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Abstract — Plastic pollution in aquatic environments poses a significant threat to marine
ecosystems, biodiversity, and human health. Traditional methods for underwater waste detection,
such as manual surveys and sonar imaging, are inefficient, time-consuming, and lack scalability.
This paper presents a deep learning-based system for real-time detection and classification of
underwater trash using the YOLOv8 model.

The proposed system is trained on a dataset comprising underwater debris images, including plastic
bottles, fishing nets, glass materials, electronic waste, and other pollutants. The model is integrated
into a web-based application developed using Django, enabling users to upload images and videos
for detection. The system processes inputs frame-by-frame and highlights detected objects with
bounding boxes and classification labels.

Experimental results demonstrate that the proposed system achieves high accuracy and real-time
performance even in challenging underwater conditions such as low visibility and object distortion.
The solution provides an efficient and scalable approach for environmental monitoring and supports
marine conservation efforts.
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I. INTRODUCTION

Plastic pollution in aquatic environments has emerged as one of the most critical environmental
challenges worldwide. Large quantities of plastic waste, including bottles, bags, fishing nets, and
microplastics, enter oceans, rivers, and lakes every year, causing severe damage to marine
ecosystems and biodiversity. These materials do not decompose easily and instead break down into
smaller particles, which persist in water bodies for decades and enter the food chain.

Marine organisms often mistake plastic debris for food, leading to ingestion, injury, or death.
Additionally, hazardous materials such as electronic waste release toxic substances into the water,
affecting both aquatic life and human health. These issues highlight the urgent need for efficient
monitoring and detection systems to identify and remove underwater waste.

Detecting waste in underwater environments presents several challenges. Factors such as low
visibility, water turbidity, varying lighting conditions, and object deformation make it difficult to
accurately identify debris. Traditional detection methods, including manual diver inspections, sonar
imaging, and satellite monitoring, are either time-consuming, expensive, or ineffective for detecting
submerged waste.

To overcome these limitations, recent advancements in artificial intelligence and computer vision
have introduced automated detection techniques. Among these, deep learning-based object detection
models have shown significant improvements in accuracy and efficiency. YOLOvVS (You Only Look
Once version 8) is one such advanced model that enables real-time object detection with high
precision and speed.
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In this work, we propose a deep learning-based underwater trash detection system using YOLOVS.
The system is designed to detect and classify multiple categories of underwater waste, such as
plastic bottles, fishing nets, glass debris, and electronic materials. The model is trained on a large
dataset of underwater images and integrated into a web-based application using Django, allowing
users to upload images and videos for analysis.

The main objective of this system is to provide an automated, scalable, and efficient solution for
underwater waste detection. By leveraging deep learning and web technologies, the proposed
system can assist researchers, environmental agencies, and policymakers in monitoring marine
pollution and planning effective cleanup strategies.

II. LITERATURE REVIEW

The problem of underwater waste detection has gained significant attention due to the increasing
levels of marine pollution. Researchers have explored various traditional and modern techniques to
identify and classify underwater debris. This section reviews existing methods and highlights their
limitations, leading to the need for advanced deep learning approaches.

A. Traditional Methods for Underwater Waste Detection

Early approaches for detecting underwater waste relied on manual diver inspections. Divers visually
examine water bodies and collect data on pollution levels. Although effective for small-scale
analysis, this method is time-consuming, labor-intensive, and risky for deep-sea environments.
Sonar and acoustic imaging techniques have also been used to detect underwater objects. These
methods are useful for identifying large debris but lack precision in detecting smaller plastic items.
Additionally, sonar systems require expensive equipment and specialized expertise.

Satellite and aerial imaging methods are capable of detecting floating waste on the water surface.
However, they are ineffective in identifying submerged debris, which constitutes a significant
portion of marine pollution.

B. Deep Learning Approaches

With advancements in artificial intelligence, deep learning techniques have been widely adopted for
object detection tasks. Convolutional Neural Networks (CNNs), such as AlexNet, VGG16, and
ResNet, have been used for image classification of waste materials. However, these models require
large computational resources and are not suitable for real-time detection.

Object detection models like Faster R-CNN and Single Shot Detector (SSD) improved detection
accuracy but suffer from slower processing speeds, making them less effective for real-time
applications.

C. YOLO-Based Models

Recent studies have shown that YOLO-based models outperform traditional methods in underwater
waste detection. Researchers have demonstrated that combining deep learning with image
preprocessing techniques improves detection accuracy under challenging conditions such as low
visibility and water distortion.

Additionally, the use of large annotated datasets and data augmentation techniques has further
enhanced the performance of deep learning models in detecting marine debris.

D. Research Gap

Despite the advancements in detection technologies, several challenges still remain:

o Difficulty in detecting small and partially visible objects

e Reduced accuracy in low-light underwater conditions

o Lack of real-time and scalable solutions

o Limited integration with user-friendly applications

These gaps highlight the need for a robust, efficient, and real-time detection system, which
motivates the proposed YOLOVS8-based underwater trash detection system.
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III. PROBLEM DEFINITION AND REQUIREMENTS

Marine pollution caused by plastic waste has become a major environmental concern, yet existing
underwater waste detection systems are inefficient and lack scalability. Current methods fail to
provide accurate, real-time, and automated detection of underwater debris, especially in complex
aquatic environments.

A. Limitations of Existing Systems

The existing approaches for underwater waste detection suffer from several drawbacks:

e Manual Inspection:

Traditional methods rely on divers or remotely operated vehicles (ROVs), which are expensive,
time-consuming, and cover limited areas. These methods also pose safety risks in deep or hazardous
waters.

o Traditional Image Processing Techniques:

Conventional techniques such as edge detection and color thresholding are highly sensitive to
environmental conditions like lighting, turbidity, and water distortion. They often result in high
false positives and poor detection accuracy.

e Machine Learning Limitations:

Earlier machine learning and object detection models like Faster R-CNN and SSD are not optimized
for underwater environments. They struggle with detecting small objects and require high
computational resources, making real-time detection difficult.

e Environmental Challenges:

Underwater conditions introduce several complexities:

o Low visibility due to murky water

o Light absorption and color distortion

o Movement caused by water currents

o Variation in object shape and appearance over time

These challenges significantly reduce the performance of traditional detection systems.

B. Need for Proposed System

To overcome these limitations, there is a strong need for an intelligent and automated system that
can:

e Detect underwater waste accurately in real-time

» Handle low visibility and complex environmental conditions

o Identify multiple categories of waste objects

 Provide scalable and efficient performance

e Reduce dependency on manual inspection

C. Problem Statement

The problem addressed in this work is the development of a deep learning-based underwater
trash detection system that can automatically detect and classify different types of underwater
waste using image and video inputs.

The system should be capable of operating in real-time, handling environmental challenges, and
providing accurate detection results through a user-friendly interface.

IV. PROPOSED SYSTEM

To address the limitations of existing underwater waste detection methods, a deep learning-based
system using YOLOVS is proposed. The system is designed to automatically detect and classify
underwater trash in real-time with high accuracy and efficiency.

A. Overview of the Proposed System

The proposed system integrates a trained YOLOvVS8 object detection model with a web-based
application. Users can upload images or videos containing underwater scenes, and the system
processes the input to identify and classify waste materials.

The workflow of the system includes:
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1. Input (image/video upload)

2.Preprocessing

3.0bject detection using YOLOVS

4.Post-processing

5.Output visualization

This automated pipeline ensures fast and accurate detection of underwater debris.
B. Key Features of the System

The proposed system offers the following features:

e Deep Learning-Based Detection:

Utilizes YOLOVS for accurate and real-time object detection.

o Multi-Class Classification:

Detects various types of underwater waste, including:

o Plastic bottles

o Fishing nets

o Glass bottles

o Electronic waste

o Masks and gloves

e Real-Time Processing:

Processes images and videos frame-by-frame, enabling instant detection results.
o Web-Based Interface:

Developed using Django, HTML, CSS, and JavaScript, allowing users to easily upload files and
view results.

e Automation:

Reduces dependency on manual inspection and improves efficiency.

C. Advantages of the Proposed System

Compared to existing methods, the proposed system provides:

o Higher Accuracy:

Deep learning enables better feature extraction and object recognition.
o Faster Processing:

YOLOVS ensures real-time detection with minimal delay.

o Scalability:

Can be extended for large-scale monitoring of oceans and water bodies.
* Robustness:

Performs well under challenging underwater conditions such as low light and distortion.
D. Applications of the System

The proposed system can be used in various real-world scenarios:

e Marine pollution monitoring

o Environmental conservation projects

o Underwater research and exploration

e Government and NGO cleanup initiatives

E. Future Integration Possibilities

The system is designed to support future enhancements, such as:

o Integration with underwater drones

o Deployment in robotic cleaning systems

o Real-time ocean monitoring systems

e Mobile application support
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V. IMPLEMENTATION

The implementation of the proposed Deep Learning-Based Underwater Trash Detection System
involves multiple stages, including dataset preparation, preprocessing, model training, and
deployment into a web application. The system is designed to ensure accurate detection and real-
time performance.

A. Dataset and Image Annotation

The dataset used for this project consists of underwater images collected from Roboflow and
custom sources. It contains multiple categories of waste such as plastic bottles, fishing nets, glass
objects, electronic waste, gloves, and masks.

The dataset is divided into:

o Training set: 3626 images

o Validation set: 1000 images

o Testing set: ~500 images

Each image is annotated using bounding boxes to identify object locations. The annotations follow
the YOLO format:

<class_id> <x_center> <y center> <width> <height>

These annotations help the model learn object positions and classifications effectively.

B. Data Preprocessing

To improve model performance, several preprocessing techniques are applied:

o Image Resizing:

All images are resized to 640x640 pixels to match YOLOvV8 input requirements

o Data Augmentation:

o Horizontal flipping

o Brightness adjustment

o Gaussian blur

o Normalization:

Pixel values are scaled between 0 and 1

These techniques enhance the dataset and improve model generalization.

C. YOLOv8 Model Training

The YOLOv8 model is used for object detection due to its speed and accuracy. It follows a three-
stage architecture:

1.Backbone: Extracts important features from images

2.Neck: Enhances feature maps

3.Head: Predicts bounding boxes and class labels

The model is trained using Google Colab with GPU support for faster computation. Training is
performed for multiple epochs to achieve optimal accuracy.

D. Model Evaluation

The After training, the model is evaluated using performance metrics such as:

e Accuracy

e Precision and Recall

e Mean Average Precision (mAP)

o Confusion Matrix

The evaluation ensures that the model performs well in detecting different types of underwater
waste.

E. Web Application Development

The trained YOLOvV8 model is integrated into a web-based application to provide user interaction.

e Backend: Django

e Frontend: HTML, CSS, JavaScript

Key Functionalities:

e Upload image or video
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e Process input using YOLOvV8

e Display detection results with bounding boxes

o Real-time visualization

F. System Workflow

The overall workflow of the system is:

1.User uploads image/video

2.Input is preprocessed

3.YOLOvV8 model performs detection

4.Output is post-processed

5.Results are displayed on the interface

G. Deployment

The system is deployed as a web application, making it accessible to users through browsers. It
supports real-time processing and allows multiple users to interact with the system.

VI. RESULTS AND EVALUATION

The proposed deep learning-based underwater trash detection system was successfully implemented
and tested using various underwater images and video inputs. The system demonstrated effective
performance in detecting and classifying different types of underwater waste.

A. Detection Performance

The YOLOvVS8 model achieved high accuracy in identifying multiple categories of underwater debris
such as plastic bottles, fishing nets, glass waste, electronic items, masks, and gloves. The model was
able to detect objects even in challenging underwater conditions, including:

o Low visibility

o Light distortion

e Blurred images

e Varying object sizes and shapes

The use of data augmentation and preprocessing techniques significantly improved the robustness
of the model.

B. Real-Time Processing

One of the key advantages of the system is its ability to perform real-time detection. The system
processes:

o Images: within a few seconds

e Videos: frame-by-frame detection

This ensures continuous monitoring and fast response, making it suitable for practical applications
such as marine surveillance and pollution tracking.

C. Visualization of Results

The system provides clear visual outputs by:

o Drawing bounding boxes around detected objects

« Displaying class labels (e.g., plastic bottle, mask, net)

o Highlighting multiple objects in a single frame

D. System Efficiency

The system performs efficiently due to:

o Lightweight YOLOVS architecture

o Optimized preprocessing pipeline

 Fast inference speed

This makes the system suitable for deployment in real-world environments with minimal
computational resources.
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E. Discussion

The experimental results indicate that the proposed system overcomes the limitations of traditional
methods. Unlike manual inspection and conventional image processing techniques, this system
provides:

o Automated detection

e High accuracy

 Real-time performance

e Scalability for large-scale monitoring

However, certain challenges still remain, such as detecting extremely small objects (microplastics)
and handling extremely poor visibility conditions.

F. Limitations

e Reduced accuracy in extremely murky water

o Difficulty in detecting very small debris

e Dependency on dataset quality

The platform maintained stable performance under moderate concurrent usage.

G. Summary of Results
Overall, the system demonstrates strong performance in detecting underwater waste and provides a
reliable solution for environmental monitoring and conservation efforts.

VII. DISCUSSION

The proposed deep learning-based underwater trash detection system demonstrates strong
performance in identifying and classifying various types of underwater waste using the YOLOvVS
model. The system effectively handles complex underwater conditions such as low visibility, light
distortion, and variations in object size and orientation, which are major challenges in marine
environments. The incorporation of preprocessing techniques, including image resizing,
normalization, and data augmentation, significantly improved the robustness and generalization
capability of the model. Compared to traditional methods like manual diver inspection and sonar-
based detection, which are time-consuming, costly, and limited in scalability, the proposed system
offers a fully automated, real-time, and efficient solution. The YOLOv8 model plays a crucial role
in achieving this performance due to its single-pass detection architecture, faster inference speed,
and improved ability to detect small and partially visible objects. Additionally, the system provides
clear visual outputs with bounding boxes and labels, making it easier to interpret and analyze
pollution levels. From a practical perspective, the system can be widely applied in marine pollution
monitoring, environmental conservation projects, and large-scale ocean cleanup initiatives, reducing
dependency on manual efforts and improving operational efficiency. However, certain limitations
still exist, such as reduced accuracy in highly turbid or extremely low-light conditions and difficulty
in detecting very small particles like microplastics. The performance of the system is also
dependent on the quality and diversity of the training dataset. Future improvements can focus on
enhancing dataset size, integrating advanced image enhancement techniques, deploying the system
on edge devices or underwater drones, and incorporating hybrid Al models to further improve
detection accuracy. Overall, the discussion confirms that the proposed system provides a scalable,
reliable, and efficient approach to underwater trash detection, addressing many limitations of
existing methods while opening opportunities for further advancements in environmental
monitoring.

VIII. CONCLUSION
The proposed system presents an efficient and intelligent solution for underwater trash detection
using the YOLOV8 deep learning model. The system successfully addresses the limitations of
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traditional detection methods by providing an automated, accurate, and real-time approach for
identifying underwater waste. By leveraging advanced computer vision techniques, the model is
capable of detecting multiple categories of debris such as plastic bottles, fishing nets, glass waste,
and electronic materials, even under challenging underwater conditions like low visibility and
distortion. The integration of the trained model into a web-based application enhances usability,
allowing users to upload images and videos and obtain detection results instantly. Experimental
results demonstrate that the system achieves high accuracy, fast processing speed, and reliable
performance, making it suitable for real-world environmental monitoring applications. Overall, the
project contributes to marine conservation efforts by offering a scalable and practical tool for
pollution detection and analysis.

In future, the system can be further improved by expanding the dataset to include more diverse
underwater conditions and waste categories, which will enhance detection accuracy. Advanced
image enhancement techniques can be incorporated to improve performance in highly turbid or
low-light environments. The system can also be integrated with underwater drones or robotic
systems for automated waste detection and removal. Additionally, deploying the model on edge
devices can enable real-time monitoring in remote locations. Further research can focus on
detecting microplastics and improving model efficiency to support large-scale ocean monitoring
systems.
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