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ABSTRACT 

Machine condition monitoring and predictive maintenance have evolved from 

scheduled inspections to data-driven strategies that leverage machine 

learning (ML) to anticipate faults, reduce downtime, and optimize 

maintenance costs. This paper surveys the role of machine learning in 

condition monitoring and predictive maintenance with focus on algorithms, 

feature extraction, data sources, implementation challenges, and performance 

evaluation. Real-world case studies are complemented with simulation 

examples, comparative tables, and figures illustrating workflows and model 

performance. 
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INTRODUCTION 

Traditional maintenance strategies (scheduled or corrective) are resource intensive, often 

leading either to premature part replacement or unexpected failures. Condition monitoring 

observes system indicators in real time—vibration, temperature, acoustic emissions—to infer 

health status. Predictive maintenance uses this data to forecast future failure events before 

they occur. 

 

Machine learning, with its ability to extract patterns from large sensor datasets, has emerged 

as a cornerstone in next-generation maintenance systems. ML enables models to learn normal 

vs. faulty behavior and forecast remaining useful life (RUL) based on historical condition 

data. 

 

MACHINE LEARNING IN MAINTENANCE SYSTEMS 

1. Data Sources and Preprocessing 

Typical condition monitoring signals: 

 Vibration sensors (accelerometers, FFT signals) 

 Temperature profiles 

 Current/voltage signatures 

 Acoustic emissions 

 Oil/fluids quality indicators 

Raw data often require preprocessing: noise filtering, normalization, feature extraction. 

 

2. Feature Extraction 

Effective features include: 

 Statistical: mean, RMS, variance, kurtosis 

 Frequency domain: spectral peaks, bandwidth 

 Time–frequency: wavelet transforms 

 

Table 1: Common Feature Types for Condition Monitoring 

Feature Type Domain Typical Use 

Mean, Variance Time Baseline trend analysis 

RMS, Skewness, Kurtosis Time Fault severity indicators 
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 Feature Type Domain Typical Use 

FFT spectral peaks Frequency Bearing/gear faults detection 

Wavelet packet coefficients Time–frequency Transient/multi-scale feature 

 

MACHINE LEARNING ALGORITHMS FOR PREDICTIVE MAINTENANCE 

1. Supervised Learning 

Used when labeled data (normal vs. fault) is available. 

 Classification: Decision Trees, Support Vector Machines (SVM), Random Forests 

 Regression: Linear Regression, Support Vector Regression, Gradient Boosting for RUL 

prediction 

 

2. Unsupervised Learning 

Used without labeled fault data: 

 Clustering (K-means, DBSCAN) for anomaly separation 

 Autoencoders for reconstruction error-based fault detection 

3. Deep Learning Methods 

 CNN (Convolutional Neural Networks): Learn spatial patterns in sensor arrays 

 LSTM (Long Short-Term Memory): Capture time dependencies for RUL forecasting 

 

WORKFLOW: FROM DATA TO DECISION 

Figure 1: Workflow of ML-based Condition Monitoring and Predictive Maintenance 

+----------------+      +----------------+      +----------------+      +----------------+      +-------------+ 

| Sensor & Data  | ---> | Preprocessing   | ---> | Feature/Model  | ---> | ML Model        | ---> | 

Decision &  | 

| Acquisition    |      | (Filtering,     |      | Training/       |      | Inference       |      | Maintenance | 

| (Time series)  |      | Normalization)  |      | Validation      |      | (Classification |      | Action      

| 

|                |      |                 |      |                 |      | /Regression)    |      |             | 

+----------------+      +----------------+      +----------------+      +----------------+      +-------------+ 
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CASE STUDIES AND SIMULATED RESULTS 

1. Bearing Fault Classification 

Dataset: Vibration signals from rolling-element bearings under different fault sizes (baseline 

vs. fault). 

ML Models Compared 

Table 2: Model Performance for Bearing Fault Detection 

Model Accuracy (%) F1 Score Notes 

SVM 91 0.89 Good for balanced data 

Random Forest 94 0.92 Robust to noisy features 

LSTM (Time series) 96 0.94 Captures temporal patterns 

Autoencoder + Clustering 88 0.85 Unsupervised anomalies 

 

2. Remaining Useful Life (RUL) Prediction 

Regression based on historical run-to-failure data from bearings or turbine engines. LSTM 

regression models often outperform traditional regression due to ability to learn temporal 

dependencies. 

 

DISCUSSION 

1. Benefits of ML Approaches 

 Early detection of fault precursors 

 Reduced unexpected downtime 

 Data-driven rather than rule-based thresholds 

 Continuous learning with new data 

 

2. Challenges 

 Need for labeled failure data 

 Sensor noise and missing values 

 Computational cost for deep models 

 Interpretability in industrial settings 
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CONCLUSION 

Machine learning significantly enhances condition monitoring and predictive maintenance by 

enabling systems to learn patterns of normal and abnormal behavior from sensor data. With 

appropriate preprocessing, feature extraction, and model selection, ML methods can forecast 

failures and support data-driven maintenance decisions that reduce costs and improve asset 

reliability. 
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Appendix: Figures & Example Plots 

Figure 2: Example 2D Line Plot of Vibration Feature Over Time 
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Figure 3: Example 2D ROC Curve (Classification Performance) 
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