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Artificial Intelligence in Electronics Repair

Introduction to Al for Electronics Repair

Artificial Intelligence (Al) — A field of computer science that creates machines capable of performing tasks
that normally require human intelligence. Machine learning, deep learning are sub-domains. In electronics
repair Al can diagnose faults, recommend parts, and optimise workflow. Example: an Al system analyses
oscilloscope traces to identify a faulty capacitor. Challenges include data quality, model interpretability, and
integration with legacy tools.

Algorithm — A step-by-step procedure for solving a problem or performing a computation. Sorting
algorithm, search algorithm are common types. In repair diagnostics algorithms process sensor data to
isolate fault locations. Example: a binary search algorithm quickly finds a matching component ID in a parts
database. Challenges involve choosing the right algorithm for real-time constraints and handling noisy
inputs.

Anomaly Detection — The identification of patterns that deviate significantly from normal behavior. Outlier
detection, fault detection are related concepts. Al-driven anomaly detection monitors voltage, current, and
temperature streams to flag abnormal spikes indicating component failure. Example: a sudden rise in
temperature on a power regulator triggers an alert. Challenges include setting appropriate thresholds and
reducing false positives.

Artificial Neural Network (ANN) — A computational model inspired by the human brain, composed of
interconnected nodes (neurons) organized in layers. Deep neural network, feed-forward network are specific
architectures. In electronics repair ANNSs classify waveform patterns to distinguish between short-circuit and
open-circuit conditions. Example: a three-layer ANN predicts the likelihood of a solder joint defect from
visual inspection images. Challenges include overfitting, need for large labeled datasets, and computational
resource demands.

Autoencoder — An unsupervised neural network that learns to compress input data into a lower-dimensional
representation and then reconstruct it. Dimensionality reduction, feature learning. Autoencoders can
denoise noisy sensor signals before fault analysis. Example: an autoencoder trained on clean voltage
waveforms removes high-frequency noise from a noisy measurement. Challenges involve selecting
bottleneck size and preventing loss of critical information.

Backpropagation — A training algorithm for neural networks that computes gradient errors and updates
weights to minimise loss. Gradient descent, learning rule. In repair Al, backpropagation fine-tunes models
that predict component lifespan based on usage data. Example: adjusting weights to improve prediction
accuracy of battery degradation. Challenges include vanishing gradients in deep networks and the need for
careful learning-rate selection.

Bayesian Inference — A statistical method that updates the probability of a hypothesis as more evidence
becomes available. Bayes' theorem, probabilistic reasoning. Bayesian models estimate the likelihood of a

Read online: https://certificates.HealthCareCourses.org.uk/glossaries/ HealthCareCourses (An LSIB brand) - 11 Jul 2026
21120796/introduction-to-ai-for-electronics-repair



Healthg¥e GLOSSARY

specific fault given observed symptoms. Example: calculating the posterior probability that a resistor is open
after measuring an unexpected voltage drop. Challenges include defining accurate prior distributions and
computational complexity for large networks.

Binary Classification — A machine-learning task where the output belongs to one of two categories. Logistic
regression, support vector machine. In electronics repair, binary classifiers distinguish between functional
and defective boards. Example: a classifier predicts “pass” or “fail” for a PCB after visual inspection.
Challenges involve class imbalance and selecting appropriate evaluation metrics such as F1-score.

Bias (Machine Learning) — Systematic error introduced by assumptions in the learning algorithm or training
data. Model bias, data bias. Bias can cause an Al system to misclassify certain component types if training
data lacks diversity. Example: a model trained mostly on ceramic capacitors may underperform on
electrolytic types. Challenges include detecting hidden biases and mitigating them through balanced
datasets.

Calibration — The process of adjusting measurement instruments to ensure accuracy against known
standards. Instrument adjustment, reference measurement. Al can automate calibration by analysing
reference signals and recommending correction factors. Example: an Al routine calibrates a multimeter
using a precision voltage source. Challenges include maintaining traceability, handling drift over time, and
integrating calibration data into Al models.

Convolutional Neural Network (CNN) — A deep learning architecture specialized for processing grid-like
data such as images. Feature maps, pooling layers. CNNs are used for visual inspection of solder joints,
component placement, and PCB defect detection. Example: a CNN identifies missing resistors on a board
from a high-resolution photograph. Challenges involve large annotated image datasets and sensitivity to
lighting variations.

Cross-Validation — A technique for assessing how a predictive model will generalize to an independent
dataset. k-fold, hold-out validation. In repair Al, cross-validation ensures fault-diagnosis models perform
reliably across different device families. Example: 5-fold cross-validation tests a model on five distinct PCB
designs. Challenges include increased computational time and potential data leakage if not properly
partitioned.

Data Augmentation — The creation of additional training examples by transforming existing data. Image
rotation, noise injection. Augmentation expands limited visual inspection datasets for Al training. Example:
flipping and rotating PCB images to simulate different camera angles. Challenges include avoiding
unrealistic transformations that could mislead the model.

Dataset — A collection of data used for training, validating, or testing machine-learning models. Training set,
test set. In electronics repair, datasets may contain waveform recordings, thermal images, and annotated
fault logs. Example: a dataset of 10,000 oscilloscope traces labeled with fault categories. Challenges involve
ensuring data quality, labeling consistency, and protecting proprietary information.

Deep Learning — A subset of machine learning that uses multi-layered neural networks to model complex
patterns. Neural networks, representation learning. Deep learning enables automatic feature extraction from
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raw sensor data in repair diagnostics. Example: a deep model learns to detect micro-cracks in solder from
infrared images. Challenges include high computational cost, need for large datasets, and difficulty
interpreting learned features.

Decision Tree — A flowchart-like model that splits data based on feature thresholds to make predictions.
Classification tree, regression tree. Decision trees can encode repair troubleshooting steps. Example: a tree
selects “measure voltage at node X" if a short-circuit is suspected. Challenges include overfitting and
instability when small changes in data cause different tree structures.

Dimensionality Reduction — Techniques that reduce the number of random variables under consideration.
PCA, t-SNE. Reducing dimensionality helps visualize high-dimensional sensor data and speeds up Al
inference. Example: applying Principal Component Analysis to compress a 100-sensor dataset to 10
principal components. Challenges involve preserving essential information and interpreting reduced
dimensions.

Edge Computing — Processing data near the source of generation rather than in a centralized cloud. Fog
computing, on-device inference. Edge Al allows real-time fault detection on handheld testers without
network latency. Example: an embedded Al chip analyzes temperature spikes directly on a board-test rig.
Challenges include limited processing power, power consumption constraints, and model optimisation for
edge devices.

Ensemble Learning — Combining multiple models to improve predictive performance. Bagging, boosting. In
repair contexts, ensembles of classifiers increase robustness against varied fault patterns. Example: a voting
ensemble of a CNN, a random forest, and a support vector machine classifies PCB defects. Challenges
include increased complexity, longer inference time, and difficulty in debugging individual model
contributions.

Feature Engineering — The process of creating informative variables from raw data to improve model
performance. Feature extraction, variable transformation. Engineers may derive RMS voltage, rise time, and
spectral features from raw waveforms. Example: calculating the dominant frequency of a noisy signal to aid
fault classification. Challenges involve domain expertise, time consumption, and risk of introducing
irrelevant features.

Feature Extraction — Automatically or manually deriving meaningful attributes from raw data. Signal
processing, image descriptors. Al models often rely on extracted features such as edge detectors for visual
inspection. Example: using Sobel filters to highlight solder joint edges before classification. Challenges
include selecting appropriate extraction methods and handling high-dimensional feature spaces.

Gaussian Process — A non-parametric, probabilistic model used for regression and classification. Kernel
methods, Bayesian optimization. Gaussian processes can predict component reliability with uncertainty
estimates. Example: modeling the degradation curve of a capacitor with confidence intervals. Challenges
include scalability to large datasets and choosing suitable kernel functions.

Gradient Descent — An optimisation algorithm that iteratively moves parameters toward the minimum of a
loss function. Stochastic gradient descent, learning rate. Gradient descent trains neural networks for fault
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detection. Example: updating weights to reduce classification error on a training set of defective boards.
Challenges involve selecting appropriate learning rates, avoiding local minima, and ensuring convergence.

Hardware-In-the-Loop (HIL) — A testing technique that integrates real hardware components with simulated
environments. Real-time simulation, rapid prototyping. Al models can be validated using HIL setups that
emulate circuit behavior. Example: feeding Al-predicted control signals to an actual power converter while a
simulator provides load conditions. Challenges include synchronisation, latency, and maintaining fidelity
between simulation and hardware.

Hyperparameter — Configuration settings external to the model that influence training dynamics. Learning
rate, batch size. Proper hyperparameter tuning improves Al performance in repair tasks. Example: adjusting
the number of hidden layers in an ANN to balance accuracy and inference speed. Challenges involve
exhaustive search, computational cost, and risk of over-tuning to specific datasets.

Image Segmentation — Dividing an image into meaningful regions for analysis. Semantic segmentation,
instance segmentation. Segmentation isolates components on a PCB for targeted inspection. Example: a
mask separates solder pads from the background, enabling defect detection on each pad. Challenges
include handling varying lighting, reflections, and overlapping components.

Inference — The process of applying a trained Al model to new data to make predictions. Model
deployment, real-time prediction. In electronics repair, inference runs on diagnostic tools to suggest
corrective actions. Example: an Al model infers the probability of a failing voltage regulator from live
measurements. Challenges involve latency, model size constraints, and ensuring reliability under noisy
conditions.

loT (Internet of Things) — A network of physical devices embedded with sensors, software, and connectivity.
Smart devices, edge sensors. loT devices collect operational data for Al-driven predictive maintenance.
Example: a smart multimeter streams voltage readings to a cloud Al service for anomaly detection.
Challenges include security, data bandwidth, and heterogeneity of device protocols.

K-Nearest Neighbors (KNN) — A non-parametric classification method that assigns a class based on the
majority vote of the k closest training examples. Instance-based learning, distance metric. KNN can quickly
classify new waveform patterns by comparing them to a library of labeled examples. Example: identifying a
fault type by finding the 5 nearest stored traces. Challenges involve high memory usage, sensitivity to
irrelevant features, and computational cost for large datasets.

Knowledge Base — A structured repository of facts, rules, and procedures. Expert system, ontology. Al
systems query a knowledge base to retrieve recommended repair steps. Example: a rule stating “if voltage
drop > 20% — check regulator” guides diagnostics. Challenges include keeping the knowledge up-to-date,
handling contradictory rules, and integrating with learning-based components.

Labeling (Data) — The act of assigning ground-truth annotations to raw data. Annotation, ground truth.
Accurate labeling of fault types is essential for supervised learning in repair Al. Example: technicians label

oscilloscope captures as “short-circuit”, “open-circuit”, or “normal”. Challenges involve time-consuming
manual effort, inter-annotator variability, and maintaining label consistency.
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Linear Regression — A statistical method that models the relationship between a dependent variable and
one or more independent variables by fitting a linear equation. Least squares, predictive modeling. Linear
regression predicts component lifespan based on temperature and usage cycles. Example: estimating
remaining useful life of a capacitor using a straight-line fit. Challenges include non-linear behavior,
multicollinearity, and sensitivity to outliers.

Logistic Regression — A classification algorithm that models the probability of a binary outcome using a
logistic function. Sigmoid activation, binary classifier. Logistic regression can predict whether a board will
pass or fail quality inspection. Example: outputting a 0.85 probability of pass given measured parameters.
Challenges include limited expressiveness for complex patterns and dependence on feature scaling.

Loss Function — A metric that quantifies the discrepancy between predicted outputs and true values during
model training. Mean squared error, cross-entropy. Selecting an appropriate loss function guides the Al to
minimise fault-classification errors. Example: using cross-entropy loss for multi-class PCB defect prediction.
Challenges involve gradient stability, handling class imbalance, and ensuring differentiability.

Machine Learning (ML) — A subset of Al that enables systems to learn patterns from data without explicit
programming. Supervised learning, unsupervised learning. ML powers predictive maintenance, fault
classification, and component-selection tools in electronics repair. Example: a supervised model learns to
map temperature profiles to failure modes. Challenges include data scarcity, model drift, and interpretability
for technicians.

Model Interpretability — The degree to which a human can understand the reasoning behind a model's
predictions. Explainable Al, feature importance. Interpretability helps technicians trust Al recommendations.
Example: a SHAP plot shows that voltage ripple contributed most to a predicted regulator fault. Challenges
involve balancing accuracy with transparency, especially for deep networks.

Model Overfitting — When a model learns noise and specific patterns of the training data, reducing its ability
to generalise. Regularisation, validation error. Overfitting leads to poor performance on unseen repair cases.
Example: a neural network that memorises specific PCB layouts but fails on a new design. Challenges
include detecting overfitting early and applying techniques such as dropout or early stopping.

Model Underfitting — When a model is too simple to capture underlying patterns, resulting in high error on
both training and test data. Bias, insufficient capacity. Underfitting yields inaccurate fault predictions.
Example: a linear model cannot differentiate between similar waveform anomalies. Challenges involve
increasing model complexity or enriching feature sets.

Neural Architecture Search (NAS) — Automated process of discovering optimal neural network structures for
a given task. AutoML, hyperparameter optimisation. NAS can design efficient models for on-device fault
detection. Example: a NAS-generated CNN with fewer layers achieves comparable accuracy while fitting on
a microcontroller. Challenges include high computational cost and ensuring discovered architectures meet
hardware constraints.

Noise Reduction — Techniques to suppress unwanted variations in sensor data. Filtering, denoising. Al
pipelines often include noise reduction to improve fault detection reliability. Example: applying a low-pass
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filter to smooth voltage measurements before classification. Challenges involve preserving signal features
essential for diagnosis while eliminating artifacts.

Normalization — Scaling data to a standard range or distribution. Standardisation, min-max scaling.
Normalization ensures consistent model inputs across diverse measurement units. Example: scaling
temperature readings to a 0-1 range before feeding them to a neural network. Challenges include handling
outliers and choosing appropriate scaling methods for mixed data types.

Object Detection — Identifying and locating objects within an image. Bounding box, YOLO, SSD. In PCB
inspection, object detection locates components, solder joints, and defects. Example: a YOLO model draws
boxes around missing resistors on a board image. Challenges include varying component sizes, occlusions,
and real-time processing requirements.

Outlier — A data point that deviates markedly from other observations. Anomaly, extreme value. Detecting
outliers helps flag rare faults. Example: a voltage reading far outside the expected range may indicate a
broken sensor. Challenges involve distinguishing true faults from measurement errors and avoiding
excessive false alarms.

Parallel Processing — Simultaneous execution of multiple computational tasks. Multithreading, GPU
acceleration. Parallel processing speeds up Al training on large waveform datasets. Example: using a GPU to
train a CNN on thousands of PCB images in minutes. Challenges include managing memory bandwidth,
synchronisation, and ensuring deterministic results.

Parameter (Model) — Internal variables of an Al model that are learned from data, such as weights and
biases. Coefficients, trainable variables. Parameters define how a neural network transforms inputs to

outputs. Example: the weight matrix connecting input voltage features to hidden neurons. Challenges
involve large parameter counts leading to overfitting and increased storage requirements.

Predictive Maintenance — Using data analytics and Al to forecast equipment failures before they occur.
Condition monitoring, reliability engineering. In electronics repair, predictive maintenance schedules
component replacements based on usage patterns. Example: an Al model predicts a capacitor's end-of-life
after 10,000 hours of operation. Challenges include data collection frequency, model accuracy, and aligning
predictions with maintenance workflows.

Probabilistic Model — A model that represents uncertainty using probability distributions. Bayesian network,
Markov model. Probabilistic models estimate the likelihood of multiple simultaneous faults. Example: a
Bayesian network computes joint probabilities of voltage regulator and filter capacitor failures given
observed symptoms. Challenges include computational complexity and specifying accurate prior
probabilities.

Random Forest — An ensemble learning method that builds multiple decision trees and aggregates their
predictions. Bagging, tree ensemble. Random forests provide robust fault classification with limited
overfitting. Example: a random forest predicts defect types using features extracted from thermal images.
Challenges involve large model size, slower inference on constrained devices, and difficulty interpreting
individual tree decisions.
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Reinforcement Learning (RL) — A learning paradigm where an agent interacts with an environment to
maximise cumulative reward. Policy, Q-learning. RL can optimise repair sequences by rewarding successful
fault resolution. Example: an RL agent learns to select the most efficient test order for diagnosing a
malfunctioning board. Challenges include defining appropriate reward functions, ensuring safety during
exploration, and high sample complexity.

Regression — Predictive modeling where the output is a continuous value. Linear regression, non-linear
regression. Regression predicts component parameters such as resistance drift over temperature. Example:
estimating the exact capacitance value from noisy measurement data. Challenges include handling
heteroscedasticity, non-linear relationships, and outlier influence.

Residual Neural Network (ResNet) — A deep CNN architecture that uses skip connections to alleviate
vanishing-gradient problems. Deep residual learning, identity mapping. ResNets enable training of very
deep models for intricate PCB defect detection. Example: a 50-layer ResNet identifies micro-cracks invisible
to shallow networks. Challenges involve increased computational demand and careful tuning of learning
rates.

Semantic Segmentation — Assigning a class label to each pixel in an image. Pixel-wise classification, fully
convolutional network. Semantic segmentation creates detailed maps of component regions on a board.

Example: labeling each pixel as “solder”, “copper”, or “background”. Challenges include class imbalance,
high memory usage, and need for precise annotation during training.

Signal-to-Noise Ratio (SNR) — Ratio of the power of a desired signal to the power of background noise.
Noise floor, measurement quality. High SNR is crucial for reliable Al analysis of waveforms. Example: a scope
trace with SNR of 30dB yields clearer feature extraction than one with 10dB. Challenges involve improving
SNR through hardware design or algorithmic filtering.

Support Vector Machine (SVM) — A supervised learning algorithm that finds the hyperplane maximizing
margin between classes. Kernel trick, margin maximisation. SVMs classify fault types with limited training
data. Example: an SVM separates “over-voltage” from “under-voltage” conditions using voltage and current
features. Challenges include scaling to large datasets, selecting suitable kernels, and sensitivity to feature
scaling.

Supervised Learning — Training models using labeled input-output pairs. Classification, regression. Most
fault-diagnosis Al relies on supervised learning from annotated repair logs. Example: a model learns to map
temperature profiles to failure categories. Challenges involve acquiring sufficient labeled data and handling
label noise.

TensorFlow — An open-source machine-learning framework developed by Google. Deep learning library,
computational graph. TensorFlow is commonly used to build Al models for electronics repair tools. Example:
implementing a CNN for PCB defect detection using TensorFlow's Keras API. Challenges include version
compatibility, steep learning curve for newcomers, and resource management on embedded devices.

Transfer Learning — Reusing a pre-trained model on a new, related task to reduce training time and data
requirements. Fine-tuning, domain adaptation. Transfer learning enables rapid deployment of vision models
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for new component families. Example: adapting a model trained on generic electronics images to identify a
specific microcontroller package. Challenges include negative transfer when source and target domains
differ significantly.

Uncertainty Quantification — Measuring the confidence or uncertainty associated with model predictions.
Confidence intervals, Bayesian methods. Quantifying uncertainty helps technicians assess risk before acting
on Al suggestions. Example: providing a 95% confidence range for predicted remaining life of a power
MOSFET. Challenges include computational overhead and communicating uncertainty effectively to
non-technical users.

Unsupervised Learning — Learning patterns from data without explicit labels. Clustering, dimensionality
reduction. Unsupervised techniques discover hidden fault groups in sensor datasets. Example: clustering
voltage waveforms reveals previously unknown failure modes. Challenges involve interpreting clusters and
validating their relevance to real-world faults.

Validation Set — A subset of data used to tune model hyperparameters and assess performance during
training. Hold-out, cross-validation. The validation set prevents overfitting by providing unbiased feedback.
Example: evaluating model accuracy on a separate set of PCB images not used for training. Challenges
include ensuring the validation set is representative and not leaking information from the test set.

Variable (Feature) — An observable attribute used as input to a machine-learning model. Predictor, attribute.
Features may include voltage amplitude, frequency content, or visual texture. Example: using the RMS value
of a current waveform as a feature for fault classification. Challenges involve selecting relevant variables,
handling missing values, and avoiding redundancy.

Variance (Statistical) — Measure of data dispersion around the mean. Standard deviation, spread. High
variance in sensor readings may indicate unstable operating conditions. Example: a variance of 0.02V? in
voltage measurements suggests noise issues. Challenges include distinguishing variance caused by genuine
faults from measurement noise.

Virtual Instrumentation — Software that emulates traditional measurement hardware using configurable
interfaces. LabVIEW, software-defined instruments. Al integrates with virtual instruments to automate data
acquisition and analysis. Example: a virtual oscilloscope streams data to an Al module for real-time anomaly
detection. Challenges include ensuring timing accuracy, latency, and compatibility with diverse hardware.

Weighted Loss — A loss function that assigns different importance to classes or samples. Class weighting,
cost-sensitive learning. Weighted loss helps address class imbalance in fault datasets. Example: giving
higher penalty to misclassifying rare “catastrophic failure” cases. Challenges involve selecting appropriate
weights without introducing bias.

Wavelet Transform — A mathematical tool that decomposes signals into time-frequency components.
Time-frequency analysis, multi-resolution. Wavelet features improve Al detection of transient faults.
Example: extracting wavelet coefficients from a noisy voltage spike to identify a short-circuit. Challenges
include choosing suitable mother wavelets and managing computational load.
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Weight Pruning — Reducing model size by removing less important parameters. Model compression,
sparsity. Pruning enables deployment of deep models on microcontrollers used in repair stations. Example:
eliminating 30 % of CNN filters with minimal accuracy loss. Challenges involve maintaining performance and
determining pruning criteria.

Zero-Shot Learning — Enabling a model to recognise classes it has never seen during training by leveraging
semantic information. Few-shot learning, attribute transfer. Zero-shot learning can identify new component
types from textual descriptions. Example: predicting defects on a newly released PCB layout without explicit
training images. Challenges include limited accuracy and reliance on high-quality semantic embeddings.
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