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Development of Garbage Collecting Robot for Marine
Microplastics
-Detection of Microplastics using Laser Reflectance and
Robot Navigation-
O Masaya ARISE (Kyushu University), Kohei MATSUMOTO (Kyushu University),
and Ryo KURAZUME (Kyushu University)

Abstract : In this research, we develop a garbage collecting robot for marine microplastics. This system uses 3D
LiDAR to detect microplastics on a beach and collects them by avoiding obstacles and sea automatically. This
paper describes experiments on microplastic detection using reflectance information by 3D LiDAR.
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Fig. 6: Detection accuracy verification experiment
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Fig. 8: Garbage area detection experiment
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