2D Ego-Motion with Yaw Estimation using Only
mmWave Radars via Two-Way Weighted ICP
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Motivation

with mmWave radar is challenging
* Most radar odometry methods rely on
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Pipeline

* Exploit 2D linear velocity for to enhance yaw rate estimation
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2d ego-motion estimation
: * Feature point registration via
* Challenging Scenes . T
* (Cascade radar utilization to address the limitation of
1. with no suitable target © - - - in mmWave radar
¥
* Scene with numerous small objects = ' to perform ego-motion estimation
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