Healthg%;é GLOSSARY

Artificial Intelligence in Electronics Repair

Al-Driven Predictive Maintenance Strategies

Adaptive Thresholding

Related terms: dynamic limits, fault detection

Explanation: A technique that automatically adjusts the threshold values used to classify sensor readings as
normal or anomalous based on recent data trends. By continuously updating the limits, the system remains
sensitive to gradual changes in equipment behavior while reducing false alarms caused by normal
variations. Example: In a temperature sensor on a power supply, the adaptive threshold might rise slowly as
ambient temperature increases, preventing unnecessary alerts. Practical application: Used in vibration
analysis where baseline levels shift due to wear. Challenges: Requires sufficient historical data and can be
confused by abrupt, legitimate changes that mimic faults, necessitating careful parameter tuning.

Algorithmic Bias

Related terms: fairness, data skew

Explanation: The systematic error introduced into predictive maintenance models when training data does
not represent the full range of operating conditions or component types. Bias can cause the model to
under-predict failures for rarely occurring fault modes, leading to missed maintenance opportunities.
Example: A model trained mostly on silicon-based capacitors may undervalue failure patterns of electrolytic
capacitors. Practical application: Regular audits of training datasets and inclusion of diverse failure cases.
Challenges: Identifying hidden biases, especially when failure data is scarce, and balancing model
complexity with interpretability.

Anomaly Detection

Related terms: outlier identification, deviation monitoring

Explanation: The process of identifying data points that deviate significantly from established patterns. In
predictive maintenance, anomalies often signal the early stages of component degradation. Techniques
range from simple statistical limits to sophisticated machine-learning models such as autoencoders.
Example: A sudden spike in current draw from a voltage regulator that exceeds the normal variance triggers
an anomaly flag. Practical application: Real-time monitoring dashboards that alert technicians. Challenges:
Distinguishing true anomalies from noise, especially in noisy industrial environments, and avoiding alarm
fatigue.

Asset Criticality Index (ACI)

Related terms: risk ranking, priority scoring

Explanation: A quantitative score that combines equipment importance, failure impact, and likelihood of
failure to prioritize maintenance actions. High-ACl assets receive more frequent monitoring and earlier
interventions. Example: A power-stage MOSFET in a high-frequency converter may have a higher ACl than a
peripheral LED indicator. Practical application: Scheduling of predictive-maintenance resources and
budgeting. Challenges: Determining appropriate weightings for impact versus probability, and updating the
index as system usage evolves.
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Bayesian Inference

Related terms: probabilistic updating, posterior probability

Explanation: A statistical method that updates the probability of a hypothesis as new evidence becomes
available. In predictive maintenance, Bayesian networks can combine prior knowledge of failure rates with
real-time sensor data to refine the estimated remaining useful life (RUL). Example: Prior knowledge that a
specific diode fails after 10,000 cycles is adjusted when an unexpected temperature rise is observed,
increasing the failure probability. Practical application: Decision-support tools that suggest optimal
inspection intervals. Challenges: Defining accurate prior distributions and managing computational
complexity for large equipment fleets.

Condition-Based Monitoring (CBM)

Related terms: real-time diagnostics, health tracking

Explanation: A maintenance approach that relies on continuous measurement of equipment condition
indicators—such as vibration, temperature, and electrical parameters—to determine when maintenance is
required. CBM reduces unnecessary preventive actions while preventing unexpected breakdowns. Example:
Monitoring the rise time of a microcontroller’s reset pin to detect degradation of the internal clock. Practical
application: Integration with loT platforms that stream sensor data to cloud-based analytics engines.
Challenges: Sensor placement, data reliability, and ensuring that monitoring does not interfere with normal
operation.

Convolutional Neural Network (CNN)

Related terms: spatial feature extraction, deep learning

Explanation: A type of artificial neural network especially effective for processing grid-like data, such as
spectrograms derived from acoustic emissions of failing components. CNNs learn hierarchical features that
can differentiate between normal operation and subtle fault signatures. Example: Using a CNN to classify
the frequency spectrum of a ceramic capacitor’s micro-vibrations. Practical application: Automated visual
inspection of PCB solder joints where image data is fed into a CNN for defect detection. Challenges:
Requires large labeled datasets, and the model may be sensitive to variations in acquisition hardware.

Data Augmentation

Related terms: synthetic samples, oversampling

Explanation: Techniques used to artificially increase the size and diversity of training datasets by applying
transformations such as noise injection, scaling, or time-shifting. In predictive maintenance, augmentation
helps address the scarcity of failure examples. Example: Adding Gaussian noise to voltage ripple
measurements to simulate different load conditions. Practical application: Improves robustness of
machine-learning models without extensive field data collection. Challenges: Maintaining physical realism;
overly aggressive augmentation can introduce unrealistic patterns that mislead the model.

Decision Tree

Related terms: rule-based model, hierarchical splitting

Explanation: A flowchart-like structure where each node represents a test on a feature (e.g., temperature >
85°C) and each branch leads to a decision outcome (e.g., replace component). Decision trees are
interpretable and can be combined into ensembles such as random forests. Example: A tree that first checks
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voltage deviation, then current draw, and finally temperature to decide if a power MOSFET is likely to fail.
Practical application: Embedded diagnostic logic that runs on microcontrollers with limited compute
resources. Challenges: Prone to overfitting on noisy data and may require pruning to maintain
generalization.

Digital Twin

Related terms: virtual replica, simulation model

Explanation: A high-fidelity virtual representation of a physical electronic system that mirrors its real-time
state through sensor data streams. The digital twin can run predictive algorithms to forecast degradation
and test maintenance scenarios without affecting the actual hardware. Example: A digital twin of a
high-frequency switching regulator that simulates thermal stress on inductors under varying load cycles.
Practical application: Allows engineers to experiment with different cooling strategies before implementing
them on the physical device. Challenges: Ensuring model fidelity, managing data latency, and integrating
with legacy equipment lacking modern sensors.

Ensemble Learning

Related terms: model aggregation, voting classifier

Explanation: The practice of combining multiple predictive models to improve overall accuracy and
robustness. Techniques include bagging, boosting, and stacking. In predictive maintenance, ensembles can
blend statistical methods with neural networks to capture both linear trends and complex patterns.
Example: A stacked model where a random forest provides initial failure probability, refined by a
gradient-boosted tree that incorporates recent temperature spikes. Practical application: Improves fault
prediction confidence, especially when individual models disagree. Challenges: Increased computational
overhead and difficulty in interpreting the combined decision logic.

Feature Engineering

Related terms: attribute creation, dimensionality reduction

Explanation: The process of selecting, transforming, and constructing input variables that best represent the
underlying phenomena for a machine-learning model. Good features capture domain knowledge, such as
the rate of change of a sensor reading or the harmonic content of an AC signal. Example: Deriving the slope
of voltage drift over the last 10 minutes as a feature indicating capacitor aging. Practical application:
Enhances model performance without needing deeper network architectures. Challenges: Requires expert
insight, can be time-consuming, and may inadvertently introduce leakage if future information is used.

Fuzzy Logic

Related terms: degrees of truth, linguistic variables

Explanation: A reasoning approach that allows partial membership in multiple categories, mimicking human
decision-making under uncertainty. In predictive maintenance, fuzzy systems can handle ambiguous sensor
data, expressing conditions like “temperature is somewhat high.” Example: A fuzzy rule that combines
"moderately high temperature” and “slightly increased vibration” to suggest a “possible bearing wear” state.
Practical application: Embedded controllers where interpretability and low computational cost are critical.
Challenges: Designing appropriate membership functions and rule bases; may become less accurate with
highly nonlinear fault signatures.
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Gaussian Process Regression (GPR)

Related terms: non-parametric model, kernel method

Explanation: A probabilistic regression technique that provides both a predicted value and an uncertainty
estimate for each input. GPR is useful for modeling the remaining useful life of components where data is
sparse. Example: Predicting the degradation trajectory of an electrolytic capacitor's ESR based on a few
temperature-stress measurements, with confidence intervals indicating prediction reliability. Practical
application: Guides maintenance planners on the risk associated with postponing service. Challenges:
Computationally intensive for large datasets and sensitive to kernel choice.

Hidden Markov Model (HMM)

Related terms: state transition, stochastic process

Explanation: A statistical model that represents systems with unobservable (hidden) states that emit
observable outputs. In electronics repair, HMMs can model the progression of latent fault states that
manifest as observable sensor patterns. Example: Modeling the hidden degradation state of a solder joint,
where the observable output is the gradually increasing resistance measured during a test. Practical
application: Enables fault diagnosis even when direct measurement of the fault is impossible. Challenges:
Requires accurate estimation of transition probabilities and emission distributions, which can be difficult
with limited failure data.

Industrial Internet of Things (lloT)

Related terms: connected devices, edge analytics

Explanation: The network of sensors, actuators, and communication infrastructure embedded in industrial
equipment, enabling data collection and remote analysis. [loT provides the data backbone for Al-driven
predictive maintenance in electronics repair shops and manufacturing lines. Example: Smart probes
attached to power converters that stream temperature, current, and voltage data to a cloud analytics
platform. Practical application: Facilitates centralized monitoring of thousands of devices, supporting
fleet-wide maintenance strategies. Challenges: Ensuring cybersecurity, handling heterogeneous protocols,
and managing bandwidth constraints.

Knowledge Distillation

Related terms: model compression, teacher-student network

Explanation: A method where a large, complex “teacher” model transfers its learned representations to a
smaller “student” model, preserving performance while reducing computational load. In predictive
maintenance, this enables deployment of sophisticated models on low-power microcontrollers. Example: A
deep CNN trained on high-resolution acoustic data teaches a lightweight multilayer perceptron that runs
directly on a repair bench’s embedded processor. Practical application: Brings Al capabilities to legacy
equipment lacking powerful CPUs. Challenges: Maintaining accuracy during the compression process and
selecting appropriate temperature parameters for the soft-target loss.

Label Noise

Related terms: misclassification, data quality

Explanation: Errors in the ground-truth labels of training data, often caused by human error or ambiguous
failure definitions. Label noise can degrade model performance, especially in supervised learning scenarios.
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Example: A dataset where some “healthy” capacitor measurements are mistakenly marked as “failed” due to
misreading of test logs. Practical application: Necessitates robust cleaning procedures and potentially the
use of noise-tolerant algorithms. Challenges: Detecting noise without a gold-standard reference and
mitigating its impact on model training.

Linear Regression

Related terms: trend line, coefficient of determination

Explanation: A statistical method that models the relationship between a dependent variable and one or
more independent variables by fitting a straight line. In predictive maintenance, linear regression can
estimate wear rates such as the increase of ESR over time. Example: Plotting ESR versus cumulative
operating hours for a batch of capacitors and fitting a line to predict future resistance values. Practical
application: Provides a simple baseline model that can be quickly implemented on a repair technician’s
laptop. Challenges: Inadequate for non-linear degradation patterns and sensitive to outliers.

Long Short-Term Memory (LSTM)

Related terms: recurrent network, temporal dependencies

Explanation: A specialized recurrent neural network architecture capable of learning long-range
dependencies in sequential data. LSTMs excel at modeling time-series sensor streams where fault signatures
may appear after long intervals. Example: Predicting the remaining useful life of a voltage regulator by
analyzing months of temperature and current data with an LSTM network. Practical application: Enables
early detection of slow-progressing faults that would be missed by windowed statistical methods.
Challenges: Requires substantial training data, careful hyper-parameter tuning, and can be computationally
demanding for real-time edge deployment.

Model Drift

Related terms: concept shift, performance decay

Explanation: The gradual degradation of a predictive model’s accuracy as the underlying data distribution
changes over time, often due to component aging, new product revisions, or environmental shifts. Example:
A model trained on older generation MOSFETs may become less accurate when newer, lower-threshold
devices are introduced. Practical application: Triggers periodic retraining or online learning to maintain
reliability. Challenges: Detecting drift early, distinguishing it from normal variance, and managing the
logistics of model updates in production environments.

Multivariate Analysis

Related terms: correlation matrix, principal component analysis

Explanation: Statistical techniques that examine multiple variables simultaneously to uncover relationships
and reduce dimensionality. In predictive maintenance, multivariate analysis helps identify combined sensor
patterns that precede failures. Example: Joint analysis of temperature, voltage ripple, and current noise to
detect early degradation of a buck converter. Practical application: Improves fault detection sensitivity by
leveraging the synergy of diverse measurements. Challenges: Requires synchronized data collection and can
be computationally intensive for high-frequency streams.

Neural Network Pruning
Related terms: sparsity, model slimming
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Explanation: The process of removing unnecessary weights or neurons from a trained neural network to
reduce its size and inference time while preserving accuracy. Pruning is valuable for deploying Al models on
constrained repair-bench hardware. Example: After training a CNN for defect detection, pruning eliminates
40 % of the convolutional filters that contribute little to the output. Practical application: Enables real-time
inference on microcontrollers with limited memory. Challenges: Determining optimal pruning ratios and
avoiding catastrophic loss of performance.

Noise Filtering

Related terms: signal conditioning, low-pass filter

Explanation: Techniques used to remove unwanted random variations from sensor signals, improving the
reliability of downstream analytics. Common methods include moving-average filters, Kalman filters, and
wavelet denoising. Example: Applying a Kalman filter to smooth current measurements from a switching
regulator before feeding them into an anomaly-detection algorithm. Practical application: Reduces false
positives caused by transient spikes or electromagnetic interference. Challenges: Selecting filter parameters
that balance responsiveness with smoothness, especially in rapidly changing operating conditions.

Online Learning

Related terms: incremental training, streaming data

Explanation: A machine-learning paradigm where the model updates continuously as new data arrives,
rather than being trained once offline. Online learning allows predictive maintenance systems to adapt to
evolving equipment behavior without full retraining cycles. Example: An incremental gradient-descent
algorithm that refines failure probability estimates each time a new temperature reading is logged. Practical
application: Keeps models current in environments with frequent firmware updates or component
substitutions. Challenges: Managing catastrophic forgetting, ensuring stability, and handling noisy real-time
data.

Out-of-Distribution (OOD) Detection

Related terms: novelty detection, confidence scoring

Explanation: Identifying inputs that differ significantly from the data the model was trained on, signaling
that predictions may be unreliable. OOD detection is crucial when a repair shop encounters a new
component type not represented in the training set. Example: A classifier trained on standard SMD resistors
flags a high-power chip resistor as OOD due to its unusual thermal profile. Practical application: Triggers
fallback to manual inspection or a request for additional training data. Challenges: Designing robust
detection thresholds and avoiding excessive false OOD alerts.

Particle Filter

Related terms: sequential Monte Carlo, state estimation

Explanation: A recursive Bayesian estimation method that uses a set of random samples (particles) to
approximate the posterior distribution of a system’s hidden state. In predictive maintenance, particle filters
can estimate hidden degradation variables such as internal resistance growth. Example: Estimating the
latent wear level of a capacitor by propagating particles through a model of temperature-accelerated aging,
updating with each new ESR measurement. Practical application: Provides probabilistic RUL estimates with
quantified uncertainty. Challenges: Computational load scales with particle count, and proper design of the
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process and observation models is essential.

Pattern Recognition

Related terms: template matching, feature extraction

Explanation: The identification of regularities or motifs within data that correspond to known fault
signatures. Techniques range from simple cross-correlation to advanced deep-learning classifiers. Example:
Recognizing the characteristic 120Hz hum in acoustic emissions that indicates a failing fan in a power
supply. Practical application: Automates the detection of recurring fault types across many devices, reducing
manual inspection time. Challenges: Variability in signal quality, background noise, and the need for a
comprehensive library of fault patterns.

Predictive Analytics

Related terms: forecasting, data mining

Explanation: The broader discipline of using historical and real-time data to forecast future events, such as
component failures. Predictive analytics encompasses statistical modeling, machine learning, and domain
expertise to produce actionable maintenance recommendations. Example: Combining temperature trends,
usage cycles, and manufacturer failure rates to predict when a specific batch of inductors will exceed its
thermal rating. Practical application: Drives maintenance scheduling, inventory planning, and warranty
management. Challenges: Integrating heterogeneous data sources and ensuring model transparency for
regulatory compliance.

Quiality of Service (QoS) Monitoring

Related terms: performance metrics, SLA compliance

Explanation: Continuous assessment of key performance indicators (KPIs) such as voltage regulation, ripple,
and response time to detect when a device deviates from its specified service level. QoS monitoring
provides the baseline data for many Al-driven maintenance algorithms. Example: Tracking the regulation
error of a DC-DC converter and flagging when it exceeds 2 % of nominal voltage. Practical application:
Enables automated escalation to repair technicians before end-user impact occurs. Challenges: Defining
appropriate thresholds that balance sensitivity with operational tolerance.

Random Forest

Related terms: ensemble of decision trees, bagging

Explanation: An ensemble learning method that constructs multiple decision trees on random subsets of the
data and aggregates their predictions, improving robustness and reducing overfitting. Random forests
handle both categorical and continuous sensor features, making them suitable for mixed-type datasets
common in electronics repair. Example: Predicting capacitor failure using features such as temperature
variance, ESR, and operating frequency, with a random forest achieving higher accuracy than a single tree.
Practical application: Deployable on modest hardware due to efficient tree traversal. Challenges: Model size
can become large with many trees, and interpretability may diminish compared to a single decision tree.

Reinforcement Learning (RL)

Related terms: agent-environment loop, reward function

Explanation: A learning paradigm where an agent interacts with an environment, taking actions to maximize
cumulative reward. In predictive maintenance, RL can optimize maintenance schedules, balancing downtime
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costs against failure risk. Example: An RL agent learns to schedule capacitor replacements just before
predicted ESR exceeds a critical threshold, minimizing both spare part inventory and unexpected outages.
Practical application: Adaptive maintenance policies that evolve as more operational data is gathered.
Challenges: Defining appropriate reward structures, ensuring safety during exploration, and computational
demands of training.

Root Cause Analysis (RCA)

Related terms: fault tree, cause-effect diagram

Explanation: Systematic investigation to identify the underlying origin of a failure. Al tools can assist RCA by
correlating sensor data, maintenance logs, and failure modes to suggest probable causes. Example: An Al
system links a sudden voltage drop to an upstream MOSFET overheating, which in turn traces back to
inadequate heatsink design. Practical application: Reduces time spent on manual troubleshooting and
informs design improvements. Challenges: Requires comprehensive data collection and may be hampered
by incomplete or noisy logs.

Sensor Fusion

Related terms: multimodal integration, data amalgamation

Explanation: The process of combining measurements from diverse sensors (e.g., temperature, vibration,
acoustic) to produce a more accurate and reliable estimate of equipment health than any single sensor
could provide. Fusion techniques range from simple weighted averages to sophisticated Bayesian filters.
Example: Merging thermocouple data with infrared camera readings to better assess hotspot development
on a power module. Practical application: Increases detection confidence, especially when one sensor type
is compromised. Challenges: Synchronizing data streams, handling differing sampling rates, and mitigating
conflicting information.

Support Vector Machine (SVM)

Related terms: margin maximization, kernel trick

Explanation: A supervised learning algorithm that finds the optimal hyper-plane separating different classes
in feature space, often used for binary fault detection. With appropriate kernels, SVMs can handle
non-linear relationships in sensor data. Example: Classifying whether a voltage regulator is healthy or
degraded based on a feature vector comprising temperature slope, ripple amplitude, and current variance.
Practical application: Provides a compact model suitable for embedded deployment. Challenges: Sensitive
to parameter selection, and training can be slow with large datasets.

Temporal Anomaly Scoring

Related terms: time-windowed detection, severity index

Explanation: Assigning a quantitative score to an anomaly based on its duration, intensity, and recurrence,
enabling prioritization of maintenance actions. Longer or more severe deviations receive higher scores.
Example: A brief temperature spike may get a low score, while a sustained gradual rise over several hours
yields a high score, prompting immediate inspection. Practical application: Helps technicians focus on the
most critical alerts, reducing unnecessary interventions. Challenges: Determining scoring formulas that
reflect true risk and adapting them across different component types.

Transfer Learning
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Related terms: pre-trained model, domain adaptation

Explanation: Leveraging a model trained on one dataset or task to accelerate learning on a related but
distinct problem, reducing the amount of new labeled data required. In electronics repair, a CNN trained on
general acoustic signatures can be fine-tuned to detect specific failures in a new product line. Example:
Using a pre-trained image classifier as a starting point for detecting solder joint defects on a novel PCB
layout. Practical application: Shortens development cycles and improves performance on scarce data.
Challenges: Managing negative transfer when source and target domains differ significantly.

Unsupervised Clustering

Related terms: K-means, hierarchical clustering

Explanation: Grouping data points based on similarity without predefined labels, useful for discovering
unknown fault patterns or operational modes. Clustering can reveal distinct operating regimes that may
correspond to different stress levels. Example: Clustering current ripple profiles of a DC-DC converter and
identifying a cluster that consistently precedes capacitor failures. Practical application: Guides the creation
of new labeled datasets for supervised learning. Challenges: Selecting the appropriate number of clusters
and interpreting the meaning of each cluster.

Variance Inflation Factor (VIF)

Related terms: multicollinearity, regression diagnostics

Explanation: A metric that quantifies how much the variance of an estimated regression coefficient increases
due to correlation with other predictors. High VIF values indicate multicollinearity, which can destabilize
linear models used in predictive maintenance. Example: Temperature and humidity readings may be highly
correlated in a climate-controlled lab, inflating VIF and affecting the reliability of a wear-rate regression.
Practical application: Guides feature selection and preprocessing steps. Challenges: Requires careful analysis
when many sensor variables are interdependent.

Weighted Ensemble

Related terms: model voting, confidence weighting

Explanation: A type of ensemble where each constituent model contributes to the final prediction
proportionally to its estimated reliability or recent performance. Weighting can be static or dynamically
adjusted based on validation results. Example: Assigning higher weight to an LSTM model during periods of
rapid temperature change, while a random forest retains higher weight during steady-state operation.
Practical application: Improves overall prediction robustness across varying operating conditions.
Challenges: Determining optimal weight update mechanisms and preventing dominance by a single model.

Zero-Day Fault

Related terms: unknown failure, emergent defect

Explanation: A failure mode that has not been previously observed or documented, making it invisible to
existing predictive models. Zero-day faults pose a significant risk because they can cause sudden,
unanticipated breakdowns. Example: A newly discovered micro-crack in a multilayer ceramic capacitor that
manifests as intermittent short-circuit behavior only after a specific thermal cycle. Practical application:
Encourages the inclusion of anomaly detection and OOD mechanisms to capture such events early.
Challenges: Rapidly updating models to incorporate new fault data and ensuring that detection systems
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remain sensitive without overwhelming users with false alerts.
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