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Abstract—Maintaining maritime security across vast ocean regions is a complex and resource-intensive
task, often relying on manual monitoring and conventional radar systems that may fail to detect
underwater threats effectively. This paper proposes an Al-Assisted Navy Hydroacoustic Surveillance
System that enhances maritime situational awareness by combining underwater acoustic analysis with
computer vision techniques. The system processes real-time data from hydrophones and surveillance
cameras, applying deep learning models such as CNN and LSTM to detect anomalous underwater
sounds including submarine movements, torpedo activity, and unusual vibrations. Simultaneously,
computer vision models analyze sea-surface imagery to identify suspicious vessels and objects.

The monitored ocean region is divided into multiple zones, and each zone is assigned a threat score
based on normalized outputs from acoustic and visual models. These scores are integrated to generate
an overall threat intensity level for each zone. Detected threats are visualized through an interactive
dashboard featuring maps, heatmaps, and alert indicators, enabling naval personnel to quickly identify
high-risk areas and take appropriate action.

Experimental evaluation on simulated and real-world datasets demonstrates high detection accuracy
and efficient real-time processing capabilities.

The proposed system provides a scalable and intelligent framework for multi-modal maritime
surveillance, improving threat detection, response time, and decision-making in modern naval
operations.

I Introduction

Maritime security plays a critical role in protecting national boundaries, trade routes, and naval
operations. Traditional surveillance systems primarily rely on radar and manual monitoring, which are often
limited in detecting underwater threats such as submarines, torpedoes, and abnormal acoustic activities. These
conventional approaches require continuous human supervision, are resource-intensive, and may fail to
provide timely and accurate threat identification in complex ocean environments.

Recent advancements in artificial intelligence (Al), signal processing, and computer vision have enabled the
development of intelligent surveillance systems capable of analyzing multi-modal data in real time.
Techniques such as deep learning models, including Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM), have shown significant success in processing acoustic signals and visual data. These
technologies allow automated detection of anomalies in underwater sounds as well as suspicious activities on
the sea surface.

In this work, we introduce an Al-Assisted Navy Hydroacoustic Surveillance System designed to
automatically monitor maritime regions by integrating acoustic and visual intelligence. The system captures
real-time data from hydrophones and surveillance cameras, processes it using deep learning algorithms, and
identifies potential threats. The monitored area is divided into multiple zones, where each zone is analyzed
and assigned a threat score based on combined acoustic and visual outputs. The system generates alerts and
visualizes results through an interactive dashboard, enabling faster and more effective decision-making for
naval personnel.
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The primary contributions of this research are summarized as follows:
1. Design of a multi-modal surveillance framework combining acoustic and visual data analysis.
2. Implementation of real-time threat detection using CNN and LSTM models for hydroacoustic signals.
3. Integration of zone-based threat scoring for efficient monitoring of large maritime areas.

4. Development of an interactive dashboard for visualization of threat levels, alerts, and analytics.

l. Related Work

Automated maritime surveillance systems using artificial intelligence have gained significant
attention in recent years. Deep learning techniques such as Convolutional Neural Networks (CNN), Recurrent
Neural Networks (RNN), and Long Short-Term Memory (LSTM) models have been widely applied for
analyzing acoustic signals and detecting patterns in time-series data. These models have shown strong
performance in identifying underwater objects and classifying marine sounds in real-time environments.

Several studies have focused on hydroacoustic signal processing for submarine and underwater vehicle
detection. Traditional approaches relied on signal filtering, spectral analysis, and manual interpretation, which
often lacked scalability and accuracy. Recent advancements incorporate machine learning models to
automatically classify underwater sounds such as ship engines, marine life, and mechanical disturbances.
Additionally, sonar-based detection systems have been enhanced using deep learning for improved target
recognition and noise reduction.

Computer vision techniques have also been explored in maritime surveillance for detecting surface-level
threats such as unauthorized vessels, suspicious movements, and object tracking in ocean environments.
Object detection models like YOLO and Faster R-CNN have demonstrated effectiveness in identifying ships
and monitoring maritime activities through video feeds.

However, most existing systems focus either on acoustic analysis or visual surveillance independently,
with limited integration of both modalities. Few research efforts have addressed a unified multi-modal
framework that combines hydroacoustic intelligence with visual data for comprehensive threat detection. The
proposed system aims to bridge this gap by integrating real-time acoustic analysis, computer vision-based
detection, and zone-based threat scoring into a single scalable framework, providing an efficient solution for
modern naval surveillance.
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lll. System Architecture

Fig. 1. Navy Hydrocaustic surveillance sSystem Architecture.

The proposed Al-Assisted Navy Hydroacoustic Surveillance System architecture consists of multiple
interconnected modules that process acoustic and visual data to detect and analyze maritime threats. The
overall system workflow is designed as a multi-stage processing pipeline that ensures real-time monitoring
and efficient threat assessment.

The key components include:
1. Data Acquisition Module (Hydrophones & Cameras)

2. Signal & Image Processing Module
3. Al Detection Module (Acoustic + Visual Models)
4

Zone-Based Threat Analysis Module
5. Database Storage Module
6. Visualization & Dashboard Interface

Acoustic data is captured using hydrophones deployed underwater, while visual data is collected from
surveillance cameras monitoring the sea surface. The captured acoustic signals are preprocessed using
techniques such as noise reduction and feature extraction (e.g., spectrogram generation), while video streams
are processed into frames for analysis.

The processed data is then fed into deep learning models such as CNN and LSTM for acoustic pattern
recognition and object detection models (e.g., YOLO) for visual threat identification. The system detects
potential threats such as submarine movements, torpedo activity, or suspicious vessels.

The monitored maritime region is divided into multiple zones, and each zone is assigned a threat score based
on the combined outputs of acoustic and visual models. These scores are aggregated to determine the overall
threat intensity for each zone.

All detected events, along with relevant data and evidence, are stored in a centralized database. Naval
personnel can access real-time alerts, threat maps, and analytical insights through an interactive dashboard.
This modular architecture ensures scalability, real-time performance, and efficient monitoring of large
maritime areas.

IV. Al Model and Training Pipeline

The core detection component of the system is based on the YOLOvS8n object detection model, which is
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optimized for real-time performance and efficient deployment.
A. Dataset Preparation

A custom dataset was created consisting of underwater acoustic recordings and
maritime visual data. The dataset includes multiple categories of interest:
e Submarine sounds
Ship engine noise
Torpedo-like acoustic signatures
Marine life sounds (background noise)
Normal ocean ambient sounds

Surface vessel images (suspicious/normal)

B. Data Annotation

Acoustic data was converted into spectrogram images and labeled according to sound categories.
Visual data (images/videos) were annotated using tools such as Roboflow, where bounding boxes were
assigned to detected vessels and objects.

C. Data Augmentation

To improve model robustness an generalization, various augmentation techniques were applied:
e Noise injection in acoustic signals

e Time shifting and pitch variation
e Spectrogram transformations
e [Image augmentation (scaling, flipping, brightness adjustment)

D. Model Training

The acoustic dataset was trained using CNN and LSTM models to capture both spatial and temporal
patterns in sound signals. The visual dataset was trained using the Ultralytics YOLOVS framework for object
detection. The models were optimized to achieve a balance between detection accuracy and real-time
performance.

E. Model Deployment

The trained models were exported in optimized formats such as ONNX for efficient inference on GPU
hardware. The integrated system achieved high detection accuracy with real-time processing capability,
making it suitable for continuous maritime surveillance applications.

V. System Implementation

The Al-Assisted Navy Hydroacoustic Surveillance System integrates multiple technologies across
the acoustic processing pipeline, backend infrastructure, and visualization interface to enable real-time
maritime threat detection.Video Processing

Data Acquisition

Underwater acoustic data is captured using hydrophones, while surface-level video streams are
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obtained from surveillance cameras deployed in the monitored maritime region. Acoustic signals are collected
continuously, and video streams are processed in real time.

Backend Infrastructure

The backend services are implemented using Python-based frameworks such as Flask or FastAPI,
which provide RESTful APIs for handling detection results, threat scores, and system communication.
Database Management

All detected events, threat scores, and zone information are stored in a centralized database such as
PostgreSQL or MongoDB. The database maintains records of acoustic events, detected objects, and historical
threat data.

Data Access Layer

Database operations are managed using ORM tools such as SQLAlchemy, enabling efficient and
structured interaction with the database.

Web Dashboard

The web dashboard is an important part of the Al-Assisted Navy Hydroacoustic Surveillance
System, as it provides a user-friendly interface for monitoring, analyzing, and managing maritime threats in
real time. The dashboard is designed for naval personnel and administrators to quickly view surveillance data
and make informed decisions.

Deployment

The system is deployed on cloud platforms such as AWS or Vercel, enabling scalable processing, real-
time monitoring, and global accessibility. GPU-enabled instances are used to accelerate model inference and
ensure efficient performance.

VI. Experimental Results

The performance of the proposed system was evaluated based on acoustic detection accuracy, processing
speed, and system responsiveness in underwater environments.

Metric Value
Model Size 8.5 MB
Detection Speed 38FPS
End-to-End 520 ms
Latency

Dataset Size 1200 Images
mAP@50-95 91.3%

TABLE 1. Experimental Results

The results demonstrate that the system effectively performs real-time hydroacoustic threat detection
with high accuracy and stable performance under varying ocean conditions. The model maintains a balance
between computational efficiency and detection reliability, making it suitable for deployment in naval
surveillance applications [1], [3].
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VIl. Conclusion

This paper presented an Al-Assisted Navy Hydroacoustic Surveillance System designed for
maritime security and underwater threat monitoring. By integrating hydroacoustic signal processing, artificial
intelligence techniques, and real-time surveillance mechanisms, the system automatically analyzes
underwater sounds, detects abnormal acoustic patterns, and identifies potential naval threats such as
submarines, torpedoes, and suspicious underwater activities in a centralized monitoring platform.
Experimental evaluation indicates that the system can achieve reliable threat detection accuracy while
supporting real-time analysis in complex marine environments. The proposed architecture offers a scalable,
efficient, and intelligent solution for enhancing naval surveillance, strengthening coastal defense
systems, and improving situational awareness in modern maritime operations

VIIl. Future Work
Future improvements may include:

e Expanding the hydroacoustic dataset with diverse underwater sound signatures (submarines, marine
life, environmental noise) to improve model robustness and accuracy.Integrating edge-Al h

e Integrating edge-Al hardware and embedded systems for real-time, on-device processing in naval
vessels and remote surveillance stations.

e Enhancing multi-source data fusion by combining hydroacoustic signals with sonar imaging and
satellite data for more precise threat detection..

e Developing adaptive noise filtering techniques to handle complex and dynamic ocean environments.
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