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Abstract - Maritime domain awareness is a foundational requirement for coastal nations that need to monitor vessel
activity, detect anomalies, and respond to threats across their exclusive economic zones. Conventional surveillance based
on the Automatic ldentification System has a well-known weakness: vessels involved in illicit activity can simply disable
their transponders, making them invisible to AlS-based systems. To address this, we developed a system using multiple Al
agents that combines spaceborne Synthetic Aperture Radar imagery, marine weather intelligence, navigational advisories,
and large language model reasoning into a single maritime surveillance pipeline. The system uses a seven-stage SAR
preprocessing chain built on the Sentinel Application Platform along with a YOLOV8 detector with an EfficientNetV2
backbone trained on imagery from the xView3-SAR and HRSID benchmarks. Six cooperating agents are organised
around a LangGraph orchestration engine that handles retrieval augmented intelligence synthesis. Experiments on a
coastal zone of the Arabian Sea show a detection mean average precision of 91.7 percent at an loU threshold of 0.50, with
precision of 93.2 percent and recall of

89.4 percent, which is better than all the baseline methods tested. The system provides a practical and extensible

architecture for Al assisted maritime decision support, with future extensions planned for multi-satellite sensor fusion and
real-time AIS correlation.
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1. INTRODUCTION

Maritime domain awareness is defined by the International Maritime Organisation as the effective understanding of any activity
associated with the maritime environment that could affect security, safety, the economy, or the environment [1]. For coastal
states with extensive exclusive economic zones, continuous monitoring of surface vessel activity is central to both national
defence and economic governance. Coastlines that host strategically significant ports near major shipping corridors place a
particularly high demand on reliable, near-real-time vessel tracking.

Existing vessel tracking depends heavily on AIS transponder broadcasts. The problem with this approach is straightforward:
vessels involved in illegal or covert activity routinely switch off their transponders, creating what the remote sensing community
calls dark-ship or dark-vessel events [2]. Since radar backscatter from a metal hull does not depend on transponder status, time of
day, or cloud cover, spaceborne SAR has become the most reliable way to detect non-cooperative vessels at sea [6][7].

Individual building blocks for SAR based ship detection, marine weather forecasting, and natural language information retrieval
are reasonably well studied on their own, but systems that combine these into a coherent operational picture are rare in the
published literature. Our work tries to fill that gap. We describe a system with multiple Al agents that connects a SAR detection
pipeline with weather intelligence, maritime warning aggregation, and an LLM reasoning layer grounded by retrieval augmented
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generation. A coastal zone of the Arabian Sea is used as a concrete case study throughout; the approach can be applied to any
exclusive economic zone covered by Sentinel-1 imagery.

The rest of the paper is organised as follows. Section 2 reviews related work in SAR ship detection, multi-agent LLM systems,
and retrieval augmented reasoning. Section 3 states the problem, and Section 4 lists the objectives. Sections 5 through 7 describe
the methodology, system architecture, and agent framework. Sections 8 through 14 detail the dataset and each functional module.
Section 15 presents experimental results, Section 16 provides comparison against baselines along with an ablation study, and
Sections 17 through 19 discuss the advantages, limitations, and future scope. Section 20 concludes the paper.

1.1 Contributions
The specific contributions of this work are as follows:

1. Integrated Agent Architecture. We build a six-agent system orchestrated with LangGraph that connects SAR vessel
detection, marine weather intelligence, and navigational warning aggregation into a single queryable picture. To the best of our
knowledge, no earlier open-literature system has combined these three modalities in this way.

2. YOLOv8-Maritime Detector. We adapt YOLOVS8-L with an EfficientNetVV2 backbone and train it on a merged split
of xView3-SAR and HRSID data. On the held-out SAR test set, it achieves a mean average precision of 91.7 percent at loU 0.50,
with precision of 93.2 percent and recall of 89.4 percent, which is better than every baseline we tested.

3. Retrieval Augmented Reasoning Layer. We show that a FAISS backed retrieval augmented generation interface
running inside LangGraph can combine outputs from heterogeneous maritime data sources into a confidence-scored natural
language briefing, reducing the manual effort required from a human analyst.

4. Fully Reproducible Open-Source Pipeline. Every component in the pipeline uses freely available tools (SNAP,
Copernicus OData, Open-Meteo), so the system can be reproduced without proprietary software or sensor access.

5. Coastal Surveillance Case Study. We test the complete system on an actual Sentinel-1 acquisition over an Arabian
Sea coastal zone, showing that the detector and agent pipeline generalise beyond the benchmark datasets used for training.

2. LITERATURE REVIEW

2.1 SAR Based Ship Detection

Deep learning has significantly changed SAR ship detection research over the past decade. Early convolutional approaches
adapted natural-image object detectors to the speckle-dominated statistics of radar imagery. Later work introduced SAR-specific
datasets such as SSDD [23] and HRSID [14] that allowed supervised training at a meaningful scale. Average precision on SSDD
improved from roughly 79 percent in 2017 to above 97 percent by 2022 as architectures and augmentation strategies improved [5].

Two-stage detectors such as Faster R-CNN use a Region Proposal Network to generate candidate boxes that are later refined
through ROI pooling and classification [12]. Feature Pyramid Networks add multi-scale feature fusion, which helps in SAR ship
detection because vessel size in a fixed-resolution scene can range from small fishing craft covering a few pixels to container
ships spanning over two hundred pixels [18]. Single-stage detectors from the YOLO family trade a small drop in localisation
accuracy for much lower inference latency, making them suitable for near-real-time maritime surveillance [22]. Anchor-free
designs such as CenterNet treat detection as keypoint estimation and have been adapted for SAR ship detection with competitive
results [27]. The xView3-SAR dataset established the largest open benchmark for Sentinel-1 vessel detection, with nearly 1,000
large-scene images and over 220,000 labelled instances [11][13] [19].

2.2 Multi-Agent LLM Systems and Retrieval Augmented Generation

Retrieval augmented generation was introduced to ground language model outputs in externally retrieved documents, which
reduces hallucination and lets models reason over information that was not part of their training data [17]. A growing body of
survey work has tracked the expansion of RAG systems, including agentic RAG designs where retrieval is woven into multi-step
reasoning rather than executed once before generation [21][22]. LangGraph organises agent workflows as stateful cyclic graphs
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where nodes represent agents or tools and edges define the control flow [33][35][36]. Comparative surveys of agent frameworks
including LangGraph, AutoGen, CrewAl, and Semantic Kernel find that graph-based orchestration tools give better control over
explicit workflow structure, at the cost of additional setup complexity [31][37].

2.3 Weather Assisted Maritime Surveillance

Marine weather conditions have a direct effect on SAR detection reliability because rough sea states raise backscatter clutter and
can hide small targets. Open meteorological APIs that provide hourly and multi-day forecast data have made it practical to include
wind, wave height, and visibility parameters in automated maritime risk assessment without needing proprietary data feeds [15].
Our system fuses weather-derived risk levels into the same reasoning layer that processes SAR detections, which is a combination
not commonly found in the existing literature.

2.4 Position of the Proposed System

Compared to the work surveyed above, our system makes three combined contributions rather than a single algorithmic one. First,
it puts a SAR detection pipeline inside a six-agent architecture instead of running it as a standalone tool. Second, the detector
output is combined with a weather risk engine and a navigational warning aggregator so that vessel findings are interpreted in their
environmental and regulatory context. Third, the final synthesis step uses a LangGraph orchestrated, retrieval augmented
reasoning agent that produces a structured, confidence-scored briefing, rather than raw detections alone.

3. PROBLEM STATEMENT

Current maritime surveillance tools generally handle each data source in isolation. SAR processing toolchains produce imagery
products without any operational interpretation. Weather services report meteorological measurements without connecting them to
vessel behaviour.

Navigational warning systems are maintained as static bulletins rather than actively integrated decision inputs. As a result,
analysts must manually correlate detections, weather data, and advisories before they can produce a usable assessment, which
does not scale with the volume and frequency of modern satellite revisit cycles. The core problem we address is the lack of an
integrated, Al based maritime surveillance architecture that can combine SAR derived vessel detections, marine weather data, and
navigational warnings into a single queryable picture with quantified confidence scores.

4. OBJECTIVES

1. Design an automated data acquisition and preprocessing agent that retrieves and calibrates Sentinel-1 SAR imagery for a
defined coastal area of interest.

2. Develop a deep learning vessel detection pipeline capable of identifying and locating maritime contacts in processed SAR
imagery.

3. Build a coastal weather intelligence agent that computes composite marine risk scores from open meteorological data sources.
4. Aggregate maritime navigational warnings and notices to make a structured, severity-ranked advisory panel.
5. Implement a retrieval augmented generation interface for natural language querying of the detected vessel database.

6. Combine all agent outputs through a LangGraph orchestrated reasoning layer that produces a confidence-scored intelligence
briefing.

7. Display the combined outputs through a geospatial dashboard suitable for operational situational awareness.

5. PROPOSED METHODOLOGY

The system uses a modular design where each functional concern, namely satellite data acquisition, vessel detection, weather
assessment, warning aggregation, and intelligence synthesis, is handled by a dedicated agent with a clearly defined interface to the
orchestration layer. Keeping concerns separated this way means individual modules can be developed, tested,
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and swapped out without breaking the rest of the system. Below figure shows the complete data flow from raw Sentinel-1
acquisition through preprocessing, tiled inference, multi-source fusion, LLM reasoning, and dashboard output.

End-to-End Maritime Surveillance Workflow

1. SAR Acquisition - 2. Preprocessing - 3. Tiled Inference -
Sentinel-1 IW GRDH i Radiometric Calibration, 640x640 patches, 20%
Download via @ Filter, Terrain Correction, overlap,
Copernicus OData dB Conversion (SNAP) YOLOv8-EfficientNetV2
Raw Sentinel-1 SAFE Calibrated SAR Image Batched Detections
(GRD) (BEAM-DIMAP) (JSON/GeoJSON)
4. Post-Processing - 5. Multi-Source Fusion -
NMS, Geolocation, Weather Risk + NAVTEX
Confidence Filtering (>0.30) Warnings + RAG Retrieval
Filtered Vessel Detections Weather APIs + NAVTEX
(GeoJSON) + Knowledge Base (Vector DB)

6. LLM Reasoning -
LangGraph Orchestration
+ Confidence-Scored

7. Dashboard Output -

Leaflet.js Map + Vessel

: Table + Alert Panel
Briefing
Weather APIs + NAVTEX + Structured SAR Briefing Web Dashboard
Knowledge Base (Vector DB) (Markdown/JSON) (HTML/JS)

Figure : End-to-End Maritime Surveillance Workflow. Raw Sentinel-1 SAFE products enter a seven-stage pipeline progressing
from radiometric calibration through tiled YOLOv8-Maritime inference, post-processing, multi-source fusion, LLM reasoning, and
dashboard rendering.

5.1 Overall Architecture and Data Flow

Data passes through the system in five stages. Raw Sentinel-1 products are acquired and radiometrically calibrated by the Satellite
Intelligence Agent. The calibrated decibel-scaled imagery then goes to the Al Ship Detection Agent, which produces georeferenced
bounding boxes with classification labels and confidence scores. At the same time, the Weather
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Intelligence Agent queries forecast and marine APIs for the area of interest, and the NOTAM and Warning Agent gathers
navigational advisories from maintained notice feeds. All three outputs reach the Al Reasoning Agent, which retrieves the most
relevant records through a FAISS backed vector index and combines them using an LLM grounded by retrieval augmented
generation to produce a structured briefing. The dashboard then renders this briefing together with the underlying geospatial data.

5.2 Decision Flow and Agent Communication

Agent communication runs as a directed graph in LangGraph, where each node is an agent and edges encode data dependencies.
The Reasoning Agent acts as the final node, waiting for all upstream agents to complete before it generates its output for a given
acquisition cycle. A centralised orchestration topology was chosen over a fully distributed arrangement because the system needs
to produce a single authoritative briefing, which requires a deterministic point where all inputs are gathered before synthesis.

6. SYSTEM ARCHITECTURE

The complete system architecture is shown below. Six cooperating agents are organised around a LangGraph orchestration engine.
The figure shows the data dependencies and communication paths between each agent.

Multi-Agent Maritime Domain Awareness
System Architecture

s Sentinel-1 SAR
N® Acquisition

SAR data

Satellite Intelligence Weather Open-Meteo
Agent Intelligence Agent API
Detections Weather Risk
Al Ship Detection Agent NOTAM & Maritime
YOLOVS-EfficientNetv2 Warning Agent il A waring

Feeds
NAVTEX

LangGraph
Orchestrator

Al Reasoning Agent
(RAG + LLM)

& FAISS
—
= Vector DB

Structured Briefing

Geospatial
Dashboard

Figure : Multi-Agent Maritime Domain Awareness System Architecture. The Satellite Intelligence Agent retrieves and
preprocesses Sentinel-1 SAR data, which is passed to the Al Ship Detection Agent. The Weather Intelligence Agent and NOTAM
and Warning Agent poll open data feeds in parallel. All outputs are gathered by the LangGraph Orchestrator and passed to the Al
Reasoning Agent for retrieval augmented synthesis. Final outputs are rendered on the Geospatial Dashboard.

Layer Component Responsibility

Input Analyst Interface Natural language queries, date and time selection, overlay
toggles

Agent 1 RAG Query Engine Retrieves vessel records matching natural language queries

via FAISS vector search

Agent 2 Satellite Intelligence SAR product search, download, SNAP preprocessing,
GeoTIFF generation
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Agent 3 Al Ship Detection YOLOv8-Maritime inference on SAR tiles, bounding-box
output with confidence scores
Agent 4 Weather Intelligence Open-Meteo API polling, marine risk scoring, sector-wise
threat assessment
Agent 5 NOTAM and Warnings Aggregates navigational warnings, exercise zones, and port
advisories
Agent 6 Al Reasoning Agent LangGraph orchestration, RAG-grounded intelligence
briefing with confidence score
Output Geospatial Dashboard OpenStreetMap and Leaflet.js front end for situational
awareness

The technology stack underlying this architecture combines Python with PyTorch for deep learning inference, Rasterio for
GeoTIFF handling, the Copernicus Data Space Ecosystem REST API for SAR product search, ESA's SNAP Toolbox for SAR
preprocessing, the Open-Meteo service for weather data, LangGraph for agent orchestration, and FAISS for vector similarity
retrieval [3][4][5][9]. The presentation layer is implemented with OpenStreetMap tiles rendered through Leaflet.js [10][24].

6.1 Geospatial Dashboard Interface

The integrated outputs of all agents are surfaced through a geospatial operations dashboard. Figure 1 shows the principal
operational view, in which total ship counts, classification breakdowns, a seven-day detection activity trend, and live per-agent
status are presented alongside a ranked table of high-confidence contacts.

Maritime Operations Dashboard
. Dashboard

.10 . Iz i ELEVATED

Detection Activity STy Classification

Suspected Military Vessels 3 Active Al Agents
® Detection Agent ACT

Classification Agent
Weather Agent AcTive
) Intel Synthesis Agent STANDEY

= Recent Intel Summary
» GHOST-B2 Speed Anomaly

Exercise SEAHAWK Day 1

|* Cyclone BIPARJOY-2 Track

Figure 1 : Maritime operations dashboard showing tracked-vessel counts, a seven-day detection activity trend, vessel
classification breakdown, and live agent status panel.

Figure 2: Coastal intelligence map with a contact selected, showing classification, kinematics, and a derived risk indicator
alongside a dashed surveillance radius.
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Pakistan Coast Map

Pakistan Coast Map °

MV Karachi Star

MYV Karachi Star

A dedicated coastal map view, illustrated in Figure 2, renders vessel positions as colour-coded markers on OpenStreetMap tiles

and exposes a per-contact intelligence card on selection, reporting classification, speed, heading, length, and a derived contact-risk
indicator alongside the vessel's last known position.

Figure 3 shows the same interface with a cooperative, transponder-equipped contact selected for comparison, illustrating the

contrast in derived risk indicators between cooperative and non-cooperative vessel behaviour.

Pakistan Coast Map

.
Pakistan Coast Map 30/06/2026

MV Balochistan
05:00 PM

MV Balochistan

Figure 3: Coastal intelligence map with a cooperative commercial contact selected, showing a low derived risk indicator
consistent with routine transit.
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7. MULTI-AGENT FRAMEWORK

The six agents in the system are: (1) Satellite Intelligence Agent, responsible for querying the Copernicus OData API,
downloading Sentinel-1 IW GRDH products, and executing the SNAP preprocessing chain; (2) Al Ship Detection Agent, which
runs the YOLOv8-Maritime model on tiled SAR patches and aggregates bounding boxes with their confidence scores; (3)
Weather Intelligence Agent, which calls Open-Meteo to retrieve marine forecast variables and computes a composite risk score;
(4) NOTAM and Warning Agent, which collects and severity-ranks active maritime navigational warnings for the area of interest;
(5) Al Reasoning Agent, which retrieves

relevant context from the FAISS vector store and uses an LLM to synthesise all inputs into a structured briefing; and (6)
Dashboard Agent, which renders the briefing and underlying detections on a Leaflet.js geospatial interface.

Agent Primary Function Output Artifact

Satellite Intelligence SAR product search and SNAP Calibrated GeoTIFF, PNG overlay
preprocessing

Al Ship Detection Deep-learning vessel localisation and Bounding boxes with confidence scores
classification

Weather Intelligence Marine risk scoring from forecast data Sector-wise risk levels (LOW to
EXTREME)

NOTAM and Warnings Navigational advisory aggregation Severity-ranked notice records

RAG Query Engine Natural language vessel database querying Ranked record set with relevance scores

Al Reasoning Agent Multi-source intelligence synthesis Structured briefing with confidence score

Inter-agent state is passed as typed records rather than free text, which constrains the Reasoning Agent's generation step to
grounded fields (vessel identifier, position, speed, heading, classification, confidence) and reduces the surface area for
hallucinated content. This design choice reflects the broader recommendation in the agentic RAG literature that retrieval context
be structured wherever the underlying source data permits it [21].

8. DATASET

Training data comes from two publicly available SAR ship detection benchmarks. xView3-SAR provides the largest annotated
collection of Sentinel-1 vessel images, while HRSID contributes high-resolution instance segmentation annotations that help with
small-target localisation. The below table summarises the dataset sizes, split configuration, and augmentation strategies used
during training.
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Dataset Scenes / Chips Resolution Primary Use

xView3-SAR 991 scenes, 220k+ instances ~ ~10-20 m (Sentinel-1 Large-scale training and
GRD) benchmarking

HRSID 5,604 chips, ~16,951 instances 0.5-3 m Instance-level fine-tuning

SSDD 1,160 images, ~2,456 instances 1-15m Cross-dataset validation

Case-study acquisitions 12 coastal sectors, IW GRD ~10m Operational evaluation

Augmentation Strategies Applied During Training

Augmentation Strategy Applied Parameters

Horizontal and Vertical Flip Yes p =0.50

Random Rotation Yes plus or minus 15 degrees

Mosaic (4-image composite) Yes p = 0.80; disabled for last 10 epochs
Copy-Paste Yes p=0.30

HSV lJitter (h/s/v) Yes 0.015/0.70/0.40

Random Scale Yes scale range 0.5 to 1.5

Gaussian Noise (speckle sim.) Yes sigma = 0.01

CutOut and Random Erasing Yes p = 0.20, max 30 percent area

Tiled Inference Overlap Yes 20 percent overlap, 640 x 640 px tiles

SAR Preprocessing Chain (7 Stages via SNAP)

Stage Operation

1 Apply Orbit File

2 Thermal Noise Removal
3 Border Noise Removal
4 Radiometric Calibration
5 Speckle Filtering

Stage Operation

6 Terrain Correction

7 Conversion to dB

[JERTV 15| S061264

Purpose

Corrects orbital state vectors using precise ephemeris data

Removes instrument thermal-noise artefacts at subswath
boundaries

Eliminates scalloped edges from antenna pattern effects

Converts digital numbers to sigma-nought backscatter
coefficients

Lee filter suppresses multiplicative speckle noise
Purpose

Range-Doppler correction using SRTM DEM,
orthorectifies to EPSG:4326

Log10 transform compresses dynamic range for inference
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9. Al SHIP DETECTION AGENT

9.1 Detection Architecture

The detection module performs inference on preprocessed Sentinel-1 imagery using a single-stage detector, designated YOLOvV8-
L Maritime, combined with an EfficientNetV2-S backbone [19][22]. EfficientNetV2 was selected over deeper residual backbones
such as ResNet for its favourable accuracy-to-parameter ratio, which is advantageous given the tiled, high-throughput inference
required for full-scene SAR coverage [19][20]. The architecture draws on detection strategies demonstrated in the xView3
Maritime Vessel Intelligence challenge, which targeted small-vessel detection in SAR imagery at global scale [11].

As an alternative architecture, a two-stage Faster R-CNN detector with a ResNet-50 backbone and Feature Pyramid Network was
also evaluated during development. This detector generates region proposals through a Region Proposal Network and refines
bounding boxes via ROI pooling and a classification head [12][18]. The Feature Pyramid Network's multi-scale fusion is
particularly relevant to SAR ship detection, since vessel length in the case-study imagery ranges from small fishing craft spanning
15 to 20 pixels to large container ships exceeding 200 pixels at 10 m per pixel resolution [13].

9.2 Inference Pipeline

Input SAR scenes are divided into 640 by 640 pixel tiles with 20 percent overlap prior to inference, following the overlapping-tile
strategy used in leading xView3 challenge solutions, which reduces boundary artefacts at tile edges [11]. Each tile is normalised
to the [0, 1] range using a sigmoid-based function calibrated to saturate at sea and land extremes. Following inference, Non-
Maximum Suppression with an loU threshold of 0.45 and a confidence threshold of 0.30 merges overlapping detections into a
final bounding-box set.

Figure 4 shows a representative detection run, in which the original SAR tile is displayed alongside the Al-detected output with
per-contact bounding boxes, classification labels, and confidence scores, together with summary model information and detection
history.

1, Al Ship Detection

SAR-Sentinell-20260630-1142UTC. tiff & Model Information

Al Ship Detection

Detection History
[pET-20260630-001

DET-20260629-002

91.4

Detected Objects — Bounding Box Detail

SHIP-0042
SHIP-0091
SHIP-0317
SHIP-0203
SHIP-0388
UNKNOWN-A7
GHOST-B2

Figure 4: Al Ship Detection module output, showing the original SAR tile, Al-detected bounding boxes with classification and
confidence scores, and model and detection-history summary panels.
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9.3 Training and Augmentation

The detector is trained on a maritime SAR dataset combining xView3 and HRSID imagery, totalling 48,000 annotated tiles.
Standard augmentations include random horizontal and vertical flips (p = 0.50), rotations of up to +15 degrees, Gaussian noise
injection (sigma = 0.01), mosaic augmentation (p = 0.80, disabled during the final 10 epochs), copy-paste augmentation (p =
0.30), HSV jitter, random scaling (0.5-1.5), and CutOut/random erasing (p = 0.20). SAR-specific augmentation preserves radar
backscatter characteristics while improving robustness to variations in vessel orientation, scale, and imaging conditions.

After tiling the Sentinel scenes into 640x640 overlapping patches, approximately 48,000 annotated training tiles were produced.
10. WEATHER INTELLIGENCE AGENT

The Weather Intelligence Agent monitors marine meteorological conditions at four coastal observation points distributed across
the case-study zone. Data is retrieved from the Open-Meteo Forecast and Marine APIs, which provide hourly and seven-day
forecast fields without licensing cost [15]. A ten-minute in-memory time-to-live cache limits redundant API calls while keeping
observations current.

For each observation point, a risk engine computes a composite marine risk score from five parameters, summarised in the below
Table : wind speed on the Beaufort scale, sea

state on the Douglas scale, visibility in kilometres, wave height in metres, and precipitation rate. Risk levels are assigned as LOW,
MODERATE, HIGH, or EXTREME, and sector-level risks are aggregated into an overall coastal risk assessment that feeds
directly into the Reasoning Agent's briefing.

Parameter Scale / Unit Risk Threshold (HIGH) Risk Threshold
(EXTREME)

Wind speed Beaufort scale (kt) > 25 kt > 40 kt

Sea state Douglas scale Rough Very high / phenomenal

Wave height Metres >25m >40m

Visibility Kilometres <5km <1lkm

Precipitation mm/hr > 7.5 mm/hr > 15 mm/hr

Table : Marine Risk Scoring Parameters
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Figure 5: Weather Intelligence module showing an elevated-risk coastal sector, composite risk assessment, and a seven-day
forecast panel.
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Figure 6: Weather Intelligence module with an alternate observation point selected, showing a high composite risk assessment.
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11. RAG INTELLIGENCE MODULE

Retrieval-Augmented Generation grounds the language model's reasoning in the intelligence data collected during the current
acquisition cycle rather than relying solely on parametric knowledge from pretraining [17]. Structured records produced by the
detection, weather, and warning agents are embedded and indexed using FAISS, an open-source library for efficient vector
similarity search [3]. At query time, whether issued by an analyst through natural language or automatically by the Reasoning
Agent during briefing generation, the top-k most relevant records are retrieved and supplied as context to the LLM.

This architecture follows the general pattern documented in recent RAG surveys, in which the tripartite structure of retrieval,
augmentation, and generation is treated as a composable pipeline rather than a monolithic model [21][22]. Grounding generation in
retrieved structured records, as opposed to unstructured text, constrains the model's output to fields that are verifiably present in
the underlying vessel and environmental database, which reduces the risk of fabricated vessel identifiers, coordinates, or
classifications appearing in the final briefing.

12. NOTAM AND MARITIME WARNING MODULE

The NOTAM and Warning Agent aggregates Notices to Mariners issued for the case-study coastal zone. Notices are categorised
into five types: military exercises, restricted areas, navigation warnings, weather warnings, and port advisories. Each notice carries
a severity level (INFO, CAUTION, WARNING, or CRITICAL), an activity status (UPCOMING, ACTIVE, or EXPIRED), a
geographic area, and a validity period. Expired notices are retained for historical reference but are visually de-emphasised in the
dashboard.

Notice Type Typical Trigger Severity Range

Military Exercise Scheduled naval or joint exercises WARNING to CRITICAL
Restricted Area Port infrastructure works, exclusion zones CAUTION to WARNING
Navigation Warning Uncharted hazards, shoal water CAUTION to CRITICAL
Weather Warning Cyclonic storms, high sea states WARNING to CRITICAL
Port Advisory Congestion, anchorage delays INFO to CAUTION

/N NOTAM & Warning Center

WARNING ® ACTI CAUTION ® ACTIVE < ® ACTIVE
EXERCISE SEAHAWK : Joint Naval Exercise RESTRICTED ZONE : Gwadar Deep Port Operations. NAVIGATION WARNING : Uncharted Shoal Water NW of Pasni

NOTAM & Warnings

* UPCOMING & INFO e ACTIVE CAUTION
WEATHER WARNING : Cyclonic Storm BIPARJOY-2 PORT ADVISORY : Karachi Port Traffic Congestion MILITARY EXERCISE : SAR EX INDUS SHIELD

Figure 7: NOTAM and Warning Center showing concurrently active maritime notices with severity and status classification.

IJERTV 151 S061264 Page 13
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by :
https://lwww.ijert.org/

An International Peer-Reviewed Jour nal

International Journal of Engineering Research & Technology (IJERT)
I SSN: 2278-0181
Vol. 15 Issue 06 , June - 2026

13. AISHIPDETECTION AGENT: HYPERPARAMETER CONFIGURATION

The YOLOv8-Maritime detector was trained with the settings listed below. Each choice is explained in the rationale column,

reflecting constraints specific to SAR data such as severe class imbalance between vessel and background patches and the speckle-

noise characteristics of Sentinel-1 imagery.

YOLOv8-Maritime Hyperparameter Configuration

Hyperparameter

Value

Rationale

Model Architecture

YOLOvV8-L with EfficientNetV2-S
backbone

Balances accuracy and inference
latency for deployment

Input Resolution

640 x 640 pixels

Standard tile size; matches patch
extraction stride

Training Epochs 20 Convergence observed at epoch 18 to
20 on validation mAP

Batch Size 16 Constrained by GPU memory at 640
pixel resolution

Optimizer Adamw More stable convergence than SGD on
imbalanced SAR data

Initial Learning Rate 0.001 Cosine-annealed from 1e-3 down to
1e-5 over training

Weight Decay 0.0005 Reduces overfitting on dense
annotations from HRSID

Momentum (betal, beta2) 0.937, 0.999 AdamW/SGD defaults, tuned for SAR
noise statistics

Warmup Epochs 3 Linear warmup to prevent gradient
explosion at the start

loU Threshold (NMS) 0.45 Balanced suppression of overlapping
tiled detections

Confidence Threshold 0.30 Keeps low-confidence detections
available for RAG context

Label Smoothing 0.0 (disabled) Binary ship/background labels do not
require smoothing

Mosaic Augmentation p=0.80 Improves detection of spatially dense
vessel clusters

Close Mosaic Epochs 10 Mosaic turned off for the final 10

epochs for stable convergence
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14. LLM REASONING MODULE

The Al Reasoning Agent constitutes the intelligence synthesis layer of the framework. It is driven by a LangGraph orchestration
engine that collects outputs from all subordinate agents and combines them into a unified maritime intelligence briefing [33][35].
The agent uses an LLM grounded by Retrieval-Augmented Generation to base its reasoning on the intelligence data collected
during the current cycle, rather than on pre-trained parametric knowledge alone [17].

Upstream of final synthesis, the framework maintains a structured archive of auto-generated maritime assessments, indexed
chronologically and filterable by severity and confidentiality level, as shown in Figure 8. This archive provides the retrieval corpus
that the Reasoning Agent draws upon when grounding its briefing in prior assessments.

The Reasoning Agent produces a composite confidence score for each briefing by combining three source-confidence values,
derived respectively from the detection model's mean average precision and image quality, from the reliability of transponder data
for cooperative contacts, and from the accuracy of the underlying weather forecast service over its operative horizon. In the case-
study evaluation, these source-confidence components averaged 91 percent, 99 percent, and 84 percent respectively, yielding an
aggregate confidence score of 91.3 percent, which is interpreted as indicating a high-reliability briefing suitable for operational
decision support.

Centralising synthesis in a single terminal agent, rather than distributing report generation across peer agents, follows the
recommendation in the multi-agent orchestration literature that centralised topologies are better suited to tasks that must culminate
in one authoritative, internally consistent output [32].

Figure 8 shows a representative output of the Reasoning Agent: a structured briefing comprising an executive assessment, per-
contact activity summaries, weather impact analysis, and a prioritised list of recommended actions, alongside the per-source
confidence breakdown described above.

(B AlReasoning Agent P Reenerate Brasting

1) Intelligence Briefing

[} AlReasoning

©® Recommended Actions

— Intelligence Sources

Figure 8: Al Reasoning Agent output showing a structured intelligence briefing with executive assessment, weather impact
analysis, prioritised recommended actions, and per-source confidence scores.
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15. EXPERIMENTAL RESULTS

All training and evaluation experiments were carried out on the hardware configuration listed below. The YOLOv8-Maritime
detector achieved a mean average precision of 91.7 percent on the held-out SAR test set at loU 0.50, with precision of 93.2
percent and recall of 89.4 percent, giving an F1 score of 91.3 percent. Tile-level inference averaged 42 ms on a Tesla T4 GPU, and
full-scene processing completed in roughly 8 to 12 seconds after patch extraction. Figures 9 through 12 show the training

dynamics, confusion matrix, and evaluation curves in detail.

Hardware and Software Environment

Component Specification

GPU NVIDIA Tesla T4 (16 GB GDDR6)
CPU Intel Xeon 2.20 GHz, 2 cores

RAM 12.7 GB DDR4

Storage 100 GB SSD via Google Colab Pro

Training Platform

Google Colab Pro (cloud-hosted)

Training Duration

Approximately 3.5 hours (20 epochs, batch size 16,
640 px)

Inference Latency per tile

42 ms per 640 x 640 tile on Tesla T4

Full Scene Inference

8 to 12 seconds per Sentinel-1 sub-scene (tiled)

Operating System Ubuntu 20.04 LTS
CUDA/ cuDNN 11.8/8.6.0

Python 3.10.12

PyTorch 2.1.0+cull8
Ultralytics YOLOVS8 8.0.196

SNAP 9.0.0
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Figure 9. Training and validation loss curves alongside detection metric trajectories across 20 training epochs. All three
training losses (box, classification, and DFL) decrease steadily. Validation losses converge without signs of overfitting.
Precision, recall, mAP@0.50, and mAP@0.50-0.95 increase consistently, with mAP@0.50 reaching 0.917 by epoch 20.

Normalised Confusion Matrix
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Figure 10. Normalized confusion matrix of the YOLOv8-Maritime detector evaluated on the held-out SAR test set.

1JERTV 15| S061264 Page 18
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)


mailto:mAP@0.50
mailto:mAP@0.50-0.95
mailto:mAP@0.50

Published by : International Journal of Engineering Research & Technology (IJERT)
https://lwww.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

Precision-Recall Curve — YOLOv8-Maritime (loU=0.50)
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0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 11. Precision-Recall curve for the YOLOv8-Maritime detector at loU 0.50. Average Precision equals 0.917. The
operating point at precision 0.932 and recall 0.894 corresponds to a confidence threshold of 0.30. The flat high-precision
region at low recall confirms that high-confidence detections are reliably correct.
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Figure 12. ROC curve for the YOLOv8-Maritime detector. Area under the curve equals 0.974, showing strong discriminative
ability across all operating thresholds. The operating point at false positive rate 0.068 and true positive rate 0.894 corresponds
to the deployed confidence threshold of 0.30. The large gap from the random classifier diagonal confirms that the detector
generalises to live Sentinel-1 acquisitions.

16. COMPARATIVE ANALYSIS

Below table compares YOLOv8-Maritime against five established baselines on the same held-out SAR test split. The detector
outperforms all baselines in mMAP@0.50 and F1 score. Inference time is competitive: it is slower than YOLOv5m but faster than
two-stage detectors. The gain over Faster R-CNN is 9.0 percentage points in mAP@0.50 at less than half the inference cost.

Comparative Performance Against Established Baselines

Method Backbone MAP@0.5 Precision (%) Recall (%) F1 (%) Inference
(%) (ms)

CFAR None 61.2 67.4 58.3 62.5 340

Faster R-CNN ResNet-50-  82.7 84.1 80.3 82.2 112

[12] FPN
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Mask R-CNN |ResNet-101- 84.3 85.9 81.7 83.7 138
[18] FPN
YOLOvSm  (CSPDarknet (86.1 87.8 83.4 85.5 28
[25]
CenterNet [27]|ResNet-50 83.9 85.2 82.1 83.6 52
YOLOvV8-  YOLOv8-L 91.7 93.2 89.4 91.3 42
Maritime +
(Proposed)  [EfficientNet

V2-S

All methods were evaluated on the same held-out SAR test split. Inference time was measured per 640 x 640 tile on an NVIDIA

Tesla T4 GPU.

16.1 Ablation Study
To understand how much each design choice contributes, we ran an ablation study by removing or replacing individual

components of the detector while keeping all other settings the same.

Each variant was trained for 20 epochs on the same dataset split. Results are shown in the below table.

Ablation Study: Component Contribution Analysis

Configura Backbone [Tiling Full Aug. mAP@0.5 [Precision |Recall (%) |Inference
tion (%) (%) (ms)
YOLOv8n (CSPDarkn |No No 78.3 81.4 74.6 18
Baseline et-Nano

YOLOv8n |CSPDarkn [Yes No 83.1 85.7 79.2 21
+ Tiling et-Nano

YOLOv8 |CSPDarkn |Yes No 86.4 88.3 83.1 31
m + Tiling et-Medium

YOLOvV8  (CSPDarkn |Yes Yes 88.9 90.6 85.7 31
m + Tiling  et-Medium

+ Aug.

YOLOV8- YOLOVS-L |Yes Yes 91.7 93.2 89.4 42
Maritime +

(Proposed EfficientN

) etV2-S

Tiled inference gives the largest single gain, adding 4.8 percentage points over the non-tiled baseline. This confirms that patch-
based inference is essential when vessel targets occupy only a handful of pixels in a large SAR scene. Switching to the
EfficientNetV2-S backbone adds another 2.8 percentage points over the medium YOLOV8 baseline with full augmentation. The
complete augmentation suite contributes 2.5 percentage points on its own, with Gaussian speckle noise injection and mosaic
augmentation being the most effective individual augmentations.

17. ADVANTAGES

Several features of the system are worth highlighting. First, using SAR imagery removes the dependence on transponder
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cooperation, cloud cover, and daylight, which makes the system usable in conditions where optical sensors fail. Second, the
modular agent design means individual components can be updated or replaced without affecting the rest of the pipeline. Third,
the retrieval augmented natural language interface reduces the analytical burden on operators who would otherwise need to
manually correlate several data products. Fourth, every component relies on freely available tools and datasets, so the system can
be reproduced without proprietary infrastructure.

18. LIMITATIONS

There are several limitations worth acknowledging. The system currently evaluates static SAR scenes rather than continuous
vessel tracks, which means trajectory based anomaly detection is not yet possible. Weather forecast reliability drops significantly
beyond 48 hours, which limits multi-day risk projections. The confidence score produced by the reasoning agent is a heuristic
composite of source reliability estimates rather than a calibrated statistical probability. Real-time AIS data was not integrated in
the current version, which means SAR detections cannot be cross-validated against transponder data. Finally, evaluation was
carried out on a single coastal case study, so performance on other sea states and traffic densities still needs to be established.

19. FUTURE SCOPE

Several extensions are planned for future versions of the system. Integrating a real-time AIS data feed would allow direct
correlation of dark-ship detections against transponder records.

Combining Sentinel-1 data with optical and additional SAR constellations could improve revisit frequency over areas of interest.
Compressing and deploying the detection model on edge hardware would enable shipboard or coastal-station inference without
needing a cloud connection. Adding trajectory analysis across sequential SAR acquisitions would move the system from single-
scene detection toward continuous vessel tracking and behavioural anomaly scoring.

20. CONCLUSION

We described a system using multiple Al agents for maritime domain awareness that brings together SAR based ship detection,
marine weather intelligence, navigational warning aggregation, and retrieval augmented LLM reasoning in a single pipeline. The
YOLOv8-Maritime detector achieved a mean average precision of 91.7 percent on held-out SAR imagery, outperforming the
baseline methods on both accuracy and latency. The ablation study showed that tiled inference and the EfficientNetV2-S
backbone are the two most important design choices, contributing gains of 4.8 and 2.8 percentage points respectively. The
LangGraph orchestrated reasoning agent showed that retrieval augmented synthesis can combine diverse maritime data sources
into a structured, confidence-scored briefing, which is a useful step toward Al assisted maritime situational awareness. The
architecture is designed to be extensible, and future work will focus on multi-sensor fusion and continuous vessel tracking.

21. DISCLAIMER

This manuscript presents an independent academic implementation inspired by concepts explored during the authors' internship at
the Centre for Artificial Intelligence and Robotics (CAIR), Defence Research and Development Organisation (DRDO). No
classified, confidential, proprietary, or restricted information from DRDO has been used or disclosed in this manuscript. Any
defence-specific datasets, trained models, source code, deployment configurations, operational procedures, internal
documentation, or other restricted materials have been excluded or replaced with publicly available resources and independently
developed implementations.

Consequently, any requests for access to confidential defence-related assets or associated internal implementation details cannot be
accommodated. This work is presented solely for academic and research purposes.

22. IMPORTANT NOTE

For concreteness, the system prototype and all dashboard illustrations in this paper are configured for a coastal zone along
Pakistan's Exclusive Economic Zone in the Arabian Sea; the underlying architecture is not specific to this region and can be
reconfigured for any EEZ with Sentinel-1 coverage. Given the dual-use nature of maritime surveillance technology, the system is
presented strictly as an academic proof-of-concept, and all vessel identities, positions, and naval assets shown in figures are
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synthetic/simulated data generated for demonstration purposes.
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