
G LO S S A RY

Professional Certificate in Artificial Intelligence for Welding Processes

Supervised Learning Algorithms

Accuracy
Related terms: Precision, recall, classification metrics, confusion matrix. Explanation: Accuracy measures the
proportion of correctly predicted instances out of the total number of instances. It is calculated as (true
positives + true negatives) / (total predictions). In welding defect classification, high accuracy indicates the
model reliably distinguishes between acceptable welds and defects such as porosity or cracks. Example: A
model that predicts weld quality on 1,000 samples with 950 correct predictions yields an accuracy of 95 %.
Practical application: Used for quick assessment of model performance during early prototyping of weld
quality prediction systems. Challenges: Accuracy can be misleading when class distribution is imbalanced; a
dataset with 95 % sound welds could achieve 95 % accuracy by always predicting “no defect,” masking poor
detection of rare defects.

AdaBoost (Adaptive Boosting)
Related terms: Ensemble learning, weak learners, boosting, gradient boosting. Explanation: AdaBoost
combines multiple weak classifiers, typically decision stumps, into a strong classifier by iteratively focusing
on mis‑classified samples. Each iteration assigns higher weights to previously mis‑classified instances,
encouraging subsequent learners to correct errors. Example: In a weld‑parameter prediction task, AdaBoost
may use shallow decision trees on features such as current, voltage, and travel speed to improve defect
detection. Practical application: Effective for datasets with moderate size where computational resources are
limited, such as on‑site welding robots with embedded processors. Challenges: Sensitive to noisy labels;
outliers in sensor data can cause the algorithm to over‑emphasize erroneous samples, degrading
performance.

Artificial Neural Network (ANN)
Related terms: Multilayer perceptron, deep learning, activation function, backpropagation. Explanation: An
ANN consists of interconnected layers of nodes (neurons) that transform input features through weighted
sums and nonlinear activation functions. Supervised training adjusts weights to minimize a loss function
using gradient‑based optimization. Example: A feed‑forward ANN with three hidden layers predicts weld
bead geometry from real‑time current and voltage waveforms. Practical application: Captures complex,
nonlinear relationships between welding parameters and resulting microstructure, enabling adaptive control
of welding robots. Challenges: Requires large labeled datasets; overfitting is common when the network is
deep relative to the amount of data, necessitating regularization techniques such as dropout or early
stopping.

Bias‑Variance Tradeoff
Related terms: Overfitting, underfitting, model complexity, generalization error. Explanation: The
bias‑variance tradeoff describes how prediction error can be decomposed into bias (error from erroneous
assumptions) and variance (error from sensitivity to training data). Low‑bias, high‑variance models (e.G.,
Deep neural networks) fit training data closely but may not generalize, whereas high‑bias, low‑variance
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models (e.G., Linear regression) may underfit. Example: In weld‑defect classification, a simple logistic
regression may have high bias, missing subtle defect patterns, while a deep CNN may have low bias but
high variance, giving inconsistent results across different welding runs. Practical application: Guides
selection of model complexity and regularization strength to achieve robust weld quality prediction.
Challenges: Quantifying bias and variance requires techniques such as repeated cross‑validation, which can
be computationally intensive for large welding datasets.

Bayesian Linear Regression
Related terms: Prior distribution, posterior inference, Gaussian likelihood, regularization. Explanation:
Bayesian linear regression treats regression coefficients as random variables with prior distributions.
Observing data updates these priors to posteriors via Bayes’ theorem, providing a full predictive distribution
rather than point estimates. Example: Predicting heat input (J/mm) from welding current and speed, the
Bayesian approach yields a mean prediction and credible interval reflecting uncertainty. Practical
application: Useful for risk‑aware decision making in welding process planning, where confidence bounds
inform safety margins. Challenges: Requires specification of appropriate priors; computational cost rises
with large feature sets, demanding approximation methods such as variational inference.

Cross‑Validation
Related terms: K‑fold, stratified sampling, model selection, validation set. Explanation: Cross‑validation
partitions the dataset into multiple folds, training the model on a subset while validating on the remaining
fold. Repeating this process yields an average performance estimate, reducing variance caused by a single
train‑test split. Example: A 5‑fold cross‑validation on a dataset of 2,000 weld samples evaluates the stability
of a random forest classifier for defect detection. Practical application: Provides reliable performance
metrics for hyperparameter tuning in welding‑process models where data acquisition is costly. Challenges:
In time‑series welding data (e.G., Continuous arc monitoring), temporal dependencies must be respected,
requiring forward‑chaining validation rather than random folds.

Decision Tree
Related terms: CART, impurity measure, leaf node, pruning. Explanation: A decision tree recursively splits the
feature space based on criteria such as Gini impurity or information gain, producing a tree structure where
each leaf predicts a class label (classification) or a numeric value (regression). Example: A tree that splits first
on welding current, then on travel speed, and finally on shielding gas flow to predict the likelihood of
porosity. Practical application: Offers interpretability for welding engineers, who can trace how specific
parameter thresholds influence defect risk. Challenges: Prone to overfitting; small changes in data can
produce vastly different trees, necessitating pruning or ensemble methods.

Elastic Net
Related terms: Lasso, Ridge, regularization path, hyperparameter α. Explanation: Elastic Net combines L1
(Lasso) and L2 (Ridge) penalties to enforce both sparsity and coefficient shrinkage. The loss function adds
λ₁‖β‖₁ + λ₂‖β‖₂² to the ordinary least‑squares term, balancing between feature selection and stability.
Example: Modeling weld bead width from a high‑dimensional set of sensor readings, Elastic Net discards
irrelevant frequencies while keeping correlated features. Practical application: Handles multicollinearity
common in multi‑sensor welding data, improving model robustness. Challenges: Requires tuning two
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regularization parameters, often via nested cross‑validation, increasing computational load.

Feature Engineering
Related terms: Feature extraction, dimensionality reduction, domain knowledge, scaling. Explanation:
Feature engineering transforms raw sensor data into informative variables that enhance model learning.
Techniques include aggregating time‑series signals, computing statistical moments, and applying
domain‑specific formulas (e.G., Heat input = V × I × t). Example: Converting raw voltage waveforms into
peak‑to‑peak amplitude, RMS value, and spectral power in the 1–5 kHz band for defect classification.
Practical application: Improves predictive accuracy of supervised models in welding by emphasizing
physically relevant characteristics. Challenges: Manual feature creation is labor‑intensive; automated
methods (e.G., Auto‑encoders) may still require expert validation to avoid spurious correlations.

Gaussian Process Regression (GPR)
Related terms: Kernel function, covariance matrix, Bayesian inference, predictive variance. Explanation: GPR
treats regression as a distribution over functions, defined by a mean function and a kernel that encodes
similarity between data points. Predictions are Gaussian distributions with mean and variance, offering
uncertainty quantification. Example: Predicting weld bead penetration depth from current and voltage using
a squared‑exponential kernel to capture smooth variations. Practical application: Enables adaptive welding
control where the robot adjusts parameters based on confidence‑weighted predictions. Challenges:
Computationally O(n³) in the number of training points; scaling to thousands of weld samples requires
sparse approximations.

Gradient Boosting
Related terms: Boosting, learning rate, loss function, weak learner. Explanation: Gradient boosting builds an
additive model by sequentially fitting weak learners (often shallow trees) to the negative gradient of a loss
function. Each new learner corrects residual errors of the ensemble. Example: A gradient‑boosted model
predicts the probability of cracking based on arc voltage, current, and filler‑wire composition. Practical
application: Provides high predictive power for complex welding datasets, often outperforming single trees.
Challenges: Sensitive to hyperparameters such as learning rate and number of estimators; improper settings
can cause overfitting, especially with limited welding data.

Hyperparameter Tuning
Related terms: Grid search, random search, Bayesian optimization, validation set. Explanation:
Hyperparameters are configuration settings external to model training (e.G., Tree depth, regularization
strength). Tuning searches the hyperparameter space to find values that minimize validation error. Example:
Using random search to explore max_depth ∈ {3,5,7,9} and learning_rate ∈ {0.01,0.05,0.1} For an XGBoost
classifier on weld defect data. Practical application: Optimizes model performance without manual
trial‑and‑error, essential for time‑critical deployment of welding quality monitors. Challenges: Large search
spaces increase computational cost; cross‑validation for each configuration can be prohibitive, motivating
efficient methods like Bayesian optimization.

K‑Nearest Neighbors (k‑NN)
Related terms: Distance metric, instance‑based learning, lazy learning, Euclidean distance. Explanation: K‑NN
classifies a query point by majority vote among its k closest training instances, measured by a chosen

Read online: https://certificates.HealthCareCourses.org.uk/glossaries/
3179045/supervised-learning-algorithms

HealthCareCourses (An LSIB brand) · 25 Jun 2026



G LO S S A RY

distance metric. Regression predicts the average target of those neighbors. Example: Classifying a welding
arc segment as “stable” or “unstable” based on the 5 nearest historic arc waveforms. Practical application:
Simple baseline for real‑time defect detection where model training is minimal. Challenges:
Computationally expensive at prediction time for large datasets; performance degrades in high‑dimensional
spaces due to the curse of dimensionality, common with multi‑sensor welding data.

Lasso Regression (Least Absolute Shrinkage and Selection Operator)
Related terms: L1 regularization, sparsity, feature selection, coefficient shrinkage. Explanation: Lasso adds an
L1 penalty λ‖β‖₁ to the ordinary least‑squares loss, driving many coefficients to exactly zero, thus
performing variable selection. Example: Selecting the most influential welding parameters (current, voltage,
gas flow) for predicting bead height while discarding redundant sensor channels. Practical application:
Reduces model complexity and measurement cost in welding process monitoring. Challenges: When
predictors are highly correlated, Lasso arbitrarily selects one, potentially discarding useful information;
Elastic Net can mitigate this issue.

Logistic Regression
Related terms: Binary classification, sigmoid function, odds ratio, maximum likelihood. Explanation: Logistic
regression models the probability of a binary outcome using the logistic (sigmoid) function applied to a
linear combination of input features. Parameters are estimated via maximum likelihood. Example: Predicting
the probability that a weld will exhibit lack of fusion based on current, voltage, and travel speed. Practical
application: Provides interpretable coefficients (odds ratios) that welding engineers can translate into
process guidelines. Challenges: Assumes linear relationship in log‑odds; may underperform when defect
patterns are highly nonlinear, requiring polynomial features or alternative algorithms.

Loss Function
Related terms: Cost function, objective, mean squared error, cross‑entropy. Explanation: The loss function
quantifies the discrepancy between predicted outputs and true targets. During supervised training,
optimization algorithms minimize this function to improve model parameters. Example: Using mean
squared error for regression of weld bead width; using binary cross‑entropy for classification of defect
presence. Practical application: Choice of loss directly influences model behavior; for imbalanced welding
defect data, weighted cross‑entropy can emphasize minority classes. Challenges: Non‑convex loss surfaces
(e.G., Deep neural networks) may trap optimizers in local minima; careful initialization and optimizer
selection are required.

Matrix Factorization (e.G., NMF)
Related terms: Dimensionality reduction, latent factors, non‑negative matrix factorization, feature
compression. Explanation: Matrix factorization decomposes a data matrix into lower‑dimensional
components, capturing underlying structure. In supervised contexts, factorized features are fed into
downstream classifiers. Example: Decomposing a high‑dimensional spectrogram of arc voltage into latent
bases, then using the coefficients to predict spatter occurrence. Practical application: Reduces
computational load for real‑time welding monitoring devices. Challenges: Selecting the appropriate rank;
over‑compression may lose critical defect information.

Model Evaluation Metrics
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Related terms: Confusion matrix, ROC curve, precision‑recall, F1‑score. Explanation: Metrics assess how well
a supervised model performs on unseen data. For classification, common metrics include accuracy, precision
(positive predictive value), recall (sensitivity), and F1‑score (harmonic mean of precision and recall). For
regression, metrics include mean absolute error (MAE) and coefficient of determination (R²). Example: A
weld defect classifier achieving precision = 0.92 And recall = 0.78 Indicates few false positives but some
missed defects. Practical application: Selecting the appropriate metric aligns model optimization with
welding quality objectives (e.G., Prioritizing recall to avoid missing dangerous cracks). Challenges: Metric
selection can bias model development; imbalance requires focusing on recall or area under the
precision‑recall curve rather than accuracy.

Naïve Bayes
Related terms: Bayes theorem, conditional independence, Gaussian NB, multinomial NB. Explanation: Naïve
Bayes classifiers apply Bayes theorem assuming feature independence given the class label. Despite the
strong assumption, they often perform well in practice. Example: Classifying weld seam images into “defect”
or “no defect” using pixel intensity histograms as features. Practical application: Fast training and inference
on embedded welding inspection hardware. Challenges: Independence assumption is violated in correlated
sensor data, potentially reducing accuracy; smoothing techniques can alleviate zero‑probability issues.

Neural Network Regularization (Dropout, L2)
Related terms: Overfitting mitigation, weight decay, stochastic regularization. Explanation: Regularization
techniques add constraints to the learning process to prevent overfitting. Dropout randomly deactivates a
fraction of neurons during training, while L2 weight decay penalizes large weights. Example: Applying 20 %
dropout to hidden layers of a weld‑parameter predictor to improve generalization on unseen joint
configurations. Practical application: Enables deployment of deep models on limited‑data welding projects
without sacrificing performance. Challenges: Excessive dropout can hinder learning; balancing regularization
strength requires careful validation.

Polynomial Regression
Related terms: Basis expansion, non‑linear regression, degree, overfitting. Explanation: Polynomial
regression extends linear regression by adding polynomial terms of the input features, allowing the model
to capture curvature. Example: Modeling the relationship between welding current and bead penetration
depth with a quadratic term to reflect diminishing returns at high currents. Practical application: Provides a
simple yet expressive model for process planners adjusting welding parameters. Challenges: High‑degree
polynomials can lead to Runge’s phenomenon (oscillatory behavior) and overfitting; regularization or
cross‑validation is essential.

Precision
Related terms: Positive predictive value, false discovery rate, classification threshold. Explanation: Precision
quantifies the proportion of true positive predictions among all positive predictions: TP / (TP + FP). In weld
defect detection, high precision means most flagged defects are genuine. Example: A model that reports
100 defects, of which 90 are actual defects, achieves a precision of 0.90. Practical application: Reduces
unnecessary re‑work or inspection when false alarms are costly. Challenges: Precision alone does not reflect
missed defects; optimizing precision may inadvertently lower recall, requiring a balanced approach.
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Random Forest
Related terms: Bagging, bootstrap aggregation, feature randomness, out‑of‑bag error. Explanation: Random
forest builds an ensemble of decision trees on bootstrapped subsets of data, each split considering a
random subset of features. The final prediction aggregates (majority vote or average) across trees, reducing
variance. Example: A random forest with 200 trees predicts weld spatter occurrence using current, voltage,
and gas composition as inputs. Practical application: Robust to noisy sensor data and provides feature
importance scores useful for welding process optimization. Challenges: Large ensembles increase memory
usage; interpretability is lower than a single decision tree, though partial dependence plots can aid
understanding.

Recall (Sensitivity)
Related terms: True positive rate, missed detection, false negative, class imbalance. Explanation: Recall
measures the proportion of actual positives correctly identified: TP / (TP + FN). In welding, high recall ensures
most defects are caught. Example: Detecting 80 out of 100 actual cracks yields a recall of 0.80. Practical
application: Critical when the cost of undetected defects (e.G., Structural failure) outweighs the cost of false
alarms. Challenges: Maximizing recall alone may increase false positives, reducing precision; threshold
tuning is required to balance both.

Regularization
Related terms: L1, L2, penalty term, overfitting control. Explanation: Regularization adds a penalty to the loss
function to discourage complex models, helping prevent overfitting. L1 regularization (Lasso) promotes
sparsity, while L2 (Ridge) shrinks coefficients uniformly. Example: Adding λ‖β‖₂² to a linear regression
predicting weld bead geometry reduces sensitivity to measurement noise. Practical application: Enables
stable models when welding datasets contain many correlated sensor channels. Challenges: Selecting the
regularization strength λ requires validation; overly strong regularization can lead to underfitting.

Resampling Methods (Bootstrap, Jackknife)
Related terms: Statistical inference, confidence intervals, variance estimation. Explanation: Resampling
techniques generate multiple pseudo‑samples from the original data to assess estimator variability.
Bootstrap draws samples with replacement; Jackknife systematically leaves out one observation at a time.
Example: Bootstrapping the mean absolute error of a weld‑quality predictor to construct a 95 % confidence
interval. Practical application: Provides uncertainty estimates for model performance without assuming
normality, valuable for safety‑critical welding applications. Challenges: Computationally intensive for large
datasets; bootstrap may underestimate variance when data are highly dependent.

ROC Curve (Receiver Operating Characteristic)
Related terms: AUC, true positive rate, false positive rate, threshold analysis. Explanation: The ROC curve
plots TPR against FPR across varying classification thresholds, illustrating trade‑offs between sensitivity and
specificity. The area under the curve (AUC) summarizes overall discriminative ability. Example: A weld‑defect
classifier with AUC = 0.93 Indicates strong separation between defective and sound welds. Practical
application: Helps choose an operating point that balances safety (high recall) and productivity (low false
alarm rate). Challenges: ROC can be misleading on imbalanced data; precision‑recall curves may be more
informative when defect prevalence is low.
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Scaling (Normalization)
Related terms: Standardization, min‑max scaling, feature scaling, data preprocessing. Explanation: Scaling
transforms features to comparable ranges, preventing algorithms that rely on distance (e.G., K‑NN, SVM)
from being dominated by variables with larger numeric ranges. Common methods include Z‑score
standardization and min‑max normalization. Example: Normalizing voltage (0–400 V) and current (0–300 A)
to a 0‑1 range before feeding them to a support vector machine. Practical application: Improves
convergence speed for gradient‑based optimizers in neural networks modeling welding processes.
Challenges: Scaling parameters must be derived from training data only; applying them to test data
incorrectly can cause data leakage.

Support Vector Machine (SVM)
Related terms: Kernel trick, margin maximization, hyperplane, soft margin. Explanation: SVM finds the
hyperplane that maximally separates classes by maximizing the margin between support vectors. Kernels
(linear, polynomial, radial basis function) enable nonlinear separation by mapping data into
higher‑dimensional spaces. Example: An RBF‑kernel SVM distinguishes between stable and unstable arcs
using time‑frequency features extracted from voltage signals. Practical application: Provides strong
performance on small‑to‑medium welding datasets with complex decision boundaries. Challenges:
Choosing an appropriate kernel and tuning C (regularization) and γ (kernel width) is non‑trivial; training
scales poorly with large sample sizes.

Training Set
Related terms: Labeled data, supervised learning, data split, model fitting. Explanation: The training set
consists of input‑output pairs used to learn model parameters. In welding AI, it typically contains sensor
measurements (inputs) and corresponding quality labels (outputs). Example: 1,500 Weld samples with
recorded current, voltage, and manually inspected defect status form the training set for a classifier.
Practical application: The foundation for any supervised algorithm; quality of labels directly impacts model
reliability. Challenges: Obtaining accurately labeled welding data is costly; noisy or biased labels can
propagate errors throughout the learning pipeline.

Underfitting
Related terms: High bias, low variance, model simplicity, poor training performance. Explanation:
Underfitting occurs when a model is too simple to capture underlying patterns, resulting in high error on
both training and validation data. Example: Using a linear regression to model the highly nonlinear
relationship between welding speed and bead penetration leads to systematic prediction errors. Practical
application: Signals the need for more expressive models (e.G., Decision trees, neural networks) or richer
feature sets in welding process prediction. Challenges: Adding complexity without sufficient data can
quickly shift the problem to overfitting; regularization helps balance model capacity.

Validation Set
Related terms: Hold‑out, model selection, hyperparameter tuning, data leakage. Explanation: A validation
set is a subset of data set aside from training to evaluate model performance during development, guiding
hyperparameter choices. Example: Reserving 20 % of weld samples as a validation set while training a
random forest to predict porosity. Practical application: Provides an unbiased estimate of generalization
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error before final testing. Challenges: With limited welding data, allocating a separate validation set reduces
training data; cross‑validation may be preferred.

Variable Importance (Feature Importance)
Related terms: Permutation importance, Gini importance, SHAP values, interpretability. Explanation: Variable
importance quantifies the contribution of each feature to the predictive power of a model. Techniques differ
by algorithm; for tree‑based models, impurity reduction is common, while model‑agnostic methods use
perturbation. Example: In a gradient‑boosted model, current, voltage, and gas flow rank as the top three
important features for predicting lack‑of‑fusion defects. Practical application: Guides welding engineers to
focus on controllable parameters that most affect quality, enabling targeted process improvements.
Challenges: Importance scores can be biased toward high‑cardinality or correlated features; careful
interpretation and complementary visualizations are needed.

XGBoost (Extreme Gradient Boosting)
Related terms: Gradient boosting, regularized trees, learning rate, tree depth. Explanation: XGBoost is an
optimized implementation of gradient boosting that adds regularization terms to control model complexity
and uses second‑order Taylor approximation for loss, enabling fast and accurate learning. Example: An
XGBoost model with 500 trees predicts weld bead geometry from a combination of electrical and thermal
sensor inputs. Practical application: Frequently achieves state‑of‑the‑art performance on welding defect
datasets while providing built‑in handling of missing values. Challenges: Requires careful tuning of
parameters such as max_depth, eta (learning rate), and lambda (L2 regularization) to avoid overfitting,
especially on small welding datasets.

Zero‑One Loss
Related terms: Misclassification error, classification loss, indicator function. Explanation: Zero‑one loss
assigns a loss of 0 for a correct prediction and 1 for an incorrect one. It directly measures classification error
but is non‑differentiable, making it unsuitable for gradient‑based optimization. Example: In weld defect
classification, a model that misclassifies 30 out of 1,000 samples incurs a zero‑one loss of 0.03. Practical
application: Used as a metric for evaluating final model performance after training with surrogate loss
functions (e.G., Cross‑entropy). Challenges: Optimization algorithms cannot minimize zero‑one loss directly;
surrogate losses may lead to models that are not truly optimal under zero‑one loss.
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