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Abstract - Maritime safety and monitoring have
become more important with the increase in global
trade and ship traffic. This paper introduces Ocean
Eye, a smart maritime surveillance system that can
detect ships, track their movement, measure real-world
distances, and identify possible collision risks. The
system uses YOLOv8 for detecting objects,
DeepSORT for tracking ships, and socket
communication for handling real-time distress signals.
It also supports restricted zone monitoring and
provides a user-friendly dashboard for visualization.
The proposed system improves maritime safety by
delivering real-time alerts and helping in better
decision-making, similar to modern monitoring
systems.

Plain Language Summary: This research introduces
Ocean Eye, a smart system that helps monitor ships and
improve safety in oceans. The system uses artificial
intelligence to detect ships and track their movement in
real time. It can calculate distances between ships and
identify possible collision risks. It also monitors
restricted areas and sends alerts when rules are violated
or danger is detected. By providing real-time insights
and warnings, the system helps improve maritime
safety and supports better decision-making.

Keywords — Maritime Surveillance, YOLOVS,
DeepSORT, Collision Detection, Computer Vision,
Ship Tracking, Socket Networking.

INTRODUCTION

1.1 Background and Motivation

Oceans play an important role in transportation, trade,
and fishing activities. As the number of ships continues
to grow, ensuring safety has become more challenging.
When multiple ships operate in the same region, there
is a higher chance of accidents, collisions, or
unauthorized entry into restricted areas. Existing
methods such as radar systems and manual monitoring
are not always efficient and depend heavily on human
involvement.

Delays in identifying risks or handling emergency
situations can lead to serious consequences. In
addition, continuously monitoring large ocean regions
is difficult using traditional approaches. These issues
highlight the need for a more advanced and automated
solution.

The main goal of this project is to design an intelligent
system that can detect ships, monitor their movement,
and generate alerts whenever a risk is identified. The
proposed system, Ocean Eye, enhances maritime
safety by providing real-time monitoring and
supporting faster and more effective decision-making.

1.2 Artificial Intelligence in Legal Document
Analysis

With the advancement of artificial intelligence, many
modern systems are using Al to monitor ship activities
in oceans. Computer vision techniques allow automatic
detection of ships from images and videos, which
reduces the need for continuous human supervision.
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Models such as YOLO can identify ships quickly,
while tracking algorithms like DeepSORT help in
following their movement over time. This makes it
easier to understand the direction and behavior of
ships.

Al-based systems are especially useful in situations
where many ships are present. They can process data
quickly, generate alerts, and support better decision-
making, which helps in improving overall maritime
safety.

1.3 Limitations of Existing Approaches

Although Al-based systems can detect ships, they are
not completely reliable. Their performance may
decrease in conditions such as poor lighting, bad
weather, or when ships are very small or far from the
camera. In addition, these systems often do not provide
clear reasoning for their results, which makes them
harder to trust.

On the other hand, traditional methods like radar are
still useful, but they depend on human involvement and
cannot perform advanced tasks such as tracking ship
movement or predicting risks. They are also less
effective  when monitoring large ocean areas
continuously.

Due to these limitations, existing approaches are not
sufficient for accurate and real-time maritime
monitoring. There is a need for a more complete and
intelligent system that can handle detection, analysis,
and decision-making together.

1.4 Need for a Neuro-Symbolic Approach

To address the limitations of using only Al or only
traditional methods, a combined approach can be
adopted. Al models are effective in detecting ships and
analyzing visual information, while traditional systems
provide reliable monitoring and support better
decision-making.
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By combining these approaches, the system is able to
go beyond basic ship detection and perform more
meaningful analysis. It can track ship movement,
evaluate situations, and generate clear alerts when any
risk is identified, such as possible collisions or entry
into restricted zones. The integration of Al with rule-
based monitoring allows the system to make more
accurate and reliable decisions.

This combination improves overall safety by reducing
errors and ensuring timely warnings. It also helps users
understand why a particular alert is generated, making
the system more transparent and trustworthy. As a
result, the proposed approach provides a strong and
dependable solution for modern maritime surveillance
systems.

1.5 Proposed Neuro-Symbolic Framework

Motivated by the challenges discussed earlier, this
work proposes an intelligent maritime surveillance
system named Ocean Eye. The system uses an Al-
based model, YOLOVS, to detect ships and other
objects from images and video streams. Once detected,
the objects are tracked using DeepSORT, which helps
in analyzing their movement and behavior over time.

The detected and tracked data is further processed
using a rule-based module. This module calculates
distances between ships, identifies possible collision
risks, and checks whether any vessel enters restricted
zones. In addition, the system supports communication
through socket networking, enabling clients to send
distress signals and receive alerts instantly.

By combining Al-based detection with rule-based
analysis, the system improves overall accuracy and
reliability. The Al component handles detection and
tracking efficiently, while the rule-based logic ensures
proper evaluation of conditions such as collision risk
and zone violations. This integration allows the system
to generate clear and meaningful alerts, making it
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suitable for real-time maritime monitoring and
decision-making.

2. RELATED WORK

Earlier approaches in maritime surveillance mainly
relied on traditional systems such as radar and manual
observation. These methods were effective for basic
ship detection and provided essential information
about vessel presence. However, they required
continuous human monitoring and were not capable of
handling large-scale data efficiently. In addition, these
systems lacked advanced capabilities such as ship
tracking, behavior analysis, and prediction, which
limited their wusefulness in modern maritime
environments [1].

With the development of machine learning techniques,
researchers began introducing automated methods for
ship detection and analysis. These approaches helped
in identifying ships from images and extracting
important features. While they improved the level of
automation, they depended heavily on manually
designed features and struggled to perform well in
challenging conditions such as poor visibility, cluttered
scenes, and varying ship sizes [2].

To overcome these limitations, deep learning-based
models have been widely adopted in recent years.
Models such as YOLO have significantly improved
real-time object detection by providing faster and more
accurate results. In addition, tracking algorithms like
DeepSORT have been used to assign unique IDs to
ships and monitor their movement across multiple
frames. These advancements have enhanced the ability
to track multiple vessels and analyze their behavior in
real time [3].

Despite these improvements, most existing systems are
limited to detection and tracking tasks. They do not
include higher-level functionalities such as collision
risk prediction, restricted zone monitoring, or real-time
communication between systems. The lack of
integration between these components reduces the
effectiveness of current solutions and limits their
ability to provide complete maritime surveillance [4].

To address these challenges, the proposed system,
Ocean Eye, introduces an integrated approach that
combines Al-based detection, object tracking, rule-
based analysis, and communication features into a
single platform. This system aims to provide accurate
monitoring, early detection of risks, and timely alerts,

thereby improving overall safety and decision-making
in maritime environments.

3. METHODOLOGY

The proposed methodology focuses on developing an
intelligent maritime surveillance system by combining
artificial intelligence with rule-based analysis. The
system integrates ship detection, tracking, and
monitoring techniques to enhance safety in ocean
environments. The overall workflow of the system is
illustrated in Fig. 2, which presents a clear overview of
the complete process.

The major stages of the system include:

* Input video/image acquisition

* Preprocessing (resize, frame extraction, noise
removal)

* Ship detection using YOLOv8

* Object tracking using DeepSORT

* Ship classification (type identification)

* Distance calculation (GSD method)

* Collision risk detection

* Restricted zone monitoring
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Fig. 2. Overall Warkflow of the Proposed Qcean Eye System

Fig. 2 illustrates the UML activity diagram of the
proposed Ocean Eye maritime surveillance system.
The process starts with input video or image data,
followed by preprocessing, ship detection, object
tracking, and classification. It then includes distance
estimation, collision risk analysis, and monitoring of
restricted zones, and finally produces alerts that are
displayed on the GUI dashboard. This modular
workflow supports efficient processing, enables real-
time monitoring, and enhances safety in maritime
environments.

A. Legal Document Dataset Acquisition and
Preprocessing.

The quality of input data plays a crucial role in the
performance of any maritime surveillance system, as
detection accuracy, tracking reliability, and analysis
results are directly influenced by it. In this work, a
diverse set of maritime images and videos was
collected from publicly available datasets and online
sources. The dataset includes various types of vessels
such as cargo ships, fishing boats, tankers, passenger
ships, and small boats. These samples were captured
under different environmental conditions, including

day and night scenes, varying weather conditions, and
different levels of visibility. This diversity ensures that
the system can handle real-world maritime scenarios
effectively.

Maritime data is often complex and unstructured,
containing challenges such as noise, reflections from
water surfaces, low visibility, and differences in object
size and orientation. In some cases, ships may appear
very small, partially occluded, or surrounded by
cluttered backgrounds. Therefore, careful data
selection and preprocessing are necessary to make the
dataset suitable for detection and tracking models.
From the collected data, only relevant and high-quality
images and frames were selected for further
processing. The following steps were applied to
prepare the dataset for the proposed system.

1. Selection and Filtering:

The initial dataset may include irrelevant or low-
quality inputs, such as blurred images, frames without
ships, or duplicate data. These unnecessary elements
can negatively affect system performance. In this stage,
such data is removed to ensure that only useful and
clear samples are retained. Filtering helps in reducing
noise in the dataset, improving detection accuracy, and
minimizing computational overhead.

2. Image Preprocessing:

In this step, the selected images are processed to
improve their quality and ensure uniformity. All images
are resized to a standard resolution so that they can be
handled consistently by the detection model. Noise is
reduced using basic image enhancement techniques,
and adjustments to brightness and contrast are made
where necessary to improve visibility. These
preprocessing operations help the model detect ships
more accurately, even under challenging conditions
such as low light or poor weather.

3. Frame Extraction and Processing:

For video inputs, frames are extracted at regular
intervals to enable continuous analysis. Each extracted
frame is treated as an individual image and processed
separately. This approach allows the system to perform
real-time detection and monitoring of ships. Frame-by-
frame processing also supports tracking, as it helps in
analyzing how ship positions change over time.

4. Dataset Organization:

After preprocessing, all images and extracted frames
are arranged in a structured format. The data is stored
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in well-organized folders, and relevant labels are
assigned where necessary. This structured organization
simplifies data management and ensures smooth
integration with detection and tracking modules. It also
helps maintain consistency across different stages of
the system.

5. Data Splitting:

To evaluate system performance effectively, the dataset
is divided into two subsets. Approximately 80% of the
data is used for system processing and testing, while
the remaining 20% is reserved for validation. This split
ensures that the system is evaluated on unseen data,
reducing the chances of overfitting and providing a
more reliable measure of accuracy and performance.

B. Phase 1: Al-Based Ship Detection using YOLOVS
1. Overview of Phase 1:

Phase 1 of the proposed system is focused on detecting
ships and understanding maritime scenes using
artificial intelligence. Ocean environments are highly
dynamic, where ships can appear in different sizes,
orientations, and lighting conditions. Factors such as
weather changes, reflections from water, and partial
visibility make detection more challenging. Due to
these complexities, traditional detection methods are
often not sufficient for accurate and real-time analysis.

To overcome these challenges, this phase employs
YOLOVS, a deep learning-based object detection
model trained on large-scale datasets. YOLOVS is
capable of identifying ships and related objects
efficiently in real time. It can detect multiple objects
simultaneously and classify different types of vessels,
making it suitable for maritime applications.

The main objective of this phase is to convert raw
image or video input into structured detection results
that can be further used for tracking and risk analysis
in Phase 2.

’ Input Satellite Image

h 4

| Pro-processing

k4
‘ YOLOVE Model

. Object Detection

v
Ship Localization &
Bounding Boxas

Fig. 3. Al-based ship detection process In Phase 1 using YOLOVE

2. Input Image/Video Processing:

The process begins with input data in the form of
maritime images or video streams. These inputs may
include different types of vessels captured under
varying environmental conditions such as daytime,
nighttime, or rough sea conditions.

Before applying detection, the input data undergoes
preprocessing. This includes cleaning the data, resizing
images to a standard resolution, and extracting frames
from videos at regular intervals. These steps improve
the quality and consistency of the input, ensuring better
performance of the detection model.

3. Feature Extraction:

After preprocessing, the model extracts meaningful
features from the images. These features include edges,
shapes, textures, and patterns that are useful for
identifying ships.

The model analyzes the entire image and learns object
characteristics based on these features. This enables it
to detect ships even when they are small, partially
visible, or surrounded by complex backgrounds.

4. Object Detection using YOLOVS:

YOLOVS performs object detection by dividing the
input image into multiple regions and predicting
bounding boxes for detected objects. It also assigns
class labels such as cargo ship, fishing vessel, tanker,
or small boat.

Each detected object is associated with a confidence
score, indicating the probability of correct detection.
Low-confidence detections are filtered out to improve
overall accuracy and reduce false positives.
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5. Detection Refinement:

To enhance detection quality, refinement techniques
such as non-maximum suppression are applied. This
process removes overlapping or duplicate bounding
boxes and retains only the most accurate detection for
each object.

Additional filtering based on object size, shape, and
aspect ratio is also performed to eliminate incorrect
detections and improve reliability.

6. Detection Output Representation:

The final output of this phase consists of bounding
boxes, object labels, and confidence scores for each
detected ship. These outputs provide a structured
representation of the objects present in the scene.

This structured information serves as input for the next
phase, where tracking and further analysis are
performed.

7. Interface to Phase 2 (Tracking and Analysis):

In the final step of Phase 1, the detected objects are
passed to Phase 2 for further processing, including
tracking, distance calculation, and risk analysis. Phase
1 focuses only on detection and does not perform
decision-making or prediction.

When evaluated independently, this phase achieves
high accuracy in ship detection but does not provide
information about movement or potential risks. These
limitations are addressed in Phase 2, which enhances
the overall system performance by incorporating
tracking and rule-based analysis.

B. Phase 2: Rule-Based Maritime Monitoring and
Analysis Framework

1. Overview of Phase 2

Phase 2 of the proposed system focuses on rule-based
analysis, where logical conditions and safety rules are
applied to the detection results obtained from Phase 1.
While Al models such as YOLOvVS are effective in
detecting ships, they do not perform reasoning or
decision-making. To overcome this limitation, a rule-
based framework is introduced to analyze ship
behavior and identify potential risks.

In this phase, the detection outputs are treated as
structured data, and predefined maritime rules are
applied to detect situations such as possible collisions

and restricted zone violations. By combining detection
with rule-based reasoning, the system improves
accuracy, reliability, and real-time decision-making
capability.

2. Knowledge Base and Rule Representation

The system maintains a structured knowledge base that
contains maritime safety rules and conditions. These
rules include safe distance limits, collision detection
criteria, restricted zone boundaries, and movement-
related constraints.

Each rule is defined using logical conditions based on
parameters such as distance between ships, direction of
movement, and predefined zone limits. This structured
representation allows the system to evaluate conditions
efficiently and apply appropriate actions when a rule is
satisfied.

Rule Sets Rule Engine Alert Outputs

St Lusen *» Rule Evabiaton Spevihng Mert

Levw fluden Toove Viskaton At

5 Wity Aav ALS Acornidy Mest

3. Analysis Engine Architecture:

The analysis engine is the core component of Phase 2
and is responsible for processing data and generating
alerts. It consists of multiple modules that work
together to evaluate conditions and detect risks.

Controller: The controller manages the overall
workflow of the system. It ensures that data is
processed in the correct sequence and that rules are
applied systematically.

Working Memory: This module stores current ship
information such as position, speed, direction, and
distance. It also keeps intermediate results generated
during analysis.

Rule Evaluator: The rule evaluator checks all
predefined rules against the available data. It
determines whether any rule conditions are satisfied
and triggers the corresponding alerts.
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4. Data Processing and Analysis:

In this stage, the system processes tracking data
obtained from Phase 1 and organizes it for efficient
evaluation. It calculates distances between ships and
analyzes their movement patterns over time.

By using structured data and optimized processing
techniques, the system can handle multiple ships
simultaneously. This ensures smooth and efficient
performance even in crowded maritime environments.

5. Conflict Detection and Alerts:

When multiple rules are triggered at the same time, the
system uses priority-based decision-making to select
the most critical alert. For example, collision warnings
are given higher priority compared to general alerts
such as zone monitoring.

All detected events are recorded, and alerts are
generated with clear and meaningful information. The
system also highlights ships involved in risky
situations to improve visibility.

The final output includes:
a. Detected event (collision risk or zone violation)
b. Alert message with relevant details

This structured output makes the system easy to
understand and effective for real-time monitoring.

6. Output Generation

After completing the analysis, the system displays
results on the GUI dashboard. It shows ship positions,
distances, and generated alerts in real time.

The output is presented in a clear and organized format,
allowing users to quickly understand the current
situation and take necessary actions. This improves
overall maritime safety and supports efficient decision-
making.

Pseudo Code:

for each frame f do
Detect ships using YOLOv8
Extract ship data S_f (position, size, ID)
Store S_fin WorkingMemory
Retrieve rules R from KnowledgeBase

for each rule rin R do
if conditions(r) satisfied
then apply r
update WorkingMemory
record alert

end if
end for

Resolve conflicts using priority
Generate alerts and display output
end for

Step-1: Ship Data Extraction

For each frame f, extract ship details using Phase 1
output:

S _f= {Position(f), Speed(f), Direction(f), Distance(f)}

where,

* Position(f) represents ship location

* Speed(f) represents movement speed

* Direction(f) represents movement direction

* Distance(f) represents distance between ships

Store all extracted data in Working Memory (WM).

Step-2: Rule Matching and Evaluation
For each ruler € R:

if Rule_Conditions(r) € WorkingMemory then
Trigger rule r
Detect event (collision / zone violation)
Add result to WorkingMemory
Log rule r for alert generation

end if

This step ensures only valid conditions are considered.
Step-3: Conflict Resolution

If multiple rules are triggered at the same time:
SelectedRule = arg max(Priority(r), RiskLevel(r))

where,
* Priority(r) represents importance of rule
* RiskLevel(r) represents severity (collision > zone)

Only the highest-priority alert is selected.

Step-4: Alert Generation

Aggregate detected events from Working Memory:
Alert = U Events_detected

Generate alerts such as:
* Collision warning

* Restricted zone alert
* Distress signal alert
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Step-5: Output Generation

Display results on GUI dashboard including:
* Ship positions

* Distances

* Alerts and warnings

Step-6: Return

* Final Alerts and Notifications
* Real-time Monitoring Output

4. RESULTS AND DISCUSSION

The experimental evaluation is conducted to measure
the performance of the proposed Ocean Eye maritime
surveillance system. The system was tested using
images and video data collected from publicly
available maritime datasets and sample video sources.
The dataset includes various types of vessels such as
cargo ships, fishing boats, tankers, and small boats
under different environmental conditions, including
varying lighting and weather scenarios.

To analyze system performance, three different
approaches are considered:

1. Al-based ship detection using YOLOv8
2. Rule-based maritime monitoring
3. The proposed integrated Ocean Eye system

The dataset is divided into training (80%) and testing
(20%) sets to ensure proper evaluation. Several
performance metrics, including accuracy, precision,
detection efficiency, and overall system reliability, are
used to assess and compare the effectiveness of each
approach.

A. Accuracy Analysis
Accuracy is used to measure how correctly the system
detects and analyzes ships.

Model |Accuracy (%)
'YOLOVS8 Detection Only (78 - 82

Rule — Based Monitoring [75-80

Proposed Ocean Eye [88-92
System

Table 1: Accuracy Comparison

The results show that YOLOv8 provides good
detection accuracy but lacks decision-making ability.
The rule-based system ensures logical analysis but

depends on detection quality. The proposed system
combines both approaches and achieves higher
accuracy by integrating detection and rule-based
analysis

Accuracy Comparison
100

Accuracy (%)

YOLOWS Detection Rule-Based Monitonng Proposed Ocean Eye
Models

Fig. 5. Accuracy comparison of maritime surveillance
models.

B. Precision Analysis
Precision measures how accurately the system
generates correct alerts without false warnings.

Model Precision(%)
'YOLOv8 Detection Only (85-88

Rule — Based Monitoring (88-90

Proposed Ocean Eye [92-95
System

Table 2: Precision Comparison

The proposed system achieves higher precision
because rule-based validation reduces false alerts. This
ensures that warnings such as collision detection and
zone violations are more reliable.
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C. Inference Efficiency Analysis

Inference efficiency measures how fast the system
processes data and generates results. YOLOvS8
provides fast detection, while rule-based analysis adds
slight processing time. However, the combined system
maintains real-time performance using optimized
processing and multi-threading.

The proposed system achieves a good balance between
speed and accuracy, making it suitable for real-time
maritime monitoring applications

D. Explainability Analysis

Explainability is important for understanding system
decisions. The proposed system provides clear alerts
such as collision warnings and restricted zone
violations along with the reason for each alert.

- Explainability Analysis

. OLOwvE
I Aule-Based
. Proposed

Score %)

Transparency Decision Clarity Traceahility

© 2026, IJSREM | https://ijsrem.com

Fig. 7. Explainability analysis of maritime surveillance
models.

Unlike pure Al models, which act as black boxes, the
rule-based component ensures transparency by
showing which condition triggered the alert. This
improves user trust and system reliability.

E. Comparative Discussion

The results demonstrate that Al-based detection
provides strong visual understanding, while rule-based
systems ensure logical reasoning. The proposed Ocean
Eye system combines both approaches to achieve
better performance.

100 Comparative Discussion of Models

. YOLOvE
. Fule-Based
N Proposed
50
Z 5
g
E
o
L
50
ag
ACcuracy Prescigion Explainability Efficiency
Fig. 8. Comparative discussion of maritime

surveillance models across performance metrics.

Compared to existing systems, the proposed approach
shows higher accuracy, better precision, and improved
reliability. It also provides real-time alerts and
explainable outputs, making it suitable for practical
maritime surveillance applications.

F. Summary of Results

The experimental results confirm that the Ocean Eye
system effectively detects and monitors ships in real
time. The integrated approach achieves accuracy in the
range of 88-92% and precision up to 95%.

Overall, the system provides a reliable, efficient, and
intelligent solution for maritime surveillance,
improving safety and supporting better decision-
making in ocean environments.
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5.CONCLUSION

This research addresses the challenges in maritime
safety by proposing an intelligent surveillance system
called Ocean Eye, which improves monitoring
accuracy through the integration of Al-based detection
and rule-based analysis. The system uses YOLOVS for
detecting ships and extracting important details such as
position, movement, and type of vessels. These
detection results are further processed by a rule-based
analysis module, which applies predefined maritime
rules to identify risks such as collisions and restricted
zone violations.

By combining real-time object detection with rule-
based validation, the system improves both accuracy
and reliability. The rule-based module helps in
checking conditions clearly and generating alerts with
proper reasoning. This ensures that the system not only
detects ships but also makes meaningful decisions
based on their behavior. The use of logical rules helps
in reducing false alerts and improving overall system
performance.

Experimental results show that the proposed Ocean
Eye system achieves an accuracy of approximately 88—
92% and precision of 92-95%, outperforming systems
that use only detection or only rule-based methods. The
system also provides better transparency by clearly
indicating why an alert is generated, such as collision
risk or zone violation. This makes the system more
trustworthy and useful in real-time applications.

Another important contribution of this work is the
focus on explainability. The system provides clear
alerts along with the conditions that triggered them,
allowing users to understand the reasoning behind each
decision. This improves user confidence and makes the
system suitable for real-world maritime monitoring
and safety applications.

The proposed system demonstrates that combining Al-
based detection with rule-based analysis significantly
improves performance, reliability, and interpretability.
It provides a complete solution for ship monitoring,
risk detection, and alert generation in maritime
environments.

In the future, the system can be further improved by
using larger datasets, improving detection under
extreme weather conditions, and integrating advanced
communication systems. Additional features such as
satellite data integration and predictive analysis can
also enhance system performance.

Overall, the Ocean Eye system provides a strong
foundation for developing intelligent, reliable, and
real-time maritime surveillance systems.
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