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Motivation

Compact descriptor
Efficient to compute
Generalise across sensor modalities

Learnable end-to-end



3D descriptors for PCD (overview)
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Two-stage
(with LRF)

LRF: Local Reference Frame

SHOT [3] TOLDI [4]

3DSmoothNet [7]
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How do we learn DIPs?
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TO L D I L R F [Yang2017,Gojcic2019]
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PointNet [Qi2017]
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- input: LRF-rotated patch points (n = number of points)
- output: descriptor (d = 32)
- trained via Siamese approach
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Hardest contrastive loss

Intuition: within a batch, make the descriptors of positive pairs close in
the embedding space while making the other descriptors distant
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Chamfer loss
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Experiments

* Training
« 3DMatch dataset
« about 16K point-cloud pairs
e each pailr is 256 descriptors

RGBD

* 40 epochs
* Testing
« 3DMatch, ETH
 Evaluation e
: ETH [Pomerleau2017]
« Feature Matching Recall [peng201s] | IDAR
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3DMatch dataset

FEATURE-MATCHING RECALL ON THE 3DMATCH DATASET [4].

3DMatch 3DMatchRotated  Feat. Time

Method = std = std dim.  [ms]
Spin [3] 227 114 227 121 153 133
SHOT [17] 238 109 234 095 352 279
FPFH [16] 359 134 364 136 33 032
USC [36] 400  .125 - - 1980 3.712
CGF [37] 582 142 585 140 32 1.463
3DMatch [4] 596 .088 .01l 012 512 3.210
Folding [5] 613  .087 .023 010 512 352
PPFNet [6] 623 108 .003 005 64 2.257
PPF-FoldNet [7] J18 (105 731 104 512 794
DirectReg (8] 746 094 - - 512 194
CapsuleNet [9] 807 .062  .807 062 512 1.208
PerfectMatch [10] .947 .027 .949 024 32 5.515
FCGF [11] 952 .029 953 033 32 009
D3Feat [12] 958 029 955 035 32 -

DIP 948 046 9406 046 32 4.870




ETH Dataset

FEATURE-MATCHING RECALL ON THE ETH DATASET [22].

Gazebo Wood
Method Summer Winter Autumn Summer Average
FPFH [16] 386 142 148 208 221
SHOT [17] 739 457 609 640 611
3DMatch [4] 228 083 139 224 .169
CGF [37] 375 138 104 192 202
PerfectMatch [10] 913 841 678 728 790
FCGF [11] 228 100 148 168 161
D3Feat [12] 859 630 496 480 563

DIP 908 886 965 952 928




Conclusions

« Compact descriptor [Iﬁ
- Efficient to compute ﬂ@

* Generalise across sensor modalities ﬂﬁ
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« Some Interesting new research can be explored @%° . @©
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e e.g. 6D pose estimation \Q@



