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Satellite Non-cooperative Structure Pose Estimation Algorithm Based on
Neural Radiation Field

CHEN Yanjiang"*, WANG Yanbo'?, LIANG Binyan'?, LIN Junqin"’
(1. Beijing Institute of Precision Mechatronics and Controls, Beijing, 100076;
2. Innovation Center for Control Actuators, Beijing, 100076)

Abstract: Aiming at the problem of difficulty in quickly and accurately estimating the pose of non-cooperative structures of
satellites during the operation of space robotic arms, a neural radiation field based method for estimating and tracking the pose of non-
cooperative key structures of satellites is proposed. This method first obtains the scene point cloud online through an RGBD camera,
segments the point cloud to obtain satellite key structures, and then uses neural radiation fields to automatically establish a three-
dimensional model of the key structures. Finally, based on the initial pose generation network and pose evaluation network, accurate
pose estimation is obtained. An experimental platform consisting of an RGBD depth camera, a robotic arm, and a satellite model is
constructed to conduct pose estimation experiments on key structures of satellites with different poses. The experimental results show
that the algorithm proposed can automatically construct a 3D model of non-cooperative targets online without the need for human
preparation of target data in advance. At the same time, it can effectively deal with target object occlusion and motion situations, thus
achieving true non cooperative target pose estimation and tracking in spatial operations.
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Fig.5 Pose creation network structure
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Tab.1 Experimental results of satellite key structure point cloud
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