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energy systems. Machine learning, deep learning, and hybrid physics-informed approaches are examined in
terms of accuracy, robustness, and scalability. Optimization frameworks based on evolutionary algorithms,
reinforcement learning, and digital twins are critically reviewed. Key challenges related to data imbalance,
model interpretability, cybersecurity, and real-time deployment are discussed. The paper concludes by
identifying future research directions toward autonomous, resilient, and trustworthy Al-enabled engineering
systems.
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1. Introduction

Fault diagnosis and optimization are fundamental to the safe and efficient operation of engineering systems.
With increasing automation, digitalization, and cyber—physical integration, engineering infrastructures generate
massive volumes of heterogeneous data through distributed sensor networks. Traditional analytical diagnostic
approaches rely on accurate mathematical models, which are often difficult to derive for complex nonlinear
systems operating under uncertain and time-varying conditions [1]. As a result, artificial intelligence has
emerged as a powerful alternative capable of learning system behavior directly from operational data. Al-driven
fault diagnosis enables early detection of anomalies, classification of fault types, and prediction of remaining
useful life, significantly reducing unplanned downtime and maintenance costs [2]. In parallel, Al-based
optimization techniques support intelligent decision-making in system design and operation, addressing multi-
objective trade-offs involving performance, reliability, and energy efficiency. These capabilities are particularly
critical in safety-sensitive domains such as aerospace propulsion systems, power generation plants, and chemical
process industries. This paper presents a comprehensive review of recent advances in artificial intelligence
applications for fault diagnosis and optimization. Emphasis is placed on methodological developments,
application domains, and emerging integration with digital twin technologies.

2. Evolution of Fault Diagnosis Techniques in Engineering Systems
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Early fault diagnosis techniques were primarily model-based, relying on residual generation and threshold
evaluation derived from physical system models. While effective in controlled environments, these approaches
struggled with modeling uncertainties, sensor noise, and complex interactions among subsystems [3]. Rule-based
expert systems attempted to encode human expertise but suffered from scalability and knowledge acquisition
limitations. The emergence of data-driven approaches marked a paradigm shift. Statistical methods such as
principal component analysis and partial least squares enabled multivariate monitoring of industrial processes.
However, these linear techniques exhibited limited capability in capturing nonlinear system behavior [4].
Machine learning algorithms addressed this gap by learning nonlinear decision boundaries from data, leading to
improved diagnostic performance across diverse engineering applications. Supervised learning methods such as
support vector machines, decision trees, and ensemble classifiers demonstrated strong fault classification
accuracy when sufficient labeled data were available. Feature extraction remained a critical step, with time-
domain, frequency-domain, and time—frequency features derived from vibration, acoustic, and electrical signals
[5]. Despite their success, these methods were sensitive to operating condition variations and feature selection

strategies.
MODEL-BASED
DATA-DRIVEN
r_ﬁ%ﬁ: Learning Modern ML/DL
(Traditional) Deep Lesming,
ical m Models, g , Desision Trees CNNs, RNNC. ‘
Bkl Human Expertite Encoding | ~ PCA,PLS. TR g i e K Auw:\:hedFesmrelaaningr .48
| gzg::.'d G;c:l'u-.l::;' T B Linitations: Linear ‘i (Time, Fn:;;r?;m'mﬂme Robstbness e
= Limitations:  Liitatiané: Op. Conditons;
e Scalabilly, Feature Selection
Umitatiens: Scalabily. Knowledge
Untertlinies, Sensor Ncise Acqulsition
vallway.org
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3. Machine Learning and Deep Learning for Fault Diagnosis

The rapid growth of sensor data volume and complexity accelerated the adoption of deep learning techniques
capable of automated feature learning. Convolutional neural networks became widely used in mechanical fault
diagnosis due to their ability to learn spatial patterns from time—frequency representations of sensor signals [6].
CNN-based models significantly outperformed traditional machine learning methods in bearing and gearbox
diagnostics. Recurrent neural networks and long short-term memory architectures addressed temporal
dependencies inherent in degradation processes. These models enabled fault prognosis and remaining useful life
estimation in rotating machinery, batteries, and aerospace systems [7]. Hybrid CNN-LSTM models combined
spatial and temporal learning, enhancing robustness under non-stationary conditions. Unsupervised deep learning
approaches such as autoencoders learned compact representations of normal system behavior, enabling anomaly
detection without labeled fault data [8]. Variational autoencoders further improved robustness by incorporating
probabilistic modeling. Despite these advances, deep learning models face challenges related to interpretability,
data dependency, and computational cost.
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4. Physics-Informed Artificial Intelligence and Hybrid Models

Purely data-driven models may violate physical constraints, leading to unreliable predictions in unseen scenarios.
Physics-informed artificial intelligence integrates governing equations, conservation laws, or system constraints
into learning architectures [9]. Physics-informed neural networks embed physical knowledge directly into loss
functions, ensuring consistency with known system dynamics. Hybrid models combining analytical residual
models with neural networks have demonstrated improved generalization and interpretability. These approaches
reduce data requirements while maintaining high diagnostic accuracy, making them suitable for industrial
deployment in turbines, reactors, and structural systems.
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5. Artificial Intelligence for Optimization of Engineering Systems

Engineering optimization problems are often nonlinear, high-dimensional, and multi-objective. Evolutionary
algorithms such as genetic algorithms and particle swarm optimization efficiently explore complex solution
spaces without requiring gradient information [10]. These methods have been widely applied to structural design,
energy systems optimization, and manufacturing process planning. Surrogate-assisted optimization integrates
machine learning models with computational simulations to reduce evaluation cost. Reinforcement learning has
emerged as a powerful framework for sequential optimization and adaptive control, enabling autonomous
decision-making in robotics, smart grids, and process industries [11].

6. Integration with Digital Twins and Autonomous Systems

Digital twins provide real-time virtual representations of physical assets. Al-enhanced digital twins enable
predictive maintenance, fault diagnosis, and operational optimization through continuous data assimilation [12].
Closed-loop integration supports autonomous engineering systems capable of self-monitoring and self-

optimization.
7. Challenges, Research Gaps, and Future Directions

Key challenges include data imbalance, transferability across systems, explainability, cybersecurity risks, and
regulatory compliance. Future research must emphasize trustworthy AI, uncertainty quantification, federated
learning, and edge intelligence to enable safe deployment in critical infrastructure.

8. Conclusion



Arjun Et. El DOI: 10.36297/vw jei.v2il.101

Artificial intelligence has fundamentally transformed fault diagnosis and optimization in engineering systems.
Continued integration of Al with physical modeling and digital twin technologies will enable resilient, adaptive,
and autonomous engineering infrastructures.
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