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Nov 24,2020  modern civil infrastructure management due to the increasing age, complexity, and usage demands of built
Accepted:  assets. Conventional inspection and maintenance approaches are often reactive, labor-intensive, and limited
Nov 26,2020  in their ability to detect early-stage damage. Recent advances in machine learning have enabled data-driven
Published online:  methodologies capable of analyzing large volumes of sensor and inspection data to identify damage patterns,
Nov 27,2020 assess structural condition, and predict future performance degradation. This review paper provides a
comprehensive examination of machine learning techniques applied to structural health monitoring and
predictive maintenance of civil infrastructure. Supervised, unsupervised, and deep learning models are
critically analyzed with respect to damage detection, localization, severity assessment, and remaining useful
life prediction. The integration of sensor networks, data preprocessing strategies, and feature extraction
methods is discussed in detail. Challenges related to data scarcity, model generalization, interpretability, and
real-world deployment are highlighted. Finally, emerging trends and future research directions are outlined,
emphasizing hybrid physics-informed learning frameworks and digital twin integration for resilient and

sustainable infrastructure systems.
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1. Introduction

Civil infrastructure systems such as bridges, buildings, dams, and transportation networks play a critical role in
economic development and societal well-being. Many of these structures are aging rapidly while being subjected
to increasing traffic loads, environmental degradation, and extreme climatic events. Traditional inspection-based
maintenance strategies rely heavily on periodic visual assessments, which are often subjective, costly, and
incapable of detecting subsurface or early-stage damage [1]. As a result, there is a growing need for intelligent
monitoring systems that enable timely intervention and optimized maintenance planning. Structural health
monitoring (SHM) seeks to continuously or periodically assess the condition of structures using sensor data and
analytical models. In parallel, predictive maintenance aims to forecast future deterioration and remaining service
life, allowing maintenance activities to be scheduled proactively rather than reactively [2]. The rapid
advancement of sensing technologies has led to the generation of massive volumes of structural response data,
including vibration signals, strain measurements, acoustic emissions, and environmental parameters. Machine
learning has emerged as a powerful tool for extracting meaningful patterns from such complex and high-
dimensional datasets. By learning relationships between structural responses and damage states, machine
learning models can automate damage detection and provide reliable condition assessments. This review
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explores the role of machine learning in SHM and predictive maintenance, highlighting methodological
advances, practical applications, and research challenges.

2. Fundamentals of Structural Health Monitoring

Structural health monitoring involves the integration of sensors, data acquisition systems, and analytical
algorithms to evaluate structural performance over time. Sensors such as accelerometers, strain gauges, fiber
optic sensors, and piezoelectric transducers capture dynamic and static responses of structures under operational
loads [3]. These responses contain implicit information about stiffness degradation, crack formation, and
boundary condition changes. The SHM process typically consists of data collection, signal processing, feature
extraction, damage identification, and decision-making. Feature extraction plays a critical role, as raw sensor
data are often noisy and influenced by environmental variability. Common features include modal frequencies,
mode shapes, damping ratios, and time—frequency characteristics [4]. Machine learning enhances SHM by
enabling automated feature learning and pattern recognition, reducing reliance on handcrafted indicators and
expert interpretation. This capability is particularly valuable for large-scale infrastructure systems where manual
analysis is impractical.
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Fig. 1 Structural Health Monitoring
3. Machine Learning Paradigms in SHM

Machine learning approaches applied to SHM can be broadly categorized into supervised, unsupervised, and
semi-supervised learning frameworks. Supervised learning methods rely on labeled datasets where structural
response data are associated with known damage states. Algorithms such as support vector machines, decision
trees, and artificial neural networks have been extensively used for damage classification and severity estimation
[5]. Unsupervised learning techniques are particularly useful in real-world SHM applications where labeled
damage data are scarce or unavailable. Methods such as principal component analysis, k-means clustering, and
autoencoders identify deviations from baseline structural behavior, enabling anomaly detection without prior
knowledge of damage patterns [6]. Deep learning has gained significant attention due to its ability to
automatically learn hierarchical features from raw data. Convolutional neural networks and recurrent neural
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networks have demonstrated superior performance in vibration-based damage detection and time-series
prediction tasks. These models reduce the need for manual feature engineering and can handle complex
nonlinear relationships inherent in structural systems [7].

4. Data Acquisition, Preprocessing, and Feature Engineering

The effectiveness of machine learning models in SHM depends heavily on data quality and preprocessing
strategies. Sensor data are often affected by noise, missing values, and environmental influences such as
temperature and humidity variations. Data normalization, filtering, and outlier removal are essential steps to
ensure reliable model performance [§8]. Feature engineering remains an important aspect of many SHM
applications, particularly for traditional machine learning models. Time-domain, frequency-domain, and time—
frequency-domain features are extracted to capture damage-sensitive characteristics. In contrast, deep learning
approaches often operate directly on raw or minimally processed data, learning discriminative features
automatically. Data fusion techniques that combine information from multiple sensor types and locations
enhance damage detection accuracy and robustness. Such approaches are increasingly adopted in large

infrastructure monitoring projects [9].
5. Predictive Maintenance and Remaining Useful Life Estimation

Predictive maintenance extends SHM by focusing on forecasting future structural performance and estimating
remaining useful life. Machine learning models trained on historical degradation data can predict the progression
of damage and identify optimal maintenance schedules [10]. Regression models, recurrent neural networks, and
probabilistic learning approaches are commonly used for this purpose. Remaining useful life estimation is
particularly important for critical infrastructure assets where failure consequences are severe. By integrating
operational data, environmental conditions, and usage history, machine learning models provide more accurate
and adaptive predictions than traditional deterministic approaches. The combination of SHM and predictive
maintenance enables data-driven asset management strategies that minimize lifecycle costs while ensuring safety
and reliability.

6. Applications in Civil Infrastructure

Machine learning-based SHM systems have been successfully implemented in bridges, high-rise buildings,
tunnels, and offshore structures. In bridge monitoring, vibration-based learning models detect stiffness loss and
crack propagation under traffic and environmental loading [11]. For buildings, machine learning assists in post-
earthquake damage assessment and rapid safety evaluation. Transportation infrastructure such as railways and
pavements also benefits from predictive maintenance models that forecast degradation trends and optimize
maintenance interventions. These applications demonstrate the versatility and scalability of machine learning
techniques across diverse civil engineering domains [12].

7. Challenges and Limitations

Despite promising results, several challenges hinder widespread adoption of machine learning in SHM. The
scarcity of labeled damage data limits supervised learning approaches, while domain shift between laboratory
experiments and real structures affects model generalization [13]. Environmental variability can obscure damage
signatures, leading to false alarms or missed detections. Model interpretability is another critical concern,
particularly for deep learning approaches. Engineers and decision-makers often require transparent and
explainable models to trust automated assessments. Computational requirements and integration with existing
infrastructure management systems also present practical challenges [14].

8. Emerging Trends and Future Research Directions

Future research in machine learning-based SHM is increasingly focused on hybrid approaches that integrate
physics-based models with data-driven learning. Physics-informed machine learning enhances generalization and
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reduces data requirements by embedding structural mechanics principles into learning frameworks [15]. Digital
twins, which combine real-time monitoring data with predictive models, are emerging as a powerful paradigm
for intelligent infrastructure management. Advances in edge computing and wireless sensor networks will further
enable real-time analytics and decentralized decision-making. These developments are expected to play a crucial
role in building resilient and sustainable civil infrastructure systems.

9. Conclusion

Machine learning has significantly advanced the field of structural health monitoring and predictive maintenance
by enabling automated, data-driven assessment of civil infrastructure. Through effective damage detection,
condition assessment, and life prediction, machine learning-based approaches offer substantial improvements
over traditional inspection methods. While challenges related to data availability, interpretability, and
deployment remain, ongoing research and technological innovation are poised to transform infrastructure
management practices and enhance the safety and sustainability of built environments.
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