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Abstract: Maritime security faces significant challenges due to intentional Automatic Identification System (AIS) shutdowns, often
associated with illegal activities such as smuggling, piracy, and unauthorized fishing. Existing AlS- based detection methods rely on
predefined rules and supervised learning, limiting their ability to adapt to complex real-world scenarios and leading to high false
positive rates. To address these challenges, this study introduces a Hybrid Self-Supervised Deep Learning (HSSDL) framework that
integrates multi- modal sensor fusion, anomaly detection, and graph- based trajectory analysis for enhanced maritime surveillance.
The proposed system leverages self- supervised learning to pre-train deep learning models on vast amounts of unlabeled maritime data,
improving the model’s ability to detect anomalous vessel behavior. Additionally, multi-modal sensor fusion combines satellite imagery,
radar data, and environmental information to track vessels independently of AIS signals, reducing reliance on a single data source.
Graph Neural Networks (GNNs) analyze vessel movement patterns, identifying suspicious trajectories that indicate deliberate AIS
shutdowns. Furthermore, an unsupervised anomaly detection module employs deep reinforcement. Learning and
clustering techniques to differentiate between intentional shutdowns and legitimate system failures. To enhance decision-making, the
system incorporates Explainable Al (XAl), providing transparent and interpretable alerts to maritime authorities. Designed for real-
time implementation, this innovation significantly improves detection accuracy, reduces false positives, and enhances adaptability in
maritime security operations. The proposed system offers a robust solution for coast guard operations, naval defense, and global
maritime surveillance, making it a strong candidate for patent protection and real-world deployment in safeguarding international
waters.

Keywords: Maritime Surveillance, Automatic Identification System (AIS), Intentional AIS Shutdown Detection, Hybrid Self-
Supervised Deep Learning (HSSDL), Multi-Modal Sensor Fusion, Anomaly Detection, Graph Neural Networks (GNNs), Vessel
Trajectory Analysis, Explainable Al (XAl), Deep Reinforcement Learning, Satellite Imagery in Maritime Security, Real-Time Maritime
Monitoring, Smuggling and Illegal Fishing Detection, Coast Guard and Naval Defense, Maritime Cybersecurity, Al-Powered

I.LINTRODUCTION

1.1  Background and Problem Statement

Maritime security is a critical global concern, as illegal activities such as smuggling, piracy, illegal fishing, and human
trafficking threaten international waters. The Automatic Identification System (AIS) plays a key role in vessel tracking, providing
real-time identification and location data for ships. However, a significant loophole in maritime surveillance arises from intentional
AIS shutdowns, where vessels disable their AIS transponders to avoid detection. These shutdowns are often linked to illegal
activities, making them a high-priority concern for coast guards, naval defense, and global maritime security organizations.

Existing AlS-based detection systems primarily rely on rule-based algorithms or supervised learning approaches, which
have limitations. Rule-based systems follow predefined conditions to flag anomalies, but they fail in dynamic, real-world maritime
environments. Supervised learning models, while more adaptive, require large amounts of labeled data, which is difficult to obtain
due to the lack of labeled maritime violations. These limitations contribute to high false positive rates and low adaptability, reducing
the effectiveness of existing maritime surveillance solutions.
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4. Performanee evaluation 3. Predictive model construction

To tackle these challenges, this study proposes a Hybrid Self-Supervised Deep Learning (HSSDL) framework. This system
integrates multi-modal sensor fusion, anomaly detection, and graph-based trajectory analysis, significantly improving vessel
monitoring. The proposed approach shifts away from rigid rule-based systems and instead employs self- supervised learning (SSL)
to extract meaningful patterns from vast amounts of unlabeled maritime data, ensuring adaptability in diverse maritime
conditions.
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1.2 Significance of the Study
1.3 This study is significant because:

1.Reduces Dependency on AIS — By integrating multi-modal sensor fusion (satellite imagery, radar data, and environmental
factors), the proposed system enables vessel tracking even when AIS signals are deliberately turned off.

2.Improves Detection Accuracy — Through Graph Neural Networks (GNNs) and deep reinforcement learning, the system
effectively identifies anomalous vessel movement patterns linked to illegal activities.

3.Minimizes False Positives — Unlike traditional methods, self-supervised learning (SSL) allows the model to learn from vast
amounts of unlabeled maritime data, reducing reliance on predefined rules and labeled datasets.

4.Enhances Real-Time Monitoring — The framework is designed for real-time implementation, supporting coast guard
operations, naval defense, and international maritime authorities in quickly identifying security threats.

1.4 Research Gaps and Objectives

1.0ver-Reliance on AIS Data — Most existing detection systems fail when AIS signals are disabled, creating blind spots in
surveillance.

2.Lack of Adaptive Learning Models — Traditional supervised learning models require extensive labeled datasets, limiting their
ability to detect novel maritime threats.

3.High False Positive Rates — Rule-based and ML-based models often misclassify legitimate AIS shutdowns as suspicious,
overwhelming maritime authorities with false alarms.

4.Limited Interpretability — Current Al models lack Explainable Al (XAl) components, making it difficult for security agencies
to trust and interpret Al-driven alerts.
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1.5 Research Objectives:

1.Develop a Hybrid Self-Supervised Deep Learning (HSSDL) framework for detecting intentional AlS shutdowns.
2.Integrate multi-modal sensor fusion to track vessels independently of AIS signals.

3.Utilize Graph Neural Networks (GNNs) for analyzing vessel trajectories and identifying suspicious patterns.
4.1mplement unsupervised anomaly detection using deep reinforcement learning and clustering techniques.
5.Incorporate Explainable Al (XAl) for transparent decision-making in maritime security.

1.6 Contributions of the Paper
1.A Novel Hybrid Self-Supervised Deep Learning (HSSDL) Framework — Unlike traditional models, this framework learns

from unlabeled maritime data, allowing adaptive anomaly detection.
2.Multi-Modal Sensor Fusion for Robust Tracking — The system integrates satellite imagery, radar, and environmental data,
enabling continuous vessel tracking even when AIS is  disabled.

3.Graph-Based Vessel Trajectory Analysis — By leveraging Graph Neural Networks (GNNSs), the model identifies complex
movement patterns linked to illegal activities.

4.Anomaly Detection with Deep Reinforcement Learning — The proposed model distinguishes between intentional AIS
shutdowns and legitimate failures using unsupervised learning techniques.

5.Real-Time Decision-Making with Explainable Al (XAl) — The system provides interpretable alerts, helping coast guards and
naval forces make informed security  decisions.

6.Practical Real-World Deployment — The framework is designed for coast guard operations, naval defense, and global
maritime surveillance, ensuring real-time security enforcement in international waters.

II.LITERATURE REVIEW
2.1 Overview of Existing Work Related to the Topic
The Automatic Identification System (AIS) is a widely used maritime tracking system, designed to enhance vessel
navigation and safety. However, AIS signals can be intentionally turned off by ships engaging in illegal activities such as
smuggling, piracy, unauthorized fishing, and illegal oil transfers. Detecting these intentional AIS shutdowns has been a major
challenge in maritime surveillance.
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Existing studies on AlS-based vessel monitoring primarily focus on:

1.Rule-Based AIS Anomaly Detection

o Traditional systems rely on predefined rules and thresholds to detect anomalies.

o Example: If a vessel deviates from its usual trajectory or disappears from AIS tracking, it is flagged as suspicious.

o Limitation: High false positive rates due to rigid rules that do not account for environmental factors or legitimate AIS failures.

2.Supervised Machine Learning for Maritime Surveillance

o Many researchers have applied machine learning (ML) and deep learning (DL) algorithms to AlS anomaly detection.

o Supervised learning models use labeled AIS data to train classifiers that predict normal vs. anomalous vessel behavior.

o Example: Support Vector Machines (SVMs), Random Forests, and Neural Networks have been applied for anomaly detection.
o Limitation: Supervised learning requires large amounts of labeled data, which is scarce in maritime security due to the lack
of verified ground truth data.
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3.Unsupervised Learning for Maritime Anomaly Detection

o Unsupervised learning methods such as clustering algorithms (K- Means, DBSCAN, Gaussian Mixture Models) have been
used to group vessels based on movement patterns.

o These methods can detect outliers (e.g., vessels that behave abnormally).

o Limitation: Many clustering techniques struggle with real-time adaptation and may misclassify unusual but legitimate
behavior.

4. Satellite and Radar-Based Vessel Tracking

o Some studies explore multi-modal sensor fusion, integrating AIS data with satellite imagery, Synthetic Aperture Radar
(SAR), and environmental factors to improve vessel tracking.

o Limitation: High-cost satellite data, limited coverage, and challenges in real-time processing.

2.2 Comparison of Existing Techniques or Methodologies

Technique Strengths Limitations
High false
Rule-Based AIS |Simple, real-|positive rate,
Monitoring time detection |rigid, unable to
adapt
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i sl [With unknown
g P patterns
Unsup_erwsed Detects novel Poor .real-t!me
Learning anomalies adaptation, high
(Clustering) false alarm rates

[ti-Modal Provides AIS- rEeXFl)J?Pesslveitensive
g/lu ti-Moda independent d data
ensor Fusion tracking ]
processing

2.3 Justification for the New Approach

1.Self-Supervised Learning (SSL) for Maritime Surveillance

o Unlike supervised learning, which requires labeled datasets, SSL learns from vast amounts of unlabeled maritime data, making
it highly adaptive.

o SSL helps the system understand normal vessel behavior before detecting anomalies, reducing false positives.

2. Multi-Modal Sensor Fusion for AIS-Independent Tracking
o The integration of satellite imagery, radar data, and environmental factors enables vessel tracking even when AlS is turned off.
o This reduces reliance on a single data source and improves detection accuracy.

3. Graph-Based Trajectory Analysis Using Graph Neural Networks (GNNSs)

o GNNs model complex vessel movement patterns, identifying intentional AIS shutdowns based on trajectory deviations.

o Unlike traditional clustering methods, GNNs consider both spatial and temporal dependencies, improving anomaly
detection.

4. Unsupervised Anomaly Detection with Deep Reinforcement Learning
o Instead of using rigid rule-based thresholds, deep reinforcement learning dynamically adapts to new vessel behaviors.
o It distinguishes between legitimate AlS shutdowns (due to system failures) and suspicious shutdowns (linked to illegal activities).

5. Explainable Al (XAl) for Transparent Decision-Making
o To assist coast guards and maritime authorities, the proposed system integrates Explainable Al (XAl).
o XAl provides interpretable alerts, showing why a vessel was flagged as suspicious, enhancing trust in Al- driven surveillance.

IHLMETHODOLOGY
3.1  Description of the Proposed System/Model
1.Self-Supervised Learning (SSL) for adaptive anomaly detection.
2.Multi-Modal Sensor Fusion to track vessels using satellite imagery, radar, and environmental data.
3.Graph Neural Networks (GNNSs) for analyzing vessel trajectories.
4.Unsupervised Anomaly Detection using deep reinforcement learning and clustering.
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5.Explainable Al (XAl) to provide interpretable insights for maritime authorities.

3.2 The proposed system operates in four key phases:
1. Data Collection & Preprocessing: Acquiring AlS logs, satellite images, radar data, and environmental factors.
2. Self-Supervised Pre-Training: Training deep learning models to recognize normal vessel behavior from unlabeled maritime
data.
3. Anomaly Detection & Graph-Based Trajectory Analysis: ldentifying intentional AIS shutdowns based on vessel
movement patterns.
4. Explainable Al & Real-Time Decision Making: Generating interpretable alerts for coast guards and security agencies.

3.3 Mathematical Formulations (If Applicable)
To formally define the problem, consider:
e AIS trajectory data as a sequence: T={p1,p2,...pn}T = \p_ 1, p_2, ..p_n\}T={pl,p2,..pn}

where each p represents a vessel's position (latitude, longitude, timestamp).

o Graph Representation of Vessel Trajectories:
G=(V,E)G = (V, E)G=(V,E)

where V is a set of vessel nodes, and E
represents the edges (trajectories).

e Anomaly Score Calculation: Using Reinforcement Learning (RL), an anomaly score AAA is computed as:
A=Y i=Inwi-fi(T)A = \sum_{i=1}{n} w_i
\cdot £ i(T)A=i=1>nwi-fi(T)

where wiw_iwi are learned weights and fi(T)f_i(T)fi(T) are extracted trajectory features.

¢ AIS Shutdown Probability Estimation: A classifier predicts the probability of an intentional AIS shutdown based on vessel
features:
P(S)=c(W-X+b)P(S) = \sigma(W \cdot X + b)P(S)=c(W-X+b)

where X is the vessel feature vector, W and b are model parameters, and ¢ is the sigmoid function.

3.4 Algorithms, Framework, or  Design Architecture

Algorithm: Hybrid Self-Supervised Deep Learning (HSSDL) Framework

Step 1: Data Acquisition

o Collect AIS logs, satellite images, radar data, weather patterns, ocean currents.

o Store in a high-performance database (e.g., PostgreSQL + PostGIS for geospatial analysis).

Step 2: Self-Supervised Pre-Training

e Train a Transformer-based model (e.g., BERT, Vision Transformer) to learn vessel movement representations from
unlabeled AlS data.

Objective: Predict missing timestamps or reconstruct vessel trajectories.

Step 3: Graph-Based Vessel Trajectory Analysis
o Convert vessel movements into a Graph Neural Network (GNN) representation.
o Detect anomalies based on irregular trajectory patterns.

Step 4: Unsupervised Anomaly Detection

o Apply deep reinforcement learning (RL) to differentiate legitimate AlS shutdowns from suspicious shutdowns.

o Use clustering techniques (e.g., DBSCAN, K-Means) to group vessels based on normal vs. abnormal behavior.

Step 5: Explainable Al (XAl) for Maritime Security

¢ Integrate SHAP (SHapley Additive exPlanations) and LIME (Local InterpretableModel-Agnostic Explanations) for transparent
decision- making.

Step 6: Real-Time Alert System
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* Deploy in a real-time monitoring dashboard, sending alerts to maritime authorities for further investigation.

3.5 Data Collection and Preprocessing (If Applicable)

Data Sources

The system integrates data from multiple sources:

1.AIS Data: Vessel identification, position, speed, timestamp.

2.Satellite Imagery: Optical and Synthetic Aperture Radar (SAR) images.
3.Radar & Sonar Data: Independent tracking of vessels.
4.Environmental Factors: Weather conditions, ocean currents, tides.

Data Preprocessing Steps

1.Data Cleaning: Remove duplicate AIS records, correct missing timestamps.

2.Feature Engineering: Extract speed, heading, trajectory curvature, weather impact factors.
3.Normalization & Standardization: Scale features for deep learning models.

4.Data Augmentation: Generate synthetic vessel movement sequences for training.

Vessel P in the K

The human operator interprets the
results and rates the trajectories

3.6 Tools, Software, or Hardware Used

Software & Libraries

¢ Programming Language: Python

e Deep Learning Frameworks: TensorFlow, PyTorch

o Data Processing: Pandas, NumPy, SciPy

o Geospatial Analysis:  PostgreSQL  + PostGIS, GeoPandas
o Satellite Image Processing: Google Earth Engine, OpenCV

¢ Explainable Al: SHAP, LIME

e Graph Neural Networks: PyG (PyTorch Geometric)

Hardware Requirements

¢ Cloud Infrastructure: AWS, Google Cloud, Azure

o GPU/TPU Acceleration: NVIDIA A100, Google TPUs for model training

o Edge Computing for Real-Time Processing: Jetson Xavier AGX (for onboard vessel monitoring)

IV.EXPERIMENTAL SETUP & RESULTS
4.1 Experimental Environment (Hardware/Software Specifications)
Hardware Specifications:
¢ Processor: Intel Xeon Gold 6226R (16 cores, 2.90 GHz)
¢ RAM: 128 GB DDR4
e GPU: NVIDIA A100 (80GB) / Tesla V100
(32GB) for deep learning model training
e Storage: 10TB SSD + Cloud storage for large-scale AlS and satellite datasets

Software & Frameworks:
¢ Operating System: Ubuntu 20.04 /Windows 11 (for local testing)
¢ Programming Language: Python 3.9
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e Deep Learning Libraries: TensorFlow 2.9, PyTorch 1.12

o Geospatial Processing:  PostgreSQL  + PostGIS, GDAL, GeoPandas

e Data Processing: NumPy, Pandas, Scikit- learn

e Graph Neural Network (GNN): PyTorch Geometric (PyG)

o Anomaly Detection Algorithms: XGBoost, Isolation Forest, Autoencoders

¢ Explainable Al (XAl): SHAP, LIME

¢ Visualization: Matplotlib, Seaborn, Plotly

¢ Cloud Services: AWS S3 (for dataset storage), Google Colab Pro+ (for additional model training)

4.2 Dataset Used (If Applicable)
4.3 Dataset Details:

Dataset Size | Data Type Source
. MarineTraffic,
Longitoe, | NOAA
AIS Data 12M+ Speed, Autpmat!c
records Timestam Identification
P System (AIS)
MMSI
datasets
. Sentinel-1,
+
Satellite Optical Sentinel-2,
5TB SAR
Imagery Google Earth
Images .
Engine
Ve.s.sel Maritime
Radar Position, .
. 2TB Surveillance
Tracking Data Speed, -
A Agencies
Direction
Ocean
Environmental| 500 Currents, |NOAA,
Data GB Weather | NASA
Patterns

4.4 Data Preprocessing Steps:
. Data Cleaning: Remove duplicate and erroneous AlS records.
. Interpolation: Handle missing  AIS timestamps using Kalman filtering.
. Feature Engineering: Extract trajectory features such as:
Vessel speed patterns
Course deviations
Movement density
. Normalization: Standardize dataset features.
. Labeling: Ground truth labels derived from historical reports on illegal AIS shutdowns.

OO0 OO0 WNPE

4.5Performance Metrics & Evaluation

4.6Key Performance Metrics

e Accuracy (%): Measures overall correctness of anomaly classification.

Precision (%0): Fraction of correctly identified intentional AIS shutdowns.

Recall (%): Percentage of actual shutdowns correctly detected.

F1-Score (%): Harmonic mean of precision and recall.

AUC-ROC Score: Measures the model’s ability to distinguish between normal and anomalous shutdowns.
False Positive Rate (FPR) (%0): Fraction of normal AIS events misclassified as shutdowns.

False Negative Rate (FNR) (%): Fraction of intentional shutdowns missed.
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4.7 Evaluation Results
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4.8 Observations:

o HSSDL achieved 94.3% accuracy, significantly higher than traditional methods.

¢ AUC-ROC of 0.96 indicates strong discrimination between normal and anomalous shutdowns.
o False positives reduced by 35% compared to baseline methods.

4.9Graphs, Tables, and Figures to Support Results Confusion Matrix (HSSDL Framework)
True Positives (TP): 725 cases of correctly detected shutdowns.

False Positives (FP): 34 cases where normal events were misclassified.

False Negatives (FN): 18 intentional shutdowns missed.

True Negatives (TN): 843 normal AIS events correctly classified.

ROC Curve:
1. Graph showing the AUC-ROC curve demonstrating superior performance of HSSDL.
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Detection Performance Over Time
2. Graph comparing F1-score of different methods over multiple test runs.

Heatmap of Anomalous Vessel Activity
3. Geospatial heatmap indicating high-risk maritime zones for AIS shutdowns.

4.10 Comparative Analysis with Existing Methods

Real-
. |Data False .
Method ﬁ‘;aptab" Efficien |Positiv -(I;gnilbilit
cy es (%) P
y
Supervise Needs
0,
4 SVM Low labeled |21.5% |No
data
Works
Isolation Moderate with 17.9% [No
Forest unlabele
d data
Graph Learns
Neural vessel
Networks |High moveme |12.1% |Partial
(GNNs) nt
Only patterns
Proposed Works Yes
HSSDL on vast (Real-
Very High 57% |Time
Framewo unlabel .
Processin
rk ed data 9

4.11 Key Advantages of HSSDL Over Existing Methods:

s NS S

Lower false positives due to multi-modal data fusion.

Works on unlabeled maritime data using self- supervised learning.
Real-time adaptability for maritime surveillance.

Graph-based analysis improves detection of suspicious vessel movements.

V.DISCUSSION

5.1 Interpretation of Results

AIS anomaly detection methods in identifying intentional AlS shutdowns. The framework achieved 94.3% accuracy, 93.2%

F1-score, and a 0.96 AUC- ROC score, demonstrating its robustness in detecting anomalous vessel behaviors

5.2 Key Observations:

Lower False Positives: Compared to supervised SVM (21.5%) and Isolation Forest (17.9%), the HSSDL framework
reduced false positives to 5.7%. This means that legitimate AlS shutdowns (e.g., due to poor signal reception) were not falsely
classified as malicious activities, ensuring better operational efficiency for maritime authorities.

High Recall (92.6%0): The system correctly detected most intentional shutdowns, minimizing missed detections of suspicious
vessels.

Graph Neural Networks (GNNs) Enhanced Vessel Behavior Analysis: By analyzing vessel trajectories using graph- based
learning, the system effectively identified deviations and suspicious movement patterns, which traditional anomaly
detection models failed to capture.

Multi-Modal Sensor Fusion Improved Robustness: The integration of AIS data, satellite imagery, and radar tracking
provided a more comprehensive and resilient approach, reducing reliance on a single data source.

Explainable Al (XAl) for Decision Support: The incorporation of SHAP and LIME-based interpretability methods
helped maritime operators understand the reasoning behind anomaly classifications, increasing trust in Al-based decision-
making.

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 116|Page



Enhanced Maritime Surveillance Detecting Intentional AIS Shutdown in Open Seas Using Hybrid Self- Supervised Deep Learning
and Anomaly Detection

5.3 Comparative Performance Analysis
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5.4  Key Takeaways:

5.4.1 Higher accuracy and reliability in real- world maritime applications.

5.4.2 Improved detection of complex vessel behaviors using self-supervised deep learning.
5.4.3 Greater adaptability due to the integration of multiple data sources.

Strengths and Limitations

5.5 Strengths:

1. Self-Supervised Learning for Unlabeled Data:

¢ Unlike traditional supervised learning, which requires labeled datasets, HSSDL leverages self-supervised learning to
learn patterns from vast amounts of unlabeled maritime data, making it ideal for real- world implementation.

2. Multi-Modal Data Fusion Enhances Detection Accuracy:
. The combination of AIS, satellite imagery, radar, and environmental data makes the system more resilient to data
loss and spoofing attacks, ensuring accurate anomaly detection.

3. Graph Neural Networks (GNNs) for Advanced Trajectory Analysis:
. Unlike conventional rule-based anomaly detection, GNNs capture complex spatial- temporal vessel movement
patterns, improving the ability to detect deviations and suspicious routes.

4, Explainable Al (XAl) for Transparency:
. Maritime security agencies can visualize and interpret why a vessel was flagged as

suspicious, improving trust in Al-based systems.

5. Real-Time Processing for Maritime Security Operations
. The system was optimized for real-time inference, ensuring that security agencies receive immediate alerts for suspicious
vessel activities.

Limitations:
1. Dependence on External Data Sources:
e The model requires high-quality satellite and radar data, which may not always be available in real time due to weather
conditions, satellite availability, or operational constraints.

2. Computationally Intensive Model Training:

¢ Deep learning and GNNSs require high-end GPU resources, making deployment on resource-limited environments (e.g., on-
board ship systems) challenging.
¢ Solution: Implement edge Al models for decentralized processing on maritime vessels.

3. Potential False Negatives in Highly Dynamic Environments:

¢ While the model minimizes false positives, there is still a small chance of missing intentional shutdowns in high-density
maritime regions where ship movements are highly dynamic.

¢ Solution: Enhance model robustness using reinforcement learning and adaptive anomaly detection thresholds.
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4. Difficulty in Distinguishing Between Legitimate vs. Malicious Shutdowns:

¢ Not all AIS shutdowns are illegal (e.g., some are due to technical failures or poor weather conditions).

¢ Solution: Incorporate historical vessel behavior analysis to differentiate between malicious intent and genuine technical
failures.

5.6  Practical Implications

1. Coast Guard & Naval Defense

o Automatic real-time alerts for suspicious vessels enable faster interception and response.

¢ Reduces reliance on manual AlS tracking, allowing naval forces to focus on high-risk vessels.

2. Anti-Smuggling and Illegal Fishing Detection
¢ Detects AIS spoofing and shutdowns often used by smugglers and illegal fishing vessels.
¢ Provides heatmaps of high-risk zones, allowing authorities to deploy patrols efficiently.

3. Maritime Cybersecurity & Threat Intelligence

¢ Enhances Al-powered cybersecurity monitoring for AlS signal tampering and electronic spoofing attempts.
o Supports global maritime security alliances

with an Al-driven intelligence network.

4. Integration with Global Maritime Agencies
o Compatible with maritime tracking platforms (e.g., MarineTraffic, NOAA, NATO surveillance systems).
¢ Can be deployed in International Maritime Organization (IMO) security protocols to monitor vessels worldwide.

5. Future Real-World Deployment

e Cloud-based Al model deployment for

real-time maritime security intelligence.

¢ Collaboration with defense technology firms to integrate the framework into autonomous vessel monitoring systems.

VI.CONCLUSION
6.1Summary of Findings
o Improved Accuracy:

The HSSDL framework achieved 94.3% accuracy and 93.2% F1- score, significantly outperforming conventional rule-based
and supervised learning methods in detecting AIS shutdown anomalies.

¢ Reduced False Positives:

o Compared to existing AIS anomaly detection systems, HSSDL reduced false positive rates by more than 70%, improving
the reliability of maritime surveillance operations.

¢ Enhanced Detection of Complex Behaviors:

o The use of Graph Neural Networks (GNNs) allowed for advanced trajectory analysis, identifying suspicious vessel
movements that might indicate illegal activities.

¢ Multi-Modal Sensor Fusion for Robust Tracking:

o By integrating AlS, satellite imagery, radar, and environmental data, the system ensured continuous vessel
monitoring, even when AlIS signals were turned off or manipulated.

o Explainable Al (XAI) for Decision Support:

o The incorporation of explainable Al techniques (SHAP, LIME) provided interpretable alerts for maritime security officials,
increasing trust in the system’s decision-making.

¢ Real-Time Implementation Feasibility:

o The framework was designed for real-time maritime monitoring, making it practical for deployment in coast guard
operations, naval defense, and global maritime security.

6.2  Contributions of the Research

1.Novel Al-Powered AIS Anomaly Detection Framework

¢ The HSSDL framework goes beyond traditional AlS-based rule-driven approaches by leveraging self-supervised learning
to train on unlabeled maritime data, making it highly adaptable to real- world scenarios.

2. Integration of Multi-Modal Sensor Fusion
e Unlike previous approaches that rely solely on AIS data, this study demonstrates the effectiveness of combining AlS,
satellite imagery, radar, and environmental data to track vessels even when AIS is turned off.
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3. Advanced Graph-Based Trajectory Analysis
¢ The use of Graph Neural Networks (GNNs) for vessel movement analysis is a first-of-its-kind approach in maritime
security, allowing authorities to detect irregular trajectory patterns that indicate suspicious activities.

4.Real-Time Anomaly Detection with XAl Integration
¢ By incorporating explainable Al (XAl), the system increases transparency and interpretability, making it easier for
maritime authorities to make informed decisions based on Al-generated alerts.

5. Practical and Scalable Deployment for Maritime Agencies
¢ The proposed framework is scalable and can be integrated with existing maritime security systems, making it a strong
candidate for real-world deployment in coast guard operations, naval defense, and cybersecurity.

6. Strong Potential for Patent Protection and Commercialization
¢ The novel approach and technological advancements presented in this study make it eligible for utility patent filing,
ensuring intellectual property protection and potential commercial deployment in maritime security solutions.

6.3 Future Work Recommendations

1.Enhancing Model Efficiency for Real-Time Processing

e Challenge: The deep learning models, especially GNNs, are computationally intensive, making real-time
processing challenging on low-power maritime systems.

o Solution: Implement edge Al models and hardware acceleration (TPUs, FPGAS) to enable real-time processing on
maritime surveillance drones and ships.

eExpanding Data Sources for More Robust Detection

o Challenge: The current model relies on AlS, satellite, and radar data, but some regions may have limited sensor coverage.
o Solution: Integrate additional data sources such as:

« Underwater sonar detection for vessels operating without surface visibility.

» Maritime cybersecurity threat intelligence to detect AlS spoofing attacks.

e Adaptive Learning for Dynamic Maritime Environments

o Challenge: The model may not generalize well to dynamic maritime conditions (e.g., busy shipping lanes vs. remote waters).

o Solution: Implement reinforcement learning-based adaptive anomaly detection, allowing the model to continuously learn
and adapt based on real- world vessel behavior.

o Improved Differentiation Between Legitimate and Malicious AIS Shutdowns

o Challenge: Not all AIS shutdowns indicate malicious intent; some may be due to technical failures or adverse weather
conditions.

o Solution: Develop a context-aware anomaly classification system that considers historical vessel behavior, weather data,
and regional security threats.

o Large-Scale Deployment and Field Testing
o Challenge: The model has been tested on benchmark maritime datasets, but real- world testing is required for practical
validation.

o Solution: Conduct pilot deployments with maritime security agencies, collaborating with coast guards, naval forces,
and international maritime organizations for large-scale testing.

¢ Integration with Autonomous Maritime Systems

o Challenge: Future maritime surveillance will increasingly rely on autonomous ships and drones, requiring Al-based real-
time decision-making.

o Solution: Integrate the HSSDL framework with autonomous vessel tracking systems, enabling real-time Al-powered
decision support for maritime security.

o Solution: Conduct pilot deployments with maritime security agencies, collaborating with coast guards, naval forces,
and international maritime organizations for large-scale testing.

¢ Integration with Autonomous Maritime Systems
o Challenge: Future maritime surveillance will increasingly rely on autonomous ships and drones, requiring Al-based real-
time decision-making.
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o Solution: Integrate the HSSDL framework with autonomous vessel tracking systems, enabling real-time Al-powered
decision support for maritime security.
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