LearnlUINI GLOSSARY

LEARNING SHOULD BE FREE

Certificate in Maritime Data Analytics

Machine Learning Techniques in Maritime Industry

Adaptive Kalman Filter

Concept: A recursive estimator that adjusts its gain based on changing noise characteristics.

Related terms: Kalman Filter, Sensor Fusion, State Estimation.

Explanation: The filter updates predictions of vessel position or heading by weighting new measurements
according to their estimated reliability.

Example: Combining GPS and inertial sensor data for a ship’s autopilot during rough seas.

Practical application: Real-time navigation error correction in dynamic maritime environments.
Challenges: Requires accurate modeling of process and measurement noise, and can be computationally
demanding on low-power onboard hardware.

Autoencoder

Concept: An unsupervised neural network that learns to compress and reconstruct data.

Related terms: Dimensionality Reduction, Feature Learning, Deep Neural Networks.

Explanation: The encoder maps high-dimensional maritime sensor inputs to a latent space; the decoder
attempts to reconstruct the original signals.

Example: Reducing the size of AIS message streams while preserving essential traffic patterns.

Practical application: Efficient storage and transmission of large vessel monitoring datasets.

Challenges: Choosing appropriate latent dimensionality and preventing over-fitting to noisy maritime data.

Automated Identification System (AlS) Data Mining

Concept: Extraction of meaningful patterns from AIS broadcast messages using machine learning.

Related terms: Trajectory Clustering, Anomaly Detection, Maritime Traffic Analysis.

Explanation: Algorithms parse vessel identifiers, positions, speeds, and course data to discover typical routes
and irregular behaviors.

Example: Identifying unauthorized fishing vessels by clustering deviations from established shipping lanes.
Practical application: Enhancing maritime domain awareness for coast guards and port authorities.
Challenges: Dealing with incomplete, erroneous, or spoofed AlS records and the massive volume of global
transmissions.

Bagging (Bootstrap Aggregating)

Concept: An ensemble technique that builds multiple models on bootstrapped samples and aggregates
their predictions.

Related terms: Random Forest, Ensemble Learning, Variance Reduction.

Explanation: Individual decision trees are trained on different subsets of maritime incident reports; the final
output is the majority vote.

Example: Predicting the likelihood of oil spill incidents based on historical weather and operational data.
Practical application: Improves robustness of risk assessment models for offshore platforms.

Challenges: Increased memory usage and longer training times, especially with high-resolution sensor
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datasets.

Bayesian Network

Concept: A probabilistic graphical model representing variables and their conditional dependencies.
Related terms: Probabilistic Inference, Causal Modeling, Naive Bayes.

Explanation: Nodes represent maritime factors such as sea state, vessel load, and crew fatigue; edges
encode causal influence on accident probability.

Example: Estimating collision risk in congested ports by combining weather forecasts with traffic density.
Practical application: Decision support for dynamic routing and safety management.

Challenges: Requires expert knowledge to define structure and conditional probability tables; inference can
be computationally intensive.

Binary Classification

Concept: Assigning one of two possible categories to each observation.

Related terms: Logistic Regression, Support Vector Machine, Thresholding.

Explanation: Models determine whether a ship’s reported speed is normal or indicative of potential illegal
activity.

Example: Flagging vessels that exceed speed limits in protected marine areas.

Practical application: Automated enforcement of speed regulations in marine protected zones.
Challenges: Imbalanced class distributions and the need for careful selection of decision thresholds.

Boosting

Concept: An ensemble method that sequentially trains weak learners, emphasizing previously misclassified
examples.

Related terms: AdaBoost, Gradient Boosting, XGBoost.

Explanation: Each subsequent model focuses on AlS records that earlier models struggled to classify
correctly.

Example: Improving detection of near-miss incidents by iteratively refining a decision tree ensemble.
Practical application: High-accuracy predictive maintenance for ship engines based on sensor time series.
Challenges: Sensitive to noisy data and can overfit if not regularized.

Convolutional Neural Network (CNN)

Concept: A deep learning architecture that applies convolutional filters to capture spatial hierarchies.
Related terms: Image Recognition, Feature Extraction, Deep Learning.

Explanation: CNNs process satellite imagery or sonar scans to detect objects such as oil slicks or submerged
hazards.

Example: Classifying different types of floating debris in SAR (Synthetic Aperture Radar) images.

Practical application: Automated monitoring of marine pollution and early warning for spill response.
Challenges: Requires large labeled datasets and high-performance GPUs for training.

Cross-Validation

Concept: A statistical method for assessing model generalization by partitioning data into training and
validation subsets.

Related terms: K-Fold, Hold-Out, Model Selection.
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Explanation: Maritime datasets are split into multiple folds; each fold serves once as a validation set while
the rest train the model.

Example: Evaluating the stability of a vessel fuel consumption predictor across seasonal variations.
Practical application: Ensures reliability of predictive analytics before deployment on live ship systems.
Challenges: Computational cost grows with the number of folds, especially for deep learning models.

Data Augmentation

Concept: Techniques that artificially expand training datasets by applying transformations.

Related terms: Synthetic Data, Oversampling, Noise Injection.

Explanation: Rotating, scaling, or adding Gaussian noise to sonar images creates diverse examples for
training robust classifiers.

Example: Generating varied underwater acoustic signatures to improve detection of illegal trawling.
Practical application: Enhances model performance when real maritime data are scarce or expensive to
collect.

Challenges: Augmented data must preserve physical realism; unrealistic transformations can degrade model
accuracy.

Decision Tree

Concept: A hierarchical model that splits data based on feature thresholds to make predictions.

Related terms: CART, Random Forest, Interpretability.

Explanation: Each node represents a maritime feature such as draft, cargo type, or sea temperature; leaf
nodes give risk scores.

Example: Classifying vessels into high-risk or low-risk categories for compliance inspections.

Practical application: Provides transparent decision logic for regulatory auditors.

Challenges: Prone to overfitting; small changes in data can lead to different tree structures.

Dimensionality Reduction

Concept: Techniques that reduce the number of variables while preserving essential information.

Related terms: PCA, t-SNE, Autoencoder.

Explanation: Principal Component Analysis (PCA) transforms multivariate sensor streams into a few
orthogonal components that capture most variance.

Example: Summarizing hundreds of engine temperature sensors into a handful of principal components for
anomaly detection.

Practical application: Simplifies visual analytics dashboards for ship engineers.

Challenges: Loss of interpretability and potential discarding of subtle but critical signals.

Ensemble Learning

Concept: Combining multiple models to improve overall predictive performance.

Related terms: Bagging, Boosting, Stacking.

Explanation: A meta-learner aggregates outputs from diverse classifiers—e.g., SVM, Random Forest, and
Neural Network—to produce a consensus risk estimate.

Example: Predicting cargo damage probability by merging weather forecast models with vessel motion
predictors.
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Practical application: Increases reliability of safety forecasts for maritime insurers.
Challenges: Managing model diversity and computational overhead of maintaining several algorithms.

Feature Engineering

Concept: The process of creating informative variables from raw maritime data.

Related terms: Variable Transformation, Domain Knowledge, Feature Selection.

Explanation: Deriving ship turn rate, acceleration, and course deviation metrics from raw AIS positions
enhances model discriminative power.

Example: Using “time-since-last-port-call” as a predictor for maintenance needs.

Practical application: Boosts accuracy of predictive maintenance schedules for fleet operators.
Challenges: Requires deep domain expertise; manual feature creation can be time-consuming.

Gaussian Mixture Model (GMM)

Concept: A probabilistic model that represents data as a mixture of Gaussian distributions.

Related terms: Clustering, Expectation-Maximization, Density Estimation.

Explanation: GMM clusters vessel trajectories by fitting multiple Gaussian components to latitude-longitude
sequences.

Example: Identifying distinct shipping lanes in a congested strait.

Practical application: Supports traffic flow optimization and collision avoidance systems.

Challenges: Determining the appropriate number of components and handling non-Gaussian noise.

Gradient Boosting Machine (GBM)

Concept: An ensemble method that builds trees sequentially, each correcting errors of its predecessor.
Related terms: XGBoost, LightGBM, CatBoost.

Explanation: GBM models predict vessel fuel consumption by iteratively refining residual errors from
previous trees.

Example: Forecasting weekly bunker fuel usage for a fleet based on route plans and weather forecasts.
Practical application: Enables efficient fuel budgeting and emissions reporting for shipping companies.
Challenges: Sensitive to hyper-parameter settings; may overfit on small datasets.

Hyperparameter Tuning

Concept: The systematic adjustment of model settings that are not learned during training.

Related terms: Grid Search, Bayesian Optimization, Cross-Validation.

Explanation: Optimizing the learning rate, number of layers, and dropout probability of a deep network that
classifies sonar images.

Example: Using Bayesian optimization to find the best combination of tree depth and learning rate for a
maritime risk model.

Practical application: Improves model performance without requiring additional data.

Challenges: Computationally expensive; risk of “search bias” if validation data are not representative.

Imbalanced Data Handling

Concept: Strategies to address datasets where one class dominates.

Related terms: SMOTE, Cost-Sensitive Learning, Resampling.

Explanation: Synthetic Minority Over-sampling Technique (SMOTE) creates artificial examples of rare events
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such as piracy incidents.

Example: Balancing a dataset of 10,000 normal voyages against 150 piracy attacks for a classification model.
Practical application: Increases detection sensitivity for high-impact, low-frequency maritime threats.
Challenges: Synthetic samples may not capture true underlying distribution, leading to false positives.

k-Nearest Neighbors (k-NN)

Concept: A non-parametric method that classifies based on the majority label among the k closest training
examples.

Related terms: Distance Metric, Instance-Based Learning, Lazy Learning.

Explanation: Vessel speed profiles are compared to historical profiles; the nearest neighbors determine the
classification as “normal” or “anomalous.”

Example: Detecting abnormal engine RPM patterns by referencing similar vessels under comparable load
conditions.

Practical application: Simple, interpretable anomaly detection for onboard monitoring systems.
Challenges: Computationally intensive for large maritime datasets; performance degrades with high
dimensionality.

Kernel Trick

Concept: A technique that maps data into a higher-dimensional space to enable linear separation.

Related terms: Support Vector Machine, Non-Linear Classification, Feature Space.

Explanation: Using a radial basis function kernel, a SVM can separate vessels with overlapping speed-course
trajectories.

Example: Classifying vessels entering a restricted zone based on complex spatial patterns.

Practical application: Enhances discrimination power for maritime security surveillance.

Challenges: Choosing appropriate kernel parameters and managing increased computational load.

Long Short-Term Memory (LSTM) Network

Concept: A recurrent neural network architecture designed to capture long-range dependencies in
sequential data.

Related terms: RNN, Sequence Modeling, Time-Series Forecasting.

Explanation: LSTM cells retain memory of past sensor readings, enabling prediction of future engine
temperature trends.

Example: Forecasting fuel consumption over the next 24 hours for a vessel on a trans-Atlantic route.
Practical application: Supports proactive fuel management and emissions compliance.

Challenges: Requires substantial training data; prone to vanishing gradients if not properly configured.

Maritime Anomaly Detection

Concept: Identification of patterns that deviate from normal vessel behavior.

Related terms: Outlier Detection, Statistical Process Control, Unsupervised Learning.

Explanation: Models flag trajectories that diverge sharply from established shipping corridors, indicating
possible illegal activity.

Example: Detecting vessels that loiter near offshore oil platforms without authorization.

Practical application: Enhances maritime security and environmental protection.
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Challenges: Defining “normal” in dynamic oceanic environments; high false-positive rates.

Multiclass Classification

Concept: Assigning observations to one of three or more categories.

Related terms: Softmax, One-Vs-Rest, Confusion Matrix.

Explanation: A neural network predicts vessel type (e.g., tanker, bulk carrier, container ship) from AIS
attributes.

Example: Classifying ships in real-time for port traffic management.

Practical application: Improves resource allocation for berth scheduling.

Challenges: Imbalanced class frequencies and the need for robust evaluation metrics beyond accuracy.

Neural Architecture Search (NAS)

Concept: Automated design of neural network structures using search algorithms.

Related terms: AutoML, Hyperparameter Optimization, Evolutionary Algorithms.

Explanation: NAS explores different layer configurations to find an optimal model for detecting oil spills in
satellite imagery.

Example: Evolving a lightweight CNN suitable for deployment on shipboard edge devices.

Practical application: Reduces manual engineering effort and tailors models to maritime hardware
constraints.

Challenges: Extremely resource-intensive; may produce architectures that are difficult to interpret.

Noise Reduction (Denoising)

Concept: Techniques that remove unwanted variations from sensor signals.

Related terms: Filtering, Wavelet Transform, Autoencoder.

Explanation: Applying a wavelet-based denoiser to hydrophone recordings improves detection of
low-frequency whale calls.

Example: Cleaning AIS position data corrupted by intermittent signal loss.

Practical application: Increases reliability of acoustic monitoring for marine biodiversity.

Challenges: Over-smoothing can erase subtle but important features; selection of appropriate thresholds is
non-trivial.

Object Detection

Concept: Locating and classifying objects within images or video frames.

Related terms: YOLO, Faster R-CNN, Bounding Box.

Explanation: A detection model identifies and labels floating debris, ships, and buoys in SAR satellite
images.

Example: Real-time detection of small vessels in congested harbor zones.

Practical application: Supports automated surveillance and collision avoidance systems.

Challenges: Requires extensive labeled datasets; performance can degrade under varying lighting or sea
states.

Outlier Detection
Concept: Identifying data points that deviate markedly from the majority.
Related terms: Isolation Forest, One-Class SVM, Statistical Methods.
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Explanation: An Isolation Forest isolates anomalous AIS points by constructing random partition trees,
flagging vessels with improbable speed-course combos.

Example: Spotting a cargo ship that suddenly accelerates beyond its design limits.

Practical application: Early warning for equipment failures or operator error.

Challenges: Sensitive to feature scaling and may misclassify legitimate rare events as outliers.

Parameter Sharing

Concept: Reusing the same set of weights across different parts of a model.

Related terms: Convolution, Recurrent Networks, Model Compression.

Explanation: In a CNN for sonar image classification, convolutional filters are applied uniformly across the
entire image, reducing the total number of parameters.

Example: Deploying a compact model on a vessel's embedded system for real-time hull inspection.
Practical application: Enables efficient inference on resource-limited maritime platforms.

Challenges: May limit model capacity for highly heterogeneous data.

Principal Component Analysis (PCA)

Concept: A linear technique that transforms correlated variables into a set of uncorrelated components.
Related terms: Eigenvectors, Dimensionality Reduction, Variance Maximization.

Explanation: PCA compresses multi-sensor hull strain data into a few principal components that capture the
majority of structural variability.

Example: Monitoring ship structural health by tracking the first three components over time.

Practical application: Facilitates early detection of fatigue cracks.

Challenges: Assumes linear relationships; may miss non-linear patterns present in complex maritime
phenomena.

Probabilistic Forecasting

Concept: Predicting a distribution of possible future outcomes rather than a single point estimate.

Related terms: Bayesian Inference, Monte Carlo Simulation, Confidence Intervals.

Explanation: A Bayesian model outputs a probability distribution for arrival time, reflecting uncertainties in
weather and traffic.

Example: Providing a 90 % confidence window for a container ship’s ETA at a destination port.

Practical application: Improves supply-chain planning and berth allocation.

Challenges: Requires careful calibration and may be computationally heavy for real-time use.

Random Forest

Concept: An ensemble of decision trees built on random subsets of features and data samples.

Related terms: Bagging, Feature Importance, Out-of-Bag Error.

Explanation: Each tree votes on a vessel's risk level; the majority decision yields the final classification.
Example: Predicting the probability of cargo loss based on route, cargo type, and weather conditions.
Practical application: Provides interpretable risk scores for insurers.

Challenges: Large forests can be memory-intensive; individual trees may become correlated if features are
not sufficiently randomized.

Reinforcement Learning (RL)
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Concept: Learning optimal actions through trial-and-error interactions with an environment.

Related terms: Markov Decision Process, Policy Gradient, Q-Learning.

Explanation: An RL agent learns to steer a ship through congested waters by receiving negative rewards for
near-misses and positive rewards for efficient routes.

Example: Autonomous navigation of autonomous surface vessels (ASVs) in harbor pilotage.

Practical application: Enables adaptive route planning that balances safety and fuel efficiency.

Challenges: Requires extensive simulation environments; safety constraints limit real-world exploration.

Residual Network (ResNet)

Concept: A deep CNN architecture that uses skip connections to alleviate vanishing gradients.

Related terms: Deep Learning, Skip Connections, Identity Mapping.

Explanation: ResNet layers allow the model to learn incremental refinements for detecting subtle oil spill
patterns in satellite images.

Example: Training a 50-layer ResNet to classify different types of sea surface anomalies.

Practical application: Improves detection accuracy for environmental monitoring satellites.

Challenges: Increased model size; careful tuning needed to prevent overfitting on limited maritime datasets.

Scale-Invariant Feature Transform (SIFT)

Concept: An algorithm that detects and describes local features invariant to scale and rotation.

Related terms: Feature Extraction, Image Matching, Computer Vision.

Explanation: SIFT extracts keypoints from sonar mosaics, enabling reliable matching of seabed structures
across passes.

Example: Aligning successive side-scan sonar images for change detection.

Practical application: Supports automated mapping of underwater pipelines.

Challenges: Computationally expensive; newer deep-learning methods may outperform SIFT in some
maritime contexts.

Self-Organizing Map (SOM)

Concept: An unsupervised neural network that projects high-dimensional data onto a low-dimensional grid
preserving topological relationships.

Related terms: Kohonen Network, Clustering, Dimensionality Reduction.

Explanation: SOM clusters vessel behavior profiles, revealing patterns such as typical versus atypical fuel
consumption curves.

Example: Visualizing clusters of container ships based on speed, load factor, and route length.

Practical application: Assists fleet managers in identifying outlier vessels for targeted inspections.
Challenges: Determining appropriate map size and interpreting the resulting clusters can be subjective.

Signal-to-Noise Ratio (SNR) Enhancement

Concept: Improving the clarity of a signal relative to background noise.

Related terms: Filtering, Denoising, Spectral Analysis.

Explanation: Adaptive filtering boosts the SNR of acoustic signals recorded by hydrophones, facilitating
detection of low-amplitude marine mammal calls.

Example: Enhancing sonar returns to identify submerged hazards in turbid water.
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Practical application: Increases reliability of underwater navigation aids.
Challenges: Over-filtering may remove useful information; environmental conditions can cause rapid SNR
fluctuations.

Support Vector Machine (SVM)

Concept: A supervised learning model that finds the hyperplane maximizing the margin between classes.
Related terms: Kernel Methods, Margin Maximization, Linear Classifier.

Explanation: An SVM separates normal from suspicious vessel trajectories using a radial basis function
kernel.

Example: Classifying ships that deviate from prescribed shipping lanes in a narrow channel.

Practical application: Provides a robust baseline for maritime security monitoring.

Challenges: Scaling to millions of AIS points requires efficient implementations; kernel choice critically
impacts performance.

Temporal Fusion Transformer (TFT)

Concept: A deep learning architecture that combines attention mechanisms with temporal processing for
multivariate time series.

Related terms: Attention, Sequence Modeling, Forecasting.

Explanation: TFT integrates weather forecasts, vessel speed, and engine load to predict future fuel
consumption with uncertainty estimates.

Example: Forecasting diesel usage for a fleet of cruise ships over the next week.

Practical application: Enables proactive bunkering decisions and emissions reporting.

Challenges: Model complexity and need for extensive historical data; interpretability of attention weights
can be opaque.

Transfer Learning

Concept: Leveraging knowledge from a pre-trained model to accelerate learning on a related task.
Related terms: Fine-Tuning, Pre-Training, Domain Adaptation.

Explanation: A CNN pre-trained on general Earth observation imagery is fine-tuned to detect oil slicks in
maritime satellite data.

Example: Adapting a model trained on land-cover classification to marine surface anomaly detection.
Practical application: Reduces data labeling effort and speeds up deployment of new maritime analytics.
Challenges: Mismatch between source and target domains can lead to negative transfer if not properly
addressed.

Unsupervised Clustering

Concept: Grouping data points without predefined labels based on similarity.

Related terms: K-Means, Hierarchical Clustering, DBSCAN.

Explanation: K-Means partitions vessel trajectories into clusters representing common routes, revealing
hidden shipping patterns.

Example: Identifying emerging trade corridors between emerging ports.

Practical application: Supports strategic planning for port infrastructure development.

Challenges: Determining the optimal number of clusters; sensitivity to initial centroid placement.
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Variational Autoencoder (VAE)

Concept: A generative model that learns probabilistic latent representations of data.

Related terms: Generative Modeling, Latent Space, KL Divergence.

Explanation: VAEs generate realistic synthetic AlS trajectories for training robust anomaly detection systems.
Example: Creating plausible vessel movement scenarios for stress-testing navigation algorithms.

Practical application: Augments scarce incident data for rare event modeling.

Challenges: Balancing reconstruction fidelity with latent space regularization; generated samples may lack
fine-grained realism.

Wavelet Transform

Concept: Decomposes a signal into time-frequency components using localized basis functions.

Related terms: Multi-Resolution Analysis, Denoising, Feature Extraction.

Explanation: Wavelet coefficients capture transient spikes in vibration data from ship engines, aiding fault
diagnosis.

Example: Detecting bearing wear by analyzing high-frequency wavelet components of shaft torque signals.
Practical application: Enables condition-based maintenance and reduces unplanned downtime.
Challenges: Selecting appropriate mother wavelet and scale levels for specific maritime sensors.

Weighted Loss Function

Concept: Modifying the loss calculation to assign greater importance to certain classes or samples.

Related terms: Class Imbalance, Cost-Sensitive Learning, Focal Loss.

Explanation: In a binary classifier for illegal fishing detection, a higher weight is given to false negatives to
penalize missed violations.

Example: Using focal loss to focus training on hard-to-classify AIS entries in congested waters.

Practical application: Improves detection rates for high-impact maritime security threats.

Challenges: Determining optimal weighting scheme; excessive weighting can cause over-fitting to minority
class.

XGBoost

Concept: An optimized gradient boosting framework that incorporates regularization and parallel
processing.

Related terms: Gradient Boosting, Tree Ensemble, Feature Importance.

Explanation: XGBoost predicts vessel arrival delays by integrating weather forecasts, port congestion, and
historical performance.

Example: Estimating the probability of a container ship’s late berth due to storm surge.

Practical application: Provides actionable insights for logistics coordinators to adjust schedules.
Challenges: Requires careful tuning of depth, learning rate, and subsample parameters; may be sensitive to
noisy input features.

Yield Prediction Model

Concept: Forecasting the amount of cargo (e.g., fish catch) that will be harvested under given conditions.
Related terms: Regression, Time Series, Environmental Variables.

Explanation: A regression model uses sea surface temperature, chlorophyll concentration, and vessel speed
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to estimate daily fish catch.

Example: Predicting tuna yield for a fleet operating in the Pacific.

Practical application: Assists fishing companies in planning trips and optimizing fuel usage.
Challenges: High variability in biological processes; limited ground-truth data for model validation.

Z-Score Normalization

Concept: Standardizing data by subtracting the mean and dividing by the standard deviation.

Related terms: Feature Scaling, Standardization, Outlier Detection.

Explanation: Z-score transforms engine temperature readings so that anomalies appear as values far from
zero.

Example: Normalizing multi-sensor data before feeding it into a clustering algorithm.

Practical application: Facilitates comparison across heterogeneous maritime sensor streams.

Challenges: Assumes data are approximately normally distributed; extreme outliers can distort the mean
and variance.

Zero-Shot Learning

Concept: Enabling a model to recognize classes it has never seen during training by leveraging semantic
descriptions.

Related terms: Transfer Learning, Semantic Embedding, Generalization.

Explanation: A model trained on known vessel types uses textual descriptions to identify a newly introduced
class of autonomous cargo ships.

Example: Detecting a novel vessel design in AlIS streams without explicit labeled examples.

Practical application: Keeps maritime monitoring systems up-to-date with emerging technologies.
Challenges: Requires high-quality semantic embeddings; performance may degrade when descriptions are
ambiguous.

1-D Convolutional Neural Network

Concept: A CNN that applies convolutional filters along a single dimension, typically time.

Related terms: Temporal Feature Extraction, Signal Processing, Deep Learning.

Explanation: 1-D convolutions capture short-term patterns in engine vibration data for fault detection.
Example: Identifying characteristic frequency spikes associated with propeller cavitation.

Practical application: Real-time health monitoring of propulsion systems on commercial vessels.
Challenges: Selecting appropriate filter sizes to capture relevant temporal scales; limited spatial context.

2-D Convolutional Neural Network

Concept: Standard CNN architecture that processes two-dimensional data such as images.

Related terms: Image Classification, Spatial Features, Deep Learning.

Explanation: 2-D CNNs analyze satellite images of sea state to classify wave heights.

Example: Differentiating calm, moderate, and stormy conditions from SAR imagery.

Practical application: Supports route planning by providing up-to-date sea-state assessments.
Challenges: Requires large labeled datasets; performance can be affected by cloud cover or sensor noise.

3-D Convolutional Neural Network
Concept: Extends convolution to three dimensions, often used for spatiotemporal data.
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Related terms: Video Analysis, Volumetric Data, Deep Learning.

Explanation: 3-D CNNs process sequences of sonar slices to detect moving underwater objects.
Example: Tracking a submerged submarine across consecutive side-scan sonar frames.

Practical application: Enhances underwater surveillance and threat detection.

Challenges: High memory consumption; limited availability of annotated 3-D maritime datasets.

Active Learning

Concept: An iterative training approach where the model selects the most informative samples for labeling.
Related terms: Query Strategy, Human-in-the-Loop, Semi-Supervised Learning.

Explanation: The model queries experts to label ambiguous AIS trajectories that could represent illegal
fishing.

Example: Reducing labeling effort by focusing on borderline cases in a large dataset.

Practical application: Accelerates development of high-quality maritime classification models.

Challenges: Requires expert availability; selection bias can affect model generalization.

Adversarial Training

Concept: Enhancing model robustness by exposing it to intentionally perturbed inputs.

Related terms: Adversarial Examples, Robustness, Generative Adversarial Network.

Explanation: Training a ship-type classifier with slightly altered AIS messages helps it resist spoofing attacks.
Example: Simulating GPS spoofing to test the resilience of navigation prediction models.

Practical application: Improves security of autonomous vessel control systems.

Challenges: Generating realistic adversarial scenarios; increased training complexity.

Aggregation Function

Concept: A mathematical operation that combines multiple inputs into a single output.

Related terms: Pooling, Ensemble, Reduce.

Explanation: In a fleet-level risk model, the average of individual vessel risk scores provides an overall safety
index.

Example: Using mean aggregation to summarize fuel efficiency across a shipping line.

Practical application: Supports high-level operational decision-making.

Challenges: Choice of aggregation (mean, max, weighted) influences sensitivity to outliers.

Anchor Boxes

Concept: Predefined bounding box shapes used in object detection models to improve localization
accuracy.

Related terms: YOLO, Faster R-CNN, Bounding Box Regression.

Explanation: Anchor boxes sized for typical ship dimensions help a detection network accurately locate
vessels in satellite images.

Example: Defining small, medium, and large anchor boxes for fishing boats, cargo ships, and supertankers.
Practical application: Increases detection precision in heterogeneous maritime scenes.

Challenges: Requires careful selection to match the distribution of object sizes in the target domain.

Artificial Intelligence (Al) Ethics
Concept: Principles guiding responsible development and deployment of Al systems.
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Related terms: Fairness, Transparency, Accountability.

Explanation: Ensuring that ML models for vessel monitoring do not discriminate based on flag state or crew
nationality.

Example: Auditing a cargo-risk model for bias against ships from developing countries.

Practical application: Maintains regulatory compliance and public trust in maritime Al solutions.

Challenges: Defining measurable fairness criteria and implementing interpretability mechanisms in complex
models.

Attention Mechanism

Concept: A neural network component that dynamically weights the importance of different input elements.
Related terms: Transformer, Contextual Embedding, Weighting.

Explanation: In a sequence-to-sequence model for route recommendation, attention highlights critical
weather forecast points that influence decisions.

Example: Prioritizing storm-affected zones when generating alternative shipping routes.

Practical application: Improves interpretability of deep models by revealing which inputs drive predictions.
Challenges: Computational overhead and potential for attention weights to be misleading if not properly
calibrated.

AutoML

Concept: Automated tools that streamline the end-to-end machine learning pipeline.

Related terms: Hyperparameter Optimization, Model Selection, Neural Architecture Search.
Explanation: An AutoML platform automatically preprocesses AlS data, selects algorithms, and tunes
parameters to produce a best-in-class classifier.

Example: Deploying AutoML to generate a rapid prototype for detecting unauthorized anchoring.
Practical application: Reduces time to market for maritime analytics solutions.

Challenges: Black-box nature can obscure model reasoning; may not fully exploit domain-specific
knowledge.

Batch Normalization

Concept: A technique that normalizes layer inputs to accelerate training and improve stability.

Related terms: Layer Normalization, Training Acceleration, Deep Learning.

Explanation: Applying batch normalization to a deep CNN for oil spill detection stabilizes gradients across
training epochs.

Example: Faster convergence when training on limited maritime satellite datasets.

Practical application: Enables efficient model updates on shipboard hardware with limited compute
resources.

Challenges: Batch size selection influences performance; small batches can lead to noisy estimates.

Binary Cross-Entropy Loss

Concept: A loss function measuring error for binary classification tasks.

Related terms: Logistic Loss, Negative Log-Likelihood, Optimization.

Explanation: Used to train a model that predicts whether a vessel is compliant with emission regulations
(compliant vs. non-compliant).
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Example: Minimizing binary cross-entropy to improve detection of high-emission ships.
Practical application: Supports regulatory enforcement by accurately flagging violators.
Challenges: Sensitive to class imbalance; may require weighting or alternative loss functions.

Calibration Curve

Concept: A plot that compares predicted probabilities with observed frequencies.

Related terms: Reliability Diagram, Brier Score, Probabilistic Forecasting.

Explanation: Evaluating a risk model for maritime piracy by checking whether predicted risk levels align with
actual incident rates.

Example: Adjusting model outputs to improve calibration for better decision-making.

Practical application: Increases confidence in probabilistic alerts issued to ships.

Challenges: Requires sufficient validation data; poor calibration can mislead end users.

Class Activation Map (CAM)

Concept: Visual explanations that highlight image regions influencing a CNN's decision.

Related terms: Grad-CAM, Saliency Map, Interpretability.

Explanation: CAMs reveal which parts of a satellite image contributed to classifying a region as an oil spill.
Example: Providing visual justification to regulators for automated spill detection alerts.

Practical application: Enhances transparency and trust in Al-driven environmental monitoring.

Challenges: May be noisy for deep networks; interpretation requires domain expertise.

Clustering Validity Index

Concept: Metrics that assess the quality of clustering results.

Related terms: Silhouette Score, Davies-Bouldin Index, Dunn Index.

Explanation: Using the silhouette score to evaluate how well AlS trajectories form distinct route clusters.
Example: Selecting the optimal number of clusters for shipping lane analysis.

Practical application: Ensures meaningful segmentation for traffic management.

Challenges: Different indices may suggest conflicting optimal solutions; interpretation can be subjective.

Conditional Random Field (CRF)

Concept: A probabilistic model for labeling sequential data with context-dependent dependencies.
Related terms: Sequence Tagging, Structured Prediction, Graphical Model.

Explanation: CRFs assign vessel activity labels (e.g., sailing, anchoring, loading) based on AIS time series
while considering temporal consistency.

Example: Improving the accuracy of vessel activity classification over noisy position data.

Practical application: Provides richer context for port operation planning.

Challenges: Computationally intensive for long sequences; requires feature engineering.

Constrained Optimization

Concept: Solving problems where the solution must satisfy specified constraints.

Related terms: Linear Programming, Lagrange Multipliers, Feasibility.

Explanation: Optimizing ship routing to minimize fuel consumption while respecting emission caps and
safety corridors.

Example: Generating a voyage plan that stays within designated eco-zones.
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Practical application: Supports regulatory compliance and cost reduction.
Challenges: Complex constraints can make the problem NP-hard; may need approximation algorithms.

Cosine Similarity

Concept: A metric that measures the angular distance between two vectors.

Related terms: Vector Space Model, Similarity Measure, Embedding.

Explanation: Comparing vessel trajectory embeddings to identify ships following similar routes.
Example: Detecting potential convoy behavior by measuring cosine similarity of AlS-derived vectors.
Practical application: Aids in monitoring coordinated illegal activities.

Challenges: Sensitive to vector magnitude; may require normalization of features.
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