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Reconstruction of parking scene using high-resolution

millimeter-wave radar

Tokihiko Akita"™  Yusuke Akamine™  Katsuhiko Kondo™
Toyota Technological Institute™!

SOKEN INC.*

An environmentally resistant millimeter-wave radar is essential for automated driving. Recently, with the increasing
resolution of millimeter-wave radar and computational power, it has become possible to realize an automotive imaging
radar, which was previously considered difficult. Here, we present the experimental results in which parking scenes in
actual urban areas were reconstructed using a high-resolution radar, including various object classes and shapes. An
original deep learning network was constructed to estimate the class for each cell from accumulated reflection maps. The
estimation accuracies for distinguishable object classes in real environments were quantified, and their limitations are

shown.
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