
2025 2nd International Conference on New Frontiers in Communication, Automation, Management and Security (ICCAMS) 

979-8-3315-9610-1/25/$31.00 ©2025 IEEE 

 

 

Deep Dive into Marine Pollution Segmentation: Unveiling the Power of Deep 

Learning for Effective Trash Detection 

1P. Vijaya Kumari 
1Research Scholar 

1Department of CSE , JNTU Anantapur 
Ananthapuramu, India. 

1vijaya.jntuacep@gmail.com 
 

2Dr.S.Jessica Saritha 
2Assistant Professor 

2Department of CSE, JNTUA College of 
Engineering Pulivendula, India. 

2sjsaritha.cse@jntua.ac.in

 

ABSTRACT 

Marine pollution, particularly plastic debris, poses a 
significant threat to marine ecosystems, requiring efficient 
and accurate methods for detection and mitigation. 
Traditional methods for identifying marine trash have 
limitations in scalability and precision, especially in 
underwater environments. This paper explores the application 
of deep learning-based segmentation models, with a specific 
focus on YOLOv8, for the segmentation of marine debris in 
underwater imagery. The study investigates the potential of 
YOLOv8 to not only detect but also segment various types of 
marine trash in complex environments. Through extensive 
experimentation, we evaluate the model's performance based 
on metrics such as precision, recall, Mean Average Precision 
(mAP), and accuracy. The results demonstrate that YOLOv8 
excels in real-time applications, making it suitable for 
scalable and automated environmental monitoring. This 
research highlights the potential of YOLOv8 in enhancing 
marine pollution monitoring, providing a foundation for real-
time, efficient environmental assessments. 

Keywords: Marine Pollution, Marine Trash Detection, 
Segmentation, Deep Learning, Object Detection, YOLOv8, 
Underwater Imagery, Precision, Recall, mAP, Environmental 

1. INTRODUCTION 

 Monitoring, Automated Detection, Marine 
EcosystemsMarine pollution, particularly in the form of 
plastic waste, debris, and other contaminants, has become 
one of the most pressing environmental issues worldwide. It 
threatens marine biodiversity, disrupts ecosystems, and poses 
significant risks to human health. While the magnitude of this 
issue is well recognized, the challenge of effectively 
detecting, monitoring, and quantifying marine trash remains a 
significant obstacle. Traditional methods of detecting and 
assessing marine debris, such as manual surveys, visual 
inspections, and satellite imagery, often fall short in terms of 
scalability, real-time application, and accuracy, especially 
when dealing with underwater environments. 

The vast and often inaccessible nature of marine 
ecosystems, combined with challenging conditions such as 
murky waters, varying depths, and dynamic environments, 
makes it even more difficult to track and manage marine 
debris effectively. In response to these challenges, the field of 

deep learning has emerged as a powerful tool for automated 
object detection and segmentation, offering a promising 
solution to address the growing need for efficient marine debris 
monitoring. 

In particular, segmentation models have gained 
attention for their ability to provide pixel-level precision in 
identifying and delineating objects within complex images. 
While object detection models focus on locating and classifying 
objects within a bounding box, segmentation models offer a 
more refined approach by outlining the exact shape and 
boundaries of each object, which is crucial for assessing the 
scale and impact of pollution. This level of detail is essential for 
applications such as assessing the volume of marine debris, 
tracking specific pollutants, and developing targeted 
interventions for environmental protection. 

Among the various deep learning models designed for 
object detection and segmentation, YOLOv8 (You Only Look 
Once, version 8) stands out as one of the most advanced and 
efficient models available. YOLOv8 is known for its speed, 
real-time performance, and high accuracy, making it 
particularly suited for applications that require rapid processing 
and decision-making. It achieves impressive performance by 
simultaneously handling both object detection and 
segmentation tasks, which is especially useful in dynamic 
environments like underwater scenes. The model’s architecture 
is optimized for high-speed processing, enabling real-time 
detection of objects and their precise segmentation, even in 
challenging conditions like low light, occlusions, and cluttered 
scenes. 

This study investigates the use of YOLOv8 for marine 
trash segmentation, focusing on its application in underwater 
imagery. The model is evaluated based on its ability to 
accurately segment marine debris, including various types of 
trash such as plastics, nets, and other pollutants. Special 
attention is given to the model’s robustness in dealing with the 
complexities of underwater environments, such as varying 
object sizes, overlapping debris, and complex backgrounds. The 
goal of this research is to demonstrate the effectiveness of 
YOLOv8 in providing a scalable, real-time solution for marine 
pollution monitoring and to highlight its potential as a tool for 
safeguarding marine ecosystems. By leveraging YOLOv8’s 
advanced segmentation capabilities, this study aims to 
contribute to more efficient and accurate methods for assessing 
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and managing marine debris, ultimately supporting global 
efforts to combat marine pollution. 

2. RELATED WORK 

Marine trash segmentation has been a focal point of 
research, especially with the need to provide detailed, pixel-
level information about debris in underwater environments. 
Traditional object detection and segmentation methods, 
although effective in other domains, faced challenges due to 
the murky waters and the complexity of the underwater scene. 
Among various methods, YOLO (You Only Look Once) has 
emerged as a powerful model for real-time object detection 
and segmentation. YOLO, particularly in its later versions, has 
made significant strides in providing high-speed and accurate 
results, making it suitable for dynamic, time-sensitive 
applications such as marine debris detection. 

One of the main advantages of YOLO for marine 
debris segmentation is its efficiency and speed. YOLO 
processes images in real-time, making it ideal for use in 
underwater robots or drone surveillance systems that monitor 
marine pollution continuously. Earlier work on YOLO focused 
primarily on object detection, but recent adaptations have 
enabled the model to handle segmentation tasks as well. 
YOLOv8, the latest iteration, is particularly well-suited for 
marine trash segmentation due to its improved architecture, 
which provides a balance between speed and accuracy. This 
allows YOLOv8 to segment marine debris effectively, even in 
cluttered and dynamic underwater environments where 
traditional methods may fail. 

A key challenge in underwater debris segmentation lies 
in the high variance of objects, such as plastic bags, nets, and 
other pollutants, which can be partially obscured or overlapped. 
YOLOv8's real-time detection capabilities make it effective in 
identifying and segmenting these objects even under such 
conditions. Researchers have used YOLO models to detect and 
segment marine debris in complex underwater scenes, such as 
coral reefs and seafloor environments, with promising results. 
The model's ability to handle overlapping objects and perform 
segmentation in real-time significantly enhances its utility in 
operational settings, such as environmental monitoring and 
underwater cleanup missions. 

Recent advancements also highlight YOLO's use in 
fine-tuning and transfer learning. By fine-tuning pre-trained 
YOLO models on domain-specific underwater datasets, 
researchers have managed to improve its performance in marine 
trash segmentation, even in environments with limited 
annotated data. For instance, models pre-trained on large 
datasets like COCO or ImageNet have been adapted for 
underwater tasks, allowing for better detection of marine debris. 
The success of these models suggests that YOLO's flexibility 
and robustness can be further enhanced through fine-tuning and 

transfer learning, improving segmentation accuracy without 
requiring vast amounts of new labeled data. 

Additionally, YOLO's integration into hybrid 
architectures has also shown promise. Combining YOLO with 
other models, such as U-Net for precise segmentation boundaries 
or Mask R-CNN for better handling of occlusions and 
overlapping objects, could potentially enhance its performance 
for marine trash segmentation. These hybrid models can combine 
the speed of YOLO with the precision of segmentation networks 
to offer an even more robust solution for marine debris 
monitoring. 

Despite these successes, challenges remain, particularly 
in dealing with small or fragmented debris that may be difficult 
to segment accurately. YOLO’s reliance on bounding boxes for 
detection, rather than pixel-level precision, can sometimes limit 
its segmentation capabilities in cases where fine detail is 
required. However, ongoing improvements to the YOLO 
architecture, such as more refined segmentation masks and 
hybrid solutions, continue to address these issues. 

YOLO has proven to be a valuable tool for marine trash 
segmentation due to its speed, adaptability, and real-time 
performance. While challenges in fine-grained segmentation 
remain, the ongoing evolution of YOLO models, particularly 
YOLOv8, promises to provide effective solutions for the real-
time detection and segmentation of marine debris. With 
continued advancements, YOLO’s ability to support underwater 
environmental monitoring and pollution mitigation efforts is 
expected to grow, making it a crucial tool in the fight against 
marine pollution. 

3. EXPERIMENTAL SETUP 

Dataset 

The dataset used in this study contains underwater 
images of marine trash with pixel-wise annotations for 
segmentation. Each image is labeled with a corresponding 
segmentation mask, indicating the boundaries of different marine 
trash objects. These images were pre-processed into the 
TFRecord format, allowing efficient handling of large-scale data 
during model training. The dataset was divided into two subsets: 
the training set and the validation set. The training set was used 
to teach the models to segment various types of marine trash, 
while the validation set helped assess the model's ability to 
generalize. 

Each image was resized to a standard 224x224 pixels, 
and pixel values were normalized to the range [0, 1]. The 
segmentation masks were one-hot encoded, where each pixel 
corresponds to a class (such as plastic, bio-debris, or 
background). The dataset contains a diverse range of marine 
trash objects, ensuring the model could learn to handle a variety 
of shapes, sizes, and materials. 

Data Pipeline 
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For model training, a data pipeline was built using 
TensorFlow's TFRecordDataset, enabling efficient reading and 
preprocessing of images and corresponding segmentation 
masks. The images were decoded, resized to 224x224 pixels, 
and normalized. Simultaneously, the segmentation masks were 
processed to match the dimensions of the images. This pipeline 
streamlined the workflow, making the process of training and 
evaluating the models faster and more efficient. The 
segmentation task focuses on accurately predicting pixel-wise 
masks for different debris types, rather than detecting bounding 
boxes. 

Feature Extraction 

The features used for segmentation consist of the pixel-wise 
annotations provided in the segmentation masks. These masks 
include labeled regions of various types of trash, such as plastic, 
bio-debris, and metal, which the models use to learn the 
characteristics of each class. The goal of the segmentation 
models is to generate pixel-level predictions that accurately 
match the ground truth masks for each type of trash. 

Table - 1explainsthedetailsofthefeature. 

 

Table – 1: Details of feature 

S. No Attribute Name 

1 Trash 

2 Bio 

3 Plastic 

 

YOLOv8 

YOLO (You Only Look Once) is a powerful and 
efficient object detection model known for its real-time 
processing capabilities. Initially designed for object detection, 
YOLO has been applied to various domains, including marine 
trash segmentation, by leveraging its fast and accurate 
processing to detect and segment marine debris in underwater 
environments. The key feature of YOLO is its single-pass, end-
to-end architecture that divides the input image into a grid, 
allowing the model to predict multiple objects simultaneously. 
This feature is particularly useful for marine trash segmentation, 
where detecting a variety of trash objects within the same image 
is crucial. 

YOLO's standard output of bounding boxes is adapted 
to output pixel-wise classification, treating the pixels of the 
image as part of the trash object class. YOLO's architecture 
remains unchanged; instead, the model is trained to recognize 
and label different marine debris, such as plastics, bio-debris, 
and other types of trash, as distinct categories. This allows 

YOLO to perform segmentation at the pixel level while 
maintaining its real-time capabilities. 

 

Figure-1YOLOv8 Architecture 

The model’s training involved fine-tuning a pre-trained 
YOLO model, which had previously been trained on large, 
general datasets such as COCO or VOC, on a custom marine 
trash dataset. Transfer learning played a key role in adapting 
YOLO for marine trash segmentation, significantly reducing the 
amount of training data required while enhancing the model's 
accuracy and ability to generalize across various types of 
underwater debris. 

YOLO's efficiency allows for fast inference, which is 
critical in real-time applications like drone-based marine 
monitoring or autonomous underwater vehicles (AUVs). It can 
handle large datasets in real-time, providing immediate feedback 
on the presence and location of marine trash, which is essential 
for timely decision-making in environmental monitoring and 
marine conservation efforts. Despite its strengths in speed and 
efficiency, YOLO might face challenges in highly cluttered or 
complex environments where very fine segmentation is required. 
Nonetheless, it remains an ideal solution for quick, reliable 
detection of marine trash in dynamic settings. 

Performance Metrics 

Precision measures the accuracy of the model’s 
predictions. In segmentation tasks, precision is defined as the 
ratio of true positive pixels (correctly predicted pixels as part of 
the trash object) to the total number of predicted positive pixels 
(true positives + false positives). A high precision value indicates 
that the model makes few false positive predictions. 

Precision =  

Precision is especially important in segmentation tasks 
to ensure that the predicted pixels that are labeled as trash are 
actually trash pixels, minimizing the presence of false positives. 
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Recall, in the context of segmentation, measures the 
model's ability to correctly identify all relevant pixels (i.e., trash 
pixels) in the image. It is calculated as the ratio of true positive 
pixels to the sum of true positives and false negatives. A high 
recall value indicates that the model is able to detect most of the 
trash pixels, even if it includes some false positives.. 

Recall =  

Recall is particularly important for ensuring that the 
model does not miss any trash objects, especially in cases where 
debris is fragmented or partially occluded. 

Mean Average Precision (mAP)mAP is a more 
comprehensive metric that is often used in segmentation tasks to 
evaluate the model's performance at various thresholds of IoU. 
mAP averages the precision values across different recall levels, 
providing a balanced evaluation of the model’s performance. 
For segmentation tasks, mAP is typically computed over 
different IoU thresholds (e.g., mAP@0.5, mAP@0.50:0.95), 
which reflects the model's ability to correctly segment the trash 
objects with varying levels of overlap between the predicted and 
ground truth masks. 

mAP = Pi  

Here,  APi represents the Average Precision for each 
class (e.g., plastic, bio-debris) at various IoU thresholds. 

Accuracy in segmentation tasks refers to the proportion 
of correctly classified pixels (both trash and non-trash) to the 
total number of pixels. This metric gives a general indication of 
the model's ability to identify and classify all objects across the 
image. 

  Accuracy =  

These metrics collectively allow for a detailed evaluation of 
the model's performance in marine trash segmentation, 
ensuring that it can accurately segment and classify trash 
objects from underwater imagery. 

4. RESULTS 

  YOLOv8 demonstrates exceptional performance in 
real-time marine trash segmentation, offering fast and efficient 
inference. Its strength lies in its lightweight architecture, 
optimized for rapid processing, making it ideal for live 
monitoring of marine environments and underwater debris. 
The model's ability to segment large-scale objects quickly 
makes it particularly effective for operational applications like 
hazard detection or emergency response. 

  YOLOv8 excels in processing large datasets in real-
time, enabling swift detection of marine trash in dynamic 
environments. However, there is a noticeable trade-off between 
speed and segmentation accuracy. YOLOv8’s lower recall of 
0.463 indicates that some trash objects, especially smaller or 
overlapping ones, might be missed, particularly in cluttered 
underwater scenes. This lower recall may affect its 
performance in highly detailed research tasks that require 
complete and accurate object segmentation. 

 

 

Figure-2 Graphs of YOLOv8 

  Despite this, YOLOv8’s real-time capabilities make it 
an ideal choice for scenarios where immediate feedback is 
required. For example, in drone-based underwater imaging 
systems or autonomous underwater vehicles, fast processing is 
critical for monitoring and responding to marine debris. 
However, for research-focused tasks requiring high precision 
and the detection of all relevant objects, YOLOv8 may not be 
the best fit due to its lower recall and segmentation accuracy. 
  YOLOv8’s real-time segmentation capabilities make it 
the preferred choice for applications where speed and 
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efficiency are paramount. While it sacrifices some accuracy 
and recall for faster processing, its ability to detect large-scale 
marine trash objects in dynamic environments makes it 
invaluable for operational uses such as live hazard detection or 
emergency response. 
  The following output images demonstrate YOLOv8’s 
ability to detect and segment marine trash in underwater 
environments. The bounding boxes highlight detected objects, 
and the approximate percentage of trash detected is indicated 
on each box. 

 
 

 

Figure-3 Output Images of Detected Trash 

  These images showcase YOLOv8's capability to process 
and segment trash in real-time underwater images, offering 
valuable insights for operational monitoring. 
  For research applications that demand high precision 
and thorough segmentation, YOLOv8 might not be the optimal 
choice due to its lower recall. However, its computational 
efficiency and fast inference make it highly effective for 
practical, real-time deployment scenarios where real-time 
processing is critical, such as monitoring marine debris during 
live surveillance or rapid assessments. 
  This result highlights YOLOv8’s suitability for real-
time marine trash segmentation tasks, emphasizing its quick 
processing capabilities over detailed accuracy, making it ideal 
for operational use but less suited for tasks requiring high 
precision and recall.

Table – 2: Accuracy, Precision, Recall and mAP@0.5 

Model Accuracy Precision Recall mAP@0.5 

YOLOv8 89.4% 0.738 0.463 0.560 

5. CONCLUSION 

  This study focused on evaluating YOLOv8 for marine 
trash segmentation, emphasizing its suitability for real-time 
applications. YOLOv8 achieved an accuracy of 89.4% and an 
mAP@0.5 of 0.560, demonstrating its ability to process 
images rapidly and effectively. Although the model showed a 
good precision of 0.738, its recall of 0.463 suggests that it may 
miss certain objects, particularly those that are smaller or 
occluded. Despite this, YOLOv8 remains ideal for time-
sensitive tasks, such as real-time underwater monitoring or 
autonomous vehicle navigation, where quick detection is more 
important than perfect accuracy. For applications requiring 
higher precision and recall, additional model optimizations 
could be considered to improve its performance in complex 
environments. Future work might focus on enhancing the 
recall while maintaining YOLOv8's strength in real-time 

detection, making it a more reliable tool for marine trash 
segmentation in diverse underwater conditions. 
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