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Advanced AI OHS Professional Certification

Predictive Maintenance Using Intelligent Sensors

Artificial Intelligence (AI)
Related terms: machine learning, deep learning
Explanation: A branch of computer science that enables machines to mimic human reasoning, learning, and
problem‑solving. In predictive maintenance, AI algorithms analyze sensor data to detect patterns indicative
of equipment wear or impending failure. Example: An AI model predicts bearing degradation by correlating
vibration signatures with historical failure records. Challenges include data quality, model interpretability,
and the need for continuous retraining as operating conditions evolve.

Algorithmic Bias
Related terms: fairness, data bias
Explanation: Systematic errors that cause AI models to produce prejudiced outcomes due to skewed
training data or flawed assumptions. In sensor‑driven maintenance, bias may lead to over‑monitoring of
certain assets while neglecting others, increasing downtime risk. Mitigation strategies involve balanced data
collection, bias audits, and transparent model reporting.

Anomaly Detection
Related terms: outlier analysis, fault detection
Explanation: Techniques that identify data points deviating from normal operational patterns. Methods
range from statistical thresholds to unsupervised learning such as autoencoders. Practical use: Detecting
sudden spikes in temperature that may signal a cooling system malfunction. Challenges include defining
“normal” baselines in dynamic environments and reducing false‑positive alerts.

Asset Criticality Assessment
Related terms: risk ranking, failure impact
Explanation: The process of evaluating equipment based on its importance to production, safety, and
regulatory compliance. High‑criticality assets receive more frequent sensor monitoring and tighter
predictive thresholds. Example: A turbine in a chemical plant is ranked higher than a peripheral pump.
Difficulty lies in quantifying intangible impacts like safety risk and environmental exposure.

Condition Monitoring
Related terms: real‑time diagnostics, health index
Explanation: Continuous observation of equipment parameters (vibration, temperature, pressure) using
intelligent sensors. Data streams feed AI models that estimate remaining useful life (RUL). Example: A
motor’s vibration envelope is tracked to spot bearing wear early. Constraints involve sensor placement,
signal noise, and integration with legacy control systems.

Data Fusion
Related terms: multimodal integration, sensor aggregation
Explanation: Combining information from heterogeneous sensors (acoustic, infrared, strain gauges) to
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create a richer representation of equipment health. Fusion can be performed at the raw signal level, feature
level, or decision level. Example: Merging vibration and oil particle analysis improves detection of lubrication
failure. Challenges include synchronizing data rates and handling conflicting sensor readings.

Data Governance
Related terms: data stewardship, compliance
Explanation: Policies and procedures that ensure data integrity, security, and appropriate usage throughout
its lifecycle. For predictive maintenance, governance covers sensor calibration records, access controls, and
retention schedules. Poor governance can lead to inaccurate predictions and regulatory penalties.
Implementing a data catalog and audit trails helps maintain trust in AI outcomes.

Digital Twin
Related terms: virtual model, simulation
Explanation: A high‑fidelity, real‑time virtual replica of a physical asset that mirrors its state using sensor
inputs. AI models run on the twin to forecast degradation under varying scenarios. Example: Simulating
turbine blade fatigue under different load cycles to plan inspections. Barriers include model complexity,
computational cost, and keeping the twin synchronized with the physical counterpart.

Edge Computing
Related terms: fog architecture, on‑device analytics
Explanation: Processing data locally on or near the sensor rather than sending it to a central cloud. Edge AI
can perform anomaly detection with sub‑second latency, reducing bandwidth usage. Example: A vibration
sensor runs a lightweight convolutional neural network to flag abnormal patterns instantly. Limitations
involve limited processing power, firmware updates, and security of edge nodes.

Feature Engineering
Related terms: variable transformation, dimensionality reduction
Explanation: The art of creating informative attributes from raw sensor signals to improve model
performance. Common features include RMS, kurtosis, spectral peaks, and statistical moments. Example:
Extracting the crest factor from vibration data to highlight impulsive events. Over‑engineering can cause
model overfitting, while insufficient features may miss subtle failure modes.

Fault Tree Analysis (FTA)
Related terms: root cause analysis, reliability modeling
Explanation: A top‑down, logical diagram that maps out potential causes of a system failure. In predictive
maintenance, FTA helps identify which sensor measurements are most relevant for each failure path.
Example: A hydraulic pump failure tree highlights pressure spikes, temperature rise, and acoustic emissions.
The method can be time‑consuming and may require expert knowledge to construct accurate trees.

Gaussian Process Regression (GPR)
Related terms: probabilistic modeling, Bayesian inference
Explanation: A non‑parametric, statistical technique that provides predictions with confidence intervals. GPR
is useful for estimating remaining useful life when data are sparse. Example: Predicting bearing RUL with a
quantified uncertainty range to guide maintenance scheduling. Computational scaling with large datasets is
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a notable challenge.

Health Index (HI)
Related terms: condition score, degradation metric
Explanation: A normalized metric (often 0–100) representing the overall health of an asset based on
aggregated sensor features. An HI dropping below a threshold triggers a maintenance alert. Example: A
compressor’s HI of 85 indicates good health, while 45 suggests imminent failure. Determining appropriate
scaling and threshold values requires historical failure data and expert input.

Internet of Things (IoT)
Related terms: connected devices, sensor networks
Explanation: The ecosystem of physical devices equipped with sensors, connectivity, and computing
capabilities that exchange data. In predictive maintenance, IoT enables large‑scale deployment of intelligent
sensors across facilities. Security vulnerabilities, network latency, and device interoperability are common
obstacles.

Knowledge Distillation
Related terms: model compression, teacher‑student learning
Explanation: A technique where a large, complex “teacher” model transfers its learned representations to a
smaller “student” model suitable for edge deployment. This allows sophisticated predictive algorithms to
run on resource‑constrained sensors. Example: Distilling a deep convolutional network into a lightweight
model that runs on a vibration sensor’s microcontroller. Maintaining accuracy after compression is a key
difficulty.

Latency
Related terms: response time, real‑time processing
Explanation: The delay between sensor data acquisition and the delivery of a predictive insight or alert. Low
latency is critical for safety‑related failures where immediate action is required. Factors influencing latency
include network bandwidth, processing architecture, and data serialization methods. Balancing latency with
computational cost is a design trade‑off.

Machine Learning (ML)
Related terms: supervised learning, unsupervised learning
Explanation: A subset of AI that enables systems to learn patterns from data without explicit programming.
In predictive maintenance, ML models classify normal versus faulty operation, regress remaining life, or
cluster similar failure signatures. Example: A random forest predicts pump failure based on temperature,
flow, and vibration features. Model drift, data imbalance, and interpretability are recurring challenges.

Model Explainability
Related terms: interpretability, SHAP values
Explanation: The ability to understand and articulate why an AI model made a specific prediction.
Techniques such as LIME or SHAP provide feature importance scores that help maintenance engineers trust
the system. Example: Explaining that high spectral kurtosis contributed to an anomaly flag for a motor.
Achieving explainability without sacrificing performance can be difficult, especially with deep neural
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networks.

Neural Network
Related terms: deep learning, perceptron
Explanation: A computational architecture inspired by the human brain, composed of interconnected layers
of nodes. Convolutional neural networks (CNNs) excel at processing time‑series sensor data for fault
classification. Example: A CNN learns to differentiate bearing defect types from raw vibration waveforms.
Training requires large labeled datasets and significant computational resources.

Noise Filtering
Related terms: signal conditioning, denoising
Explanation: Techniques that remove unwanted variations from sensor signals to improve the reliability of
extracted features. Common methods include low‑pass filters, wavelet denoising, and Kalman filters.
Example: Applying a Butterworth filter to temperature data to eliminate high‑frequency electrical
interference. Over‑filtering may suppress early fault indicators, while under‑filtering leaves spurious noise.

Operational Technology (OT)
Related terms: SCADA, PLC
Explanation: Hardware and software that monitor and control physical processes in industrial environments.
Integration of OT with AI‑driven predictive maintenance requires bridging legacy protocols (Modbus, OPC-
UA) with modern data pipelines. Security segregation, data latency, and protocol translation are typical
integration hurdles.

Outlier Removal
Related terms: data cleansing, robust statistics
Explanation: The process of identifying and discarding data points that are not representative of normal
operating conditions, often caused by sensor glitches or transmission errors. Techniques include Z‑score
thresholds, IQR methods, and robust Mahalanobis distance. Removing outliers improves model accuracy
but risks eliminating true early‑failure signals if criteria are too strict.

Predictive Analytics
Related terms: forecasting, prescriptive analytics
Explanation: The use of statistical models and machine learning to anticipate future events based on
historical and real‑time data. In maintenance, predictive analytics estimate when a component will cross a
failure threshold, enabling scheduled interventions. Example: Forecasting gearbox wear using trend analysis
of oil debris count. Model validation and confidence interval communication are essential for decision
makers.

Probabilistic Failure Modeling
Related terms: Bayesian networks, reliability function
Explanation: Approaches that represent equipment failure as a probability distribution rather than a
deterministic event. These models incorporate uncertainty from sensor noise, environmental variability, and
model error. Example: Using a Weibull distribution to model the time‑to‑failure of a bearing based on
vibration trend data. Accurate parameter estimation often requires extensive failure histories.

Read online: https://learnuni.com/glossaries/29341022/predictive-
maintenance-using-intelligent-sensors

LearnUNI · 16 Aug 2026



G LO S S A RY

Quality of Service (QoS)
Related terms: service level agreement, performance metrics
Explanation: A set of measurable attributes (latency, reliability, throughput) that define the performance of a
data transmission system. In predictive maintenance, QoS ensures that critical sensor data reaches analytics
platforms without loss or delay. Managing QoS across heterogeneous networks (wired, wireless, cellular)
can be complex.

Real‑Time Monitoring
Related terms: live dashboards, streaming analytics
Explanation: Continuous observation of sensor streams with immediate visualization and alerting. Enables
operators to react instantly to abnormal conditions. Example: A live dashboard shows temperature
exceeding a safety limit, triggering an automated shutdown. Challenges include data overload, false alarms,
and ensuring visualization scalability.

Reliability Centered Maintenance (RCM)
Related terms: maintenance strategy, failure mode analysis
Explanation: A systematic process to determine the most effective maintenance approach (predictive,
preventive, corrective) based on equipment criticality and failure consequences. Predictive maintenance is
selected when failure modes are detectable by sensors and the cost of unscheduled downtime outweighs
monitoring expenses. Implementing RCM requires cross‑functional collaboration and detailed asset data.

Root Cause Analysis (RCA)
Related terms: fault isolation, 5 Whys
Explanation: A systematic method to identify the underlying reason for a failure after it occurs. Sensor data
from before the event can be retrospectively analyzed to pinpoint the initiating anomaly. Example: An RCA
reveals that a sudden pressure drop was caused by a cracked seal, indicated by a prior rise in acoustic
emission amplitude. Effective RCA depends on high‑resolution, time‑synchronized data.

Sensor Calibration
Related terms: traceability, drift correction
Explanation: The process of adjusting a sensor’s output to align with known reference standards, ensuring
measurement accuracy over time. Regular calibration prevents systematic errors that could mislead
predictive models. Example: Calibrating a thermocouple against a calibrated reference thermometer
annually. Calibration records must be maintained for compliance and model retraining.

Signal-to-Noise Ratio (SNR)
Related terms: measurement fidelity, data quality
Explanation: The ratio of useful signal power to background noise power, expressed in decibels. Higher SNR
yields clearer features for AI analysis. Example: A vibration sensor with an SNR of 40 dB provides reliable
fault signatures, whereas 20 dB may obscure early wear indicators. Improving SNR may involve better sensor
placement, shielding, or advanced filtering.

Supervised Learning
Related terms: labelled data, classification
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Explanation: A machine‑learning paradigm where models are trained on input‑output pairs. In predictive
maintenance, labeled examples of healthy vs. Faulty states enable classifiers to recognize new anomalies.
Example: Training a support vector machine on annotated bearing vibration spectra. The main limitation is
the scarcity of fault data, especially for rare catastrophic events.

Time‑Series Forecasting
Related terms: ARIMA, recurrent neural network
Explanation: Techniques that predict future values of a sequence based on its historical pattern. Essential for
estimating degradation trends such as increasing temperature or vibration amplitude. Example: An LSTM
network forecasts the next 24 hours of motor current draw to detect abnormal power consumption.
Seasonality, missing data, and non‑stationarity complicate model design.

Uncertainty Quantification (UQ)
Related terms: confidence interval, Monte Carlo simulation
Explanation: The practice of characterizing the confidence or risk associated with model predictions.
Provides maintenance planners with probability estimates (e.G., 70 % Chance of failure within 30 days).
Techniques include Bayesian inference, dropout sampling, and ensemble methods. Communicating
uncertainty to non‑technical stakeholders is a key challenge.

Variance Reduction
Related terms: bagging, ensemble learning
Explanation: Strategies to decrease the variability of model predictions by combining multiple learners. In
predictive maintenance, ensembles improve robustness against noisy sensor data. Example: A random
forest aggregates decision trees trained on different sensor feature subsets. Increased computational cost
and model complexity must be managed.

Wear Particle Analysis
Related terms: oil spectroscopy, condition monitoring
Explanation: Examination of microscopic particles suspended in lubricant to assess component wear.
Intelligent sensors capture particle concentration and size distribution, feeding AI models that correlate
trends with bearing or gear degradation. Example: A sudden rise in iron particles signals abrasion in a gear
train. Sample contamination and sensor fouling can affect reliability.

Zero‑Day Failure
Related terms: unexpected breakdown, latent defect
Explanation: A failure that occurs without prior detectable indicators, often due to design flaws or
manufacturing defects. Predictive maintenance aims to minimize such events by improving sensor coverage
and model sensitivity. However, truly novel failure modes may remain invisible to existing data‑driven
approaches, requiring complementary inspection regimes.
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