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RPSRNet is a novel end-to-end trainable deep neural network for rigid point
set registration with state-of-the-art accuracy and run-time —
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RPSRNet: End-to-End Trainable Rigid Point Set Registration Network using

Barnes-Hut 2°-Tree Representation

Sk Aziz Ali , Kerem Kahraman, Gerd Reis, Didier Stricker

Overview Transformation Estimation
_' 5 u..J‘T "’JLd 5 | lrger -__E_'ﬁd=4  _}; "'_'_:d=3 [ d=2
gl s ‘}‘L g el | Rl
-tree representation for the input point sets, T ® e
12-15 ms on a pair of point clouds as large as 250K } e [ ] | L ° oo
e e S

(iii) robust to noise, data disturbances, indoor and outdoor scenes
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Quantitative Results
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- Evaluation on ModelNet40 data, Transformation errors averaged over validation set
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