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Experiments & Results
Classification results on ModelNet40 dataset:

Motivations and Contributions

Motivations: training epochs:

Accuracy vs.
1

e Most existing neural networks for 3D point cloud can NOT guarantee rotation invariance. Method Input  Inputsize ~ Parameters | z/z  SO3/SO3  z/SO3 | Acc.std.
e Networks trained with simple ration augmentations are NOT able to generalize well to unseen rotations. VoxNet voxel 303 0.9M 33.0 7.3 ] 30 08
e A few existing convolution operators that allows rotation invariance still can NOT achieve consistent predictions SubVolSup voxel 307 I'’'M 88. 82.7 36.6 28.4 307 —PointNet
with arbitrarilv rotated data SubVolSup MO | voxel 307 1'’M 89.5 83.0 45.5 24.2 So0.6 _PoﬁntNetH
, Attty ‘ Spherical (NN | voxel 2 x 642  0.5M 889 869 78.6 55§ | —PointCNN
Main Contributions: MVCNN 12x | view 12 x 2242  99M 89.5 776 70.1 98 T _ ours
e A robust feature extraction scheme suitable for convolution that supports both rotation and translation invariant MVCNN 80x view 80 x 224  99M 90.2 86.0 81.5 4.3 §0'3
_ : . PointNet xyz 1024 x3  3.5M 87.0 80.3 12.8 41.0 '
features based on low-level geometric cues; | | _ PointNet++ xyz 1024 x 3 1.4M 89.3  85.0 286 | 338 02
e A novel convolution operator that 1s agnostic to both point cloud rotations and point orders. PointCNN Xyz 1024 x 3 0.60M 91.3 4.5 4172 279 0.1
e A simple binning approach that can be seamlessly combm.ed Wl.th the featqre extraction step; | o | Ours <y 1024 <3 070M 96,5 vy 86 4 01 o
e A compact convolutional neural network for object classification and object part segmentation achieving highly epoch

consistent and accurate performance under different rotations.

Part Segmentation results on ShapeNet dataset:

SO3/S03 mloU aero bag cap car chair earph. guitar knife lamp laptop motor mug pistol rocket skate table

Method PointNet 744 81.6 687 740 703 87.6 685 889 800 749 83.6 565 77.6 752 539 69.4 799
PointNet++ 76.7 79.5 71.6 87.7 70.7 88.8 649 888 781 792 949 543 920 764 503 684 81.0

Summary: PointCNN 714 78.0 80.1 782 682 81.2 702 82.0 70.6 689 80.8 486 773 632 50.6 632 82.0
. . . . . . . DGCNN 733 777 71.8 777 552 873 687 887 855 81.8 81.3 362 860 773 51.6 653 802

(RIF) Operator (RIConv) Network (RINet)
Ours 755 80.6 80.2 70.7 688 86.8 70.4 872 843 780 80.1 573 912 713 52.1 66.6 785
Rotation Invariant Features: T4 b q z/SO3 mloU aero bag cap car chair earph. guitar knife lamp laptop motor mug pistol rocket skate table
® .

p o: distance between T and p YT ——— t PointNet 37.8 404 48.1 463 245 451 394 292 426 527 367 212 550 297 266 32.1 358

ANy e d;: distance between x and mp ~ 2289T1LIM ONV Opetator. PointNet++ 482 51.3 660 50.8 252 667 27.7 297 656 59.7 70.1 17.2 673 499 234 438 57.6

o Input: Reference point p, point set P, features Fprev; PointCNN 347 21.8 52.0 521 23.6 294 182 40.7 369 51.1 33.1 189 480 23.0 277 386 399

L ex e ap: angle between ) and piii Output: Convoluted features F | DGCNN 37.4 37.0 502 385 24.1 439 323 237 48.6 548 287 17.8 744 252 24.1 43.1 323

@ e ¢ ancle between 37 and 57 o, C9P 7 Compute the centroid of I SpiderCNN 42,9 48.8 479 41.0 251 59.8 23.0 285 49.5 450 83.6 209 551 417 365 392 41.2

N L ane b prt <= m —p; 7 Determine the reference orientation Ours 753 80.6 80.0 70.8 68.8 868 703 873 847 77.8 80.6 574 912 715 523 66.5 78.4

fr < {RIF(z;pm) : V& € P)};
invariant features

Fr < mlp(fr); * Transform each feature f, to
Rotation Invariant Convolution Operator: high-dimensional feature F.
' Fin [Fprev,Fr]§

* Find rotation

® RIF(CB,m) — [d(), dl, o, Oél]

Qualitative results on ShapeNet dataset:

* Concatenate the local and

. '.. ..... previous layer features
. *. . = {5} < P; * Divide local space into s bins along m

ot MLp g {Fpool} < {maxpool({Fin(z) : Vx € s}) : Vs €
¢ e - s S} * Max pool features for each bin of {S'}

f.!‘ R ﬁ B ,‘ R Ty , *een . - g- F' < COHV({F pool })’ * 1D convolution of the bin

o R e R DN features

AT B o AR B 0 N return F';
o : Maxpool.
Rotation invariant features Binning
Rotation Invariant Neural Network:
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