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Artificial Intelligence in Electronics Repair

Neural Network Applications in Component Testing

Artificial Neural Network (ANN) – A computational model inspired by the biological neural networks of the
brain, consisting of interconnected nodes (neurons) organized in layers. Related terms: feed‑forward
network, back‑propagation, activation function. ANNs learn to map inputs to outputs through training on
labeled data. In component testing, an ANN can be trained to recognize patterns of voltage, current, and
waveform signatures that correspond to healthy or faulty components. Example: training an ANN on
resistance measurements of resistors with known tolerances enables the network to predict out‑of‑spec
values on new parts. Challenges: requires a large, representative dataset; risk of overfitting if the network is
too complex for the available data.

Back‑Propagation – A supervised learning algorithm used to adjust the weights of an ANN by propagating
the error gradient from the output layer back through hidden layers. Related terms: gradient descent,
learning rate, loss function. In component testing, back‑propagation fine‑tunes the network so that
predicted defect classifications align with actual test outcomes. Example: after an initial classification of a
capacitor as “good”, back‑propagation corrects the network if subsequent measurements reveal leakage,
improving future predictions. Challenges: selecting appropriate learning rates to avoid divergence or slow
convergence; handling non‑stationary data where component characteristics drift over time.

Convolutional Neural Network (CNN) – A type of deep ANN that uses convolutional layers to automatically
extract spatial hierarchies of features from input data. Related terms: kernel, pooling, feature map. Although
CNNs are famed for image processing, they can be applied to time‑frequency representations of electronic
signals (e.g., spectrograms of oscillograms) to detect subtle defects. Example: converting a diode
forward‑bias voltage waveform into a spectrogram and feeding it to a CNN can reveal micro‑oscillations
indicative of junction degradation. Challenges: requires transformation of raw data into suitable image‑like
formats; computationally intensive, often necessitating GPU acceleration.

Data Augmentation – Techniques used to artificially expand a training dataset by applying transformations
to existing samples. Related terms: synthetic data, oversampling, variance reduction. In component testing,
augmentation may involve adding noise, scaling amplitudes, or shifting time axes of measured waveforms
to simulate measurement variability. Example: adding Gaussian noise to a set of voltage‑current
characteristic curves of transistors creates additional training instances that improve network robustness.
Challenges: ensuring augmented data remains physically plausible; excessive augmentation can introduce
unrealistic patterns that mislead the model.

Dropout – A regularization method where a random subset of neurons is temporarily ignored during each
training iteration, preventing co‑adaptation of features. Related terms: regularization, overfitting, stochastic
training. Applying dropout in networks that evaluate component test data helps the model generalize to
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unseen parts. Example: during training, 20 % of hidden neurons are dropped, forcing the network to rely on
multiple redundant pathways for classifying a faulty MOSFET. Challenges: selecting dropout rate; too high a
rate can hinder learning, while too low may not sufficiently combat overfitting.

Feature Extraction – The process of deriving informative attributes from raw measurement data to feed into
a neural model. Related terms: signal processing, statistical descriptors, dimensionality reduction. Common
features in component testing include peak‑to‑peak voltage, rise time, settling time, harmonic distortion,
and temperature coefficients. Example: extracting the first four statistical moments (mean, variance,
skewness, kurtosis) from an in‑rush current transient of an electrolytic capacitor provides a compact
representation for classification. Challenges: choosing features that capture defect signatures without
discarding critical information; risk of “curse of dimensionality” if too many features are used.

Gradient Descent – An optimization algorithm that iteratively adjusts model parameters in the direction of
the steepest decrease of a loss function. Related terms: learning rate, cost function, convergence. Variants
such as stochastic gradient descent (SGD) and Adam are commonly employed to train networks that assess
component health. Example: using Adam optimizer to minimize mean‑square error between predicted and
measured resistance values of a batch of precision resistors accelerates convergence. Challenges: choosing
appropriate batch sizes; avoiding local minima that can trap the model in sub‑optimal performance.

Hyperparameter Tuning – The systematic adjustment of non‑learnable parameters that govern network
architecture and training dynamics. Related terms: grid search, Bayesian optimization, cross‑validation. Key
hyperparameters for component testing models include number of hidden layers, neurons per layer,
activation functions, and regularization coefficients. Example: performing a grid search over learning rates
(0.001, 0.01, 0.1) and dropout probabilities (0.1, 0.3, 0.5) identifies the configuration that yields the highest
classification accuracy on a validation set of LED samples. Challenges: computational expense of exhaustive
searches; risk of over‑optimizing on validation data, reducing generalization to real‑world parts.

Inference – The stage where a trained neural network processes new, unseen data to produce predictions or
classifications. Related terms: deployment, forward pass, latency. In a repair shop, inference may be
performed on a handheld tester that streams voltage‑current measurements through a pre‑loaded model
to instantly flag suspect components. Example: a technician connects a suspect capacitor to a test fixture;
the device streams the impedance spectrum to the embedded network, which returns a “degraded” label
within milliseconds. Challenges: ensuring low latency on limited hardware; handling out‑of‑distribution
inputs that the model has never encountered.

Kernel Density Estimation (KDE) – A non‑parametric method to estimate the probability density function of
a random variable, often used to visualize distribution of test measurements. Related terms: probability
density, smoothing, bandwidth. KDE can complement neural approaches by providing insight into how
measurement clusters correspond to healthy versus faulty components. Example: applying KDE to the
distribution of breakdown voltage values of Zener diodes highlights a bimodal shape, suggesting two
distinct defect populations that can be fed as labels to a classifier. Challenges: choosing appropriate
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bandwidth; high‑dimensional data can make KDE computationally prohibitive.

Learning Rate Scheduler – A strategy that dynamically adjusts the learning rate during training, typically
reducing it as convergence nears. Related terms: step decay, cosine annealing, adaptive optimization. For
component testing datasets that contain both easy and hard examples, a scheduler helps the network settle
into a stable minimum after initially exploring the loss landscape. Example: starting with a learning rate of
0.01 and halving it every 10 epochs improves final accuracy on a mixed dataset of resistors and inductors.
Challenges: determining schedule parameters; abrupt changes can destabilize training if not synchronized
with batch updates.

Loss Function – A metric that quantifies the discrepancy between the network’s predictions and the true
labels during training. Related terms: cross‑entropy, mean‑square error, objective. Selecting an appropriate
loss function is crucial; classification of component states (good, marginal, failed) often uses categorical
cross‑entropy, while regression of numeric parameters (e.g., capacitance value) uses mean‑square error.
Example: using binary cross‑entropy to train a model that outputs a probability of a transistor being
“open‑circuit”. Challenges: loss functions may be insensitive to class imbalance; improper scaling can cause
gradient vanishing or exploding.

Model Compression – Techniques that reduce the size and computational demand of a neural network
without significantly sacrificing accuracy. Related terms: pruning, quantization, knowledge distillation. In
portable test equipment, compressed models enable on‑device inference with limited memory. Example:
pruning 30 % of the least‑important weights from a fully connected network reduces model size from 2 MB
to 1.4 MB while retaining 96 % of its classification performance on a PCB component dataset. Challenges:
determining which weights can be removed without degrading critical defect detection capability;
quantization may introduce numerical errors in sensitive measurements.

Neural Architecture Search (NAS) – An automated process that explores a space of possible network
topologies to discover optimal architectures for a given task. Related terms: meta‑learning, evolutionary
algorithms, reinforcement learning. NAS can be employed to tailor a model specifically for the unique signal
characteristics of a particular component family (e.g., surface‑mount diodes). Example: using a
reinforcement‑learning controller to propose layer configurations, the system discovers a compact
architecture with three convolutional layers that outperforms a manually designed network on a
capacitor‑leakage classification benchmark. Challenges: high computational cost; risk of over‑specialization
that limits transferability to other component types.

One‑Shot Learning – A learning paradigm where the model can correctly classify a new class after seeing
only a single example. Related terms: few‑shot learning, Siamese network, metric learning. For rare
components with limited historical data, one‑shot techniques enable rapid incorporation into the testing
workflow. Example: a Siamese network learns a similarity metric between waveform signatures, allowing it to
identify a newly introduced high‑frequency RF filter after a single calibrated measurement. Challenges:
requires a well‑structured embedding space; performance may degrade when the single example is noisy or
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atypical.

Overfitting – A modeling error where a neural network captures noise or irrelevant patterns in the training
data, resulting in poor generalization to new samples. Related terms: regularization, validation set,
bias‑variance trade‑off. In component testing, overfitting manifests as a model that perfectly classifies the
training batch of resistors but fails on a different production lot. Example: a deep network with many layers
achieves 100 % accuracy on the training set but only 70 % on a hold‑out set because it memorized specific
measurement quirks. Challenges: detecting overfitting early; balancing model capacity with dataset size.

Precision Recall Curve – A graphical representation that illustrates the trade‑off between precision (positive
predictive value) and recall (sensitivity) for different classification thresholds. Related terms: ROC curve, F1
score, threshold tuning. For defect detection, the curve helps engineers select a threshold that minimizes
false negatives (missed faults) while keeping false positives at an acceptable level. Example: adjusting the
decision threshold from 0.5 to 0.7 shifts the operating point to higher precision, reducing unnecessary
component replacements. Challenges: interpreting the curve when class distribution is heavily skewed;
selecting the optimal operating point requires domain‑specific cost analysis.

Quantization – The process of reducing the precision of network weights and activations, typically from
32‑bit floating point to 8‑bit integer or lower, to accelerate inference on edge devices. Related terms: model
compression, fixed‑point arithmetic, hardware acceleration. Quantized models can run on microcontrollers
embedded in test rigs, delivering rapid defect classification without a host PC. Example: converting a trained
ANN to 8‑bit integer format enables it to execute on a Cortex‑M4 processor with less than 10 ms latency
per component test. Challenges: maintaining accuracy after quantization; some activation functions (e.g.,
softmax) may require special handling to avoid numerical instability.

Recurrent Neural Network (RNN) – A class of neural networks designed to process sequential data by
maintaining internal states that capture temporal dependencies. Related terms: LSTM, GRU, time‑series
analysis. In component testing, RNNs can model time‑dependent phenomena such as charge‑discharge
curves of capacitors or transient response of inductors. Example: an LSTM network learns to predict the
expected voltage decay of a supercapacitor, flagging deviations that indicate dielectric breakdown.
Challenges: vanishing or exploding gradients over long sequences; requires careful initialization and
possibly gated architectures.

Signal‑to‑Noise Ratio (SNR) – A measure of the strength of a desired signal relative to background noise,
expressed in decibels. Related terms: noise floor, dynamic range, filtering. High SNR is essential for reliable
feature extraction; neural models trained on low‑SNR data may learn noise patterns instead of true defect
signatures. Example: improving the SNR of a current‑probe measurement by averaging multiple sweeps
before feeding the data to a classifier reduces misclassification of marginally defective resistors. Challenges:
increasing SNR often requires longer measurement times, which can conflict with rapid testing
requirements.
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Transfer Learning – The technique of leveraging knowledge acquired from training on one dataset to
accelerate learning on a related but distinct dataset. Related terms: fine‑tuning, pre‑trained model, domain
adaptation. For component testing, a network pre‑trained on generic electronic waveforms can be
fine‑tuned with a smaller dataset of specific component types, saving time and computational resources.
Example: a CNN trained on oscilloscope captures of generic signals is fine‑tuned on a limited set of
power‑MOSFET switching waveforms, achieving high accuracy with only a few hundred labeled examples.
Challenges: mismatch between source and target domains can cause negative transfer; careful selection of
layers to freeze or retrain is required.

Validation Set – A subset of the dataset used to evaluate model performance during training, guiding
hyperparameter selection and early stopping. Related terms: training set, test set, cross‑validation. In
component testing, the validation set should contain parts from the same production line but not used for
weight updates, providing an unbiased estimate of real‑world accuracy. Example: after each epoch, the
model’s classification error on the validation set of solder‑joint resistance measurements is recorded;
training stops when the error stops decreasing for three consecutive epochs. Challenges: ensuring the
validation set is representative; leakage of validation data into training (e.g., through data augmentation)
can inflate performance metrics.

Weight Pruning – The removal of connections (weights) with small magnitude from a trained network,
reducing computational load and memory footprint. Related terms: sparsity, structured pruning,
unstructured pruning. Pruned models are especially useful for embedded test equipment that must operate
within strict power budgets. Example: eliminating 40 % of the smallest weights from a fully connected
network reduces inference time by 25 % on a low‑power FPGA, while still correctly classifying 98 % of faulty
diodes. Challenges: determining pruning thresholds that do not degrade critical detection capabilities;
re‑training may be needed to recover lost accuracy.

X‑GBoost Integration – Combining gradient‑boosted decision trees (XGBoost) with neural network outputs
to improve classification robustness. Related terms: ensemble learning, hybrid model, feature fusion. The
neural network can generate high‑level embeddings from raw measurements, which are then fed to
XGBoost as additional features for final decision making. Example: a system that first extracts a
64‑dimensional embedding from a CNN and then uses XGBoost to classify whether a surface‑mount
capacitor is “good”, “leaky”, or “open”. The ensemble achieves higher accuracy than either model alone.
Challenges: increased system complexity; careful handling of feature scaling and training data alignment
between the two models.

Y‑Axis Normalization – A preprocessing step that scales the amplitude of measurement signals to a
common range, often between –1 and 1, to improve neural network training stability. Related terms:
min‑max scaling, standardization, feature scaling. Normalizing the Y‑axis of voltage‑time traces ensures that
the network focuses on shape rather than absolute magnitude, which may vary due to supply voltage
differences. Example: applying min‑max scaling to the current waveform of a test resistor before feeding it
to an ANN reduces training epochs needed for convergence. Challenges: preserving absolute information
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that may be diagnostically relevant; inappropriate scaling can mask small but critical deviations.

Z‑Score Analysis – A statistical method that expresses a value’s deviation from the mean in terms of
standard deviations. Related terms: standardization, outlier detection, normalization. Z‑scores are often
used to flag components whose measured parameters lie far outside expected ranges before they are
presented to a neural classifier. Example: a resistor with a measured resistance yielding a Z‑score of +3.2 is
automatically labeled as a potential outlier for further neural evaluation. Challenges: assumes underlying
normal distribution; in multimodal datasets, a single global mean may not be appropriate, requiring
per‑cluster Z‑score calculations.

Read online: https://certificates.gsbf.co.uk/glossaries/21120811/
neural-network-applications-in-component-testing

Greenwich School of Business and Finance · 02 Aug 2026


