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Target
(~ 40K Points)

Initialization

Source
(~ 35K Points)

A supervised deep learning framework (end-to-end trainable network)
For Rigid Point Set Registration (RPSR)
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Motivation



Input Representations

CAD Model Dense Point
Cloud

Octree

Deep-Learning-Based 3D Point Cloud Processing Tasks
Classification, Segmentation, Matching/registration, Shape Completion, MODT

Data Dimension, Memory Efficiency, Shape Details, Computational Efficiency -



Input Representations
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Deep-Learning-Based 3D Point Cloud Processing Tasks
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Data Dimension, Memory Efficiency, Shape Details, Computational Efficiency I
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Input Representation & RPSRNet Framework



BH-Tree Node Partitioning and Tree Traversal Indexing
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BH-Tree Nodes at every depth



The RPSR problem is often formulated as optimization of cost function U(R, t) in the
form of globally multiply-linked correspondence distance errors between X andY :

UR,t,X,Y) = > wij[(Ry; +t) —x;]3,

©)J
X- = T
X = {x1,...,xny} € RV*3 — TX M} = {Nz,z},pd 5 {Qg,l }, N} = {ng,}
Y T Y= _ y— '
= {y1,...,ym} € RMX3 5 7 MX . {“d,lj},ed = {Qd,ll}, \Ng = {HZ,ZJ}

CoMs ?65 Nod!ldx.

multiply-linked correspondence distance errors are now applicable on
the CoMs of the non-empty nodes at every depth ( 3~ > "> ")



multi-scale sum of mean-squared distance errors between the CoMs
X Y Y
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Architecture of RPSRNet
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Experiments & Results



ModelNet40 Dataset KITTI LiDAR Odometry Dataset
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Clean Data
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KITTI LIDAR Odometry (Without Pose Graph Optimization and Loop Closure)

Single Three
Iteration Iterations
CPD [44] GA* [25] FGR [77] ICP [10] FilterReg [21]| DCP-v2 [60] | PointNetLK [5]| RPSRNet" (ours) | RPSRNet® (ours)
Seq- Prmses Atmse @rmse Atmse Prmse Atrmse Prmse s Atrmse Prmses Atmse Prmse; Atrmse Prmse Atrmse Prmses Atimse Prmses Atrmse
mean 3.55, 1.08 3.30, 1.0 3.29, 0.85 3.15, 1.08 3.08, 0.77 2.92,0.89 4.02,1.12 3.13,0.88 2.22,0.58
3.03,1.07 | 294,1.02 | 325111 | 3.06120 | 326120 | 296,076 | 517.1.20 | 3.03,1.001 | 2.180.84

= Ground-truth Path === Estimated Path RPSRNet?



KITTI LIDAR Odometry (Without Pose Graph Optimization and Loop Closure)

Single Three
Iteration Iterations

CPD [141] GA* [25] FGR [77] ICP [10] FilterReg [21]| DCP-v2 [66] | PointNetLK [5]| RPSRNet" (ours) | RPSRNet® (ours)
Seq- Prmses Atrmse Prmse Atmse Prmse Atrmse Prmse Atmse @rmse s Atrmse Prmses Atrmge Prmse s Atmse Prmse Atrmse Prmses Atrmse
3.55,1.08 3.30, 1.0 3.29, 0.85 3.15, 1.08 3.08, 0.77 2.92,0.89 4.02,1.12 3.13,0.88 2.22, 0.58

3.03,1.07 | 294,1.02 | 325111 | 3.06,1.20 | 326,120 | 296076 | 517,120 | 303101 | 218 0.84

mean

s Ground-truth Path === Estimated Path RPSRNet?
KITTI Sequence - O1 KITTI Sequence - 05

KITTI Sequence - 03 KITTI Sequence - 04



Runtime Evaluation On KITTI and ModelNet40 Datasets (Clean)
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Thanks for Watching
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