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Study on Detection Technique for Coastal Debris by using Unmanned Aerial Vehicle
Remote Sensing and Object Detection Algorithm based on Deep Learning
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ABSTRACT

In this study, we propose a method for detecting coastal surface wastes using an UAV(Unmanned Aerial Vehicle)
remote sensing method and an object detection algorithm based on deep learning. An object detection algorithm based
on deep neural networks was proposed to detect coastal debris in aerial images. A deep neural network model was
trained with image datasets of three classes: PET, Styrofoam, and plastics. And the detection accuracy of each class
was compared with Darknet-53. Through this, it was possible to monitor the wastes landing on the shore by type
through unmanned aerial vehicles. In the future, if the method proposed in this study is applied, a complete enumeration

of the whole beach will be possible. It is believed that it can contribute to increase the efficiency of the marine
environment monitoring field.
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