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Abstract

Marine  debris  severely  threatens  aquatic
ecosystems and biodiversity. Automated underwater
debris  detection is essential for scalable
environmental monitoring. This paper proposes a
lightweight real-time debris detection framework
based on YOLOv 10n optimized for edge deployment.
The proposed system  integrates  adaptive
preprocessing, feature pyramid fusion, and anchor-
free  detection  mechanisms.  Mathematical
formulations of detection loss, bounding box
regression, and evaluation metrics are presented.
Experimental  evaluation demonstrates 94.8%
mAP@0.5 with 32 FPS inference speed on edge
hardware. Comparative analysis confirms reduced
computational complexity while maintaining high
accuracy. The proposed model provides a scalable
and  energy-efficient  solution  for  marine
environmental surveillance.

Index Terms — YOLOvIOn, Marine Debris
Detection, Edge AI, Object Detection, Underwater
Vision.

I. INTRODUCTION

Oceans and marine ecosystems play a vital role in
maintaining environmental balance, supporting
biodiversity, regulating climate, = and sustaining
human livelihoods through fisheries, transportation,
and tourism. However, rapid industrialization,
urbanization, and improper waste management
practices have significantly increased the amount of
solid waste entering marine environments. Large
quantities of plastic, metal, fishing gear, and other
non-biodegradable materials accumulate in oceans
every year, posing severe threats to aquatic
organisms, coral reefs, and coastal ecosystems.
Marine debris not only disrupts natural habitats but
also enters the food chain, causing long-term
ecological and health related consequences for both
marine life and human populations.

Traditional methods for monitoring marine
pollution primarily rely on manual surveys, visual
inspections, and  vessel-based  observations.
Although these techniques have been widely used,

they are time-consuming, labor-intensive,
expensive, and limited in spatial and temporal
coverage. Furthermore, harsh underwater conditions
such as low visibility, light attenuation, turbidity,
and dynamic water movements make accurate debris
identification extremely challenging. As a result,
manual monitoring approaches often fail to provide
reliable and continuous data required for effective
environmental management and policy formulation.

With the rapid advancement of computer vision
and artificial intelligence technologies, deep
learning-based object detection methods have
emerged as powerful tools for automated
environmental monitoring. Convolutional Neural
Networks (CNNs) and region-based detection
frameworks such as Faster R-CNN, Single Shot
Detector (SSD), and You Only Look Once (YOLO)
have demonstrated remarkable performance in
various visual recognition tasks. These models have
been increasingly adopted in marine research for
detecting floating and submerged debris from
underwater images, videos, and remotely sensed
data. Despite their high accuracy, most of these
models are computationally expensive and require
high-end hardware resources, making them
unsuitable for real-time deployment on embedded
platforms, underwater drones, and Internet of Things
(IoT) devices.

Recent research efforts have focused on
developing lightweight and optimized detection
models to address the limitations of conventional
deep learning frameworks. Modified YOLO
architectures, including YOLOvS, YOLOVS, and
YOLO-MES, have introduced efficient backbones,
feature fusion strategies, and attention mechanisms
to improve detection performance while reducing
model complexity. Although these approaches have
achieved notable improvements, they still struggle
to maintain an optimal balance between accuracy,
inference speed, and energy consumption in highly
constrained environments. Moreover, the need for
complex architectural modifications and extensive
post-processing further complicates their practical
deployment in real-world marine monitoring
systems. In this context, YOLOvI10n, the nano
version of the YOLOV10 family, offers a promising
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solution for efficient underwater debris detection.
YOLOvVIO0n is specifically designed to operate in
low-resource  environments by incorporating
streamlined network architectures, optimized
feature pyramids, and decoupled detection heads.
These design enhancements significantly reduce the
number of parameters and computational operations
while preserving strong feature representation
capabilities. Consequently, YOLOv10n enables
high-speed, low-latency object detection on edge
devices without compromising detection accuracy.

This research proposes a comprehensive marine
environmental monitoring system based on
YOLOv1On for real-time underwater debris
detection. The proposed framework integrates
systematic data collection, adaptive preprocessing,
effective feature extraction, and optimized detection
modules to enhance robustness under challenging
underwater conditions. The system is capable of
identifying multiple categories of marine waste,
including plastic bottles, bags, fishing nets, metal
fragments, and organic materials, across varying
illumination and background complexities. By
minimizing computational overhead and energy
consumption, the proposed approach facilitates
long-term autonomous deployment in marine
environments.

The main contributions of this work are
summarized as follows. First, a lightweight and
scalable underwater debris detection framework is
developed using YOLOv10n, enabling efficient
real-time operation on embedded platforms. Second,
the system incorporates optimized preprocessing
and feature extraction techniques to improve
detection reliability in low-visibility and noisy
underwater conditions. Third, extensive
experimental evaluations are conducted to
demonstrate the superiority of the proposed model
in terms of accuracy, speed, and resource utilization
when compared with existing detection approaches.
Finally, this research highlights the practical
feasibility of deploying deep learning-based
monitoring systems for large-scale marine pollution
management and conservation initiatives.

The remainder of this paper is organized as
follows. Section II reviews related work in marine
debris detection and lightweight object detection
models. Section III describes the proposed
methodology and system architecture in detail.
Section IV presents implementation details and
experimental  setup. Section V  discusses
performance evaluation and results. Section VI
provides a comprehensive discussion of findings and
limitations. Section VII outlines future research
directions, and Section VIII concludes the paper
with key insights and contributions.

II. LITERATURE SURVEY
In recent years, the increasing severity of marine
pollution has motivated extensive research on
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automated debris detection and environmental
monitoring systems. Traditional approaches relied
primarily on manual inspection, sonar imaging, and
handcrafted  feature-based  computer  vision
techniques. While these methods provided initial
solutions for underwater monitoring, they suffered
from limited accuracy, high labor requirements, and
poor adaptability to complex marine environments.
Consequently, researchers have shifted their focus
toward deep learning-based techniques to improve
detection reliability and automation. Deep learning
frameworks based on Convolutional Neural
Networks (CNNs) have demonstrated significant
success in object detection and classification tasks.
Early studies adopted region-based detection models
such as Faster R-CNN and SSD for marine debris
identification. These models achieved high detection
accuracy by generating region proposals and
extracting deep features. However, their multi-stage
processing pipelines resulted in high computational
complexity and inference latency, limiting their
applicability on embedded and real-time platforms.
The YOLO (You Only Look Once) family of object
detection models has gained popularity due to its
single-stage detection mechanism and real-time
performance. Several versions, including YOLOV3,
YOLOv4, YOLOvS, and YOLOvVS, have been
applied to marine litter detection. These models
improved detection speed and robustness compared
to region-based detectors. Nevertheless, their
relatively large model sizes and high processing
requirements remained challenging for deployment
on low-power underwater devices and IoT
platforms.

Ma et al. proposed MLDet, a lightweight deep
learning framework for marine litter detection that
integrates refined anchor mechanisms and attention
modules. Their approach focused on improving
feature representation under low-visibility and
occlusion conditions while maintaining real-time
performance on edge devices. Experimental results
demonstrated superior accuracy compared to
conventional methods. However, the inclusion of
attention mechanisms increased architectural
complexity and training overhead. According to the
recent work introduced UTD-YOLO, an improved
YOLOvS-based model specifically designed for
underwater trash detection. Their work addressed
underwater image distortions by incorporating
specialized preprocessing techniques and adaptive
feature fusion strategies. The proposed model
achieved enhanced precision and recall on
benchmark datasets. Despite these improvements,
UTD-YOLO still required substantial computational
resources and careful parameter tuning, which
restricted its scalability on ultra-constrained
platforms. Image enhancement techniques have also
been explored to improve underwater detection
performance. An et al. proposed DIRBW-Net, an
inverted residual network for underwater image
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enhancement. By mitigating haze, blur, and color
distortion, DIRBWNet improved image quality and
subsequently enhanced downstream detection
accuracy. Although effective, the integration of
separate enhancement and detection networks
increased system complexity and processing time.
Chen et al. developed EFS-YOLO, a lightweight
detection framework utilizing Ghost Convolution
and feature enhancement modules. Although
originally designed for industrial defect detection,
EFS-YOLO demonstrated strong potential for
marine applications due to its reduced computational
cost and compact architecture. The model achieved
significant reductions in parameters and inference
time. However, its adaptation to underwater
environments requires further optimization and
domain-specific tuning.

Zhang et al. proposed SRFL, a federated learning
framework for Al IoT environments based on swarm
reputation mechanisms. While not directly focused
on marine debris detection, their decentralized
learning approach offers potential benefits for
collaborative underwater monitoring systems. By
enabling distributed training and data privacy, SRFL
can enhance scalability and reliability in multi-
device marine surveillance networks. However,
federated learning introduces additional
communication overhead and system complexity.
Several comparative studies have also evaluated
deep learning-based litter detection systems. Fulton
et al. applied deep visual detection models for
robotic marine litter identification, demonstrating
the feasibility of autonomous cleanup systems.
Cordova et al. conducted a comparative analysis of
multiple deep learning models for litter detection,
highlighting trade-offs between accuracy, speed,
and robustness. These studies emphasized the need
for balanced models that perform efficiently under
practical deployment constraints. Despite significant
progress, existing approaches continue to face
limitations in terms of computational efficiency,
architectural ~ complexity, and  deployment
feasibility. Many models rely on customized
backbones, attention mechanisms, or multi-stage
pipelines that increase training and inference costs.
Furthermore, most existing systems require
extensive post-processing and hardware
acceleration, making them unsuitable for long term
autonomous operation in resource-limited marine
environments.

To overcome these challenges, recent research has
focused on developing ultralightweight detection
architectures. YOLOvIOn represents a new
generation of nanoscale object detection models
optimized for low-resource environments. By
incorporating streamlined backbones, decoupled
detection heads, and optimized feature pyramids,
YOLOv10n achieves a favorable balance between
accuracy and efficiency. Unlike previous models, it
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minimizes architectural modifications and reduces
dependency on additional processing modules.

In comparison with existing methods, the proposed
YOLOvI10n-based framework offers improved
deployment simplicity, lower memory consumption,
and faster inference speed. It addresses the
shortcomings of earlier approaches by providing an
integrated and scalable solution for real-time
underwater debris detection. Therefore, YOLOv10n
serves as a suitable foundation for developing
practical marine environmental monitoring systems
capable of operating on embedded and edge
platforms.

Most models require >15m parameters. yolovi0On
uses ~2.5m parameters, making it ideal for edge
devices.

MODE PARA |MA |[LIMITATI
L TYPE MS P ||ONS
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PROPO
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YOLOV ||-FREE H ||GHT
10N
III. PROPOSED METHOD

A. Problem overview and motivation:
Underwater debris detection is a critical challenge
due to the inherent difficulties posed by the
underwater environment, including low visibility,
light absorption, and water turbidity. traditional
image processing techniques often rely on
handcrafted features and classical machine learning
approaches. while these methods may perform well
in some controlled environments, they struggle with
generalization when deployed in real-world,
complex underwater conditions. the emergence of
deep learning has revolutionized object detection,
offering improved accuracy but at the cost of
requiring high computational resources, which
limits their applicability in resource-constrained
devices such as underwater drones, iot cameras, and
embedded edge platforms.

Among various object detection models, yolo-based
models (you only look once) strike a balance
between speed and accuracy, making them suitable
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for real-time applications. however, adapting yolo to
underwater debris detection is a challenge due to
underwater conditions such as low contrast, motion
blur, and background noise. in this paper, we extend
the yolov10n model to address these challenges by
incorporating enhanced preprocessing,
segmentation, and feature extraction strategies that
improve detection performance under challenging
underwater conditions.

B. Modelling and Objective Function:

Object detection is a key task in computer vision that
involves both localizing objects within an image
(through bounding boxes) and classifying those
objects into predefined categories. Modern object
detection systems, especially those based on deep
learning, have significantly improved accuracy and
efficiency compared to traditional methods, such as
template matching or feature-based approaches.
Convolutional Neural Networks (CNNs) are widely
used in these systems, as they are capable of
automatically learning hierarchical features from
raw image data. Models like YOLO (You Only
Look Once) have revolutionized real-time object
detection by combining localization and
classification tasks into a single network,
significantly improving both speed and accuracy.
Related Theory - YOLO Architecture for Real-Time
Detection

The YOLO family of models is designed to achieve
real-time object detection by performing both tasks
(localization and classification) simultaneously in a
single pass through the network. YOLOv1On, a
nano-scale version of YOLOv10, further optimizes
the architecture to reduce computational overhead,
making it suitable for deployment on resource-
constrained edge devices such as underwater drones,
IoT-enabled cameras, and embedded platforms.
Unlike traditional two-stage detectors (e.g., Faster
R-CNN), YOLO is a single-stage detector, which
simplifies the detection pipeline, reduces inference
time, and improves efficiency  without
compromising on detection performance. By
leveraging a composite loss function that balances
multiple tasks—such as classification, bounding box
regression, and abjectness prediction—YOLOv10n
achieves high accuracy with low computational
complexity, making it an ideal choice for practical
applications like underwater debris detection.

let the input underwater image be represented as:
i€ (hxwx3)

where: h = height of the image, w = width of the
image, 3 = color channels (rgb)

The detection function f 0 (i)is defined as: f 6
()={(b_i,c_i,s i)} (i=1)"n

where: b_i=(x,y,w,h)= bounding box coordinates (x,
y) representing the center of the box, and (w, h)
representing its width and height. ¢_i= class label
(representing the type of debris), s i= confidence
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score indicating the likelihood of detection, n=
number of detected objects.

The training objective for the yolovl0n model is the
minimization of a composite loss function that
balances multiple tasks:

1=l _cls+A_11 bbox+A 21 obj.

where: 1 cls= classification loss (cross-entropy),
1 bbox=bounding box regression loss (ciou), 1 obj=
abjectness loss (indicating the presence of an object
in the bounding box), A 1,A 2= balancing
coefficients used to weight the importance of each
loss component.

C. Preprocessing:

preprocessing is crucial to enhance underwater
image quality before feeding it into the detection
network. underwater images often suffer from low
contrast, color distortion, and noise due to factors
such as light scattering, turbidity, and depth
variations. the preprocessing steps aim to correct
these distortions and make the image suitable for
accurate object detection.

1.Adaptive histogram equalization (clahe):
underwater images typically suffer from Ilow
contrast due to poor lighting conditions. adaptive
histogram equalization (ahe) is applied to enhance
image contrast locally, improving the visibility of
edges and boundaries:

iN=clahe(i)

where clahe (contrast limited adaptive histogram
equalization)  enhances local contrast by
redistributing pixel intensity values within a defined
local window, which helps to enhance object
boundaries and texture details.

2. Normalization:

normalization is essential to standardize the input
data, improving convergence during training and
making the network more robust: i_norm=(i"'-p)/c

where: p= mean pixel intensity of the image, o=
standard deviation of pixel intensities

this process ensures that the pixel values are
centered and have unit variance, which helps the
network to generalize better.

3. Gaussian noise filtering:

To reduce noise introduced by the underwater
environment, gaussian filtering is applied. the noisy
image is denoised using a gaussian kernel g(c)as
follows:

i_denoise=i_norm*g(c). where ois the standard
deviation of the gaussian filter. this reduces high-
frequency noise and enhances object details.

D. Segmentation using super-pixel fuzzy c-means
(fcm):

Segmentation is used to isolate potential debris
regions from the background. super-pixel-based fast
fuzzy c-means (fcm) clustering is employed for this
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task. it groups pixels based on similar color, texture,
and spatial information, resulting in well-defined
regions for object detection.

the clustering objective is defined as:

= (=D ey, (=1)"niu ijm lIx_j-v_ilI"2
where: u_ij= membership degree (indicating how
strongly a pixel belongs to a cluster), v_i= center of
cluster i

m= fuzziness coefficient (controls the degree of
membership overlap), x_j= pixel value of the j-th
pixel

this segmentation step isolates the debris regions,
making subsequent detection more reliable,
especially in cluttered or partially occluded scenes.

E. Feature extraction:

feature  extraction is crucial to identify
discriminative patterns that differentiate marine
debris from natural underwater elements. the feature
extraction module uses a hybrid architecture of
convolutional layers and transformer-based
attention mechanisms.

convolutional layers
the convolutional layers identify low-level features

3.2

such as edges, contours, and textures in the image.3.2.1

the output of the convolutional layers is passed
through activation functions such as relu (rectified
linear unit) or silu (sigmoid-weighted linear unit).

f I=o(w_1*f (I-1)+b 1)

where: w_1= convolution weights for layer 1, f 1=
feature map output of layer I, 6= activation function

transformer-based attention

to enhance the model’s ability to focus on important
features, attention mechanisms are integrated into
the architecture. the attention mechanism assigns
different weights to the pixels based on their
relevance, improving contextual awareness:
attention(q,k,v)=softmax((qk*t)/N(d_k))v

where: g= query matrix, k= key matrix, v= value
matrix, d_k= dimensionality of keys

this helps the model prioritize important spatial
relationships for better debris detection.

F. Yolov10n detection:

the core of the proposed framework is the yolov10n
model, a lightweight, anchor-free object detection
system that balances speed and accuracy.
anchor-free detection: yolovlOn removes the need
for predefined anchors, reducing computational
complexity and simplifying model training.

ciou loss function: bounding box regression is
optimized using the complete iou (ciou) loss
function:

1 ciou=l1-iou+(p”2 (b,b"gt))/c"2 +av

where:iou= intersection over union, p= center
distance between predicted and ground truth box, c=
diagonal of the smallest enclosing box, v= aspect
ratio consistency term

3.2.2

ISSN 2347-3657
Volume 14, Issue 1, 2026

feature pyramid network (fpn): multi-scale detection
is enabled through an fpn, which aggregates features
from different layers to detect objects of varying
sizes:

f fusion=f 1+"upsample"(f (1+1)).

System Architecture

The system architecture of the proposed underwater
debris detection framework is designed to support
efficient real-time processing on resource-
constrained devices. The architecture integrates
image acquisition, feature extraction, and object
detection into a unified pipeline, enabling accurate
and low-latency marine environmental monitoring.
The overall structure follows a modular and
hierarchical design to ensure scalability, flexibility,
and ease of deployment.

The architectural framework is illustrated in Fig. 1,
which presents the complete processing flow from
input image acquisition to final debris detection and
classification. As shown in the diagram, the system
consists of a backbone network, feature fusion
layers, and a lightweight detection head optimized
for underwater applications.

Input and Preprocessing Layer

The architecture begins with the input layer, which
receives underwater images captured using
submerged cameras, drones, or [oT-enabled sensors.
These images are represented in the form of pixel
matrices with defined height, width, and channel
dimensions.

Before being forwarded to the detection network, the
images undergo preprocessing operations such as
resizing, normalization, and contrast enhancement.
These operations improve image quality by reducing
noise, correcting illumination variations, and
enhancing object boundaries. The preprocessed
images serve as standardized inputs for subsequent
feature extraction stages

Backbone Network
The backbone network forms the core feature
extraction component of the architecture. As
Below

depicted in Figure.
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Fig 3.1: Backbone Network

The backbone consists of multiple convolutional
layers arranged hierarchically. These layers
progressively extract low-level and high-level
features from the input images.

Early convolutional layers capture basic visual
patterns such as edges, textures, and contours.
Deeper layers extract complex semantic information
representing shapes and structural properties of

marine debris. The backbone network is optimized3.2.5

for lightweight operation, ensuring minimal
computational overhead and memory consumption.

Feature Pyramid and Fusion Layer

To enhance multi-scale object detection, the
architecture incorporates a Feature Pyramid
Network (FPN) and feature fusion mechanisms.
This component aggregates feature maps obtained
from different backbone layers and combines them
to form a unified multiresolution representation.
Feature maps are up-sampled and concatenated at
different stages to preserve spatial information. This
process enables effective detection of debris objects
of varying sizes, including small plastic fragments
and large fishing nets.

The fusion layer improves detection robustness by
integrating both local and global contextual
information.

Lightweight Detection Head
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Fig 3.2: System Workflow
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The detection head is responsible for performing3 2.7

object localization and classification. In the
proposed architecture, a decoupled detection head is
used, which separates classification and bounding
box regression tasks.
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The detection head consists of parallel branches that
predict class probabilities and object coordinates.
This separation improves learning stability and
enhances detection accuracy.

The anchor-free detection mechanism adopted in
YOLOvI10n reduces parameter complexity and
eliminates the need for predefined anchor boxes.
This contributes to faster inference and simpler
model optimization.

Output Layer and Prediction Module

The output layer generates final detection results in
the form of bounding boxes, class labels, and
confidence scores. These predictions indicate the
presence and location of marine debris in the input
images.

Detected objects are categorized into different
classes such as plastic waste, metal fragments,
fishing nets, and organic materials. The output data
are formatted for visualization and storage, enabling
further analysis and decision-making.

The prediction module supports both image-based
and real-time video-based monitoring, making the
system suitable for continuous marine surveillance.

Deployment Architecture

The proposed system is designed for deployment on
embedded and edge platforms, including Raspberry
Pi, NVIDIA Jetson, and underwater robotic systems.
The lightweight nature of the architecture enables
execution with limited processing power and energy
resources.

The system components are distributed across
sensing devices, processing units, and user
interfaces. Data collected from sensors is
transmitted to edge devices for local inference,
reducing dependence on cloud infrastructure and
minimizing communication latency.

This decentralized deployment strategy enhances

system reliability and supports long term
autonomous operation.
The operational workflow of the system is

summarized as follows:
Underwater images are captured by sensing devices.
Preprocessing operations enhance image quality.

Feature extraction is performed by the backbone
network.

Multi-scale features are fused using the FPN.

The detection head predicts object locations and
classes.

Results are visualized and stored for analysis.

This streamlined workflow ensures efficient and
accurate marine debris detection in Realtime.

Summary of System Architecture

The proposed system architecture integrates
lightweight feature extraction, multi-scale feature
fusion, and optimized object detection into a unified
framework. By leveraging YOLOvI1On, the
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architecture achieves high detection accuracy with
reduced computational cost.The modular design
supports flexible deployment and scalability,
making the system suitable for large-scale marine
environmental — monitoring. The architecture
effectively addresses the challenges of underwater

SSD-MobileNet YOLOv8n
Models

Proposed YOLOv10n

imaging and resource limitations, providing a
practical solution for automated debris detection.

V.RESULTS ANALYSIS
Evaluation Metrics:
To evaluate the performance of the proposed system,
the following standard metrics are utilized:
Precision Definition: Precision measures the
proportion of correctly predicted positive instances
out of all instances predicted as positive.

TP

Precision = TP+ FP

Where: TP= True Positives (correctly predicted
positive objects), FP= False Positives (incorrectly
predicted objects)

Purpose: High precision indicates that the model
correctly identifies most of the predicted positive
objects, minimizing false alarms.

Recall Definition: Recall measures the proportion of
actual positive instances correctly detected by the

model.
TP

Recall = TP+—F1V

Where: FN= False Negatives (missed objects that
were actually positive)

Purpose: High recall means the model detects as
many of the true positives as possible, even at the
cost of some false positives.

Mean Average Precision (mAP) Definition: Mean
Average Precision (mAP) provides the average
precision across all classes in a multi-class
classification problem, which helps assess the
overall detection accuracy for each class.

N
1
mAP = NZ AP;
i=1

ISSN 2347-3657
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Where: N= Number of classes, AP;= Average
Precision for class i

Purpose: mAP is a comprehensive metric that
accounts for both precision and recall across
multiple classes and is commonly used to evaluate
object detection models.

Frames Per Second (FPS) Definition: FPS measures
the inference speed of the model, which is crucial for
ensuring real-time performance in applications like
marine debris detection.

FPS =

Fig 1: Mean Average Precision (mAP)
Comparation

Where: Frames = Total number of frames processed,
Time = Time taken to process the frames

Purpose: A higher FPS indicates better performance
for real-time deployment, ensuring that the system
can detect and process underwater debris without
delay.

Expected Performance Improvements:

The YOLOv10n-based system offers the following
improvements over existing models:

Higher mAP for Detecting Small Debris: The
proposed model achieves significantly better mAP
in detecting small debris, such as plastic fragments
and fishing nets, compared to older models like
YOLOv8n. The integration of Feature Pyramid
Networks (FPN) allows for effective multi-scale
detection, improving the accuracy of small object
detection.

Improved FPS on Edge Platforms:

The inference speed (FPS) has been optimized for
deployment on resource-constrained edge platforms,
such as the NVIDIA Jetson Nano. The lightweight
architecture of YOLOv10n ensures high FPS,
enabling real-time detection for underwater
applications.

Reduced Model Size:

The model size has been significantly reduced
compared to YOLOv8n, making it suitable for
deployment in resource-constrained environments
such as IoT-enabled devices. This reduction in size
also leads to lower memory consumption and faster
processing, improving the overall efficiency of the
system.

Computational Efficiency:

To enhance the computational efficiency and make
the model suitable for embedded platforms, we
apply model quantization:

w
W, = round <—)
s
Where: W= Weights of the model, s= Scaling factor
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Impact of Quantization:

Memory Usage: Reducing the precision of the
weights leads to smaller model size, which reduces
memory usage in embedded devices.

Power Consumption: The reduced memory and
processing requirements lower the overall power
consumption, making the system more energy-
efficient for long-term IoT-based monitoring
deployments.

Purpose: The application of model quantization
ensures that the system can be deployed in long-term
autonomous  operations, such as  marine
environmental monitoring, where both power and
memory efficiency are crucial.
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V. CONCLUSION

The proposed underwater debris detection system
leverages the YOLOv10n model, a lightweight yet
high-performance object detection network, offering
an innovative and efficient solution to tackle the
issue of marine pollution. This system addresses the
critical need for real-time and accurate detection of
various types of underwater debris such as plastics,
fishing nets, bottles, and organic waste that
significantly harm marine ecosystems.

Key Contributions and Achievements:

Real-time Detection with YOLOv10n:
The YOLOv10On model has been specifically
optimized to operate efficiently on resource-
constrained platforms, making it suitable for
deployment on underwater drones, loT-enabled
cameras, and embedded edge devices. The model’s
architecture significantly reduces computational
complexity, allowing for high-speed inference with
minimal power consumption while maintaining high
detection accuracy.

Improved Efficiency:

Compared to traditional models like YOLOv8n or
SSD, our approach achieves a higher mean Average
Precision (mAP) for detecting small and irregularly
shaped debris in challenging underwater conditions.
Additionally, the model size has been significantly
reduced, which is crucial for deployment in
environments with limited computational resources.
This optimization ensures that the system is scalable,
energy-efficient, and suitable for long-term
autonomous operation.

Edge Deployment:

By adopting quantization techniques and leveraging
lightweight processing architectures, the system is
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designed to run efficiently on edge devices such as
the NVIDIA Jetson Nano, making it suitable for
real-time monitoring in marine environments. This
ensures that real-time feedback can be provided for
pollution mapping, cleanup operations, and
environmental research.

Scalable and Sustainable Solution:

The modular nature of the proposed framework
allows it to be scalable, making it suitable for large-
scale deployment across various marine ecosystems.
With its energy-efficient design and low operational
costs, the system presents a sustainable solution for
marine  conservation,  enabling  continuous
monitoring of marine debris without reliance on
expensive, resource-heavy systems.

Potential for Environmental Conservation:
This research showcases the immense potential of
deep learning technologies in advancing
environmental conservation efforts. By automating
the detection and classification of marine debris, the
proposed system can assist in pollution reduction,
data collection for ecological studies, and real-time
intervention strategies. The ability to process large
amounts of environmental data on low-cost
platforms offers significant advantages over
traditional, manually operated systems, contributing
to the protection of marine ecosystems.

Future Work and Implications:

Future work will focus on improving model
robustness under diverse underwater conditions,
including varying water depths, lighting conditions,
and turbidity. Additionally, the integration of sensor
fusion (combining visual data with sonar, thermal,
and depth sensors) will enhance debris detection
accuracy and object tracking capabilities. The real-
time capability of the system can also be extended to
autonomous underwater vehicles (AUVs), allowing
for automated debris collection and pollution
monitoring in hard-to-reach areas
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