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Classification of rode-side objects using Point Clouds and Images from Mobile Mapping Systems

The University of Electro-Communications: Yuma Mori, Hiroshi Masuda

Mobile mapping systems are useful for developing 3D street maps. Because there are various types of objects along roads, it is

necessary to segment and classify each object. Laser scanners and digital cameras are typically mounted on a MMS, and point-

clouds and camera images are captured synchronization. In this paper, we show that point-clouds and camera images are

complementary for object recognition, and propose a classification method based on both point-clouds and camera images. Our

experimental results showed that the combination of points and images improved the recognition rates.
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