
G LO S S A RY

Professional Certificate in AI in Civil and Structural Engineering

Machine Learning for Structural Analysis

Artificial Neural Network (ANN) – A computational model inspired by the human brain, consisting of
interconnected nodes (neurons) organized in layers. Related terms: feed‑forward network, backpropagation,
activation function. Example: A multilayer perceptron predicts the load‑deflection curve of a reinforced
concrete beam. Practical application: Using ANN to estimate material properties from limited sensor data,
enabling rapid structural health assessments. Challenges: Requires large labeled datasets; risk of overfitting;
interpretability is limited, making it difficult to justify decisions to engineers.

Bayesian Inference – A statistical method that updates the probability of a hypothesis as more evidence
becomes available. Related terms: prior distribution, posterior distribution, Markov Chain Monte Carlo
(MCMC). Example: Bayesian updating of the stiffness parameter of a steel frame after each new vibration
measurement. Practical application: Provides probabilistic confidence intervals for structural parameters,
supporting risk‑based design. Challenges: Computationally intensive for high‑dimensional models;
choosing appropriate priors can bias results.

Cross‑Validation – A technique for assessing how a predictive model will generalize to an independent
dataset by partitioning the data into training and testing subsets. Related terms: k‑fold, leave‑one‑out,
model selection. Example: Ten‑fold cross‑validation evaluates the performance of a support vector machine
predicting crack width from ultrasonic data. Practical application: Prevents over‑optimistic error estimates
when calibrating machine‑learning models for bridge monitoring. Challenges: Increases computational load;
data leakage can occur if temporal ordering is ignored in structural time series.

Decision Tree – A flowchart‑like structure where internal nodes represent tests on features, branches
represent outcomes, and leaf nodes hold predictions. Related terms: CART, pruning, feature importance.
Example: A classification tree identifies whether a concrete column is damaged based on acoustic emission
attributes. Practical application: Provides interpretable rules for field engineers to prioritize inspections.
Challenges: Prone to overfitting; small variations in data can produce very different trees, reducing stability.

Elastic Modulus Prediction – The use of machine‑learning algorithms to estimate Young’s modulus from
indirect measurements such as strain gauge data or ambient vibrations. Related terms: regression, surrogate
model, material identification. Example: A Gaussian process regressor predicts the modulus of a timber
beam using frequency shifts observed during a controlled load test. Practical application: Enables on‑site
assessment where destructive testing is impractical. Challenges: Requires high‑quality input data;
predictions may be biased by environmental conditions like temperature and humidity.

Feature Engineering – The process of selecting, transforming, and creating input variables that improve
model performance. Related terms: dimensionality reduction, scaling, polynomial features. Example:
Converting raw accelerometer signals into spectral moments and modal frequencies for input to a neural
network. Practical application: Enhances the detection of subtle damage signatures in large‑scale structures.
Challenges: Time‑consuming; domain expertise needed to avoid meaningless or redundant features.
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Gaussian Process (GP) – A non‑parametric Bayesian approach that defines a distribution over functions,
providing both predictions and uncertainty estimates. Related terms: kernel function, hyperparameter
tuning, kriging. Example: GP models the relationship between temperature‑induced strain and time for a
steel bridge, delivering confidence intervals for future deformation. Practical application: Supports real‑time
monitoring where quantified uncertainty guides maintenance decisions. Challenges: Computational cost
scales cubically with dataset size; kernel selection critically influences performance.

Hyperparameter Tuning – The optimization of model‑specific settings that are not learned from data but
control learning behavior. Related terms: grid search, random search, Bayesian optimization. Example:
Adjusting the learning rate and number of hidden layers of a deep neural network that predicts concrete
compressive strength from mix proportions. Practical application: Achieves higher accuracy without altering
the underlying physics‑based model. Challenges: Search space can be vast; improper tuning can lead to
under‑ or over‑fitting.

Independent Component Analysis (ICA) – A statistical technique that separates a multivariate signal into
additive, independent non‑Gaussian components. Related terms: blind source separation, principal
component analysis (PCA), signal de‑mixing. Example: ICA isolates vibration modes of a suspension bridge
from mixed sensor recordings, allowing clearer identification of damage‑related changes. Practical
application: Improves signal‑to‑noise ratio in structural health monitoring (SHM) systems. Challenges:
Assumes statistical independence, which may not hold for coupled structural modes; component ordering is
ambiguous.

Jackknife Resampling – A leave‑one‑out technique used to estimate the bias and variance of a statistical
estimator. Related terms: bootstrap, confidence interval, variance reduction. Example: Applying the jackknife
to assess the stability of a regression model predicting slab deflection from limited load‑test data. Practical
application: Provides robust error estimates when data are scarce, common in historic structure
assessments. Challenges: Computationally expensive for large models; may underestimate variance if data
are highly correlated.

K-Nearest Neighbors (KNN) – A simple, instance‑based learning algorithm that classifies or regresses based
on the majority vote or average of the k closest training points. Related terms: distance metric, curse of
dimensionality, lazy learning. Example: KNN classifies whether a monitored girder is healthy or cracked
based on similarity to previously labeled vibration signatures. Practical application: Offers a quick baseline
model for new SHM projects. Challenges: Sensitivity to feature scaling; performance degrades with
high‑dimensional data typical of multi‑sensor deployments.

Latent Variable Model – A model that incorporates hidden variables to capture underlying structure not
directly observable. Related terms: factor analysis, hidden Markov model, expectation‑maximization.
Example: A latent variable model represents unmeasured damage states in a bridge, inferred from observed
strain trends. Practical application: Enables probabilistic damage detection without explicit labeling of every
damage type. Challenges: Model identifiability issues; convergence can be slow and dependent on
initialization.

Monte Carlo Simulation – A computational method that uses random sampling to estimate the probabilistic

Read online: https://certificates.HealthCareCourses.org.uk/glossaries/
10109559/machine-learning-for-structural-analysis

HealthCareCourses (An LSIB brand) · 28 Jun 2026



G LO S S A RY

behavior of a system. Related terms: stochastic modeling, sampling distribution, variance reduction.
Example: Simulating thousands of load scenarios on a high‑rise building to train a neural network that
predicts peak drift. Practical application: Generates synthetic training data when field measurements are
limited. Challenges: Requires large numbers of samples for convergence; may be prohibitive for detailed
finite‑element models.

Neural Architecture Search (NAS) – Automated process of designing optimal neural network topologies for
a given task. Related terms: meta‑learning, reinforcement learning, hyper‑parameter optimization. Example:
NAS discovers a compact convolutional network that classifies damage images from drone footage of a
dam. Practical application: Reduces manual trial‑and‑error in model design, yielding efficient models for
edge devices. Challenges: Extremely resource‑intensive; discovered architectures may be difficult to
interpret.

Outlier Detection – Techniques for identifying data points that deviate markedly from the majority, often
indicating sensor faults or structural anomalies. Related terms: robust statistics, Mahalanobis distance,
isolation forest. Example: An isolation forest flags sudden spikes in strain gauge readings on a cable‑stayed
bridge as potential sensor drift. Practical application: Prevents corrupted data from misleading predictive
models. Challenges: Distinguishing true structural events from noise; high false‑positive rates in highly
variable environments.

Principal Component Analysis (PCA) – A dimensionality‑reduction method that transforms correlated
variables into a set of orthogonal components ordered by variance. Related terms: eigenvectors, singular
value decomposition (SVD), feature reduction. Example: PCA reduces a 200‑sensor vibration dataset to the
first five principal components that capture 95 % of the energy, feeding a classifier for damage detection.
Practical application: Lowers computational burden while preserving essential structural dynamics.
Challenges: Linear assumption may miss nonlinear patterns; components are difficult to map back to
physical quantities.

Quantile Regression – A regression technique that estimates conditional quantiles of the response variable,
providing a more complete view of the distribution than mean‑based methods. Related terms: loss function,
asymmetric Laplace, predictive intervals. Example: Quantile regression predicts the 5th and 95th percentile
of concrete compressive strength given mix variables, informing safety margins. Practical application:
Supports risk‑aware design by quantifying uncertainty directly. Challenges: Requires careful selection of
quantile levels; may be sensitive to outliers.

Random Forest – An ensemble learning method that builds multiple decision trees on random subsets of
data and features, aggregating their predictions. Related terms: bagging, feature importance, out‑of‑bag
error. Example: A random forest predicts the remaining service life of a steel girder based on corrosion rate,
temperature cycles, and load history. Practical application: Offers high accuracy with built‑in measures of
variable relevance, aiding maintenance prioritization. Challenges: Large models can be memory‑intensive;
interpretability, while better than single trees, still requires post‑hoc analysis.

Support Vector Machine (SVM) – A supervised learning algorithm that finds the hyperplane maximizing the
margin between classes; can be extended to regression (SVR). Related terms: kernel trick, margin, slack
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variables. Example: An SVM with a radial basis function kernel classifies vibration signatures of a suspension
bridge into “healthy” or “damaged” categories. Practical application: Effective for small‑sample problems
common in heritage structure monitoring. Challenges: Sensitive to parameter selection; scaling to large
datasets is computationally demanding.

Time‑Series Forecasting – Predicting future values of a sequence based on past observations, often using
autoregressive or recurrent neural network models. Related terms: ARIMA, LSTM, seasonal decomposition.
Example: An LSTM network forecasts hourly strain variations of a cable‑stay bridge to detect abnormal
trends. Practical application: Enables early warning systems that anticipate overload events. Challenges:
Requires long, continuous data records; non‑stationarity due to environmental changes can degrade
accuracy.

Uncertainty Quantification (UQ) – The process of characterizing and reducing uncertainties in model inputs,
parameters, and predictions. Related terms: propagation, sensitivity analysis, confidence interval. Example:
Using polynomial chaos expansion to propagate material property uncertainties through a finite‑element
model, then training a surrogate neural network. Practical application: Provides designers with probabilistic
bounds on deflection and stress, supporting performance‑based codes. Challenges: Computational cost;
difficulty in capturing epistemic (knowledge‑based) uncertainties.

Variational Autoencoder (VAE) – A generative deep‑learning model that learns a probabilistic latent space,
enabling reconstruction and synthesis of data. Related terms: encoder, decoder, KL divergence. Example: A
VAE trained on images of cracked concrete surfaces generates realistic synthetic samples to augment a
classification dataset. Practical application: Alleviates data scarcity in damage‑recognition projects.
Challenges: Balancing reconstruction fidelity with latent regularization; generated samples may contain
unrealistic artifacts.

Wavelet Transform – A signal‑processing technique that decomposes a time series into time‑frequency
space using localized wavelet functions. Related terms: continuous wavelet transform (CWT), discrete
wavelet transform (DWT), scaling function. Example: DWT extracts high‑frequency components from
accelerometer data to reveal sudden impact events on a bridge deck. Practical application: Enhances feature
extraction for machine‑learning classifiers targeting transient damage events. Challenges: Choice of mother
wavelet influences results; interpretation of coefficients can be non‑intuitive.

X‑GBoost (Extreme Gradient Boosting) – An efficient implementation of gradient‑boosted decision trees
that includes regularization and parallel processing. Related terms: boosting, learning rate, tree depth.
Example: X‑GBoost predicts the fatigue life of welded connections using loading history, weld geometry,
and material properties. Practical application: Delivers high predictive performance on tabular engineering
datasets while offering feature importance rankings. Challenges: Hyper‑parameter tuning is critical;
over‑fitting can occur if trees become too deep.

Yield Prediction Model – Machine‑learning models that estimate the yield point or ultimate capacity of
structural elements based on experimental or simulated data. Related terms: regression, surrogate model,
stress‑strain curve. Example: A random forest regressor estimates the yield strength of high‑strength steel
rebars from chemical composition and heat‑treatment parameters. Practical application: Accelerates
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material certification processes and informs design safety factors. Challenges: Requires high‑quality training
data covering the full range of processing conditions; extrapolation beyond the data domain is unreliable.

Zero‑Shot Learning (ZSL) – A paradigm where a model recognizes classes it has never seen during training
by leveraging semantic attributes or relationships. Related terms: transfer learning, attribute embedding,
domain adaptation. Example: A ZSL framework classifies a previously unseen type of crack (e.g., hairline
hair‑shaped) using textual descriptions combined with visual features from existing crack images. Practical
application: Reduces the need for exhaustive labeled datasets in emerging damage scenarios. Challenges:
Performance heavily depends on the quality of auxiliary semantic information; risk of misclassification when
attribute overlap is high.
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