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Abstract— Microplastic pollution has emerged as a
critical environmental issue, posing severe threats to
marine ecosystems and human health. Conventional
detection methods, relying on manual sampling and
laboratory analysis, are labor-intensive and inefficient
for large-scale monitoring. This research introduces an
Al-driven approach that leverages drone imaging and
deep learning models to detect microplastics in oceanic
environments. Our proposed system integrates YOLOv8
for real-time object detection and Mask R-CNN for
instance segmentation, ensuring high precision in
microplastic identification. A custom dataset of drone-
captured ocean images was utilized for training,
achieving a mean Average Precision (MAP) exceeding
90%. The results validate the efficiency of Al-driven
methodologies in detecting microplastics across diverse
environmental conditions and scales. This research
significantly contributes to automated ocean monitoring,
fostering advancements in marine conservation efforts.

Keywords— Microplastic detection, drone imaging,
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I. INTRODUCTION

Microplastics, defined as plastic particles smaller than
5mm, are prevalent throughout the ocean, from surface
waters to deep-sea sediments. Due to their minute size,
detecting and removing them is a complex challenge,
exacerbating marine pollution. Traditional methods
rely on manual sampling and spectroscopy-based
analysis, which are not only resource-intensive but also
impractical for large-scale monitoring.

The detection and monitoring of microplastics in
oceans have traditionally relied on manual sampling
and laboratory analysis. These methods involve
collecting water samples from various locations,
filtering them, and analyzing them under microscopes
or using spectroscopy-based techniques. While these
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approaches provide high accuracy, they are time-
consuming, expensive, and impractical for large-scale
ocean monitoring. The inefficiency of conventional
methods  highlights the need for advanced
technological solutions that can automate the detection
process and improve the scalability of microplastic
monitoring efforts.

Artificial intelligence (Al) and deep learning have
revolutionized object detection and image processing,
enabling more accurate and efficient environmental
monitoring. Among these advancements, YOLOvVS8
(You Only Look Once) has emerged as a powerful real-
time object detection model capable of identifying
microplastics from drone-captured images. The
integration of drone imaging and Al-driven analysis
allows for continuous monitoring of vast oceanic
regions, significantly reducing manual labor and
operational costs while improving the accuracy and
speed of detection.

This study presents an Al-driven framework utilizing
YOLOv8 for microplastic detection in oceanic
environments. By leveraging high-resolution drone
imagery and deep learning algorithms, we aim to
provide a scalable, cost-effective, and real-time
solution to address microplastic pollution. The
following sections detail the dataset collection,
preprocessing methods, model training process,
performance evaluation, and results, demonstrating the
effectiveness of YOLOVS in detecting microplastics in
various oceanic conditions. This research contributes to
the development of automated environmental
monitoring solutions and enhances efforts to combat
marine pollution through Al-driven methodologies.
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Il. RELATED WORK

Several studies have explored methods for detecting
microplastics in oceanic environments. Traditional
approaches such as Fourier Transform Infrared
Spectroscopy (FTIR) and Raman Spectroscopy have
been widely used for analyzing microplastic samples in
laboratory settings. These techniques provide high
accuracy but require significant human intervention,
making them inefficient for large-scale monitoring.
Recent advancements in Al and computer vision have
paved the way for automated detection methods.
Various deep learning models, including CNN-based
architectures like Faster R-CNN and SSD, have been
explored for plastic waste detection in marine
environments. However, these models often face
challenges related to real-time processing and
scalability when applied to large datasets. Drone-based
monitoring systems have gained attention in recent
years for their ability to capture high-resolution
imagery over large water bodies. Studies integrating
UAYV (Unmanned Aerial Vehicle) technology with Al-
driven detection models have demonstrated promising
results in identifying floating debris. However, most
existing research focuses on macroplastic detection,
with  limited studies addressing microplastic
identification at a granular level.

Our work builds on these advancements by utilizing
YOLOVS, a state-of-the-art object detection model, to
enhance the accuracy and efficiency of microplastic
detection in oceanic environments. Unlike previous
approaches that rely on slower object detection
frameworks, YOLOV8 provides real-time inference
capabilities, making it well-suited for large-scale
monitoring applications.

I1l. LITERATURE REVIEW

1. Tamin et al. [2022] thoroughly analyze YOLO's
use in monitoring plastic trash. The authors
discuss the benefits of adopting YOLO for this
activity, including its accuracy and quickness.
They also review many techniques that have been
employed to train YOLO models to detect plastic
garbage [1].

2. Jie Zhang et al [2021] provide a technique for
YOLOv4-based plastic garbage detection in
coastal locations. A collection of photos of plastic
debris that was gathered from coastal locations
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was used by the scientists to train a YOLOv4
model. The model's performance was then
assessed using a test set of photos [2].

Rui Li et al [2022] present a YOLOv5-based
drone-based method for monitoring plastic trash.
On a collection of photos of plastic debris that was
collected from various locations, the scientists
trained a YOLOv5 model. The model's
performance was then assessed using a test set of
photos [3].

Rahim et al. (2023) utilized YOLOV8 for floating
plastic waste identification and achieved a high
mean Average Precision (mAP) score of over
90%. Their findings demonstrated that YOLOv8
could effectively distinguish plastic from natural
debris, making it a suitable choice for
microplastic detection in dynamic oceanic
environments[4].

Studies by Andrady (2011) and Cole et al. (2014)
examined the sources and impacts of
microplastics, emphasizing the need for more
scalable solutions. Techniques such as density
separation and filtration have been commonly
used, but they require extensive human
intervention and are limited in their ability to
provide real-time monitoring (Galgani et al.,
2015)[5].

Shanmuganathan et al. (2023) applied YOLOv8
for underwater waste detection, showing its
robustness in handling varying lighting conditions
and water turbidity. Their approach leveraged
drone imagery and Al-based segmentation
techniques, highlighting the potential of YOLOV8
for automated microplastic monitoring[6].
Studies by Zhang et al. (2022) emphasized the
need for improved image preprocessing
techniques and multi-spectral imaging to enhance
classification accuracy[6].

Research by Barnes et al. (2020) demonstrated
that deep-learning models can effectively classify
plastic waste in drone-captured images. However,
they also highlighted the need for improved real-
time processing and small object detection[8].
Research by Kumar et al. (2024) extended
YOLOVS’s capabilities by incorporating semi-
supervised learning techniques, allowing the
model to learn from limited labeled datasets. This
approach significantly enhanced detection
accuracy in challenging water conditions, proving
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that YOLOvV8 can be adapted for large-scale
microplastic monitoring with minimal manual
intervention.

10. Li et al. (2023) applied YOLOvV8 for real-time
detection of microplastic pollution in river
systems using edge computing devices. Their
study showcased the efficiency of YOLOVS in
low-power, real-world applications,
demonstrating its applicability for on-site
environmental monitoring without requiring
cloud-based processing.

IV. RESEARCH METHODOLOGY

The research methodology for this study is structured
to develop and validate an Al-driven framework for
microplastic detection in oceanic environments using
YOLOv8 and drone imaging. The methodology
comprises several key stages: dataset collection,
preprocessing, model training, evaluation, and real-
world implementation.

A) Data Collection

To train and evaluate the YOLOv8 model for
microplastic detection, a diverse and high-resolution
dataset was created using drone imagery and publicly
available sources.

Drone-Based Image Acquisition

e High-resolution images were captured using
UAVs (Unmanned Aerial Vehicles) equipped
with RGB and multispectral cameras.

e The data was collected from various coastal and
deep-sea locations, ensuring a diverse range of
environmental conditions, such as wave intensity,
lighting variations, and water clarity.

e Drone images were captured at multiple altitudes
to improve detection accuracy across different
scales of microplastic concentration.

Publicly Available Datasets

e The Roboflow Drone Plastic Monitoring Dataset
was used to supplement the dataset.

e Additional images were sourced from open-
access environmental monitoring projects and
oceanic research repositories.

Data Annotation

e All collected images were manually annotated
using COCO format annotations, labeling
microplastic regions for supervised learning.
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e Ateam of domain experts verified the accuracy of
the labeled dataset to minimize false positives and
ensure model reliability.

B) Data Preprocessing
To enhance the YOLOVS training process, several
preprocessing techniques were applied:

Image Enhancement

e Contrast adjustment and noise reduction
techniques were implemented using OpenCV to
improve image clarity.

e Histogram equalization was used to enhance low-
light images captured in varying oceanic
conditions.

Data Augmentation

e Augmentation techniques such as rotation,
flipping, brightness adjustment, and Gaussian
noise addition were applied using Albumentations
to prevent overfitting and improve model
generalization.

e Synthetic microplastic overlays were created to
balance dataset biases and introduce rare
detection cases.

C. Model Selection and Training
1. YOLOVS8 Architecture

o YOLOv8 was chosen due to its superior
speed, accuracy, and real-time detection
capabilities.

o It was fine-tuned on the custom microplastic
dataset to improve small-object detection in
oceanic images.

2. Training Configuration

o Optimizer: Adam with a learning rate of
0.001.

o Batch Size: 16 images per batch for optimal
GPU utilization.

o Epochs: 50 to ensure model convergence
while preventing overfitting.

o Loss Function: CloU loss function for
improved localization of microplastic regions.

3. Hardware and Software Setup

o Training was conducted on an NVIDIA Tesla
T4 GPU using Google Colab Pro.

o The YOLOv8 model was implemented using
Ultralytics YOLOv8 framework in Python,
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with additional dependencies including
PyTorch, OpenCV, Albumentations, and
TensorFlow.

V. RESULT

The implementation of YOLOv8 for microplastic
detection in oceanic environments demonstrated high
accuracy and efficiency in identifying microplastic
particles from drone-captured images. The trained
model was evaluated on a test dataset of high-
resolution ocean imagery, achieving a mean Average
Precision (mAP) of 91.3% at 50 loU and 82.7% at 50-
95 loU, indicating strong detection capabilities across
different confidence levels. The precision and recall
scores of 89.6% and 85.2%, respectively, highlight the
model’s ability to distinguish microplastics from
natural debris, such as seaweed and foam, with
minimal false positives.

Real-world testing of the model in coastal regions and
deep-sea  environments further validated its
effectiveness in varied lighting, water clarity, and
turbulence conditions. The model successfully
detected floating microplastic clusters and dispersed
particles, with only minor inaccuracies in highly
reflective or extremely low-contrast scenarios.
Additionally, real-time inference speeds averaging 35
milliseconds per image enabled efficient deployment
on UAV systems, allowing drones to autonomously
monitor and map microplastic pollution.
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VI. CONCLUSION

This research presents a novel Al-driven approach for
microplastic detection in oceanic environments using
YOLOvV8 and drone imaging. By leveraging deep
learning and real-time object detection, the proposed
system successfully automates the identification of
microplastics at various scales and environmental
conditions. The model achieved a high mean Average
Precision (mAP) of 91.3%, demonstrating its efficacy
in distinguishing microplastic particles from natural
debris. Additionally, its fast inference speed and
adaptability make it suitable for large-scale and
autonomous ocean monitoring applications. Training
and Testing. The integration of drone-based high-
resolution imaging and advanced data augmentation
techniques significantly enhances the accuracy,
efficiency, and scalability of microplastic detection.
Real-world testing confirmed that the model performs
well in diverse oceanic conditions, including variations
in lighting, water clarity, and turbulence. The results
also showed strong agreement with manual sampling
and laboratory validation methods, further supporting
the model’s reliability.

This study contributes to marine conservation efforts
by providing a scalable, automated, and cost-effective
solution for tracking and mitigating microplastic
pollution in oceans. The successful application of
YOLOV8 in environmental monitoring demonstrates
the potential of Al-powered technologies in addressing
critical  ecological challenges and promoting
sustainable ocean management.
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