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ABSTRACT: Marine pollution caused by underwater waste has become a growing environmental concern that
threatens aquatic ecosystems and marine biodiversity. Detecting submerged debris in underwater environments remains
a difficult task because of challenges such as low visibility, colour distortion, light absorption, and complex
backgrounds. Recent advances in deep learning have made it possible to automatically detect underwater objects from
visual data with improved accuracy and efficiency.

This study investigates the effectiveness of deep learning—based object detection models for multi-class underwater
waste detection. A dataset containing fifteen categories of underwater waste objects was obtained from the Roboflow
platform. To address common underwater imaging problems, several preprocessing techniques were applied, including
red channel enhancement, white balance correction, gamma correction, contrast limited adaptive histogram equalization
(CLAHE), bilateral filtering, and image normalization. Three object detection models—YOLOv8, YOLOV9, and RT-
DETR—were trained and evaluated using standard detection metrics such as precision, recall, and mean Average
Precision (mAP).

Experimental results show that all three models provide reliable detection performance for underwater waste objects.
Among them, the RT-DETR model demonstrates higher recall while maintaining comparable precision and mAP
values, indicating improved detection coverage in complex underwater scenes. These findings suggest that transformer-
based detection models can offer advantages for underwater waste monitoring applications and may support the
development of automated systems for marine pollution assessment and environmental conservation.
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I. INTRODUCTION

Marine pollution has emerged as a significant environmental concern, with large amounts of waste such as plastics,
fishing nets, and metal debris accumulating in underwater ecosystems. These pollutants persist for long periods and
pose serious threats to marine life by causing entanglement, ingestion, and habitat destruction. Additionally, the
breakdown of such waste contributes to microplastic formation, further impacting the marine food chain. Consequently,
effective monitoring and detection of underwater debris have become essential for environmental conservation and
sustainable ocean management.

However, detecting underwater waste remains a challenging task due to adverse imaging conditions. Factors such as
low light, color distortion, turbidity, and scattering significantly degrade image quality, making object identification
difficult. Underwater images often appear bluish or greenish due to the absorption of red wavelengths, while suspended
particles reduce visibility and contrast. Traditional detection methods relying on manual inspection are time-consuming,
labor-intensive, and limited in coverage, highlighting the need for automated and scalable solutions.

Recent advancements in deep learning and computer vision have enabled the development of automated object
detection systems capable of analyzing complex underwater scenes. Convolutional neural network—based models such
as YOLOv8 and YOLOV9 have demonstrated strong performance in real-time detection tasks by effectively capturing
spatial features and detecting objects at multiple scales. In parallel, transformer-based models like RT-DETR have
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introduced attention mechanisms that capture global contextual relationships, improving detection performance in
cluttered and occluded environments commonly found underwater.

To further enhance detection accuracy, preprocessing techniques are applied to improve the visual quality of underwater
images. Methods such as color correction, contrast enhancement, and noise reduction help highlight object features and
improve model learning. In this study, a multi-class underwater waste detection framework is developed using a dataset
of fifteen object categories. The performance of YOLOV8, YOLOV9, and RT-DETR is evaluated using metrics such as
precision, recall, and mean Average Precision (mAP), with the objective of identifying the most effective approach for
robust underwater waste detection.

Il. LITERATURE REVIEW

The integration of deep learning into underwater object detection systems has gained considerable attention in recent
years due to the increasing need for automated marine waste monitoring. Early research in this domain primarily relied
on traditional computer vision techniques such as edge detection, thresholding, and colour-based segmentation to
identify objects in underwater images. Although these approaches were effective in controlled environments, they
struggled to perform reliably under real-world conditions characterized by poor visibility, colour distortion, and
complex backgrounds. These limitations highlighted the need for more robust and adaptive detection methods capable
of handling the challenges inherent in underwater imaging.

With the advancement of deep learning, convolutional neural network (CNN)-based models have significantly
improved the performance of underwater object detection systems. Architectures based on the YOLO framework have
been widely adopted due to their ability to achieve real-time detection with high accuracy. Models such as YOLOv8
utilize advanced feature extraction techniques and multi-scale detection strategies to identify objects of varying sizes
within complex underwater scenes. These capabilities have made CNN-based detectors highly suitable for applications
such as marine debris detection, underwater surveillance, and autonomous underwater vehicle navigation. However,
despite their strong performance, CNN-based models primarily focus on local feature extraction, which can limit their
effectiveness in capturing broader contextual relationships in cluttered environments.

To overcome these limitations, recent studies have explored improved detection architectures and alternative modeling
approaches. Enhanced CNN-based models such as YOLOV9 introduce advanced feature aggregation mechanisms and
optimized gradient flow to improve detection accuracy and efficiency. At the same time, transformer-based
architectures have emerged as a powerful alternative for visual recognition tasks. These models leverage attention
mechanisms to capture global contextual information across the entire image, enabling better understanding of complex
visual patterns. Models such as RT-DETR combine transformer-based feature learning with efficient detection
pipelines, offering competitive real-time performance while improving robustness in scenarios involving occlusion and
background interference.

In addition to model architecture, the role of preprocessing techniques has been extensively discussed in the literature
as a critical factor in improving detection performance. Underwater images often suffer from low contrast, noise, and
colour degradation, which can negatively impact model training and inference. Techniques such as white balance
correction, gamma adjustment, contrast enhancement, and filtering are commonly applied to improve image quality and
highlight relevant features. Furthermore, recent studies emphasize the importance of comprehensive evaluation
frameworks that compare multiple detection models on multi-class underwater datasets. Despite these advancements,
challenges such as class imbalance, small object detection, and variability in underwater conditions continue to
motivate ongoing research in this field.
I1l. RESEARCH METHODOLOGY

This study follows a structured methodology to develop and evaluate a deep learning—based framework for multi-class

underwater waste detection. The methodology is designed to ensure consistent training conditions and a fair
comparison between convolutional neural network—based and transformer-based object detection models.
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Data Collection and Preparation

The dataset used in this study was obtained from the Roboflow and consists of annotated underwater images
representing fifteen categories of marine waste. The dataset includes objects such as plastic bags, bottles, nets, gloves,
and tires. All images were resized to a uniform resolution of 640 x 640 pixels to maintain consistency across the
training process.

To enable systematic training and evaluation, the dataset was divided into three subsets: training (70%), validation
(10%), and testing (20%). The training set is used for model learning, the validation set is used for tuning and
monitoring performance during training, and the test set is used for final evaluation.

Image Preprocessing

Underwater images often suffer from poor visibility due to light absorption and scattering effects. To address these
challenges, a preprocessing pipeline was applied before model training. The preprocessing steps include red channel
enhancement, white balance correction, gamma correction, contrast limited adaptive histogram equalization (CLAHE),
bilateral filtering, and normalization. These techniques improve image clarity, enhance contrast, and reduce noise,
enabling the models to learn more discriminative features.

Model Selection and Training

Three object detection models were selected for evaluation: YOLOV8, YOLOV9, and RT-DETR. These models
represent both CNN-based and transformer-based detection approaches.

All models were trained using identical input configurations to ensure a fair comparison. The training parameters
include an input image size of 640 x 640 pixels, batch size of 16, learning rate of 0.01, and training duration of 40
epochs. The models were trained using annotated bounding box labels to learn object localization and classification.

Performance Evaluation

The performance of the trained models was evaluated using standard object detection metrics. Precision and recall were
used to measure detection accuracy and object coverage, respectively. Mean Average Precision (mAP@50 and
MAP@50-95) was used to assess overall detection performance across different intersection over union thresholds.

In addition to numerical evaluation, confusion matrices were used to analyze class-wise detection performance, and
qualitative analysis was performed using sample detection outputs to verify the effectiveness of the models in real-
world underwater conditions.

Comparative Analysis

A comparative analysis was conducted to evaluate the strengths and limitations of each model. The CNN-based models
(YOLOvV8 and YOLOV9) were analyzed in terms of precision and real-time performance, while the transformer-based
RT-DETR model was evaluated for its ability to capture global contextual information and improve detection coverage.
This methodology ensures a comprehensive evaluation of different object detection architectures and provides a reliable
basis for identifying the most suitable model for underwater waste detection.

IV. RESULTS AND DISCUSSION

This section analyzes the performance of the evaluated object detection models for multi-class underwater waste
detection. The models considered include YOLOvV8, YOLOV9, and RT-DETR. The evaluation is based on both
quantitative metrics and qualitative observations.

A. Quantitative Performance Analysis
The overall performance of the models was evaluated using precision, recall, and mean Average Precision (mAP). The
results indicate that all three models achieve competitive performance in detecting underwater waste objects.

YOLOV8 achieves the highest precision among the evaluated models, indicating that it produces fewer false positive
detections. This makes it reliable for applications where prediction accuracy is critical. YOLOV9 demonstrates balanced
performance with moderate improvements in recall compared to YOLOVS8, suggesting better detection capability for
certain object classes.

The RT-DETR model achieves the highest recall value, indicating that it is able to detect a larger proportion of actual
objects present in underwater images. This is particularly important in environmental monitoring scenarios where
missing objects can lead to incomplete analysis. Although its mAP@50-95 is slightly lower than YOLOVS, the
difference is marginal, and the model maintains competitive overall performance.
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B. Class-wise Performance Analysis

The confusion matrix analysis provides insights into the performance of the models across individual object categories.
Classes such as cellphone, net, plastic bag, and sunglasses exhibit high detection accuracy, as indicated by strong
diagonal values. These objects are easier to detect due to their distinct visual characteristics. On the other hand, certain
classes such as metal, plastic, and rod show relatively lower detection accuracy. This is mainly due to their visual
similarity with surrounding objects and the challenging conditions of underwater environments, including low contrast
and occlusion. Despite these challenges, the overall class-wise performance remains consistent across the majority of
categories.

C. Qualitative Analysis

The qualitative results obtained from the detection outputs demonstrate the practical effectiveness of the models. The
models successfully detect multiple underwater waste objects within complex scenes, including objects such as tires,
plastic debris, and bottles. The predicted bounding boxes accurately localize the objects, and the associated confidence
scores indicate reliable classification. These results confirm that the proposed framework is capable of handling real-
world underwater conditions, including variations in lighting, background clutter, and object appearance.

D. Comparative Discussion

The comparative analysis highlights the strengths of both CNN-based and transformer-based detection approaches.
YOLOV8 provides high precision and efficient real-time detection, making it suitable for applications requiring fast and
accurate predictions. YOLOV9 introduces architectural improvements that enhance feature aggregation and improve
detection performance across multiple object scales. The transformer-based RT-DETR model demonstrates improved
detection coverage due to its ability to capture global contextual information using attention mechanisms. This enables
the model to detect objects that may be partially occluded or embedded within complex backgrounds.

Overall, the results indicate that while YOLO-based models provide strong precision and efficiency, RT-DETR offers
improved recall and robustness in underwater environments. This makes RT-DETR a suitable choice for applications
that require comprehensive detection of underwater waste objects.

Model Precision | Recall | mAP@50 | mMAP@50-95
YOLOvV8 0.847 0.707 0.795 0.527
YOLOV9 0.802 0.725 0.793 0.519
RT-DETR 0.846 0.765 0.795 0.515
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V. CONCLUSION

This study presented a deep learning—based framework for multi-class underwater waste detection using both
convolutional neural network and transformer-based object detection models. A preprocessing pipeline was applied to
enhance underwater image quality and improve feature visibility under challenging environmental conditions.

The experimental results demonstrate that all evaluated models—YOLOV8, YOLOV9, and RT-DETR—achieve
competitive performance in detecting underwater waste objects. YOLOV8 provides high precision and efficient real-
time detection, while YOLOV9 offers balanced performance with improved feature representation.

The transformer-based RT-DETR model demonstrates superior recall, indicating improved detection coverage in
complex underwater environments. This suggests that transformer-based architectures are more effective in capturing
global contextual information, enabling better identification of partially occluded and visually challenging objects.

Overall, the findings indicate that RT-DETR is a promising approach for underwater waste detection, offering robust
performance and improved detection capability. The proposed framework can contribute to the development of
automated systems for marine pollution monitoring and environmental conservation. Future work may focus on
improving detection accuracy for challenging object classes and optimizing the models for real-time deployment in
underwater robotic systems.

VI. FUTURE WORK

1. Improve detection of challenging classes such as metal, plastic, and rod using advanced data augmentation and
class balancing techniques.

Expand the dataset with more diverse underwater scenes to improve model generalization and robustness.
Optimize models for real-time deployment on embedded systems and autonomous underwater vehicles (AUVS).
Integrate ensemble learning techniques by combining YOLO and transformer models to improve overall
detection performance.

Incorporate temporal information using video-based detection for continuous underwater monitoring.

Enhance preprocessing pipeline using advanced image restoration and dehazing techniques.

Explore lightweight transformer models to reduce computational complexity while maintaining accuracy.
Develop a real-time monitoring system for large-scale marine pollution detection and analysis.
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