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Introduction 3D representations

© view 2
5 —
/ view 3
/
Occupancy Grid
jo D mocel 30x30x30
multi-view images + 2D CNN volumetric data + 3D CNN

image depth + CNN

3



Introduction point cloud

Advantages

v' raw sensor data, e.g., Lidar

v’ simple representation: N * (x, y, z, color, normal...)
v’ better 3D shape capturing

Why emerging?

autonomous driving

AR & VR

robot manipulation
Geomatics
3D face & medical

Al-assisted shape design in 3D game and animation, etc.

D N N N N N N

open problem, flexible




Introduction tasks

T P2

—> lamp o 8 ) SN

ANNW

shape classification shape retrieval keypoint detection  shape correspondence
& registration

semantic segmentation object detection normal estimation



Introduction datasets

Z//// i /%;’i
\t),n?ﬁi%f o, «2%\/
/93@; S ﬁ%‘//
V47 1z S g
L ‘1’11’“%’("3;‘{/ 2 ‘ /ffj’l’j/‘%Y/
AU IR /?7‘. ﬁ/ﬂilfz'ﬁ%//
Princeton ModelNet: 1k ShapeNet Part: 2k
[1] Wu et al. CVPR 2015. [2] Yi et al. TOG 2016.
Coarse » Fine-grained

Hierarchical Semantic
PartNet models Segmentation

[3] Mo et al. CVPR 2019.



Introduction datasets

Semantic 3D: 4 bhillion in total
[5] Hackel et al. ISPRS 2017.

Stanford 3D indoor scene: 8k
[4] Armeni et al. CVPR 2016.

KITTI, nuScenes: det

ScanNet: seg + det
[6] Dai et al. CVPR 2017.



Introduction some challenges

:" Irreqular (unordered): permutation invariance \‘.
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Related Work PointNet family

Classification Network

input mlp (64.64)  feawre  mip(641281024) g g
‘8 transform

£ ——— - ey DI . pool yo04  (512.256K)

3 [ag]

;; ! — = shared ‘g > — % shared nx1024 I

= global feature K

..................................................................

unit
pointnet

interpolate

Classification
(1,C4)

— —>

sampling & sampling &
grouping grouping

AN J\ J
Y Y

—_—

—>
pointnet

pointnet

set abstraction set abstraction

pointnet

fully connected layers

-~ outputscores

[18] Qi et al. PointNet. CVPR 2017.

Shared MLP
+

max pool (symmetric function)

[19] Qi et al. PointNet++. NIPS 2017.

Sampling + Grouping + PointNet

capture local patterns better
CNN like

10



Related Work PointNet family

"-E ’ \\ ’
5‘ I‘ g 1 1 loud |’
= | 2d region | point clou

I proposal 1 in frustum |

! ! (n points) !
E‘n : é | : 3IDI
g | E | i nstance
= —L — ) 3 Segmentation
2 || CNN g : :
& ! . I = PointNet
= i B[ ! I

1 = ! 1

| ! k |

\ T

=
= =+

= e

= FRCTETRTTE, +

- e :

3] E.se:’ conv i | e

= 1 : —

,g —r X

a £

. Tow
shared weights S

grrreranaanen B -
= sefconv E.\e! conv 2

ir=05; ir=11

Rassssssmannnd CLTTT RIS

point cloud
b8 x (3 + 64)

point feature learning

>

v !
1 segmented 1
Jobject Points:
1 (m points) |

/64 x (3 + 512)

g
I upcony

ir=4i

nlxkx(3+d)

[y xc ]y x3] %3 |y xc |

=
= +
i ! { o,
. o o | * !
~
X — : pointnet X _,L--' T ';
=1 % 1 = 1
R S N 1 L '
set conv layer flow embedding layer

[nyx3 |

by xc’|

Amodal
3D Box
Estimation
PointNet

skip link concatenation

T gt VR PP
UPCORNV =% WPCORY =% Upconyv i
aFeded LS iS008

flow refinement

|n><c||n><3 ||m><3|

|m><3 |

fnxc’]

set upconv layer

Box Parameters

nx3

scene flow

[20] Qi et al. Frustum. CVPR 2018.

[21] Liu et al. FlowNet3D. CVPR 2019.
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Related Work regular processing

[7] Zhou et al. VoxelNet. CVPR 2018.

[8] Su et al. SPLATNet. CVPR 2018.

19:9:0: 0 Sy &
In put egmentation
REHRT
Voxel G : Random Stacked Voxel Sparse 4D Tensor Q Q Q
Partition roupng Sampling Feature Encoding CxD'xH xW AVARAVARLY
- Splat Convolve Slice
" I “ HEll lattice + bilateral convolution + hash index
.-‘:"..L_. o See, -»E-» -----»E-» -2 2l g
fob/ S o : w w § 3 2 . ;
€ I 2 HEE £ [9] Kiefel et al. Permutohedral Lattice CNNs. ICLR 2015.
Input % i ) [./‘ é . .
- ® C [10] Jampani et al. Bilateral Neural Networks. CVPR 2016.
Point-wise Point-w Voxel-wise
Feature-1 Feature-n Feature

3D grid + PointNet + 3D CNN

Convolution Restriction

[11] Atzmon et al. PCNN. SIGGRAPH 2018.  “without any discretization or approximation” 12



Related Work regular processing

[12] Li et al. PointCNN. NIPS 2018.  “simultaneously weight and permute the input features”

ALGORITHM 1: X-Conv Operator
Input :K,p, P, F

Output: F, > Features “projected”, or “aggregated”, into representative point p
1: PP+«P-—-p > Move P to local coordinate system of p
2: F5 + MLPs(P") > Individually lift each point into C's dimensional space
3: F. « [Fs,F] > Concatenate Fs and F, F, is a K x (C5 + C1) matrix
4: X + MLP(P') > Learn the K x K X-transformation matrix
5: Fx «+ X x F. > Weight and permute F'. with the learnt X’
6: F, + Conv(K,Fx) > Finally, typical convolution between K and F »

Scale-aware

[13] Jiang et al. PointSIFT. arXiv 2018. orientation-encodi ng
i LIS
; | """" E pointwise
......................... ¥ ;{j —_ . :’! — — %E W Wy COT T
e 1 Concat
Or?entation-enf:oding
(a) (b) (C) IPa(:;giSCcmvolutlonal

pointSIFT module

Qutput feature

nxd

13



Related Work regular processing

[14] Li et al. SO-Net. CVPR 2018. Se|f-Organizing Map [15] Hua et al. Pointwise CNN. CVPR 2018.
+ MLP

075 L
0.50
0.25
0.00
—-0.25
-0.50
-0.75

- 3D grid + PointNet + 3D CNN 200k points at once .

48 neighbors

v

i (96) (128) (192)  (512) (1024)(512) (1024) (1024) (512) (512) (1024) (1024) (768) (512) (768) (512)

Fae st (512)
i Radius | —r—r—/ — —Mr— = —r—r— - ! s =
! Search & . i o T =
i Grouping VX:;grr;te: i § ; 8 ; g I
| atUniform | Poolir? i 8 '8 PR
. | Sample o ; 1B
1 2 .1 3 i Locations 1 ==tmmre=— onila e I e e | S e S ' 'y g el
(512) (512) (512) (512) (512) (512)
] L !

(N) = N output channels ‘ <
- re e 3D Convolution 3D Deconvolution

\ (De)convolution — Batch Normalization — RELU ‘. Parameterless Operation

[16] Klokov et al. Kd-Net. ICCV 2017. [17] Rethage et al. FCPN. ECCV 2018. 14



Related Work graph-based modeling

X, X.
. @ @’ ® e ¢ O
x,/'m \ / EdgeConv X_j,-‘; K 7
—§
S /
X. ’ % —_ . . . .o .
x @ X, X Cis e X
iy Ji1 Jid Uis Jil
O O
X. X.
Jis Ji5

[29] Wang et al. DGCNN. TOG 2019. EdgeConv kNN

g:(i,5) €€

[30] Te et al. Regularized GCNN. MM 2018.

K-1
Chebyshey d st y = gg(_ﬁ)x = Z Qka(L)X
E X k=0
£ . ‘ - = aj = exp(=plipi — pjlly)
s |6 128 512 1024 J Jh2
= Con?str?::chtionh Laplacian 1 | | Laplacian 2 N Laplacian 3 Z ai,j (yl T y])z kNN
n=n | n=n . n=n iNj
2 [ oense M acony Pl umsane ol acony Ll upsaue E_”P H | ccony L. [31] Valsesia et al. GAN for Point Cloud. ICLR 2019.
A L B? L A2 L B? L AL F!, (hi — h!) h!
I+1_ wt \7y ")y L7l l
L GRAPH GRAPH GRAPH GRAPH GRAPH h; U( Z IV + Wi+ b )
JEN! '
learn domain (the graph) and features simultaneously KNN

15



Related Work graph-based modeling

/ﬂ_—- M |
e — (e
Oss

| TN ] [32] Wang et al. Spectral Graph Convolution.

. @ \_IU:HM. e 0 ,.. —- | T e ECCV 2018,
\#/ spectral graph conv +
B S recursive spectral cluster pooling
v g o e e e

* [33] Landrieu et al. Superpoint Graph. CVPR 2018.
‘ minimal partition + GCN

*[34] Li et al. Gated GNN. ICLR 2016.

'[35] Simonovsky et al. ECC. CVPR 2017.

el e ) I N\ : . .
—— G : ‘ e o5 [36] Landrieu et al. Oversegmentation.
(a) RGB point cloud (b) Geometric partition (c) Superpoint graph (d) Semantic segmentation CVPR 2019.
Input ¢ ! Input ¢ ! Input ¢
= 1 * ]
| :5'6%%: | : | k;;fsfsgr;ﬂ | : kzeen?fsﬁ; \ 141 ===+ 7 layers w/o residual - 7 layers w/ residual .
| P,ainJGCN | ' | ResGON | " TR 124 - ===+ 14 layers w/o residual = 14 layers w/ residual [37] Li et al. Deep GCNs. ICCV 20109.
"=‘6]f=64 ! Sl ! Lot . «+ 28 layers w/o residual —— 28 layers w/ residual
PlainGCN 1 ResGCN 1 101 " = 56 layers w/o residual - 56 layers w/ residual
k=16 =64 I k=16 f=64 d=2 1 . - -
| : residual/dense connection
1 1 St tem
. 1 K ] - 061 2 % e, l I
(o (] | (e o] B, - dilated conv
| i "’. e s, g‘:,,.""."'ji
¥PlainGCN | ' 1 ResGCN | ' DenseGCN / 0l rele., Masneancen
k=16 f=64 N k=16 f=64 d=27 | k=16 f=64 d=27 - "'::“‘.- e eares 16
¥ | X 1 ¥ . Prdaersavae
PlainGCN 1 ResGCN I DenseGCN R I T N T T S R R



Related Work convolution kernel

Local Geometric Structure Local Feature Structure  [38] Shen et al. KC-Net. CVPR 2018. kernel correlation
__.g_ﬁw Graph =
i ”‘% K-NN Graph Max Pooling | % E
jm==—————— _ . mmmme= o
c ! = 2
: \l\ g
. ' S
: Kernel ,_____ MLP MLP MLP Global MLP
}Cnrre-'atinn; (64,64) (64,128) il (1024) Max Pooling  (512,256,C)
o — @ & & &
% X X2 > % > » = —[1x1024 F—{ixC]
X = = é
=

Concatenation

ol

o [39] Hugues et al. KPConv. arXiv 2019.

| H Cutput features
i . .
BN (D] T EN. T

i gc‘f”e{

Kernel responses Ourpur features :’, Point features - Kernel responses .
Slisn = om, | (3 (y;) = h (i, Tx)
s _upt N\ OTTm L | 9(Yi d e (yi, T) Wi
®- i Y |F k<K
BT ha | We Ol T
o I 2. Doue) |
S lin £ Yot

(K, Din, Dol
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Related Work convolution kernel

a) . b . . o) ; , 9 [22] HERMOSILLA et al. MCCNN. TOG 2018.
_ A S (F+9)00= [ fy)alx - y)dy
X r - y ®o © S 0 . . o X_y .
) ‘ o ’ 1 f(yJ)g ( r j )
. . % X) =
Monte Carlo Convolution (f *9)(x) IN(x)] -‘;( | p(y %)
Compute Weight J X
[pl,fl) 4 Pior:al: Lol .
. O fy) [23] Wu et al. PointConv. CVPR 2019.
e-poy. | ®
| a—po) N B R — K Cin
(Po. fo) . . Fou: out
PR L) I Plw B =Y Y S(kYW (k,cin)Fin(k, cin)
(p3_pu}:' (;.f) Compute | Density Seal f }D' B N k=1 cin=1
[p:.ﬁ) | 15 J4 ompute Inver. ity . ;5_7 KXC KX (Cop X Cor) @ :element.-wise product
Ki o @.summatlon
o [41] Lan et al. Geo-CNN. CVPR 20109.
e ° m Descriptor

18



(a) Projection

(b) Counterclockwise Ordering

Related Work convolution kernel

np  [42] Tatarchenko et al. Tangent Conv. CVPR 2018.  S(v) = F'(q) S(u) = Z (w(u,v)-S(v))
lp—all<R r=q-p Y

‘ _ T ' P
7 C=)qrr tangentimage S ___—[44] Zhao et al. PointWeb. CVPR2610.
: ... _ | Max|
. g @ ==L )
‘ < o o \ ; ( .
o % n=J
[43] Komarichev et al. A-CNN. CVPR 2019. P o _— _—
12 N Xy '% g / N / / /
,-”é'"-" -""é"-‘ui,xk E e shared | gi:z;
i O L Y [ st ML ’
0 Ly . 2 ' ' | "
. SN il | nCT o / , / / /
i points ; g 2 ~ B T L
; =- = \ ——T1" shared [T Pool k
o s Bad f L | G| D
_.order™ § ’i 1 g:- . — y | | : -
. = | e E / "/Fi / / /
,“‘-._ oo : g T - edule v
'. 5 ’i .......... | % O") (D Z frnod(Fi;F) - Z_j:l f'i'm,p(Fi; F;) ) f'r'el (Fia F})
i - Z F! = F, + AF, fimp(Fi, Fj) = MLP(g(F;, F}))
w

(¢) Annular Convolution AF,; — f'rnod(Fi: IF) ffr'eﬁ (FL g Fj) = F}, .F,‘,; — F},
19



Related Work Robustness

Robustness to rigid transformation

Normalization: >

v Translation

X - R = (Nx3) - (3x3)

v’ Scale | T ey
i E transform ::I ]:: transform
: 2|2 .o T L L
X ROtathn E. } shared =
. . = )
Data augmentation or align \ ..............................................................

Robustness to sampling density

Multi-scale or Input dropout T Lo [T
Monte Carlo integration [18] Qi et al. PointNet. CVPR 2017.
[19] Qi et al. PointNet++. NIPS 2017.

—s— PointNet vanilla

90 == —a— PointNet vanilla (DP)
_— Ours (SSG)
il Ours (SSG+DP)
—a— Qurs (MSG+DP)
—=— Ours (MRG+DP)

Embedding density info.

[22] HERMOSILLA et al. MCCNN. TOG 2018.
[23] Wu et al. PointConv. CVPR 2019.

256 points 128 points

Accuracy (%)

2
.

@

[=]

75
1000 800 600 400 200

Number of Points




Related Work Robustness

[24] Li et al. Discrete Rotation Equivariance. ICRA 20109.

\ . .
Tr o > [25] Cohen et al. Group Equivariant CNN. ICML 2016.
] —)m—) layers —» ] > » layers 1xC !
? | ?C (I)(Tr-if_fx) — Tf'{(I)(:L)
5§ 4o MO WS 4y iF
5 B i 1P [ 8 12 P oplee
e [ vE $g YY" s
é T MxC' o , \
— Nx3 layers —» — —>| > layers 1xC
Ty k1 P g !

MxC' SO_ N et mxc

3) (4] 5) 7 (8) ) (10)

m

[26] Esteves et al. SO(3) Equivariant. ECCV 2018.
[27] Cohen et al. Spherical CNNs. ICLR 2018.

global features

[40] Chen et al. ClusterNet. CVPR 2019.

Point Cloud

00
on CIUSte_r ﬁ Cluster Cluster ) )
; RRI (64) Abstraction :: Abstraction Abstraction skip connection
(64,64,128)(32) | |& (256,256)(8) (512,1024)(1) lassification skip connection P ) »
L1 % part segmentation
output scores _ o
adaptive projection

Max, EdgeConv block
E S— symmetry

convolution

— Pool |
< 1 | Max Max pooling g
® RRI x Ik 2| KNNgraph x| Pool within cluster 1
z|! mapping > M = s mlp(al, (#5000 an) > >
| = 3 = . AN S
— ¢ o "o ¥ 1
RRI (64) Cluster Abstraction bl S : — T
(ay, as,..., a,)(C) input | o
. . . . global max pooling o o — ::)
Rigorously Rotation-Invariant (RRI) Representation , e e
encoderlnetwork MLP classifier L

HR$||§ - H:an (Rx,Ry) = (Rx)"(Ry) = 2"y = (z.y) [28] Rao et al. SFCNN. CVPR 2019.



Github: awesome-point-cloud-analysis

_ awesome-point-cloud-analysis =E==s
CVPR, ICCV, ECCV, SIGGraph / Asia,

TOG, NIPS, ICLR, AAAI, MM, ICRA, IROS,

_ - Recent papers (from 2017)
3DV...... arXiv

- Datasets

Keywords
2018
dat. : dataset |  cls. :classification |  rel.:retrieval |  seg.:segment
det. : detection | tra. :tracking | pos. : pose | dep. : depth s [CVPR] SPLATNet: Sparse Lattice Networks for Point Cloud Processing. [caffe] [ seg. ] ¥

reg. : registration |  rec.:reconstruction |  aut. :autonomous driving e [CVPR

CVPR
CVPR
CVPR
CVPR
CVPR

[

[

[

[

[

[

[
CVPR 2018, ~25 * [CVPR

[

[

[

[

[

[

[y

Attentional ShapeContextNet for Point Cloud Recognition. [ c1s. seg. |
oth. : other, including normal-related, correspondence, mapping, matching, alignmen

[y

Mining Point Cloud Local Structures by Kernel Correlation and Graph Pooling. [code] [ c1s.  seg. ]

[y

Statistics: % code is available & stars >= 100 | citation »= 50 FoldingMet: Point Cloud Auto-encoder via Deep Grid Deformation. [code] [ ls. ]

[y

Pointwise Convolutional Meural Networks. [tensorflow] [ cls. seg. ]

PU-Net: Point Cloud Upsampling Network. [tensorflow] [ rec. oth. ] (e

[y

SO-Net: Self-Organizing Network for Point Cloud Analysis. [pytorch] [ c1s. seg. ] @

[t B

Recurrent Slice Networks for 3D Segmentation of Point Clouds. [pytorch] [ seg. ]

[y

3D Semantic Segmentation with Submanifold Sparse Convolutional Networks. [pytorch] [ seg. ] (e

CVPR] Deep Parametric Caontinuous Convolutional Neural Networks. [ seg. aut. ]

CVPR 2019, ~50 :
ICCV 2019, 7?7 :

CVPR
CVPR
CVPR
CVPR

[y

PIXOR: Real-time 3D Object Detection from Point Clouds. [pytorch] [ det. aut. ]
SGPN: Similarity Group Proposal Network for 3D Point Cloud Instance Segmentation. [tensorflow] [ seg. ] 4]

[y

Large-scale Point Cloud Semantic Segmentation with Superpoint Graphs. [pytorch] [ seg. ]

[y

WoxelNet: End-to-End Learning for Point Cloud Based 3D Object Detection. [tensorflow] [ det. aut. ] (e

22
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D tatemxy R

University of Chinese Academy of Sciences

Relation-Shape Convolutional Neural Network
for Point Cloud Analysis

Yongcheng Liu, Bin Fan, Shiming Xiang, Chunhong Pan

CVPR 2019 Oral & Best paper finalist

Project Page: https://yochengliu.github.io/Relation-Shape-CNN/
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RS-CNN Motivation

2D image

3D point cloud

3D Shape Learning

, | @ ®

Info: RGB

Info: spatial layout

———> Relation Learning

Deep Learning (CNN)

25



RS-CNN Method: Relation-Shape Conv

____________________________________________________________________________________________________________________

! local point subset FPabp C R3 spherical neighborhood: L; + X € N(:U@) ‘
i fp.,ub :O'(.A({T(f%), \V’$j}))l, d?;j <’I“V£Cj EN(LU@) y:O'(ZW*X) i
: T : feature transformation A : feature aggregation ,'

———————————————————————————————————————————————————————————————————————————————————————————————————————————————————

e Permutation invariance: only when A is symmetric and T is shared over each point

e Limitations of CNN: weight is not shared _
gradient only w.r.t single point - implicit
e Conversion: learn fromrelation 7 (f,.) = w;; - f,. = M(hy;) - £,
hq:j: predefined geometric priors - low-level relation

fr, = J(A({M(hféj) R fo:.f})) M : mapping function(shared MLP) = high-level relation

26



RS-CNN  Method

z ( f Relation-Shape Convolution | h
L~ by "E//
-1 ( . channel-raising mapping
% — shape-aware
[ | shared MLP | E ; representation
£ < : i -
shared MLP 3 S
N |
- \_ [ e W,
M(h;) i—equal channels —1 }U(A({W,;j £,V }))
\_ " iy ij. y

fp, =c(A{{M(hy;)-f,,, Vr,}))

high-level relation encoding + channel raising mapping

low-level relation h;; : (3D Euclidean distance, ; — x;, ;, ;) 10 channels

27



RS-CNN RS-Conv: Properties

fp, =0(A{M(hy;)-f,,, Vz;}))
v Permutation invariance

v" Robustness to rigid transformation in Relation Learning, e.g., 3D Euclidean distance

v Points’ interaction
w, Wy Ws

v" Weight sharing output = > W;T; «——

o|ojo
o|e|o
lel[e][e]

Ty Ty Xy =5
W1—= W1 : top left © 0 0

. —; A
Wa — Ws2: right above ORN | ! O S B

Revisiting 2D Conv:

/

W3~ W;3: top right

@0 o0/

grid relation convolution kernel feature map

RS-Conv with relation learning is more general and can be applied to model
2D grid spatial relationship.

28



RS-CNN  RS-CNN

- RS-CNN fully connected layers labels

8 (a) _ .
per-point predictions
( RS-CNN feature propagation layers |
|
k{j long-range connections ”

(b)

Farthest Point Sampling + Sphere Neighborhood + RS-Conv

29



RS-CNN Shape classification

ModelNet40 benchmark

Robustness to sampling density

I —a—PointNet
—e—PointNet++
PCNN

DGCNN b
—#—Qurs

»

:
c o --"" S
. . PR I . .0 '
deet S DR * . 701t
PARR] PR B . .
- " . L b ® *
. . ..

512 256 128
Number of points

1024

method input #points  acc.
Pointwise-CNN [ 10] XVZ 1k 86.1
Deep Sets [45] Xy7Z 1k 87.1
ECC [31] XyZ 1k 87.4
PointNet [24] XYZ 1k 89.2
SCN [44] XYZ 1k 90.0
Kd-Net(depth=10) [ 16] XyZ 1k 90.6
PointNet++ [20] XyZ 1k 90.7
KCNet [30] XyZ 1k 91.0
MRTNet [3] XyZ 1k 91.2
Spec-GCN [38] XyZ 1k 91.5
PointCNN [21] XyZ 1k 91.7
DGCNN [41] XyZ 1k 092.2
PCNN [ 1] XVZ 1k 92.3
Ours XYZ 1k 93.6
SO-Net [ 19] Xy7Z 2k 90.9
Kd-Net(depth=15) [ 16] Xyz 32k 91.8
O-CNN [29] XyZ, NOr - 90.6
Spec-GCN [35] XyZ, NOr 1k 91.8
PointNet++ [20] XyZ, NOr 5k 91.9
SpiderCNN [45] XyZ, NOr 5k 92.4
SO-Net [19] XYyZ, NOr 5k 93.4

30




RS-CNN ShapePart Segmentation

method input class | instance| air bag cap car chair ear guitar knife lamp laptopmotor mug pistol rocketskate table
mloU| mloU plane phone bike board
Kd-Net [1 0] 4k 774 | 82.3 80.1 74.6 743 703 88.6 73.5 90.2 872 81.0 949 574 86.7 781 51.8 699 80.3
PointNet [24] 2k 80.4 | 83.7 834 78.7 825 749 89.6 73.0 91.5 859 808 953 652 93.0 81.2 579 728 80.6
RS-Net [ 1] - 81.4 | 84.9 827 86.4 84.1 782 904 693 914 87.0 835 954 660 92.6 81.8 56.1 758 822
SCN [44] 1k 81.8 | 84.6 83.8 80.8 835 793 90.5 69.8 91.7 86.5 829 96.0 69.2 93.8 825 62.9 744 80.8
PCNN [ 1] 2k 81.8 | 85.1 824 80.1 855 795 90.8 73.2 91.3 86.0 850 957 732 948 833 51.0 750 8I1.8
SPLATNet [34] | - 82.0 | 84.6 81.9 839 88.6 795 90.1 73.5 91.3 847 845 963 69.7 950 81.7 592 704 81.3
KCNet [30] 2k 82.2 | 847 82.8 81.5 864 776 903 768 91.0 872 845 955 692 944 81.6 60.1 752 81.3
DGCNN [41] 2k 82.3 | 85.1 84.2 837 844 77.1 909 785 91.5 87.3 829 96.0 67.8 933 82.6 59.7 75.5 82.0
Ours 2k 84.0 | 86.2 83.5 848 888 79.6 91.2 81.1 91.6 884 86.0 96.0 73.7 94.1 834 605 77.7 83.6
PointNet++ [26] 2k,nor | 81.9 | 85.1 824 79.0 87.7 773 90.8 71.8 91.0 859 837 953 71.6 941 813 587 764 82.6
SyncCNN [47] mesh 82.0 | 84.7 81.6 81.7 819 752 902 749 93.0 86.1 847 956 66.7 927 81.6 60.6 829 82.1
SO-Net [19] lk,nor | 80.8 | 84.6 81.9 83.5 848 78.1 90.8 722 90.1 83.6 823 952 693 942 80.0 51.6 72.1 82.6
SpiderCNN [45] 2k,nor | 824 | 85.3 83.5 81.0 87.2 775 90.7 76.8 91.1 873 833 958 70.2 935 827 59.7 758 82.8

class mloU 1.77 instance mloU 1.17

Best results over 10 categories

31



RS-CNN ShapePart Segmentation

Diverse, confusing shapes
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RS-CNN Normal estimation

Table 3. Normal estimation error on ModelNet4( dataset.

dataset method #points  error
ModelNet40 PointNet [ 1] 1k 0.47
PointNet++ [ ] 1k 0.29

PCNN [1] 1k 0.19

Ours 1k 0.15

less effective for some intractable shapes,

such as spiral stairs and intricate plants

airplane

person

stairs

ground truth ours pointnet pointnet++

[ ground truth M < 30° normal M > 90° normal
33



RS-CNN Geometric priors

model | low-level relation h channels acc.
fr, = o(A(My) £, Ve;)) L Gomre—rs —t
C (3D-Ed, z; — x;, xi, x;) 10 93.6
D (3D-cosd, =}, %" 7 02.8
Ao E (2D-Ed, z; — SC;, T, x}) 10 ~92.2
low-level relation h channels | acc.
™ (XY-Ed, ;7 — 27”7, x;”, 23”) 10 92.1
$ T (XZ-Ed, x¥* — r3?, ot T57) 10 02.1
\ (YZ-Ed, ;" — a:}’z, x!”, mg.’z 10 92.2
yz N fusion of above three views 92.5
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RS-CNN Model analysis

Robustness to point permutation and rigid transformation

method acc. perm. +0.2 -02  90°  180°
relation: 3D PointNet [24] 88.7 88.7 708 70.6 425 38.6
Euclidean distance PointNet++ [26] | 88.2T 88.2 88.2 88.2 479 39.7
Ours 90.3" | 90.3 903 90.3 90.3 903
- Y e aver 2"d layer S aver 2nd layer
fPN:LLh — 0 (A({M (hf-f ) ' fifj ? VL} })) 5:2 ]pginls 128 p(zms s:‘) lpg,ms 128 p(ints
1);? o':v"'-‘\
. s- s'.o P
LA a'f? f. ,"”

Model complexity

method #params #FLOPs/sample T o b ;";';:«‘
PointNet [24] 3.50M 440M % R x""
PointNet++ [2 1] 1.48M 1684M

PCNN [21] 8.20M 294M R g @
Ours 1.41M 295M A H o

L
low response [0 high response
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University of Chinese Academy of Sciences

DensePoint: Learning Densely Contextual Representation for
Efficient Point Cloud Processing

Yongcheng Liu, Bin Fan, Gaofeng Meng, Jiwen Lu, Shiming Xiang, Chunhong Pan

ICCV 2019

Code: https://github.com/Yochengliu/DensePoint
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DensePoint Motivation

Multi-scale learning — high complexity

Context: potential semantic dependencies between a
target pattern and its surroundings

parameters

FLOPs

scale limitation

unintuitive (scale €<-> semantic level)

v’ Efficient solution using deep learning?

v Explore its performance on point cloud from various aspects.

wath b4
| '_ & A A A ‘&“ aggregate
| PointNet €260 ) A A PN p 8 A e

sufficient context 37




DensePoint Method

key idea: multi-level receptive fields +  efficient conv on point cloud

dense connections +  efficient point convolution

progressively aggregate multi-scale info. in an organic manner!

Layer #1 receptive field

Layer #2 @

Layer#3 [ Layer #4 [

Layer #3
— Layer #4
Layer #5

“ " receptive field ©

'(N, C) }.(N‘ Ch) ‘E“(N, Cs) | Classic CNN architecture
(N.C) _an (N F) p N
i A;“ ' DensePoint architecture
I,ffﬁ (A‘T.} 5&) . l
i \
/[ ~— \
' N o -

- _ 38



DensePoint Method: efficient PConv

fre) = p({P(fs,), Vo, € N(z)}) @: single-layer perceptron

C.

enhanced PConv: filter grouping

far(z) = w(p({;f;(fxﬂ), Van € N(-’f;)})) X % y X

C*k C, = 4k

VS. \/

C*k/4 + 4Kk2 K

(N Zk .
;;l} i_Ef'_,_/—" y - DensePoint architecture
(N, 5k)
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DensePoint Method

DensePoint
™ <
- 1* stage
1] DensePoint
N <

DensePoint

e

2™ stage
© (@
feature propagation layg

_..DH .

DensePoint

v

fully connected layers

: : s — DEEEEEaaS———— —> ||
.:'_a-_’i;s*’/ +|:|’ H

per-point predictions

TS|

Farthest Point Sampling + Sphere Neighborhood + ePConv + PPool

|
-

long-range connections

+ dense connections
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DensePoint Shape classification

ModelNet40 benchmark

Robustness to sampling density and noise

—
a0—
WL gL E # : I
PR LT SRR - © B0 —s—PaintNat
,,l-_-;,i-'-"""’” e 1 '“:’553’ "':."l,'-' ¢ e : 5 —+—Painiiat++
':.ﬁ e . &3 ——S0-Net
wd B 3 ., < "EOQ-CNN
3 ke " % TO- DGECHM
-‘"r']k-'. - g BT - —— Durs
2
512 256 128 64 1024 512 256 128
Mumber of input points
(a) )
100 (b
; e e b w00 ol
" . - . " . o ::- & ) e "-_ -3.-\‘_2.-
#@fﬁr Sy ‘ N IO - g, L 80
i -_‘-."_{: - % el ;"#* ’gﬁ,& y e A
o hC WA SR Sl 2 40 —a—PointNet
t . N "t .t : * et .E'-'i-‘r —a—Pointiets
: . . R " 20+ KCMet
i, . A A i, ——LIrS
0 . .
I 10 50 100 0 1 10 50 100
| Mumber of noisy points
(c) No any augs! (d)

method input #points M40 MI10
Pointwise-CNN [12] pnt 1k 86.1 -
Deep Sets [60] pnt 1k 87.1 -
ECC [40] pnt 1k 87.4 90.8
PointNet [31] pnt 1k 89.2 .
SCN [55] pnt 1k 90.0 -
Kd-Net(depth=10) [21] pnt 1k 90.6 933
PointNet++ [33] pnt 1k 90.7 =
MC-Conv [11] pnt 1k 90.9 -
KCNet [39] pnt 1k 91.0 944
MRTNet [4] pnt 1k 91.2 -
SpecGCN [49] pnt 1k 91.5 -
DGCNN [52] pnt 1k 92.2 -
PointCNN [26] pnt 1k 92.2 .
PCNN [1] pnt 1k 92.3 949
|Ours pnt 1k 932  96.6
SO-Net [21] pnt 2k 90.9  94.1
Kd-Net(depth=15) [21] pnt 32k 91.8  94.0
O-CNN [50] pnt, nor - 90.6 -
Spec-GCN [4Y] pnt, nor 1k 91.8 .
PointNet++ [33] pnt, nor S5k 91.9 -
SpiderCNN [56] pnt, nor S5k 92.4 -
SO-Net [24] pnt, nor 5k 93.4  95.7
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DensePoint Shape retrieval

ModelNet40 benchmark

input method #points/views M40  MI0
Points PointNet [10] 1k 70.5 -
) Ours 1k 88.5 93.2
GVCNN [7] 12 85.7 -
Images Triplet-center [ (] 12 88.0 -
®  PANORAMA-ENN [2¢] ; 86.3  93.3
SeqViews [7] 12 89.1 89.5

Top-10 retrieved CAD models

' ' 0" PointNet
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DensePoint ShapePart Segmentation & normal estimation

lamp

Lahiding s

chair

curtain

ground truth PointNet PointNet++

[ ground truth I < 30° predictions [l > 90° predictions
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DensePoint model complexity

method #params  #FLOPs/sample  acc.(%)
PointNet [31] 3.50M 440M 89.2
PointNet++ [26] 1.48M 1684M 90.7
DGCNN [26] 1.84M 2767TM 02.2 -
SpecGCN [26] 2.05M 1112M 91.5 1024 points
KCNet [39] 0.90M - 91.0
PCNN [26] 8.20M 294M 923
PointCNN [26] 0.60M 1581M 92.2
Ours (k =12, L = 11) 0.56M 294M 92.1
Ours (k =24, L = 11) 0.67/M 651M 03.2
Ours (k = 24, L = 6) 0.53M 148M 92.1
. Time (ms Memory (GB
method #points training( l):est training 1 tes)t
PointNet [31] 1024 55 22 1.318 0.469
PointNet++ [33] 1024 195 47 8.311 2.305
DGCNN [52] 1024 300 68 4.323 1.235 i —
PointCNN [26] 1024 55 38 2.501 1.493 batchsize = 16
Ours (k=24, L=11) 1024 21 10 3.745 1.228 :
Ours (k=24 L=6) 1024 10 5 | 1468  0.886 Titan Xp
Ours (k=24, L=11) 4096 21 10 7.503 1.767
Ours (k=24, L=6) 4096 10 5 2.417 1.638
Ours (k=24, L=11) 8192 21 10 14.521 3.027
Ours (k=24, L=6) 8192 10 5 4.335 2.776




Outline

@ Introduction
® Brief review
© RS-CNN & DensePoint

@ Summary & Outlook
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Summary & Outlook

Brief review RS-CNN & DensePoint

e PointNet family e relatoin modeling

e regular processing > geometry & deep learning

e graph-based modeling e contextual learning & efficiency

convolution kernel » visual recognition & robust learning

attention/self-attention



Summary & Outlook

Advantages
v' raw sensor data, e.g., Lidar
v’ simple representation: N * (x, y, z, color, normal...)

v’ better 3D shape capturing )
e efficiency in large-scale point cloud %=

Why emerging? e multi-sensor/multi-modal
autonomous driving e reconstruction
e high-precision
AR & VR e robustness
robot manipulation v geometric DL, segmentation (instance), detection,
Geomatics completion, registration...

3D face & medical v capsule, GAN, one-shot/zero-shot, meta-learning, NAS

Al-assisted shape design in 3D game and animation, etc.

D N N N N N N

open problem, flexible Welcome to the world of 3D point cloud! 17
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Thanks for your attention !
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