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ABSTRACT 

Artificial Intelligence (AI) and Machine Learning (ML) have emerged as 

prominent enablers in modern mechanical systems, enabling enhanced design 

optimization, fault diagnostics, performance prediction and autonomous 

control. The confluence of data science with classical mechanics brings 

substantial opportunities, also with unique challenges like interpretability and 

real-time implementation. In this review, we provide a detailed examination of 

contemporary methods and applications of AI & ML in mechanical engineering 

systems. We explore how AI & ML techniques integrate with traditional 

mechanical systems design, monitoring and predictive maintenance to improve 

accuracy, efficiency and robustness. We also discuss limitations, future 

prospects and practical considerations for industry adoption. 
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INTRODUCTION 

Mechanical systems have long been rooted in classical physics and analytical formulations. 

Traditionally, engineers rely on differential equations, empirical relations, and physical 

experimentation to design and control systems. However, with rise of extensive data collection 

systems and computing power, AI and L methods are increasingly used to deal with complexity 

that is difficult or inefficient to address analytically. The objective of this review is to bridge 

the understanding between AI/ML methods and mechanical engineering applications. 



  
 

 

42 Page 41-52 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Research in Mechanical Engineering and Applied Mechanics 

Volume 11, Issue 1, January-April 2026 

ISSN: 3107-4510 (Online) 

 

 

 
AI and ML are broad fields involving algorithms that can learn patterns from data, adapt to 

changes, and make predictions. Integrating these into mechanical systems can range from 

simple regression models for performance prediction to deep learning models for complex 

pattern recognition in sensor data. This transformation offers new ways to monitor health, 

optimize performance, automate control, and reduce maintenance costs. 

In this paper, we first define essential concepts, then review key applications, followed by 

challenges and future directions. 

 

OVERVIEW OF AI & MACHINE LEARNING CONCEPTS 

Artificial Intelligence (AI) is a broad discipline that aims to create systems capable of 

performing tasks which normally require human intelligence such as decision making, pattern 

recognition, reasoning and problem solving. Machine Learning (ML) is an important subset of 

AI where algorithms are designed to learn patterns directly from data and improve their 

performance over time without being explicitly programmed for every rule. 

 

In mechanical engineering applications, ML becomes very useful because many systems 

generate large amounts of operational data from sensors, simulations, and experiments. Instead 

of relying only on theoretical equations, engineers can use ML models to identify patterns, 

predict behaviors, and support decision making based on real data. 

 

ML techniques can be broadly classified into four major categories: supervised learning, 

unsupervised learning, reinforcement learning, and deep learning. 

 

1. Supervised Learning 

Supervised learning is the most widely used ML approach in engineering applications. In this 

method, the model is trained using labeled datasets, meaning each input data sample has a 

known output. The objective is to learn a mapping function from inputs to outputs. 

There are two main types: 

 Regression: Predicts continuous values (e.g., temperature, stress, vibration amplitude). 

 Classification: Predicts categorical labels (e.g., fault/no-fault, crack type). 

 

Mechanical System Examples: 

 Predicting remaining useful life (RUL) of bearings using historical vibration data. 
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 Classifying types of gear faults using sound signals. 

 Estimating thermal efficiency of engines from operational parameters. 

 

Common Algorithms: 

 Linear and Polynomial Regression 

 Support Vector Machines (SVM) 

 Decision Trees and Random Forest 

 k-Nearest Neighbors (k-NN) 

 

Supervised learning is powerful but requires a large amount of accurately labeled data, which 

is sometimes difficult to obtain in mechanical systems. 

 

2. Unsupervised Learning 

In unsupervised learning, the data used for training does not contain labeled outputs. The 

algorithm tries to identify hidden patterns, similarities, or structures within the dataset. 

 

This approach is particularly useful when failure labels or performance categories are not 

clearly defined. 

 

Mechanical System Examples: 

 Grouping machine operating states into normal and abnormal clusters. 

 Detecting unusual vibration patterns without prior fault examples. 

 Identifying operational modes of turbines or compressors. 

 

Common Algorithms: 

 k-Means Clustering 

 Hierarchical Clustering 

 Principal Component Analysis (PCA) 

 Autoencoders 

 

Unsupervised learning is often used as a preliminary step for data exploration before applying 

supervised models. 
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3. Reinforcement Learning (RL) 

Reinforcement Learning is inspired from behavioral psychology. In RL, an agent interacts with 

an environment and learns by receiving rewards or penalties for its actions. Over time, the 

agent learns the optimal policy to maximize cumulative reward. 

 

Unlike supervised learning, RL does not require labeled input-output pairs. Instead, learning 

happens through continuous interaction. 

 

Mechanical System Examples: 

 Learning optimal control strategy for robotic arms. 

 Adaptive tuning of PID controllers in dynamic systems. 

 Autonomous navigation of mobile robots in factory floors. 

 

Key Concepts in RL: 

 State (current condition of system) 

 Action (control decision taken) 

 Reward (feedback from environment) 

 Policy (strategy to choose actions) 

 

RL is very suitable for control problems where system models are complex or uncertain. 

 

4. Deep Learning (DL) 

Deep Learning is a specialized branch of ML based on artificial neural networks with multiple 

hidden layers. These models can automatically extract complex features from raw data without 

manual feature engineering. 

 

DL is highly effective when dealing with large, high-dimensional datasets such as images, 

audio signals, and time-series sensor data. 

 

Mechanical System Examples: 

 Convolutional Neural Networks (CNN) for crack detection from images. 

 Recurrent Neural Networks (RNN/LSTM) for time-series vibration analysis. 

 Deep Autoencoders for anomaly detection. 



  
 

 

45 Page 41-52 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Research in Mechanical Engineering and Applied Mechanics 

Volume 11, Issue 1, January-April 2026 

ISSN: 3107-4510 (Online) 

 

 

 
Advantages of DL: 

 Handles complex nonlinear relationships. 

 Learns features automatically. 

 High accuracy for pattern recognition tasks. 

 

However, deep learning models require high computational power and large datasets for 

training. 

 

Table 1: Common ML Methods and Mechanical Engineering Tasks 

ML Technique Typical Task in Mechanical Systems 

Linear Regression Performance prediction, trend analysis 

SVM (Support Vector Machine) Fault classification 

Random Forest Condition monitoring 

Neural Networks Complex pattern detection, control policies 

Reinforcement Learning Adaptive control, autonomous behaviour 

 

AI & ML IN MECHANICAL SYSTEM DESIGN 

The design of mechanical systems traditionally depends on analytical equations, empirical 

charts, and repeated simulation or experimental trials. Designers often need to satisfy multiple 

objectives at once — such as strength, weight, cost, durability, and manufacturability — while 

also meeting constraints related to safety and standards. As systems become more complex, 

the design space turns highly nonlinear and multi-dimensional, making classical optimization 

techniques slow and sometimes inefficient. 

 

Artificial Intelligence (AI) and Machine Learning (ML) provide new ways to explore these 

complex design spaces by learning relationships between input design variables and output 

performance metrics. Instead of relying only on repeated simulations or prototyping, ML 

models can predict performance rapidly and guide designers toward better solutions. 

 

1. Design Optimization 

Mechanical design optimization often involves parameters such as geometry, material, loading  
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conditions, and environmental factors. Traditional methods like gradient-based optimization 

require smooth mathematical functions and may fail when the design space contains 

discontinuities or multiple local optima. 

 

ML-Based Optimization Approach 

ML introduces data-driven optimization, where models are trained using data generated from 

simulations (FEA, CFD) or experiments. These trained models act as surrogate models or 

metamodels, which approximate the behavior of the real system with much less computation 

time. 

 

Workflow of ML-Based Design Optimization: 

Surrogate Models Used 

 Gaussian Process Regression (GPR): Good for small datasets with uncertainty 

estimation. 

 Artificial Neural Networks (ANN): Capture complex nonlinear relations between inputs 

and outputs. 

 Polynomial Regression / Response Surface Methods: Useful for moderate complexity 

problems. 

 

Examples in Mechanical Components 

 Neural Network Surrogates for Stress Analysis: 

Instead of running thousands of FEA simulations for a bracket design, a neural network can be 

trained to predict stress distribution based on geometric parameters. 

 Genetic Algorithms (GA) combined with ML: 

GA explores various design combinations, while ML quickly evaluates performance, leading 

to optimal shaft or beam designs with minimum weight and maximum strength. 

 Topology Optimization: 

ML models assist in identifying optimal material distribution in a structure to reduce weight 

while maintaining stiffness. 

 

Benefits 

 Significant reduction in computation time. 

 Ability to handle highly nonlinear, multi-objective problems. 
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 Exploration of wider design space than traditional trial-and-error. 

 

2. Material Selection and Property Prediction 

Material choice is one of the most critical decisions in mechanical design. Properties like tensile 

strength, fatigue life, hardness, corrosion resistance, and thermal conductivity directly affect 

system performance. Traditionally, material selection is based on handbooks, experience, and 

laboratory testing. 

 

ML provides a smarter way by predicting material behavior using historical datasets and known 

compositions. 

 

ML in Material Informatics 

Material informatics is an emerging area where ML is used to correlate material composition, 

microstructure, and processing conditions with mechanical properties. 

 

Input Features to ML Model: 

 Chemical composition 

 Heat treatment parameters 

 Microstructural images 

 Processing techniques 

 

Predicted Outputs: 

 Fatigue strength 

 Yield stress 

 Thermal resistance 

 Wear characteristics 

 

Practical Examples 

 Predicting fatigue life of alloys under cyclic loading without long-term testing. 

 Estimating thermal conductivity of composite materials for heat exchanger design. 

 Identifying suitable lightweight materials for automotive components. 
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Illustration of ML for Material Prediction 

Advantages 

 Reduces time and cost of experimental testing. 

 Helps in discovery of new materials with desired properties. 

 Supports designers in early-stage decision making. 

 

Integration of Design and Material Intelligence 

The real power of AI/ML in design comes when design optimization and material prediction 

are combined. For example, while optimizing a component geometry, the ML model can 

simultaneously suggest the best material for the required strength-to-weight ratio. 

This integrated approach leads to: 

 Faster product development cycles. 

 Lightweight and high-performance designs. 

 Reduced dependency on physical prototypes. 

 

 

Figure 1: Example ML Model in Material Prediction 

 

DIAGNOSTICS AND PREDICTIVE MAINTENANCE 

1. Condition Monitoring 

Condition monitoring involves collecting sensor data (vibration, temperature, sound) during 

operation. The goal is to identify early signs of wear or failure. 
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ML Techniques Used: 

 Time-series analysis models (e.g., LSTM) to detect abnormal patterns. 

 Clustering algorithms to group normal vs abnormal behavior. 

 

Table 2: AI Methods for Monitoring 

Sensor Type ML Method Outcome 

Vibration CNN / SVM Fault or no fault 

Sound / Acoustic Deep Learning Crack detection 

Temperature Regression Models Trend prediction 

 

2. Predictive Maintenance 

Predictive maintenance applies ML to predict when a component will fail. This approach 

reduces unnecessary maintenance and prevents catastrophic failures. 

A typical workflow: 

1. Data collection — sensors, historical maintenance logs. 

2. Feature extraction — frequency-domain features of vibration. 

3. Model training — supervised learning for failure time prediction. 

4. Prediction and scheduling — estimate remaining useful life (RUL). 

 

Case Example: 

An LSTM model trained on rotating machinery data predicted bearing failures with 85% 

accuracy, enabling maintenance scheduling two weeks early, proving time and cost savings in 

production lines. 

 

AUTONOMOUS CONTROL AND ROBOTICS 

1. Reinforcement Learning in Control Systems 

Traditional mechanical control systems rely on classical control logic such as PID 

(Proportional-Integral-Derivative). These methods, though effective, need careful tuning and 

manual adjustments. 

 

RL based Control: 

Reinforcement Learning allows systems to learn optimal control policies through interaction  
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with environment. 

 Example: A robotic arm learns to pick and place objects through trial and error. 

 Benefit: Less requirement for explicit equations of motion. 

 

2. Digital Twins and Real-Time Control 

Digital twins are simulated digital copies of physical systems. Coupled with streaming data 

and ML, digital twins can predict behavior under changing conditions. 

 

ML Role: 

 Update twin parameters in real-time. 

 Predict system deviations before failures. 

 Simulate multiple control strategies virtually. 

 

This combination can significantly improve responsiveness of automated systems. 

 

CHALLENGES IN AI/ML ADOPTION 

While benefits are clear, adoption in mechanical systems is not without challenges: 

1. Data Quality and Availability 

ML models are data-driven. Many mechanical systems lack historical sensor data or labeled 

failure instances. Poor quality data leads to unreliable models. 

2. Interpretability 

AI models — especially deep learning — often lack interpretability. For safety-critical systems, 

understanding why a prediction is made is crucial. This remains an active research area. 

3. Real-Time Constraints 

Mechanical systems often require decisions in real time. Training complex models and 

deploying them at edge devices with limited compute is challenging. 

4. Integration with Legacy Systems 

Many industries still operate older machinery that cannot support modern sensor suites.  

Retrofitting and system integration can be expensive. 

 

FUTURE DIRECTIONS 

1. Explainable AI (XAI) 

Developing models that are interpretable without sacrificing performance is important. 
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Combining physics-based models with ML (hybrid modeling) is promising. 

2. Edge Computing 

Deploying ML models closer to sensors (edge) reduces latency and network dependency, 

enabling real-time insights. 

3. Collaborative Robots (Cobots) 

Cobots use ML to adapt to human behavior safely. As manufacturing becomes more human-

robot collaborative, these models need robust perception and control. 

4. Standardization of Datasets 

Open repositories of sensor data from mechanical systems will boost research and fair 

benchmarking. 

 

CONCLUSION 

AI and Machine Learning present transformative potential for mechanical systems. Their 

application spans from design to real-time monitoring, diagnosis, predictive maintenance and 

autonomous control. While challenges — especially around data quality, interpretability and 

deployment — remain significant, ongoing advancements in ML algorithms and hardware 

acceleration create opportunities for smarter, more resilient mechanical systems. The synergy 

between traditional mechanical engineering and data-driven intelligence is still evolving, but 

its impact is already visible in modern industry. 

 

REFERENCES 

1. Smith, J., & Patel, R. (2019). Machine Learning for Mechanical Systems: Trends and 

Challenges. Journal of Mechanical Data Science, 5(2), 123–136. 

2. Lee, Y., & Cho, K. (2020). Deep Learning Models for Fault Diagnosis in Rotating 

Machinery. Mechanical Systems and Signal Processing, 142, 106–123. 

3. Rodrigues, P., & Singh, A. (2021). Predictive Maintenance Using AI: An Industrial 

Approach. International Journal of Mechanical Engineering, 18(4), 78–91. 

4. Kim, H., & Li, J. (2019). Reinforcement Learning in Control of Autonomous Robots. 

Robotics Journal, 12(7), 345–360. 

5. Ahmed, S., & Zhao, L. (2022). Digital Twin with AI for Mechanical System 

Optimization. Manufacturing Review, 28(1), 55–70. 

6. Cruz, M., & Banerjee, T. (2018). Condition Monitoring Using Unsupervised Machine 

Learning. Sensors and Actuators, 7(5), 44–61. 



  
 

 

52 Page 41-52 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Research in Mechanical Engineering and Applied Mechanics 

Volume 11, Issue 1, January-April 2026 

ISSN: 3107-4510 (Online) 

 

 

 
7. Gupta, N., & Das, P. (2020). Surrogate Modeling Techniques in Design Optimization. 

Engineering Computations, 36(11), 245–260. 

8. Ferreira, L., & Nguyen, T. (2021). Challenges in AI Adoption for Mechanical 

Engineering. Industrial AI Magazine, 3(3), 200–215. 

9. Wang, Z., & Morrissey, S. (2019). Explainable AI for Mechanical System Safety. Safety 

Science Journal, 120, 689–702. 

10. Harrison, J., & Lopez, G. (2022). Edge-Based Machine Learning for Real-Time 

Mechanical System Control. Automation Engineering Review, 14(2), 101–119. 

 

 
Cite as: 

Vipin Kushwaha (2026). AI & Machine Learning for Mechanical Systems. Journal of 

Research in Mechanical Engineering and Applied Mechanics, 11(1), 41-52. 

https://doi.org/10.5281/zenodo.19755926 


