative Analysis of AI Applications in Mechanical Engineering

Domain Example Studies Advantages Challenges /| References
Limitations
Design & - GA + topology = - Lightweight yet robust -  Domain-specific | [39] [40]
Optimization optimization for aerospace @ designs. - Exploration of @ results. -  Weak
structures - DL models for = non-intuitive solutions. physical
crashworthy automotive interpretability.
design
Computational - ANN surrogate models for = - Reduction in | - Limited = [41][42]
Modeling (FEM/CFD) | stress prediction - DL-based = computational cost by up = generalization
turbulence  models to to 80%. - Feasible for beyond training data.
accelerate CFD complex, nonlinear = - Validation against
problems. physics is still
required.
Predictive - CNNs for rotating - Early detection of faults. - Data scarcity and @ [43][44]
Maintenance & Fault = machinery fault detection - - Extended equipment noise. - Expensive
Diagnosis LSTM models for turbine @ lifespan. -  Reduced sensor deployment.
anomaly prediction downtime.
Control & Robotics - RL-based controllers for = - Improved adaptability - “Black-box” nature = [45][46]

HVAC energy reduction -
Adaptive NN controllers in
manufacturing robotics

and energy efficiency. -
Robustness
environments.

in uncertain

reduces  trust. -
Limited adoption in
safety-critical

systems.

3. THEORETICAL FRAMEWORK

The suggested framework is based on a conceptual model with multiple layers that combine the practices of artificial intelligence and mechanical
engineering. The first layer is the input stage, constituting the background where different data sources are gathered. These are the experimental
results of vibration, temperature, acoustic sensor, and simulation using a finite element model, computational fluid dynamics, and multibody
dynamics. The contextual information that gives value to the dataset and enables modelling it more effectively is also presented by environmental
information, with historical maintenance records and the records of processes. [47,48,49.50,51]

The second tier, the Al modeling process, focuses on processing and analyzing received information. Machine learning methods, including
regression methods, decision trees, support vector machines, and so on, are implemented at this level because it is necessary to predict the results
of a system and categorize conditions. More intricate neural architecture models, such as convolutional neural networks, are also used to locate
defects and visualize flows, and recurrent neural networks to analyze over time. Further, two examples of evolutionary algorithms are genetic
algorithms and particle swarm optimization, which could be utilized to optimize mechanical designs and increase efficiency. [52,53]

The third layer is the combination of Al systems and physics-based models. This scaling middle ground ensures that data-driven models are not
rendered meaningless by conditioning them to learn governing equations, such as the Navier-Stokes equations governing fluid flow or Fourier heat
transfer laws. Physics-informed neural networks are capable of achieving this combination, but surrogate models can replace computationally
expensive FEM and CFD solvers with Al-based approximations to achieve high-speed simulation. The more potent models are coupled models,
which, by incorporating first-principles physics and Al corrections, enhance the accuracy and reliability of prediction. [54,55,56]

Finally, the output layer translates the integrated framework's output into useful engineering applications. This involves developing adaptive control
schemes complex enough to respond nimbly to changing operating conditions, accelerating the mechanical design cycle, developing proactive
maintenance and fault detection strategies, and generating more realistic and faster simulation outputs. Such a combination of layers has produced
a stable system that improves the efficiency of mechanical engineering through the orderly combination of artificial intelligence. [57,58,59]

The layered architecture suggested in Figure 1 allows for communicating engineering outputs, hybrid physics-Al, Al modeling methodologies,
and data sources.
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Input Layer:
- Experimental Data
- Simulation Data
- Maintenance Records

;

[ Al Modeling Layer:

- Machine Learning
- Deep Learning
- Evolutionary Algorithms

;

Hybrid Physics—Al Layer:
- PINNs
- Surrogate Models
- Coupled Models

i

QOutput Layer:
- Optimized Design
- Predictive Maintenance
- Fast Simulations
- Adaptive Control

Figure 1. Conceptual framework for integrating artificial intelligence into mechanical engineering.

The structure is composed of four interrelated layers. The input layer includes records, simulations, and experiments. Through the Al modeling
layer, machine learning, deep learning, and evolutionary algorithms are used to learn and understand to achieve optimization. Surrogate modeling,
coupled methods, and physics-informed neural networks are developed to provide a physical explanation of the hybrid physics-Al layer. Finally,
the output is a real-world provision, and it entails variable control, foresight, enhanced simulation, and rationalized mechanical designs.

4. DISCUSSION

Artificial intelligence's advantages can revolutionize traditional engineering design and work due to the influence of mechanical engineering. The
Al allows engineers to increase efficiency regarding the saved time as it drastically cuts the simulation and optimization time. The result is rapid
decision-making and an increased level of innovativeness. Moreover, Al improves the limits of engineering creativity because it locates
unconventional ideas that the human mind cannot conceive. Furthermore, trustworthy predictive maintenance models and early fault identification
enabled by the firm's Al can enhance reliability by extending the life of mechanical systems and parts.

These motivating advantages do not exclude some theoretical and practical problems. Data limitation is one of the key issues since mechanical
systems may not produce sufficient high-quality data to make the fullest use of Al methodology. Moreover, black-box Al models cannot be
described. This is one of the strongest shortcomings of their use in safety-critical systems where credibility and transparency are paramount. The
second weakness is that most Al models are trained to handle particular problems and cannot be utilized efficiently in other mechanical systems,
complicating the generalization. The second acute question is the complication of applying Al strategies in the physics-based model to meet the
conditions of complete validation and sophisticated algorithms, even to obtain correct and reliable outcomes.

The importance of considering the predictive capability of data-driven approaches can be explained by the need to reach the accuracy of the
frameworks and account for the interrelated intuitions of the analytical ones. Data-constructed methods and all-encompassing massive engineering
systems offer an offset. It is also possible to extend the extension to mechanical engineering Al.

5. FUTURE PERSPECTIVES

The intelligence of artificial intelligence, combined with mechanical engineering, will definitely transform the relationship between these two
aspects in numerous significant ways. Digital twins, artificial intelligence-based virtual copies of mechanical systems that work in real time, will
be one of the most crucial new technologies. The twins will transform engineers' perceptions of system performance and reliability and allow
continuous monitoring, optimization, and prediction of interventions.

Another promising path is to use explainable AI methods. Due to the high degree of safety frequently involved in mechanical systems, the Al
decision-making process must be simple to comprehend. Explainable artificial intelligence can facilitate the development of trust and insist on
strict safety standards by providing clear information about models' predictions. It is quite similar to physics-informed Al, also in active
development. It has already been shown that physics-informed neural networks can take advantage of governing equations in learning. They will
be applied in complex nonlinear materials behavior, multi-phase flows, and coupled physical phenomena.

The framework enhances the calculation techniques, and sustainable engineering has much to provide. With the assistance of Al, it is possible to
use appropriate technologies and to create less energy-intensive systems, technologies that utilize other sources of renewable energy, and
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production systems that are environmentally friendly. This would be the convergence of mechanical engineering, environmental responsibility,
and climate resilience objectives. Finally, these opportunities could be obtained by cooperating with other professionals. Integration of Al and
experience in mechanical engineering will likely eliminate the qualitative gap between computer intelligence and engineering practice, and new
opportunities in business should be offered in the sphere of study and implementation.

6. CONCLUSION

This survey shows how artificial intelligence is used in mechanical engineering to transform the paradigm. Although the application field has
improved significantly, a holistic and systematic design is still needed to achieve the full potential of Al implementation. The layered theoretical
framework can offer a systematic route to predicting data-driven models with the interpretability and reliability of physics-based principles.

This study met four key objectives by: first, classifying Al applications in key areas of mechanical engineering; second, uncovering the continuing
challenges of limited generalizability and explainability; third, introducing a conceptual hybrid Al-physics framework; and lastly, identifying
promising opportunities in digital twins, explainable Al, and sustainable engineering.

To answer the guiding research questions, the framework shows that although Al has already reached design, optimization, predictive maintenance,
and control, the connection with the physical models has not yet been developed. The hybrid paradigm described in this paper indicates that data-
driven and physics-based approaches can complement each other to enhance efficiency, accuracy, and scalability. Moreover, the recognition of the
opportunities of the next generation, like real-time digital twins and explainable Al, underlines that the future of mechanical engineering is
interdisciplinary cooperation. The framework guides scholarly study and industry implementation to guarantee Al's systematic, dependable, and
sustainable incorporation into mechanical engineering.

Finally, the conceptual framework and a roadmap to future studies and industrial implementation are also added to this work. Mechanical
engineering can explore new avenues of innovation relying on Al methodologies consistent with physics principles, reliable, interpretable, and
sustainable, meeting the technical and environmental targets of the next decades.
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