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Abstract: Plastic pollution poses a severe threat to marine ecosystems, necessitating automated detection 

methods for effective mitigation. This study presents a Hybrid YOLO-SAM Model designed for automated 

plastic bottle detection in aerial imagery, integrating YOLOv8 for object detection and Segment Anything 

Model (SAM) for segmentation. A custom dataset, derived from UAV-captured videos, was processed into 

1,700 labeled frames, with 200 manually annotated for training. Our model achieve  d 95.2% mAP for 

detection and high segmentation accuracy, outperforming standalone models. This work contributes to 

environmental monitoring by providing an efficient deep-learning framework for real-time plastic waste 

detection, facilitating large-scale ecological assessments. 
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1. Introduction 

Plastic pollution has become one of the most pressing environmental challenges, significantly affecting 

marine ecosystems and water bodies. The accumulation of plastic waste in oceans, rivers, and coastal areas 

disrupts aquatic life and poses long-term ecological risks. Traditional plastic waste monitoring methods 

involve manual surveys and satellite imaging, which are often inefficient, labor-intensive, and lack real-time 

capabilities. The advent of Unmanned Aerial Vehicles (UAVs) combined with deep learning-based detection 

methods has provided a robust solution for automated plastic waste identification. 

1.1 Deep Learning and Object Detection in Environmental Monitoring 

Advancements in computer vision and deep learning have significantly improved object detection accuracy 

in environmental applications. The YOLO (You Only Look Once) model is widely used for real-time object 

detection due to its speed and efficiency. 

However, while YOLO excels at detecting objects, it lacks detailed segmentation capabilities, which are 

crucial for precise plastic waste classification. The integration of the Segment Anything Model (SAM) 
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enhances detection by adding segmentation masks, enabling more precise plastic bottle localization in UAV 

imagery. 

1.2 Motivation for the Hybrid YOLO-SAM Model 

Existing research highlights the need for high-precision, real-time plastic waste detection models to improve 
environmental monitoring efforts. The motivation behind this study is to address limitations in current 
detection models by integrating YOLOv8 with SAM. This hybrid approach ensures both accurate detection 
and refined segmentation, enabling better classification and tracking of plastic bottles in complex 
environments. The proposed method is designed to function effectively in real-time UAV-based surveillance, 
making it a valuable tool for large-scale environmental applications. Research Contributions 

This research presents several key contributions: 

1. Development of a Hybrid YOLO-SAM Model: Combining YOLOv8 for object detection with SAM for 

segmentation to enhance plastic waste identification. 

2. Custom Dataset Preparation: UAV-captured videos were processed into a structured dataset with 1,700 

frames, manually labeling 200 frames to train the model effectively. 

3. High Detection and Segmentation Accuracy: The proposed model achieved 95.2% mAP for detection, 

surpassing standalone object detection approaches. 

4. Real-Time Application: Designed to work efficiently with UAV systems for rapid environmental 

monitoring and waste management. 

By leveraging state-of-the-art deep learning techniques, this study aims to contribute to the development of 

scalable, automated plastic waste monitoring solutions that can aid global sustainability efforts. 

 

2. Literature Review 

Plastic pollution has become a pressing global issue, and numerous studies have explored automated 

detection techniques to mitigate its impact. Recent advancements in deep learning, image recognition, 

and IoT-driven technologies have significantly contributed to improving plastic detection in various 

environments. This literature review focuses on research efforts in microplastic detection and real-time 

monitoring systems, highlighting their contributions and limitations. 

2.1 Machine Learning and Deep Learning for Microplastic Detection 

Chaczko et al. (2019) explored the use of machine learning and neural networks for detecting 

microplastics in hyperspectral images, demonstrating high classification accuracy【1】. Hasan et al. 

(2024) proposed an IoT-driven image recognition system employing convolutional neural networks 

(CNNs) for analyzing microplastic presence in water systems, offering an efficient real-time detection 

framework【2】. Similarly, Sarker et al. (2023) implemented YOLOv5 and DeepSORT to automatically 

detect microplastics in aqueous environments, achieving notable improvements in detection accuracy【3】

. 

2.2 Optical and Radar-Based Microplastic Detection 

Advancements in optical sensors and spaceborne radar technologies have also contributed to 

microplastic detection. Evans and Ruf (2022) explored the use of spaceborne radar for ocean 

microplastic detection, emphasizing the significance of sea surface roughness in estimating plastic 

concentration【4】. García-Valle et al. (2023) developed an AI-based optical sensor that leverages image 

processing techniques to detect microplastics in seawater, demonstrating promising results for 

environmental monitoring【5】. 

2.3 Emerging Technologies in Environmental Sensing 

Recent studies have highlighted the integration of electrical impedance spectroscopy (EIS) and machine 

learning for microplastic detection. Meiler et al. (2023) proposed a novel method using support vector 
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machines (SVMs) and impedance measurements to identify microplastic presence in flowing water, 

providing an alternative to optical-based detection methods【6】. Additionally, H.C.B et al. (2024) 

examined the impact of microplastic ingestion on the human body using deep learning techniques, 

contributing valuable insights into environmental health risks【7】. 

2.4 Relevance to YOLO-SAM-Based Plastic Detection 

While these studies have significantly advanced plastic detection methodologies, many approaches lack 

real-time segmentation capabilities necessary for precise classification. Our research addresses this 

limitation by integrating YOLOv8 with the Segment Anything Model (SAM) to enhance both detection 

and segmentation accuracy in UAV aerial imagery. Unlike previous studies, our hybrid model ensures 

efficient object detection and segmentation, making it more suitable for large-scale environmental 

monitoring and waste management. 
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3. Methodology 

3.1 Data Preparation 

 The UAV dataset was obtained from the Science Data Bank. 

 Extracted 32 videos into 1700 frames using OpenCV. 

 Manually labeled 200 frames in CVAT and exported them in YOLO detection format. 

 Structured dataset into training, testing, and validation subsets. 

 The dataset was preprocessed by resizing images, augmenting data for robustness, and normalizing 

input data. 

3.2 Model Training 

 Trained YOLOv8 on the custom dataset for plastic bottle detection. 

 Achieved validation metrics: precision = 0.968, recall = 0.975, mAP50 = 0.982. 

 Integrated YOLOv8 with SAM for segmentation enhancement. 

 Fine-tuned the model using transfer learning techniques to improve accuracy. 

 Evaluated performance on the remaining 1500 frames and compared results with traditional detection 

methods. 

3.3 Hybrid YOLO-SAM Framework 

 The framework consists of two stages: 

1. Detection Phase: YOLOv8 is used for identifying plastic bottles in aerial imagery. 

2. Segmentation Phase: SAM generates detailed segmentation masks to enhance object 

boundaries and improve classification accuracy. 

 The hybrid model is optimized for real-time UAV-based monitoring applications. 

 

3.3 Algorithm 

The following steps outline the workflow of our hybrid YOLO-SAM model: 

1. Input: Aerial images captured by UAV. 

2. Preprocessing: Image resizing, normalization, and augmentation. 

3. YOLOv8 Detection: 

 Passes input through a convolutional network to detect plastic bottles. 

 Outputs bounding boxes, confidence scores, and class labels. 

4. SAM Segmentation: 

 Extracts pixel-level segmentation masks based on YOLO’s bounding boxes. 

 Enhances object delineation for better classification. 

5. Post-processing: 

 Filters detections based on confidence scores. 

 Applies non-maximum suppression to refine results. 

6. Output: Final detected and segmented plastic bottles. 

7. Evaluation: Performance is assessed using precision, recall, and segmentation accuracy metrics. 

 

4. Results and Discussion 

The experimental results demonstrate the effectiveness of the proposed Hybrid YOLO-SAM model in 

detecting and segmenting plastic bottles from UAV aerial imagery. The YOLOv8 model trained on our 

custom dataset achieved high detection accuracy, with a precision of 0.968, recall of 0.975, and mAP50 of 

0.982. The integration of SAM further enhanced the system's ability to generate segmentation masks, 

improving the localization and identification of plastic waste. 

To validate the model's performance, the remaining 1500 frames were used for testing. The hybrid model 

maintained comparable detection accuracy while producing well-defined segmentation masks, thereby 

proving its robustness in real-world environmental monitoring scenarios. Compared to traditional YOLO-
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based detection models, the hybrid approach provided better differentiation between plastic objects and 

surrounding non-recyclable debris. 

The segmentation masks generated by SAM played a crucial role in refining object contours, enabling 

precise classification and reducing false positives. The computational efficiency of YOLOv8, combined with 

the segmentation capabilities of SAM, resulted in an optimal balance between accuracy and processing 

speed, making the model suitable for real-time UAV applications. 

 

 

Metric YOLO YOLO-

SAM 

Observation 

Precision (B) 0.968 0.968 Same precision, means both models are equally confident 

Recall (B) 0.975 0.975 Same recall, meaning both models detect almost all 

objects. 

mAP@50 (B) 0.982 0.982 No improvement in basic object detection accuracy. 

mAP@50-95 

(B) 

0.615 0.615 Segmentation doesn't improve overall detection 

performance. 

Fitness Score 0.652 0.652 YOLO-SAM detects way more objects, but accuracy 

remains the same. 

Inference 

Speed 

~7.6 

ms/image 

~8.7 

ms/image 

YOLO-SAM is slightly slower due to segmentation. 

 

 

 

5. Conclusion 

 

This research successfully demonstrates a hybrid YOLO-SAM framework for automated plastic bottle 

detection in UAV aerial imagery. By leveraging the strengths of YOLOv8 for detection and SAM for 

segmentation, the proposed model effectively identifies plastic waste with high accuracy. The results 

validate the feasibility of integrating deep learning models for real-time environmental monitoring, 

enabling large-scale deployment for waste detection and mitigation efforts. 
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The high detection precision and segmentation quality make the hybrid model a promising solution 

for marine and terrestrial plastic waste identification. The framework can be extended for broader 

environmental applications, such as tracking waste accumulation patterns and supporting policy-making 

decisions on waste management. 
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