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/1. Introduction

Laser scanner reconstruction - outdoors

descriptor extraction

- Compact
- Efficient to compute

- Learnable end-to-end

over local patches

each descriptor

o

descriptor matching

Desired descriptor properties

- Generalise across sensor modalities

Our method highlights
- Achieves high scalability because it computes descriptors

rigid transformation

Goal: build robust descriptors to register point clouds
without requiring an initial alignment

- Produces rotation-invariant descriptors thanks to a Local
Reference Frame transformation
- Learns an attention mechanism to quantify the quality of
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2. What Is the Local Reference Frame (LRF)?

LRF: reference system
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computed using only local
Information (green points)
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One-stage
(without LRF)

Two-stage

(with LRF)
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3. Related work

Hand crafted Data driven

“CGF [6]

3DSmoothNet [7]
by & 50

_ PPF [2] PPFNet [5]

= s :
ey O ]

.

FPFH [1]

A
- 0 ~ [N

v

i

4 e (N -
B 4 | S 5 e

@'--m-m

IS

- O~ [

N\

/
4. Our approach

Learning scheme:

point cloud 1
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i Tnet: Transformation Network

' MLP: Multi Layer Perceptron

i LRN: Local Response Normalisation
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Loss functions: o . . Chamfer loss [8]
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5_ ReS U |tS 3DMatch dataset (train RGBD - test RGBD)
o Method 3DMaich 3DMatchRotated  Feat. Time
Training = sd = std dim.  [ms] ETH dataset (train RGBD - test LIDAR)
) Spin 227 114 227 121 153 .133
3DMatch data_lset [9] _ SHOT 238 109 234 095 352 279 Gazebo Wood
= abOUt 16K p0|nt'C|OUd palrS FPFH 359 134 364 136 33 032 Method Summer Winter Autumn Summer Average
. : USC 400 125 - - 1980  3.712
- each pair Is 256 descriptors CGF 582 142 585 140 32 1463 FPFH | 386 42 M43 208 2]
- 40 epochs 3DMatch 596 .088 .011 012 512 3210 ggﬂzwh ;ig :gg :?23 :gjﬂ ?éé
PPFNet 623 108 .003 005 64  2.257 PerfectMatch 913 841 678 728 790
. PPF-FoldNet J18 105 731 104 512 194 FCGF 278 100 148 168 161
Testing DirectReg 746 094 - . 512 794 D3Feat 859 630 496 480 563
_ CapsuleNet 807 062 .807 062 512 1.208
3DMatch and ETH dataset [7] g A 047 007 010 04 2> ss1s DIP 908 886  .965 952 928
FCGF 952 029 953 033 32 009
: D3Feat 958 029 955 035 32 -
Evaluation
_ DIP 948 046 946 046 32 4870
\_ Feature Matching Recall [7]
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