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Survey of Convolution Operations Based on 3D Point Clouds
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Abstract With the popularity of three-dimensional (3D) scanning devices, like the depth cameras and LiDARs, using
point clouds to represent 3D data becomes ubiquitous. Compared with two-dimensional (2D) images, point clouds can
provide richer information and capture more 3D structures. Therefore, point cloud learning has recently attracted a
surge of research interests in computer vision community and promoted various emerging applications, such as robotic
manipulation, autonomous driving and augmented reality. Generally, the learned representations of point clouds
should have the characteristics of permutation invariant, transformation invariant (e.g., rotation and translation) and
shape distinguishability. Therefore, in recent years, more and more researchers have carried out research on using
deep learning (DL) to deal with point clouds. Among them, the convolution operations in convolutional neural
networks (CNNss) have the characteristics of weight sharing, local aggregation and transformation invariance, which
can effectively reduce the complexity of the networks and the number of training parameters. Meanwhile, CNNs have
been successfully used to solve various 2D vision problems of images and videos with strong robustness. Therefore,
CNNs s attract great attention of researchers and are introduced into some point cloud tasks. However, the traditional
standard convolution operations cannot directly act on the irregular data such as point clouds. Therefore, some
researchers carry out in-depth explorations on the convolution operations and then propose a variety of convolutional
strategies and networks to improve the computational efficiency and algorithm performance. To stimulate future
research, we first summarize convolutional methods used in existing point cloud research, including projection-based
methods, voxel-based methods, lattice-based methods, graph-based methods and point-based methods. After that, we
focus on the recent progress in convolution operators and networks based on point clouds mainly including discrete
convolutions and continuous convolutions. In addition, the performances of networks using various point-based
convolution operators in some related tasks (such as classification and segmentation) are comprehensively analyzed.
Then we quantitatively compare these methods on some synthetic datasets and real-scanned datasets, and obtain
relative state-of-the-art (SOTA) methods of each point cloud task. Extensive experiments can verify the performances
as well as the effectiveness of these proposed methods. Finally, aiming at some existing problems and challenges, we
also present insightful observations together with inspiring future research directions.
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3D &I AS (AN 78 18 RN TR BE AR AL ) A48 K 5 | ke
T AR 3D A8 1 Tz G, X SR AR SR AR Y
3D B dl A LBt 5w 0 LA 5 40 R R BE 40, XA
FEVE Z A% 8] T SEBR N, 46 A 2h 2 B R
HLAS A ) 2 R 45 3D Bidi o nl LA AS [] 1) k%
Aok FoR, 5 R EE K (depth map) . R K% (mesh) | 14
% (voxel) . & = (point cloud) . 5 = 5 %1 (point cloud
sequence) %5, 1 S B 4 2 18] B] DUAH BB 4. A X 2
For, Mo EE AWM HEE N, FEAEl %%
PR ER T YRTE 3D 25 8] b B J 4 9 JUAT A5 2., AT LA
DL I 3D {5 e v B AR U A 45 il 3D g AR R
JER 2 N [T 2 R R S € AR - A s TR O N
M5 1 A TR AN FL A, A B S AT AR O — T Pk
A AT 55

AR SR, R BE 2% 2] H AR 32 LR 45 A s Y it
28 $5 PointNet™ K H A8 & PointNet++! 45 5 vk (1 42
TR TR 2 > Kb FEOAS R0 4k A = R,
PR A B8 B Bl B TR 2 2 2] D7 AR s = B R R
HZRA . fH 1 F PointNet™ 1| I 4t 52 £ P AIHL (multi-
layer perceptron, MLP) I #% 4b B 5 = o 1 B AN 15, IF:
i 37 e K3t K (max pooling) #5435 & 45 A 45 14
AT B, AR BEH AT Z 0] A G JF #4778 70 R,
AR 3T 2 2 B H AR YR DR AR AR G S5 R
LRI JRy S A Y A fik % A B 22 I 45 (convolutional
neural network, CNN){E i — Ff 5 7H # IR B 2% 3 1K £
SERL, T Y R AR R R G B T I Ok

22 R (6] B ) FH B 08 1 AN 8 1 R ey 8 AR OGPk
FEATL 25 PR 5 S 45k Ak 2R 000 HE 5 B0 (i 2D &% W
AI0) 7 T 5T E U T — RS, AR b
HE T ILT B IR SE AT 45 19 45 58 CanaR s @ i gy
FM o P ) AT B BLE B H Y S I g AKK
it v B B A R RRAE SR AT 2 T 5 R 4 T 4%
(deep neural network, DNN) A L, £ FH 1 45 R 4% i1y
HBREBREEAD T NI GSEE, 5 T W%
ZALBE J1. I, VF 2 05T 22 0K 2D 4 BRI 45 4
P F| 3D 75 ], LUAH 15 45 FLis 5 AR 08 4 #7 4b B2 3D
Mo HE.

X AR = 5 EUR Z [ 22 SRl 1 s, F
181915 2 (pixels) 3l H AT DL 7R by B0 00) 1 ) 446 i I
TEBEA R FF X, AN TR 3R 22 8] 5 A X 67 8 2 [
SERY, WA 1(a) BT 7R 1 i 2 J2 3D 45 ] Hhoxd H AR 4
R T moRFEB AN AW ES, WP=
pili=1,2, - n}, KA S pBOAE & 1 M8
2., B 3D Ak bR (XYZ) , A I ] g I8 A 45 2 €4 (RGB) {5
B 8354 (normal) 5 B, 281k, Xt H & 2 )7 51 5 0
2 TB) 0 25 5 R B an ] 2 BT A0 AT DL A o 22 1Y)
Z W RGN ES, Mo P80l LUE 1E % S0 2 WS
IS 5 EGA H, U S T B R 06
% (temporal context) . ¢ HAfE ] F| 3D =3 [H], 5 5 = AH
e, 5z e A R R ARSI TR BRSO R H I,
TEHEAT LRIy i A BCHE /9 2D H A B8 5 AT 55 F0 DA
SRS Rk ARG 9 3D B AR R S50, FHE



KA BT =4S B B TRIB A SRR

875

X

() M (b) K=

Fig. 1 Comparison of images and point clouds
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Fig. 2 Comparison of video and point cloud sequence
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A3 R I — 6 2R DAk 3 3% 2 T 22 R] B TU A%, il DR A5
R84 4 45 ] A

SRR SR, o 5N R ISR, &S
AE RN — 28 or T [ 7 PSR AR A Jay 5 DX 38 v e
A5 BN R) i 22 18] AR X RS2 AN (6] 1Y, an &l 1(b)
JIirR, VA pi (i, yis z0) € REAHUL Y EBIRAILL p; (x5, v). 2)) €
RS SRR S T RS i D SN R A= W R S = N
1y, X5 N H AR PR BT AR [\ DR, AE BRI A
LSS AE BB AR BN T S = 5 B P51,

g5 LR, Bk bR B IS R ) 3D s
FEOE Y B — A 3 A4

1) iz & P 0 L S R0 B S i AR
B Bz BN A e AR B HE SR A
(permutation invariance), B[} fiff iy A 55 5 A /], 2%
X ZJE W REAS i AH [R] 1 45 2R

2) KL= S AT AE 3D U2 () v, 45 B B30 0 X A
2 (R W 72 4 B P, 045 T % S 728 M (rotation
invariance) . “F-# /28 1 (translation invariance) 1 )X &
A5k (scale invariance) .

3w BB IUIEIR, &R is A 15
£ LR | N A= - S P o i S o R S B DI TN
EPsH

BRI, BFXFax 3 A IR, S 722 3D S =
M) EEATE AR FIUAT &850, A B WF5E 2T 2
Tl W . —Fh SR WS SR 3D s = B A S AT DL B 42 R A T
2D 5% 3D P i 45 BRS04 1 5 O — i R B SR A i
AU EHEA B S s B RRE . B, B
LS54 () T ¥ a1 3 i, E B 4 7k

Fig.3 Transformation methods of 3D point clouds
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1) 3 F #5210 )5 ¥ (projection-based method) . {1
Bl 3 @R, ¥ 3D S = 2 2D i L, 4
Z RPN Y)Y SR R T R A B R
I 5 = B A7 AE A Y (self-occlusion) B2 A2
S 0] R, AE A5 5% ) B v AN AT SRE A s 45k — 28 3D JL
Al AR TR BE AR B RS540 A5 2., [ B 7 Ak P — SE 7
Bt A5 25 A B 38 R RORAR T BLARRT. M S m B
22 L3 2 B A A [R) A PRl 22 T A 32 P B0 A
U AT 55 CnFR A 43 ) B R 2 A B
5 5 A D) T TH B T 0 U1 F T 9 GE 8 Ak 3, ik A
TSR AR BN E B, BN L, SR 2180
O T I8 S5 AR IS AR Y AR B ER R B X R Y
FE.

2) % TR 2 19 J7 7 (voxel-based method) . U1 &] 3
@ FTR, WK U KRR (S =) R &R
fk (voxelization) A 5 4% T X P 1A 1) 3D 1A R [ 24,
BRI E S T8, B T = A AR 42
PR, WHAr #4730 2 M AR R AR G, KR B AR
HRIRER IR R, 5 FH G R A, MATEY R
BT S5 R IT. XA LRI R RN 5 A () 4y
R O, R 2 A S0 43 BORS 4l 37 5 PR SR IT DN,
235 B oy BE AR, (B R RN AE S B
YA TR BE S NT O R [z, R R S Tl A R
SEOTVRERITIER K, 23 (8] 43 BER AR, TR R R EE R
£E b7 ARG, B 50 B RN & 8 IR — L2 )5
S AHRE BE TLART 48 5 1) & 2R, 3 IR S AR R A
B R S A AR S BB 4 R 0 i 25 AN A S ()
R TERL S .

3) 3 F A% 19 7 2 (lattice-based method) . WA 3
IR, B i 2= B B A A A% 2 ), 3] i
£ M 1K & #% (permutohedral lattice) ™. Bk JE & #%
(spherical lattice) ™. 3 Ff J5 1 1] LA DR 55 2 (1358 43437
TR (), (E S BT A R A, G H R B AR
KA AT R A6 Al AS RR AR, BLAE & o BERZER T it
S R BN o RO . LUk, 450 3 BE A HE 0] 6t A
235 [a] v, AR A AT REAS PR R 3K 26 o 2 HAE D 4 RIS
25 ) v pr L& 1 JLT {5 B

4) 3L F E ) J5 1 (graph-based method) . 41 & 3
@R, ¥ 3D = Mk B 454, 05 = i 45 A4
SV R B T, A5 AR 3 P 19 35 43 3 28 A5 1
A 1) i, v A B T B S BUR 2% (graph convolution
network, GCN), 7E 1% 5%, (spectral domain) """ & 2 [i]
15 (spatial domain) ™™ v 2% 3 FRAIF . 53X 28 5 1k B 4% 1
22 Ak SHAS RN 0 A0 25 4, E A A 7E — S, i,

Jr F8 VT 18 1 3 AN 2 i AN 78 1. DA ] — 4 A 3 T SR
FE YA 7] 55 B2 05 < 2575 BN [ i < 88, DA AT RE 7
A S T) ) PR s 65 SR RD B, e+ R AR Bk, 1T BE 4
ZWE Ty 0], AT R A LAE B 22K X gk
X AN R oy A B ) e A T R Y e — E R R
B IR IUTE B £, JF HiX e b fE o &
B3 A 2 B R A A T A 1 2 28

ST, BORBZ A N BV TR T
15 MY T 5 (point-based method) , 4 1 45 Fh 45 A ) % FR
18 B8 R A R 46 0F 2 o] md SR B 1) HoAt £ )
fiE, EAEAE IG5 = B8 AT 20 0, W DAAE L 3N
R ) 8 = AR 55 SO0 S A PR RE. T T BERS 52
I B 1 2 Ta] Jy AR OGP, 45 AR B b Al 9
TR AL BN 1 48 a2 40 B 19 8 02 P e N 4t SR
R R g A NS e S o NS S e SR i
+ (point convolution operator) A X [ 9 [ 2% 45 44 ,
XA s ] DL R R G AR =, TS #E AT AT
[ ek, AT ZATAT v ] s, o PRI 2 5 T ACH: Al
IIEEFSEEN

HalE NPT R m iR EGR AR 2, SCHR [3]
PTG AR B, F OB R 2326 . ARG 5 R0 |
W o #) 3 KAT 55 A7 R0 43, X AR i = W TR
520 U5 1 0 BT I R AT T A T 45 R RN TE AN R T
W R T B R Tz . SCHR [44] ¥ BLA ) R = RRAE
22 7 Ay R T AR REAE A o) RNEE TR I R AT A
2], JF e BT 55 10 0 ok J3 BT ik 28 07 125 Y G Bk
KL SCHR [45] 38 52 29 B s 2 I o I il 1) Bk R R
JE 5 ) AL, A J I o i 1 LD 28 Y 4 Ak
A = TR BE 5 ) J 2. SCHR [46] & 4t 8 BT 14 41
AT A B2 Bk U 5O T IR RS R E
55 MeAh, A — LR E TR 5 0 HAR AT 55
(R BE Al I S OB R B AT 2326 | i SRS, il
MBI EAMATESEY SR aEEs™ s
SOy BT S S S AT 55 L s A s
A IAT 555 %

1 RESER

H R 2 W 45, B S LeCun 25 A 48 1 3 Rif
FTEF 5 AR 5 50 45 55, R LeNet-5. 7£ ik
2By JLAEH, 2D & A8 N B R Tz BB ST AR X 1
B B K D R R G B UMR 2= 7T DALAR 25 &) Hb
i3 AU B 3 = (weight sharing) #1 - £ A 2% (translation
invariance) ¢ M4 i 17 A0 L A9 45 FHAs B L Ab, 8 AT A
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i o AR A AR 1 A 3, 0 A5 3R 45 A (dilated/atrous
convolution) . A 43 & % fH (separable convolution) , 2
% F (group convolution) 55, f 15 5 £ 2% GE 9% 4 4
%2 R 2 R4 L 89 B B (receptive field) 2 2% >
A& Rk, 5 2D BN, 3D &5 AT ()@ | 3%
A 35 B AH KO R0 58 3 i, 302 iR T A R A
YR h AR —Se [ hig, it 38 Z B A s NAE
R AR R EFFE IS, B AT UG,
WM 75 LX) I 26 L 45 FHAS B8 AT o O 4 T RRAE
2 Hed.

AR e A R 3 S A o A AR B 0 R B, DA |
HEE 2 TS s EREEZEXNE5KR,
I 4 Fp Ab BEOR B 3D 55 7 BOHE 1 3 BLE
TR 9 B8 5 A

iRz B R EREF U E Oy
TE JRy 5 X B 0 25UAR A B0 R AR R S R AT AR
5 2 i 45 R A LR, X — i R R A8 A T AH DGR
IEH DARE 5 1Y 238 OB 19 FR AR B RS PR b2 —
T RR G d B, AR 1Y) 5 B BRORI i 2 45 FR —
SR

DB R (B RE FE LA HEs ).

(F @ nidef D flmlgln—m], (D

HApBRE Fg:S>RMFE f: G- R HIEE X
WS = ZPHG =ZP ik %K.

2)ES B B T LA ES A ).

(Foeodef [ rgte-y)dy, (2)

HApBRE Fg:S>RMEFE f: G- R HIE & X
WS = RPHIG = RP | 1% 2 i %K.

2D & iz B R8BS F B &l 4(a) s R
SN [width, height] )45 B (kernel) 7E 58 B Fl = B 2
AYERE LR B IS, LR D=2 17 3D & B 48
BRI & 4(b) s KT 2R [width, height, depth)
(R U8 T AR E S8 BE L W BE L URBE Y 3 AR BE L (i B OF
P15, At D=3.

2 ETRMER

P v 25 BRI 4% 1) e 2 T B (R B B
(18 e P b A AT /D 1y RIS 3 A /N AN AR AR S A
BORAZ . SR T 2 b B s AN R | A5 AN
g5y, X AR AR E M I AR A = Ul T R AR, G
VR U6 28 [R) I DR AR DCHUOR /N AR (1, A2 R B JR)
PR A0 ) &R A A AR (A, KA 4B ) Xl
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(a) 3x3BF N [width, height]  (b) 3x3x3UENk 2% [width, height, depth]

Fig. 4 Tllustration of 2D and 3D convolution operators

S R — L 2 A R R

A oA BRUME LA A B R H iR . Oy T iR X — ]
K R 2 WF 5T N ) TR A O AR T R
B RE T, K 4 PR, XL 5K 2 02 R 46 B
H (plug-and-play, PnP) i, W] LATR %5 &) Hib 4 Wi 21 45 Fh
3D J = AT AR 55 (4325 L 4331 19 3 A2 (pipeline) H
2, VEDLER 395 B L, T DL A R S R I 4
Mo BT AR S FEAR 3 A K

1) sE S A U8, AT LB A A s A
A AT RS AT A HEMREN SN
2 R RRAE 1) 55 5 B A T — D R R R AR
)i, TE2% 2 & R FRE R AT DLk — 20 2

)M — R A S = B ERE T, X
B A RE A AU S I HED A AE VR T2 2R 12
P, I HoAT LA 2] G2 18] Jay 3 LA HEAE.

3) M4 — > BE 5 B A R 1 10 45 TR 48 I 2%,
12 ) £ 235 46 W] LUK A 05 2 g A0 2 BUR)  (Tocal )
3| 4 Jmy (global) (Y TR JZ B AR B, Wi s = AR 55
B 1 58 B

B, BT ARES, v DO 5T 4 p e RPY
HBIUE L

oW = fe)ogm-p)dp, 3

Hrh o R E R f : RP - RIFIAE i g : R —» RF
2 [A] #1535 F1 (Hadamard product) , 5:1F pREL £ 2l
T A 4 % A7 p; € RP7p B — DR AE ] &2 f (p) € R,
FUE R g J2 o B AR pi— py € RPBLRF— AL
[0 it g (pi— p;) € RT. i JH 5245 R 3% B3 (Monte Carlo
integration) , AJ LAk — 2544 5 Bl B0 Bl o % & A N
AR R B RAE

1 N
(f'e) (p) ~ N;ﬂpn)og(p,-—pn). 4

OV A A M i i A SR S 44 L
F R TR 2D MR R b, A an 1A 4(a) B 1Y 3x3
B 5x5 IR R AR E SR E AR B L 2SR, X T
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ST, B ot E A A P SR S AR AT 48 15
e ke S B
. 1
IR vDINCALECE AREY

PiEN;
Forb N a5 pitt) e AR k9 B 3T 48 s 4R, poit pif o
Fe AR L X R T OCHEER 1),
FOUk, BEXFRBEZOR 2), i m BB REIUR T 5
R T v AU BRI w B 2 ) RIS BT . e, AT DUAR

y

i A pRRCA 2 B, R BT B 3 T R B ROk
O 9 B RUE FURE S8 B, sl 5 B . s s M

¥ R 0 A8 R 5 30 408 A5 R rR G T R A
CRHXS 7 ) A o, T8 1 AR 308 B B 25 e ik 7% ACTR] —
A Jra 8 XS BT AT A 23 BE A S A A EE. T 3 2 A R
7 R 4 BURCE 5 30 A A T P i B9 25 (6]
Aii A7 5%, T8 H AR 30 408 A A S T A DRy A a5 20
.

N

NN
777

Wi 7 Wiss
' %

(a) Fip M2 (b) HHAG (c) LB

Fig. 5 Local neighborhood centered on point p; and its corresponding discrete convolution and continuous convolution

LS LU p, e o b4 S B B UG BRI S
AR AT BERIZA, REMFRASE IR BR T RIS, 3 T — 258 R PEREAY

B U, SRS SR A ol SR R 4R e
FLAE 4B R B8 N H R AE S5 )12 0 SR A rp ol s 7
% 3 B B AL 45 R FE (random point sampling, RPS) |
¢ 0 5 R AE (farthest point sampling, FPS), J& & #H X} T
i B PE AR T8 w] DU AT e AT o 25 18] Hh iy BT
R BB — B AR Y L, TR R0 B[R] 52 4% B AE X
AR, 26T FAR A A JE A0 8 SR e, E i
AR Iz i BR 1 8 5(a) s 1Y BR 2 i)
(ball query) 8 % 4k, i A5 K iI 4F (K nearest neighbor,
KNN) Bk, 35 1Y X0 2 5 74 48 8 4B B0 [, 2L 4%
TELAH G SR ERG L Rh R B BB X B 1Y) 6
A R i% e S5 ) S 2 A5, AL S A B R NG T &
6 I SRS, SR O SR B RO B KA RAE
R R A5 B SEEAR A5 A I AR 3R I A 1 B B R S
B s = AT 55 O PERE B2 WA 25 R KM 78 2 )5 B/ T
TATHE S 2T S TAET IR SR E T
BT I KA Al b ) o R 4% TR
58 TAE A W5 O A5 4B Bk AT el i, U] 3R DA i 2
e o BR A 1B T KNIN B3 SR AT 2 9 vt i &

HGT 4B AR,
21 BEEER
TEAEI 5 = F i B RS B — A1 2 n) 8l

S, U 1) d A 25 18] 07 B 38 5 a0 A s JCIE X 5 8
A VR F AR g LU 0 A fif e 1k — TR R (A 2

AT RN ATECY. B, 762 T A B S
rh, —SEHIF ST B e AR 3 G A R e A RS AN AR 1 )
R b PHIX — [A] R, A — e F S I T A A5 (]
JUAAT R
2.1 HEFIA A

N TR 5 2 1 HE S R AR M, Hua 5 0 58 i
B E R AU, 52 1T 8 S S B (pointwise
convolution) . F AR U8, ¢ BT A i #ic BEUFE & U (4n
3D A bR x—y—z) MR i A BB s B 2 M 2%
(pointwise CNN) 1, LU AS 550y it 15 31 45 18 B
4 30T 4w I L) 43 21 X 1 Y A% B2 5T (kernel cell)
T A% B TT N Y I A SR B AT AR TR A A% AL, A% Y
JOSF AT DR 4 44> 45 B2 b AN ) i 19 30 48 s iR AT
T Y L S, Li 2 AT R T — 4~ 2-Conv %
FRBE -, CHEAE TR Jm 0 e b 2 19 5L s 2 A 7E B A
L 5, AR IR T AR T O R R AR Y
o %A, MRS T B AT AR X AL B, 2R 22 2 180
HILAR 4 AH X7 B 27 2] — 7228 45 50 e A 5 B AL
HHE I, 5 bl SURFIE SOH T AR SURMIE (9 45 5 46 B
HEAT 5 PR 1B S B = 4ERRAE, B 2 D X-Convs #E4T 2
15 ( concatenation ) B 1% |2 % 4% (skip connection) 1] LA 5
B 05 B T 4 25 (PointCNN) fY 22 F 45 ¥4 DA 1T 2R 3F
AT B R AR5 i THE— 25 brig b, Wik
RN ASHATE, Sy 1 {8 2 3 R A 3 17 AN (] K /0N Y
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Yk, BN R B e/ L SR BRI, R R R
A7 KA A &R SRR AE , T 48 FRUE - X-Conv I
2% PointCNN'", Zhang % AP 48 T 56 T % (A Bl 48
B 2 RO 36 TR A 25 ) 2% (multiscale CNN with color
vegetation indices, MCCNN), FI| H &l {6, 15 B A R4 55
BRI RS A A 4% (excess green, ExG) Al B
2T (excess red, ExR)iX 2 % (0 A48 4 35 &4, I+ 5 H A
BAF R — RN ARE, R )55 E O AR
B 1Y) 3T 0 a5 B AN (] S L A SR, A5 B W] Y A
FRAZ SR 4 B 22 RUBERRAIE, (] B 185 58 a5 = 1 AT IX 431
212 FJLfTRE

H UM BR LG 25 ] e S 3] 7 HAth 2 8], B9 fidk o
T R M HES AN AR M R R, B A R R T 3D ik
LA L. R, o 1 75 HE A RRAE B2 b ) B KR
25 (8] W LA S5 49 15 2., — S AF 5E dE 2 4 Fh oy 1ok
FE 43 M2 ) a2 IR JLART A L, i T I 45 1 27 2] R
R RMERE, S AT SR Ty ) ) BT R R
AR Bl A PR SR Z 5 R A N A PR 1 A

1) A7 o o

Lan %5 A\ BT YR 0 L5 B R & 7E s = 1)
A AR X — A AR, BRI T — R LS BT
(geometric-induced convolution, Geo-Conv), 4l & 6 fr
N, HAR G RS B O R A HE - O FFAE 5 7 (feature
decomposition) . K H1 .0 1 5 3w 4B s B 28 18 1) i 1)
AR E] 3 AN IEAC AR EE |, W 451 HE IR (base) i
SL 2 2 1 FRAE . @ FFAE $2 B (feature extraction) . X H
L R, 38 3 5 — N ] 2 2] (1 T 1) AH S E A [
HEAT AL SRR 45 B0 S TE & A O 1) b B RRAE.

Geo-Conv™

RpHAIRK=3)  Goos

@ #5 1iF B 4 (feature aggregation) . 42 HU 2| 1Y #5 fiF
55 300 1) B R TE A8 2 (] 1 e £k L 491 2R G A B
Z B JLT 854 45 B 3l 0 B 29 R AG B Iz 17
4 £~ Geo-Convs 1 HI T A Wr 4 K19 Ja 5 <8 38k LA 43
J2 4 BURE AR, A H — A JL AT 5 5 4 BB & ) 4%
(geometric-induced CNN, Geo-CNN), X J&) 3 [X 35 15 22
() Py JUAnT 85 4 2 A7 A, o I ik — > e K AL 2
K R T A S A R RRAE. SR M 25 7 A UK A BT
o BT AT s AR AL, AR R AR
KRG, ANl A PR 5. LAk, bR T 91k
PR L B8 TUART AR AIE , 30 5 BAE — 28 i = 43 HIME 55
Ol E FEAE T, Yk RS S 2w B, 48 REAE
WE R BRI, RO EATR G TR BN E TA
[) 25 1) 9 5 AR AIE . B X2 B RN, A SR A
ISR RRAE, IR 4 i B b 0 3 S BORT R AR K N
A Ao bt o JE B RE B E Z 0, S ECRF YR R
5 301 AL 3G, N [ A4 22 (8] 1 ok 3 DX sl a3 o3 .
KT DX — ), Gong 5 AN SR I T — ANk
B0 45 B (boundary prediction module, BPM) T il i1
FUaS s HE T EO A A, Bt T — A i B L]
2 A% % B (boundary-aware geometric encoding module,
GEM) X JUAAT {5 B #EAT 4 5, A [6] — > SR B AN [m] 26
S B JRy B AR AR AN 23 AH HLSE 5 AN Sy T A 4R Y
FRAETE H X o0k, 5 8 7 —F R i L 5 i
. (geometric convolution operation, GCO) , il i3 JL{W] %
T (geometric kernel) 14 38 P 15 B4 5 Ta] ] 2 ¥4 A% )
JE A e A 3 rh ol SR R AE, E— N KA ISR
RO ARk b, FL 2549 W] FH K 4> 3D 5 1) ] i R OR
WE 7 R, K=3 B, 138 i LA S R R — N BAT

|
w, == === =% wp, p) ~ > fu ‘
.7 |
R ;®\ w(p, p) —> fu f: ‘
w(p, p) — > fa

N NS T ]

SN cos(dy, v)

/ cos(d,y, v) ‘
/ d, > wy — > fa f,‘

* cos(dy, v,) |
SNd, ———-—-- *\{‘ Wo — > f, ‘

Fig. 6 Geometric convolution operations

Ko JUEE



880

HENR SR E 2023, 60(4)

34> J7 [l [n] i B 6 B, A ) 4 R OR 3D &S (R 1
AT, X3 A4S T 1) Je) g ARG 25 T DL ER R — AN Y
AT AR (e ] B 1 2 1T AR ), R I 36 FRAZ AR 5 0] L4 3
SAETDT I L AR

2) BT A5 A Jah B 4R a1

JUAE R T BR A 1R K348 1 5 4B S & U2
EOULI . AT BRAY, (H TSR R B0 48 S K 2
T LAY, 3 BRI T H O 25 R R AR SR/, [
B2 (A 1 B R B Bl 25 S B0 45 1 M e AR 25 A
T 7(a) 38 2o Bk A 00 75 2] 39 BROE X 3 (ball),
Zhang 5 N $2 415 T —Fh 52 B B (ShellConv) , 4
G 5L 3D BB AR 1R 43 224> 52 B IX 3 (shells),
HJ1 [5] .0> BR 52 (concentric spherical shell), — /™ shell
7 2 AN AR T BR O S TR] 26 428 4 BR 1 22 ] B4 2 8] 7
i 7(0) B s, R B 44 2 A 5 £ 4> ShellConvs 1) 7%
& BB 22 W 45 (ShellNet) , Hf Hr0 £ 19 K A3 48 A 4%
RS rfoCs 800 BE 2 T T HE 5 1400 43 BIAS [R] ) 7 7N
7] — > 5 PN A A, 3 A 1 42 )2 R R Ak 2 T
B — ARy ERARRAE , B ST MR A 224> 7 1Y JRy S AR AIE S0 AL
SRANAG B s s 0 R A FRIE, 3205 TR BRARRAE 1Y 2
) 8% R, Lei % N5 LT — A4~ Bk % B (spherical

(a) spHIERIE AR

(b) HpfIFETEARI

convolution) 3 -, | FH 75 8] 43 XK .0 55 9 3K <8
B0 03 2 A KON —BYFFIE X I8 (bins) , W] 7(c)
Ji 7R, JF R A bin s C—A>A] 2 ) BCE L,
WA 67 T 12 DXl P 19 30 408 A R AT I A oK T A5 31 45
PSR, SR G L, J5 & DR RE T A X 5k
KNG —, FFMRGE B T 43 9 32 ok 45 HCTT 4tk B8 17 4R
Ik, 333 B 23 T BROR e 1 A o T A, T 3K A R
T 2 ROBE X Bl e 1 3 — () 3, i 45 5 As B o
TR, AN RE 1 Xk AH [7] DX 38k 47 iF 52 BUAN 3L =2, b
AR T BHATAEX AR B JL AT FRAE. 5T kS R
BT, T AU (octree) ) 5| 5 45 B 22 (4 2%
(octree guided CNN, W-CNN), iZ M 45 5 A5 5 )\ SUR IR
JEEAH [ B 1 45 AR 2, AR i/ SO % B8040 45 7 % i
AR wi#EFr s R Gy, 50 )2 T RS B o T
T 3 AR 3. B JS, o T 3kE BRI RN A R
PE, Lei 28 AW 30K Hpm e 21 B & B 45 g i T
SPH3D-GCN, W4, 25 [& 3 40) 45 1 5L 1% B2 53 A 1 5%
Wi, 5 AR HL ) (fuzzy mechanism) 5] A #]i% %5 fLE 1
o, $2 T R A% (fuzzy kernel) , FE7E BE SRl A 22
T AR AR T B EUE 5 S R M 4
SegGCN™,

=

U
o[
-9

(c) MpFaTEARIR

Fig. 7 Point neighborhoods with different definitions
7 SURTR] Y e AR

3) PR a7 A R Ja Az )

552D BB B R, 78 3D M, E B
FRUR 25 10 265 5 22 0 i e 5 SR v 1 A R i ) 0 14
A JZ 0 DX AR A sz BB, JHG R/ T 4 OC A% 30 I 4%
Ab PR FIAE S5 (R RE. PRI, 3G in gk sz BF /N F
FIEA 2R =Rk RS 2 GO BHE, 4k
T+ W 25 B 1 Rl Bt 51 A T 2 B S B Tt
BRI, RSN NAFIHAE; 75— FhJr 2 i ok
B REZEM R, 2% K 8(a) #1 &l 8(b) /s 19 1D
12D 23 1) 45 FRUE B, 4 RS2 BF A [R] B AT DAAS 4
FAm B, A58 T an & 8(c) FrR i 3D A A B R 1,
Pan 25 A\ 4R W 8 25 W % BB T (point atrous
convolution, PAC) , il 1 15 B N [F] (14 2R F 32 - 7E RFAIE

25 ) B 3 i 25 () O e Y AT 4R 5 R AE AT B
K (sparse sampling) . 4 7l i, 405 R A5 =1, W]
PAC #3R Ak EdgeConv!™. XK, 75 N1 i 2 % it Al
T B ETSE R i B R AR AT DU RO
KA TR IR AZ BF . [FRE, 28401 F 2D 25 J 25 ] 4 7 3%
M 4k (atrous spatial pyramid pooling, ASPP)" i 5 3,
WA [) 22 3l 48 194 225 31 45 R4 7 2 Gk HE 2 ok 4R L
Z REARE, W i 1 o5 25 0 25 8] 4 57 35 Wi Ak
(PASPP), 15 B [A RAEF N A 48 s AR IR R G b
LS 2 RO R SBRRAE. i 5, % £ 1> PACs Al
PASPPs, 14 & 1 A8 I A 2 A HE 5 A A8 PR Y 6 25 1 4
T 2% (PointAtrousNet, PAN), 3t 43 F) F & 358 JL AT 41
W HEAT 85 43 BT, 248l ML, Engelmann %5 A Y 1 2 X}
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EdgeConv"™” PAC™ Pointwise Conv'*” DpCY
K=5 K=5,r=2 K=5 K=5,d=2
P& fo P& fo P& fo P& fo
p&fi P& fy P& fi n&f
P& P& fi P &S P& f
P& S Ps & fs &S Ps & fs
P& fs Ps & fs P& fa Ps & fs
w(f@(fi f) [wf(fi- f))|  wllpi—pl) w(llp—pol)
| wire(f ) [w(re(fi 1) w(lpi—pil) w(lpi—p.l)
w(f@(f—f) |[wfO(fi-f)]|  wllp—p.l) w(lp—pil)
| w(f@(f ) | wf @i f)|  wlp—piD w(l p—pel)
w(f@(f—f)) | WO )| wllp—pi) w(l p—psl)

Fig. 8 Comparison of dilated/atrous convolutions

B8 BB

LT AN R R BE I 52 B X6 ) 6% Pk B ) 5 i, R i 4
T — 23 7 15 45 FH (dilated point convolution, DPC) %4
TR AR T A B REAE , 38 A T O [ Y 2 TR R d
U AR K AR, 37K H ol s B R AR Bl e 44
K Kxd D48 IR B HEIT J5 15 KA 4R AR
RS d A ORI RACE L R i M, R =1, 0
DPC #4 1B 1k 2 i Fl K 3% 48 5 48 3t 4B 55 A9 Pointwise
Convolution". J§ 5138 18 {7 51 b 34 i3 4% 23 HOR 42 55
I 2% P g 9 5 9 s 15 v AR, DA T A 50 A P A
(] A2 18, 51 d 3G T s BRI B KON, 7R
JLF AN B IR A5 A A% DL T i 325 4 e MR .
TR TAERZ RO H 48 % 1Y
FEOE B HL, T 2008 1 38 18 48 B2, (45 40 = B RRAE 22 >
R34, HILZE T 2D Al 43 R, Cui 25 N R
T — M g B 1B (lightweight attention module,
LAM), ‘B K H TR B Al 43 2§ 45 2 (depthwise separable
convolution, DSConv) 8. F 1 A [ A W 4% M: g A% 17 $2
TR RO, R B R ] T 1A SRR AR A T
& J1 ML (attention mechanism) i <= H 3h 45 A [7) 45
fIF 380 TE Fr) AN R £ 5 I 46 85 B2 . DSConv A I 7E A5
= LB REBERE R 2 A5, A R B RO =S
B A3 TE 2 SN R4 B A BT 3 QTR JE &
(depthwise convolution). £ il A i 44~ F¢ i il 18 I #
ThHAT 45 8] 45 BL; @ 254 B (pointwise convolution™).
TR 11 A5 FRUKE R AT 38 10 i S 3038 ) 1 A ], 3R
BARMEREHITX 2SR N T ok
3D fig 4%, B SO(3) ., 3D A8, B SE(3) "hY % 45 1 F
ARAEVE, Chen % A4 H T —Fh FH T 5% = 19 SE(3)
1] 43 B 4 F ( separable convolution, SPConv) 3. F, B t,

e & B 1A SE(3) s B BRI T H1 14> SE(3) 4
BB, 73 HIAE 3D BR G2 8] F1 SO(3) 78 [i] i 32 ¢
AT BRI, SE(3) 25 [ Hh e SCRYRRIEAE S i
A I8 B 2R SE(3) &8 RRAE. SE(3) A 43 2§ 45
FRAE AN 52 ma Pk e A% 0 & i Z BEAI T SEQ) B ARy it
SAS. R, B LS A R i A AR 25 G
T —A 1 = 77 Ak (group attentive pooling, GAP)
T, BEAT A S5 A8 AT 21 1 A8 30 AF A6 42 B0, 4B AR
LR AL T —A> SE(3) 45 7% 15 M %% (equivariant
point network, EPN) 1 & i FHHE 4L, 7T DAAR 98 F UiF{E
55 M U AR BN AE 1Y SRR

4) ¥4 7 15 4 BURLER (A G

7 BN AL AR P HA SR REAE B P e,
kT B 3G UL B T AR B RRAE, Dang 48 AT R
th T 4P Bk & 1 & T (neighborhood attention
convolution, NAC), 7EAS [\ i 32 4B &5 A 1E W #b gk 47
FROEZE$F, 70504248 5 A~ Ja 3 DX 38 A 04 4k B2 Jm) 356
JUATHEAE, 38 3 @l G Hhoc 23 5 3 SR A A AR AL 48
Xof o7 R v A A JR) 8 A R R AR AR SR B R R
fdi 1] Softmax pRECHE BT A T 4B 2 A9 SR B 5 ) R AL
H— AL B [ (0, 1) 3 275 AN [ 3 408 a5 1% 2 2k AR
J&, HF NAC IF45 4 2D & U JE 3, AR T 4y
JZ 3245 4 45 FR (hierarchical interleaved group convolution,
HIGConv), £ % %3 1 B B 43 )2 41 4 L (PHGC) #1565 2
W Bt 43 2% 241 4 FL(SHGC) . B Ak 3, PHGC ¥ NAC
(R i AR AE RSB0 5 2440 X, O T TR ]
43 DX 2Z [R)AS (] 25 1) 1 R AAE B 559 0 28 L, o AR AR 2 A
A3 DX B FEAE TR 8 18 4 B AT RS AR R — X
M ARRIE, DAY R AR IR LR T | g aR e 2T BE ).

@ SO(3): 44k 1E 22 # (special orthogonal group), & 3D JiE#% (rotation), JiE % 5 B %) e % ] 12 ; SE(3): 4% 94 BK [ #F (special Euclidean group), $§ 3D 2%
We=JiE % (rotation)+F- % (translation), t FK KK [ 25 # (Euclidean transformation).
@ i it AN 28 WS T LA Pl EL A 45 A ) 5 A ] B S A . B S5 A W IR T L El LA S AR X 5 A T A AN AR W R . S OR AR A L, SR AR P

PR BRI A 2 2% 7 25 1 S5 4, 2 B HL DO P ) R
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IS5, A TR 43 DX SRR AR O AR R AR S 4
- BEAT PR R (shuffle) , DA FE 43 filA BT AT 43 IX I RRAE,
& AR 2 ) Ja 8 L AR R AR 28 Bl b, SHGC 3 1o Kt
2 )22 AL ) s AR AE RS 8000 53 S 24> 4 KT AE
B 2 b AR AT R RS B EUE B AT X 4 (R SR A A
FRAE, XA & 0 s 3 8 4 R IERAF B T a2
WM EHBREEREGE R RF, WEEETZA
HIGConvs Y 73 J2 58 % 2 45 AU M 28 [ 4% (HIGCNN),
A% U 2 22 N 3¢ & (multi-scale relation, MSR ) A5 |
FH T 45 B TR RUBE X 2 [0] 1Y) DG R, X 22 RUBE 41 kL
FEFEAE SEAT S 5, o 2 A DX A SR 8 LA AR AE fil
R Z RT3l Softmax bR FCRF HIH — 1L B 1 [
(0, 1) A A= J8 DXl =22 8] 1% 56 28 73850, FH T 7 b 34
SR T 45 F6 REAE, 410 JC 0 R RS AR, DT DA A
DR TR S BRI B T 53 AR R A5 2 08 1 R AiE 3R
INHET].

IEAR, Mao 45 A1 $iH T —Fiiiit A (interpolated
convolution, InterpConv) 5 F 3K & & it A 45 =~ 5 B
R 22 (] 1 JUART ¢ &R . 7E 4 B 1) &= B i R 3] —
ZH 5 ARG, AR S X BT R R 2R AT 4 1 LA 53 BT 45 AL
BT B RS E. I T 2 Fhid(E R . —
2% M 3 {8 (trilinear interpolation) F1 /55 3t 3 {& ( gaussian
interpolation) . ‘B TAY AL FE 115 07 ¥ AN ], =M {H
3 T A X T O A 8 AN A RS A AL EE AR AR,
SR 5 {8 FH 3 S A K i A SRR AIE 2 1) 43 T 45 AH 4R 1Y
A AL bR, P AT AR FTA 2] s 550 B R AE. 1
e ST A 2 150 e 07 o 5Ok TR AR LAt bR R,
24 P 3 pF 21 (linear basis functions), th 1] A FH 1E i (&
PR, 9Bk £ )2 £ %% B 1Y InterpConvs LA 14 ZE 47 18
% T 25 0 4 (interpolated CNN, InterpCNN), i 2k 55,
= WHEPIAR AV, B A8 = % BN U, HHAE AR
Al SRR TS A A A A7 (L bR RO 1 3 A s 1 R

FEAM

Deformable
KPConv™"

Rigid
KPConv!™

SR BRI +R0E BEPLEIIRE T IX IR+ R E

MappingConv'""! GACConv'”™

1k, BTG R 2 AERRIE S OGS R, T
FT38 T AL s HCEE, SRR E4E 2. S T
FEX — it B AN £ K S s L AR5 ., Nguyen
S NV T — Fh 4 3 % X (statistical convolution,
StatsConv) 5 ¥, FIH G it % h A, 45 & T
AL 25 P BB AN TR 04 4 Jg R AIE A A R g AT AR
LAk AR 0 J5 1Y B SURRAE, ot LA AR L A ik 4R R
P B — B YRR AR 25 1] B2 1 4 Ry R A g
FRAE, T 32 BU& b Ge 105 5ok R AR f A S0 43
fif5 B
22 EEER

8 4 BT R AR 2 28 i) h g OB TR T,
Ho 3 S AN R A 5 rh s 5 A ) A A G, T2k
& B B de L EE T A3 SR AR AR AR A O 1L 5 E E
SEBRAE S5 1 2 2 v, A5 AR A% R Bt AT R R B AT A
(R, PR 2 2 ol S — o SR I 1 o — 2 i 4
A 50 B AT B s o5 — b SR w2 X0 T 0 )1 9 45 AR A% R
BT 280k,
22,1 EMALHIBIE R

T AR 3D s AR AR GRS Y A R AR B, — S F R
T AR 3 A 3 sk R — el LT R s
()R L A T SR Bh AT B B L, Rl 9
7.

1) M4 8

T 4, Thomas %5 A" 5] A T # #4 (kernel points)
I 4 H T — Fh 4% #5 % B (kernel point convolution,
KPConv) 5+, 78 H 0 £ Y EKIE &R 38 N i o — AL AE =2
BN S ES, B ST A — AR 2 ) A
JEL I, RH OC 2R B T4 2 5 A S R AR o7 2 (BR
PR ) . 3 2 43 591 3 550 2B 35 PN 1) i A5 3 408 a5 5 % 0
1) AN B R B 1 3fe FROGE 1200 HE AT RRAE AR 4, B S B
T A 4R A B R AR A B O s R RRAE. R UL, A

HEAUL A% 7]

SPConv'™  PAConv!™

EZe TN YEN RS
P U JE
J:EEMLPs ScoreNet

R

AL Il Lt
M b A B

Fig. 9 Introduction of virtualization auxiliary information
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M BB T 2 OCE B, A I I e — Bk
T 25 0] v s A 4 a5 ) 00 Ak Te) RR T B0 A% A L, JF
#E— 2 5 T Ab BT 55 8y M PE S R (rigid
KPConv) % F F &b ¥ & Z% 4T % ) 7] 42 B &
(deformable KPConv )38 F. XF TR PE AR, .0 (FPals
FOVER— DB A SR M S8 —Emsl
(attractive force) R M 51 E A TEE S s HAbAZ S Z [ A —
%E 11 % 71 (repulsive force) A fifi B AT TAH B3t 25 . X A~
1010 R ITH R R GeAaE Ja, RO AT B 4 L
BTSSR, #5070 R 1R R E ok
) T A A% R AL AT RE RN 2 e UL, DR ot o AR
1% s5ORE O T e  E 4) fis # o R OR Ab BOUE B A%
SR AR IR b, B T & A 24> KPConvs
4 732 9 4 (KP-CNN) 1 73 1 % 46 (KP-FCNN ) , 41
GRUZRH T REDEARNRFER S =T LRSS
Bk, [FIRE, Yan 28 NI G]A T8 S IE 4R 1 T —Fl
e 55} % FH (mapping convolution, MappingConv) 5. F,
AN [A] 1Y 72 MappingConv H i 2% s 3 & Je W] 42 7E LA h
A JR BR A 1 BN BR T 40 35 B ML) 1R Ak AR R
MR 3 A2 J2 B HL2E > 3] 1 e 5 pR 8, FE T 48
SRR 3 22 8] 78 225 () o7 1 50 8 (R LGB 2 ) B A L)
(I 4B AURRAE LG B — R A AT 22 ) i i L, RS
38 2 B2 1) A% 15 DL B B 3l 9 COR A% 7 AT
B K2R 2 B N T TAZ S B RE
FRAE 4 6 75 3 45 L5 SR 26U, Zhang %6 A7 5] A
T 4 /5 (anchor points) IR 3 H T —Fp 4 & R SO
#: F(global context aware convolution, GCAConv) 55 F.
R AR O A I — 2R SR R TR AE 42 R
ATEAR AR AE. 3% HEL ) i A7 B 06 45 AR 1 IRl A 2 ¢
2 P DA 1 A i — A 4 R A Ry
2% 2 (global weighted local reference frames, LRF) , il
T 5 K I 4B A Y 3D 4 R A bR A 4 R SRR AL bR, AR
P LRF F12 o 5 00 Jay 0 21 38k 40 2 18 8 A4~ 4t 43 4K 3k
F 25 ], B B A LB 3 2 T) T 8 Y EE O AE S il
AL, T 1D A B G A Jey FS A N A S Al A 2 TR 1) g
#l A0 4= J&) 5 & (local-global relation) 3% & 45 BN &,

P76 B LA P2 HUR) 3 Fl 42 JR FEAIE (local-global feature) .

2) g 4P As ]

Tk, Yang 25 N5 T — A4S0 2R 2 1 4 UL
T b (weight pool), J 32 i T — Fl 25 ] £ M % X
('space probing convolution, SPConv) 3 F. 1 4% F —

A JUAAT 515 19 2 5 | Wit K %X (index-mapping function),

K H L 5 T 4 A 2 8] A JLAT R A A A AL R 5
5 2] T R 3D 2 ] R o 24> 23 1] DL AT
Jey B JLAn 25 K P51 SR T DAASUER il o Ay A 1 25 )

Y A3 BE — > e S A AR B o R AR Y
JUART R AF Ay A 3] 2 52 22 28N AIL b, i s A AR A B
SR Ry B 7S 8] BT 8 0 S 9. B R SR R AL
HEHATE MBS, DUIR IR )2 K i SCRRE.
F b, Xu A5 T — AN ] 2 2] 1 B BURCE P
(weight bank), Jf £& 11 T — Fi fii & H & 0 & A
(position adaptive convolution, PAConv) % F 1 — 4~ 43
B 2% (ScoreNet) , B 70y 5 S H AT 4R w2 18] 1 Af X
7B G 2R ) i i A B D 4% v DL 2 ) X B Y U
—ARAE (0, 1) N 1 F Bm) £, LR ) P AR
{EL2H & A T I 8 R 3 s o7 1) A R AR A
ZA] Y 5 s 38 3k 41 S A G R AR PR T Y AR
L B 5 ) % TN 2 R RSOk A 1
BB R T 5 BUHE 5. 31X 2 T TAF #0258 1o g
TR 22 R Y A7 B OGRSk 4 UL AR 25 (R RRAIE , (B AETE
(1) 7] 50 2 A7 A 2ot 22 4 B 6 I T g 2 s P 48 T4
HORBR B WA 7 RT3 4, DR e 5 38 1
U R 2 DR 8 I 45 P i T O B

3) 45

T IR E , Groh 28 AR T — 4%
FUH - Flex-Convolution, % B I AL H & oA s
SO Ry BB AR S AR AR 1 AR, I 5 KA AR AN
(R REAIE ] B AT 45 ARIE B, 2% 00 AR L T R FH 2R
2 B9 B KAk Flex-Max-Pooling 47 8 & #:4E, ff
D B ZHORMBAR B WA IEFER 3 T H5e % )
fHERE. BffS, Boulch”™ £ T —#h U7+ ConvPoint,
4 FAZ R 43 hy 23 () A% AN R RRAE A2 AL, TR L
frf 225 [8] VR AE 25 8] JLAR 25 (A1l 22 )2 B ALk 2%
BB S Z R8¢ & Rk, BV 25 AL ek 4L,
SR G 5 RHIE 23 [ A Rl 5 75 3 45 B . 3X 2 MR
AL 1 R 3 AR A A A T O (kdtree) T AR
B KIEAR, IR G5 RAAAE ISP s 4R, (156
XA B B B
222 ZHAK R

T 56, Wang S8 AR T — R S B LG
(parametric continuous convolution) & T, 4K #& J7 fig i
{81 % P (universal approximation theorem), % FH £ |2 /&%
ML A% pR B, B Ol B BB A 3 3 AT ] 3% 22 R
B, XA R B 0 AT DL A 1 2 ) e A [R) Y
(PSSO RUR /3 AR o A R RV E S Y= IR E P
[ 2 KAk % 252 4% B W 2% (deep parametric continuous
CNN, PCCN). #R 112 J7 1 HUBE I LA 5 1] ) 5 R,
MAREI B PrEFL Xu 2 AR TR AT
SpiderConv, 4 1% 2245 FAA% oA BUE R B BR oK £ FI e
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NAE K AR 1% 25 ) e I Z2 0 = i afe AR B BB o 4
AT i S A SIS A ] ) I R B 2 ( geodesic
distance ) >k K OHLUAE (19 JL AT 45 49 5 2% 39 Jre I =3 ok 7
rP L A5 K G I A8 R B 1Y 37 5 R T A A iR AT A (R
2F 2] Jay B 0 AR BE TLART 25 44 . [R) B 38 O 2 Bk 2 A
A SpiderConvs Y 45 )2 1) 2 45 T M 2% SpiderCNN,
554 PR R I 28 1) JEUARL B A B2 R 2 A B R
B AR 5 2 T 2% SparseCNN™. Hermosilla %5 A ™™
BT — 55 R % % B (Monte Carlo convolution)
B, Wu s AR T — R FR A PointConv 1Y %5 R
A, A Bk s BLE B 5 R R % il i (Monte
Carlo estimate) i & 72, A 0 pR Z50FN 2% FiE pR 002 1
() Al e 1k oR B 1 22 )2 BRI ML DL PR AL bR
B, K % 9% B Al 1 (kernel density estimation) 2% >J #f
R 2K B (probability density function, PDF), FH & 5
BOIAL 2% > B A EE pR R, 33X 459 58 4 R & W] LA
AR E BN S = RIE I E T & BN
PRI G R T4 2 SRR IE24 ) . Wang %6 ™
T —Fh Aot B (PatchConv) B 1, 1 4o il Iy 4
Jay 23 [), A BEAS Hrl £ R PointPatch AL, B L
O A JE UK 3D Jay FR AR S8R 43S 8 A EFR (octant)
FEA8 R B A PR b 9 30T 48 S VR i R A AR AR 4n
RAE— A E R NI A I 4B AL, Wk £ bl SRR IR AR
Rz PR B R AR B B A R B — R 2
JEIRINHLIE LI IR 75 2% % 252 R 8K ( Lipschitz continuous
function) , 7E &> PR #4746 Pz B P B O S &
HEFFAE. S — D T — 47 PatchConvs (154 1 9
& B R 2% PatchCNN LA R4 i 551> PointPatch 5 8k
HERFAE. Liu 8 NS T — R TAR S X R
HE W7 1Y 25 FH (relation-shape convolution, RS-Conv) % F
1E R B TR 25 RS-CNN (A% L, T3 A Jmy 340 ko
()3 & A5 ol BUZ TR YOG &R AL 4R I 4E O & (low-

level), BV s AR A 22 18] 4 B R B 25 R e R ik 22 T
B FH T 5 5 R 4E OC &R (high-level), BVEE 42 19 55 5¢
FRFoR. A 24 = 2 2 B HLE UG TR R 4
2] JRh R AR I b 22 E) O AR B IR S B, Lin 28 ALY
NAEH T — P& FUE A PConv, ¥ 5 iz 50 it R 2
ASK% 02 BB 1) 5 AF A% e (feature transformation) . 45
FRAZ SRR 8 R A A ek G i 1) 2 o 52 Jak
T (single-layer perceptron, SLP) DL 5 FHLAL &K . 2) F
fiF 28 & (feature aggregation) . ffi FH R & R BUOR B & 1X
BUAR W 5 A ERAE . SR 5 3£ T PConv ) # T DensePoint
B, BT T2 0 AR A o A, A B R
I BT A I 222 B A, X AR Z AR AT LLAR 15 R
EPNHE B 4, REMEBFE MR E XE R
4RI ARG B T A = B 5, Atzmon 25 A
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T A8 T AH LAY A5 BB 28 ) 4% (PCNIN) >k Ab 3
W AR5, N A A3 e 2 PR Y (radial basis function, RBF)
AT, X — S50 o R B AT A AT 1Y) B A R A
of T 4R A, B )5, Poulenard 45 A" 3 F PCNN™
T BRI B B PR 25 W 4% (SPHNet), i FH BR i85
(spherical harmonics) PR £ X1 — B IE 2 M Tié % AN
7§ % T (spherical harmonics convolution, SPHConv) .
R S I AN AR R X L T Y 2% A A 5 PR g
LUES WIS

SPHNet"™ J& 1 Y 3 ] e % /R A5 R T 0 = 40
55 B BEVE R I 9T A, 33X R 2 45 E AT 1 ie
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Table 1 Comparison of Network Structures and Performance on PCNN and SPHNet
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Fig. 10 Chronological overview of point-based convolution methods
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Table 2 Classification and Comparison of Point-Based Convolution Methods
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Table 3 Point Cloud Tasks and Their Basic Frameworks
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W5 P 1SS SCHik [55-57,59-60,63-65,67-68,70-71,73—74,76,78,80—-82,88]
BT Sy 4 ik [73,80,83-85]
i (F AW B R 4 B R RAE Ve
N
: SIEER D s 2
C N
-~ 0-Table ]
1-Chair V¥ %
B SRR
REBE g
***DeConv
b2
#
"M
4
X “#
,,,,,,,,,,,,,,,,,,,,,,,,, wEEE 4
J
~
AR it
J
v
#kxCNN/***¥Net

Fig. 12 Basic frameworks of point-based CNNs
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Table 4 The Specific Network Structures of Classification and Segmentation Networks in Existing Research

x4 WARRDHEMS B WEREFRELEE

BRIMLE BRET DA e fiphh R
Pointwise CNN® Pointwise Convolution 4CL 1 FC 2 FC
PointCNNF x-Conv 2CL 4FC 2DCL
MCCNN® ¥-Conv 3CL 1 FC + 1 Softmax 3DCL
Geo-CNN™ Geo-Conv 1FC+3CL 1FC+1BN + 1 ReLU
BPM-GEM"™” GCO 1 BPM + 3 GEM 3 GEM
ShellNet™ ShellCony 3CL m MLP 3 (CL + MLP) + m MLP
W-CNN'" Spherical Convolution 1 (Octree'™ + m MLP) 4PL+3FC 3FC
PAN® PAC 4CL+1PL+1MLP+1PL 2 (FC + ReLU) 2 (FC+ReLU) +4 DCL +
1 PL +1MLP
DPCNN'™! DPC mCL+1PL 2 FC 3FC
LAM-PointNet(++)*" DSConv 2CL 1PL+1FC I1PL+1FC+2CL
EPN'™ SPConv 10 (CL + BN + ReLU) 1PL
HIGCNN®" HIGConv 2 (CL + Softmax + PL) 1 MLP 4 (IL + MLP) + 2 FC
InterpCNN'Y InterpConv Z((Cci:];iif;i%)) 1CL+1PL+1FC 1PL+4UL+1CL
Sis O SasCon SCLAQCLARAD T e o (UL 7 2(CLEReLO)
KP-(F)CNN"™ KPConv 5(CL+BN+ReLU) + 1 PL 1 FC + 1 Softmax 5 (UL + MLP)
MappingConvSeg"" MappingConv 1FC+4CL 1 MLP 1 MLP + 4 (UL + MLP) + 3 FC
GCANet™ GCAConv 3CL 1 MLP 2 (DCL + MLP) + 1 DCL
SPCNN" SPConv 3CL;5CL 3FL 51IL
PACNN" PAConv 2CL 1CL+1FC 2 (UL +CL)
Flex-CNN"™ Flex-Convolution 6(2CL+1PL) 1 Softmax 6 (CL+ UL)
ConvPointNet™ ConvPoint ii%iiziiiig 1 FC 6 (DCL + BN + ReLU) + 1 FC
PCCN" Parametric Continuous Convolution 8 CL 2FC 1 PL +2 FC + 1 Softmax
SpiderCNN'" SpiderConv 3 (CL +ReLU) 3 MLP + 1 Softmax 4 MLP + 1 Softmax
MCCNN™ MCConvolution 4 (CL + BN + ReLU) 1 MLP =3 FC 1 CL+ 1 MLP
PointConvCNN'™" PointConv 2CL 1 FC 2 (IL + DCL)
PatchCNN'™ PatchConv 3CL;4CL 3FC 4(IL +CL)
RS-CNN™ RS-Conv 3CL;4CL 3 (FC + BN) 4UL
. 3(PL+CL+BN+
DensePoint™™" PConv 2 (PL + CL + BN + ReLU) + 1 PL 3 FC (ReLU) 1PL
PCNN™ Sparse Extrinsic Convolution 3 (CL + BN+ ReLU + PL) 2FC 4(UL+DCL)+1(CL+
BN + ReLU + PL)
SPHNet™” SPHConv i((f:LLiI;LL); 1] Ccli 1 PL +2 FC + 1 Softmax i égigiﬁ;;
RINet"” RIConv 3 (CL + BN + ReLU) 1 FC 2(CL+MLP)+1CL
MA-KPC™ MA-KPConv 5(CL+BN+ReLU) + 1 PL 1 FC + 1 Softmax 5 (UL + MLP)

TE: CLFEREMZ, DCL FRREMZ, FCFRRRELZ, MLP FRZZEHANL, PL Fmilbibz (B AT IR, UL Fom R, IL
FORIGEEZ, BN R itIH—1b/Z, Softmax Fl ReLU F/R¥llii EZ , BFFORZE (U m R BECRSA ).

A T (o D A AR P 5 42 52 6 A 35 T R 4% N AH T
B TR BT 4 A A il 00 4 E SR 4% R A TRD, e X
(14 P BE X b 5 S 0 o i M B S TR e, R 2445 5
(1% &5 SR AL T8 A T A e i Al o o e e, At L
5 0 3 5 3E— 25 LR 43 #r
32 ®RHZE

B K TR T 8 = LB 2581, A 3¢

BT A S B T 3D A TR 43 AT 55 1 B s A
FPEAS 36 bR, 576 LI AE F, X444 BN 2% 1) Pk A
HEAT T X H A #

DB, T IHAA R & RIEHAE 3D M
TE AR5y ZAT 55 vh B 25 5, B0 AR 58 AR M A9 A JF
BOPE 4 F 2R A LB 4E (synthetic datasets)
ModelINet10/40(2015)"™. ModelNet % #i 4 f0 & T %k
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’ Table 5 Comparison Results of Classification Networks'
? Performances on the ModelNet40 Dataset
NS oA ey #S AXMALEEModeNtORIREL
Haxt b 2 R %
e BERA% (BROT) WA odt mdcet
I B eConv - LN o =
RHIESEH 29078 PointNet” P 892 862
28875 % PointNet++ P 90.7
HH G it LY PointNet -+ P+N 919
l BT 7% ACNN™ P 89.1
BFHGZI % A-CNNTY P+N 926 90.3
PR R FETFIRZ )7 3DmFV-Net™ P 91.6
Fig. 13 The training flow of point-based CNNs T A9k SECNNT P L4
13 LT 519 CNNs I i FET ARG )7 SFCNNP P+N 923
F 6624 25 1) 1279154 3D H Fr ¥ 1, H 7 4 JETE )7 1% SPH3D-GCN'™ . P 89.3
. . Pointwise CNN (Pointwise Convolution)”>”! P 86.1 81.4
ModelNet10 17 T3k H 10 ~25 19 4 899 4~ H br ¥k, PoIntCNN (-Cony)™ Y
ModelINet40 £ & T & [1 40 26 #9 12311 4~ H i5 4 Geo-CNN (Geo-Conv)™ p 934 911
. SR S o 0 G0 R 5 0, A A 0 4 Shelet (ShellComy R
MRS B2 1 T 7E ModelNet10 ¥4 48 I W-CNN (Spherical Convolution)” p 88.7
AT LSBT AR R D, X 20 AN i, PAN (PAC)® P+N 934
UG LEFE ModelNet40 BHi 48 I 45 51 DPCNN (DPC)™ P+N 931 914
D) PEM IR bR, I T IR X LB FE BAE 3D S EPN (SPConv)*” P 883
AR AT 55 R Ry PERE, R 18 SCHR TR H B 4 HIGCNN (HIGConv)!"” P 932
H U RV 5 B, TS BR HIGENN (HIGCony+NAC) ™ P
@ £ B (overall accuracy, OA). B 1E #ff 73 28 (1) InterpCNN (InterpConv)!*” P 930
2K B 5 A B R Y R (R % 8 TR B AR B b StatsCNN (StatsConv)"*” P 89.6
FAE SR GRS I (P 28 904 e & LA A 1 KP-CNN (Rigid KpComy ™ P
B4 5K B KP-CNN (Deformable KPConv)™ P 92.7
@ 425 K5 B (mean class accuracy, mAcc). &4 GCANet (GCACOH\[?:ZJ P 82 8l
T AR 2 591 PR 4 9 T 0 43245 A 05 A B2 T . iif:)) A
. 2838 T 28 5450 2 B i 55 42, T o )
- Flex-CNN (Flex-Convolution) p 90.2
ConvPointNet (ConvPoint)"™ P 91.8 88.5
3)RFHEEE IR, R 5 F% T AR TAEP IS = SpiderCNN (SpiderComy)™ pin ooa
R AETE R A3 AT 55 L Re I 24T T 45 1 X MCCNN (MC Convolution)™ b 90.9
P, B A AL (AR bR PAK [E] 5 N A2 A3 PointConvCNN (PointConv)™"! P+N 925
Hr $6 57E ModelNetd0 £ 4in 4 E Ry Z5 R o 7 2 PatchCNN (PatchConv)™ P 913
HiXF LA BRI 4 B PERE, 8 S HBR T A2 T 3 PatchCNN (PatchConv)™ P+N 924
T AR BHME I, 52T 5] F L2 n — 2 1 RS-CNN (RS-Conv)™! P 93.6
fib 19 A5 AR 2 1 04 O %, AL 4 S 3K TAE PointNet™ il DenscPoint (PConv)"! P 932
PointNet++" | 3£ F# 5 19 J5 ¥ ACNN" 1 A-CNN"" PCNN (Sparse Extrinsic Convolution)™? P 923
3 F IR % A9 J7 i 3DmFV-Net™, J T % 19 7 SPHNet (SPHConv)™ P 877
SFCNNPY | 2T [&] {1 J7 1 SPH3D-GCN™. RINet (RIConv)™*” P 86.5
MA-KPC (MA-KPConv)™¥ P 89.1

4) G535 T OA (I J2 B0 B A Bl 42 1) 2 18K
PR VLR O X 32650, 1T mAce fEN 2 5E T B4 —
AT A R R, OB E. 5520 B Kot R

H: P FURAEAFR (coordinates), N F/RikME (normals), U7 IHLI
FORZIVEEAECEE B BTIARXT RS R, 1 PRI bR R M 25 fE
YT
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AHEERS, W) 04 (55T mdcc {; 2, OAHEEZ
B 5 AH XT3 K 28 1) A HE B 2R 5 R, mA e {E ) 32
LA B ARNE /N 0 2 0 %) YA 2R 5 . AT LA
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B AE T, PAConv K I 1 — /> 43 B 4% >k 2% 57, i
SPConv i 12 #4) & JLAAT 5| 5 19 2R 15 | e S5 o 50k 52 B
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Fig. 14 Comparison of point cloud segmentation tasks
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BB M REHEAT T X LE 4 # .
3.3.1 A H
DR 7R R )& BUE B AE 3D A=
BB R S R g R, AR TR T
ShapeNet(2015) ™" 3 — & Wi 4 45 . ShapeNet %545 £
5% T 29300 774> 3D Hir#ik, H+4E ShapeNetCore
fLE TR H 55 260 51300 4 HAR# K.
D)V AR bR A T I X B IZ BAE 3D M s
I3 HTE 55 h By TR BE, BUA BIESE AR B DAL FE AR
22 1 32 I H (mean intersection over union, mloU).
TERANE BRI Z Ly P E B R 25 8
32 3F b (class mloU) ; 75 A 52 441 b 55 58 5 At 4
Z LS 208 R Sk 52461 35 22 9F- L (instance mloU) .
I)RFHEEE IR, K 6 912 TR TAER IS =
35 D 48 AR A A T 55 b B RE T HEAT T 45 X
Lo, B35 i A A (EAG 15 A br Pk ] i ND) A2 A
T 48 A5 7F ShapeNet £ 52 A 45 5. Sy 1 81 4 i
HXF 25 A B R 28 P RE, 6 6 thBR T 9128 1 2k
TR ERM I, 52 T 5] 75 g3 n) — 21
fib 19 A5 A% Mk 1) 12, 445 SE 3K T4E PointNet™, 2 F
BT 1 A-CNNU ST IR 2 1951 SparseConvNet™
A PVCNNPY, 3 F 5 #% 9 7 1 SPLATNet,, ™, SPLA-
TNetyy 3" Fil SFCNN®, S F (&1 J5 % SPH3D-GCN™.
4) G5 oy Br . FRAE o AT 55 B K A e At R B
AR [F] 3 SCAR 28 1 S5 41 B AR 25 ORI L AT 722 A R RS A
P, X EE £ A P45 1) class mIoU {i, 1] LA4S 4 H A AH
X 55 Y ) 452 W-CNNSY H BT (i Y 3 B T
Spherical Convolution +2: F A 7 AE 42 4 (1. W-CNN'Y 25
FHFFE AT T AR B R A0 AR B R AR s SR,k
TSR G5 R 1) 5525, 32 R O [R] 79 A Sy 35 48 Bl 4
KRG, BNk A ) KT AE . #4544 (kdtree, octree) .
FHILZ T, BRAA) . KT SR WY | 5y, (A T
MEEZ A S s, BE50 BR R E AR, KR
MU R ERABIRAE B 45 5 3Rk, Xt TE T P-CNN'Y
I ERCR. RS = B 0y, ARz BIRA
FUEATE, an A~ FL 503 5%, kdtree fiE S 47 b 40 23 4
595 5%, M0 octree MIAR M PR A2 f5e /N7 7 AR 14 RUST g
L, KRN —ASr 5 (K ] e A 1R 2 A [l s
S0 Mz, K/INWAT BB ST 7 R 2Z ] DGO B2 k. dn 2R
Mo AR L BR A, EEAReE WK, T octree
25 Ty K™ AL, I Hosdl 5 Z RV AR X R 2 T 75 1
UL Xt A2 A R A A, TN . PRk, P-CNNTY
X — F T\ UM 45 44 19 I 4%, W1 DA g S AR R
PR A ASFHRAE B JL AR A5 8 A LT A8 Ak, E A AH X G

Table 6 Comparison Results of Part Segmentation

Networks' Performances on the ShapeNet Dataset

R 6 ARSI EIM LR AL FEShapeNet Bl S £

HIXT EE 45 R %
HRRL (BT 5 K class instance
mloU 1 mloU 1
228175 1% PointNet'! P 83.7
FETHA A 7% A-CNN' P 85.9
TR )71k A-CNNY P+N 86.1
FETARZ )71 SparseConvNet™” P 63.5
FETIRE 77 PVCNNP P 86.2
T S 19 )7 7% SPLATNet,,” P 82.0 84.6
HT S 018 SPLATNetyp 50 1+P 83.7 85.4
FET M 9 777 SFCNNE P 85.4
HTFE )7 SPH3D-GCN™ P 84.9 86.8
PointCNN (y-Conv)"*! P 84.6 86.1
ShellNet (ShellConv)™®” P 82.8
W-CNN (Spherical Convolution)®" P 86.8
PAN (PAC)™ P+N 82.6 85.7
LAM-PointNet (DSConv)"*”! P 84.1
LAM-PointNet++ (DSConv)™ P 85.3
InterpCNN (InterpConv)™*” P 84.0 86.3
StatsCNN (StatsConv)™*” P 80.5
KP-CNN (Rigid KPConv)"" P 85.0 86.2
KP-CNN (Deformable KPConv)™ P 85.1 86.4
GCANet (GCAConv)"™ P 771.3
PACNN (PAConv)""! P 84.6 86.1
Flex-CNN (Flex-Convolution)””! P 85.0
ConvPointNet (ConvPoint)" P 83.4 85.8
SpiderCNN (SpiderConv)"™ P+N 82.4 85.3
PointConvCNN (PointConv)™" P+N 82.8 85.7
RS-CNN (RS-Conv)™! P 84.0 86.2
DensePoint (PConv)™! P 84.2 86.4
PCNN (Sparse Extrinsic Convolution)™*”! P 81.8 85.1
RINet (RIConv)"*” P 75.5
MA-KPC (MA-KPConv)™ P 79.5

e 1FRER (images), P FRRmibtR (coordinates), N K Rkl it
(normals), HF MR/ RZIFARL ZE B ATAVREXBALEE R, 130K
VAR AN R NS e L

(1% 19X 45 14 B R X EL 25

2B, X HE 451 4% ) instance mIoU {H,, A L)
&P, KT )5 ¥ SPH3D-GCN™ 223 34 i F HoAth
D, BOE T B U . R4 B RS B L Y I
REEF IS5 A N T % 07 B 0 AT R R R E
BT W2 R PERE. b, SR R[]0 S 0 AT LR
SR [ 208 38 1) AS TR R AIE 5 51 FH AT 40 85 Bk 4 FH R W 43
BPATIRE B BT M ERE R, B> 7K
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251 2 B0 R RN B A P R OE R T Y
KRR G5BT I 28 B, DR IR T I 4 7 T 422 30 b f
CNN ) [] Fif 35 BE T G- b Ak 1R RUASE o7 == B0 H , 1138
RORAE . UL, BR T T A BSOS B 1 46 B
2%, Kb BT BH B0 o B 2% s SR F T N BB 1) T IR
AWFFE Y5 18] Ak, KP-CNNUY 2 56 T 55 i1 % 1
A X R, oA, T AR JE KPConv 19 1 BE 4 NI
P KPConv HIPEREZE R tF— 2L, X & H F R ZEJE KPConv
FLA SR K R AE 3 B T DL S nT 2 2T
332 ENXAE

DS 18 o H — M T B2 5o kAT
Y SR Z 05 FUE 55, % B s 515 s 2 ik

1103 %), BUA BB H T Y S92 3 5 BOHE 2B (real-
world datasets) 15 J& i1 A [7] 28 A1 4% 3% 5% 4% A5 21 19
X A28 I LU T 4 ANTE Rz 43 BT 55 B 5 b 4
BEW BT 585, ak 7 PR . 56 BUUE %
AN T Y 0, 36 S HOHE B i T AR SRR AR B [ A Y B
R BRI A7 R e A e N B PR (a2 )
AITRHR ), B 2475 B 1Y 1 = 23 A A ) B2 8 R e L =5
I T 7 DR b 0 2 Rt ) s B R RO 4R ok
YLERARZ, e B Pk SRy

)M dE bR, A TG X SE B S AE 3D Mo
3 EUE S5 R PERE, BLA I8 SCER I TR B - 4
br, & H B RRTE AR EEAHE 04 A class mloU.

Table 7 Common Real-World Datasets
F7 BERRNEXBEHIES

Hdlite Frstias Yrstis Yt EHPNIN FehRH
S3DIS (2016)"" Matterport AHHL (7% 3 ASIRIMIFE A S5 F A2 I%ES ) =N 6 10x5%5 14
ScanNet (2017)" RGB-D #i#l BN 21 §x4x4 20
Semantic3D (2017)"” HTATOGIAAY ( terrestrial laser scanners, TLS ) 2% E4h 7 250%260x80 8
SemanticKITTI (2019)"" FENBOEHIY ( mobile laser scanners, MLS ) -7 L)) 4 150x100x10 28

)N EEAE . 3R 8 FI A T &AW 5E TAER &S =4
) ) 45 7 AN [R)B0H 4E 10) 18 SCAr T 55 B 2 AN TR
FEBR ) XT EG 45 5, B T 7F SemanticKITTI 205 4 E /Y
BER D, WoX BORJRIT 0. [RIEE, S T 3 4 1 b
Xt H A AN B UM 45 PR RE, 26 8 tPBR T AR TR T
ST AL, i 5125 T 5] 5 A 48 2] 09 — 22 Al
(A AR Rk Wy 35, A4 58 9K TAE PointNet™ Al
PointNet++"'| 3 F 5 (1 7 2 A-CNN'Y | 3L F (R &
()7 ¥ PVCNN Fl PVCNN++ | 5T &) 77 SPH3D-
GCN™,

4 5. N 8 Al LLE ), HIGCNN'" 7
% N EAE A S3DIS Fil % A4 42 SemanticKITTI [+
HUAS T A X AR class mIoU fH, % W % ft b 22 ) 4
RURREG, RS HREBARN TR A
FPAE AR, FE 5072 10 05, 2 00 4007 B2 JL A RS AE, A 18
I b E AT REAE S5 R, 1 AR AT % 45 A4 4 A R ]
FH B W 75 R AE, 78 R UE 2R A T 4 BB 0 [ B A2 2%
B, MERTEE

% BT ConvPoint”™ 7 % P BHE 4 S3DIS %
ANEL P4 Semantic3D I B US T AH X 8L B9 04 1H,
1% B 2 7 B Ak R R 45 40 1b B0 7 B RCE R
(R T 79, BT L0 M A R e 4 L Ho,
AN RN B B T R 2 18] (1 LA 56 R AR A,

I RRARR T X i A R s R/ B, AT DA A i
Do 28 A R 454

I Ak, KP-CNNU 78 % N B4 4 ScanNet | B
T XA class mIoU {H, 7E % AN 4E Semantic3D
FEAS TR class mIoU 8. N BUEEE FRF, X
o m ST R AR T Y 3D g R s RO, BRI ek
Y — AR AT 43 FIME 55 1] KP-CNNT SR B AL
AR — DA = B FIREN T =
(subclouds) , A {4 4 A4~ s B B A [m] B4 BR A4 T 22 1K,
X PRIE T RS B SR A AR Y AR
A A SRS [F] 57 Y KPConv J22 %t 25 2R 52 1
AHXT T4 A SRR B BR BE, BV 80U AZ BT (effective
receptive field, ERF), AJ DL % B, N4 KPConv /) ERF
XoF e i IS TR ) X G B A AH T — B0 BE Y L 1 AT
A2JE KPConv Yy ERF H A B8R 1 1 38 I M, ) LA [
AR ZE AU G 0 /DN, $ sy 1 I 4% 3 N 37 ¢ i JL AR
SEA Y RE T, JTRE O N3 5t AR MU 2 A 40515
HAE 2 NEAE 4R S3DIS b BAT S AF A MERE. SR 1T 75 5
R ZFEX 20 5 1) %= N EHE4E ScanNet 1% Fb
BAEHE Semantic3D I, NI KPConv [ 4 fig 3 v] A%
& KPConv [P RE SR IF—2LL, 352 h TR/ 25 KPConv
TESETE T ASURAE 5 8 B8 T A (] s 2 15 im0 4% 71
2R, RTRE S T 45 R Bl S Bl LA
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Table 8 Comparison Results of Semantic Segmentation Networks' Performances
K8 EBUHBIMEMEETLER %
= NERAE EIMEARLE
BN (BRET) S3DIs?"! ScanNet” Semantic3D"” SemanticKITTI""
0OA? class mloU? OA? class mloU? oA class mloU? oA class mloU?
2241771 PointNet! 84.5
Z )74 PointNet++" 73.9
SEFHEE T A-CNN'Y 873 85.4
HFAREN 715 PVCNND 82.60 46.94
FTRFEN 71 PVCNN++ 87.12 58.98
FT Y J7 4 SPH3D-GCN™ 87.9 61.0
Pointwise CNN (Pointwise Convolution)”” 81.5
PointCNN (3-Conv)?™ 88.1 65.39 85.1 45.8
MCCNN (x-Conv)"” 84.5
BPM-GEM (GCO)"™ 61.43 63.5
ShelINet (ShellConv)*” 66.8 85.2 69.4
PAN (PAC)"” 85.9 61.4
DPCNN (DPC)"* 86.78 61.28 85.95 59.52
LAM-PointNet (DSConv)"*” 59.1
HIGCNN (HIGConv)""” 79.7 52.7
InterpCNN (InterpConv)™®” 88.7 66.7
KP-CNN (Rigid KPConv)™ 65.4 68.6 74.6
KP-CNN (Deformable KPConv)”™ 67.1 68.4 73.1
MappingConvSeg (MappingConv)”" 86.8 66.8
SPCNN (SPConv)"™ 88.21 62.08
PACNN (PAConv)"™ 66.58
ConvPointNet (ConvPoint)"™ 88.8 68.2 93.4 76.5
PCCN (Parametric Continuous Convolution)”™ 58.27 94.56 46.35
MCCNN (MC Convolution)™” 85.9
PointConvCNN (PointConv)™" 55.6
PatchCNN (PatchConv)™” 58.1
MA-KPC (MA-KPConv)"™ 62.1

TE: BRI bR HATEARREIRAS R, 13RSI bR e MR R 25 VR

3.4 &t
RMFELREID HaWERREEZ—, ERZ

SRARAT B, A0, 7EREAT Ot MR E G A A

AL ST B B R I A T AR R A RE IR AT

REBT AR 55 B AL B AR I BE LR, il i =
IR UL . s BCME L T RIS A, AT
— A m R AELSE 3D HAAT 5 —B o™, H
RENE 25 4 BLHE R WA 1) Jim 20 Y T A 45
ML LA THE 55 vl LU A2 — A7 Wi B A el
VS PR, AL Tl 3 3 i A A D) i AR 95 2k, T 2R

RS R HEAT TN . PR, ] DA A el A5 2 43
25 (1) — SE R 2 BOR A N X AT 55

A SCKG P Tk 2o A 1 098 TAESEAT T % b4y
Br, 45 RN 9 iR, R A9 8046 45 & ModelNet40™,
XF EE B4 PE BB 8BRS 4% 5% 512K (cosine loss) . [RIFE, S T
B 4 T XS LG A5 AN RN 2% i RE, & 9 TR BR T4
26 7T S MA, 528 T 5] F h AR R Y
— b B A AR SR MR O, A HE IR TR

PointNet' #I PointNet-++".
F 2 o ] LIS, XAl i 45 55, A Xk i
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Table 9 Comparison Results of Normal Estimation Task

on ModelNet40 Dataset
%9 ModelNetd0 FHBE FREZMITESITLER
A ALK |
224177 PointNet™! 0.470
28753 PointNet++ 0.290
SPCNN (SPConv)"™ 0.146
MCCNN (MC Convolution)™” 0.160
RS-CNN (RS-Conv)*” 0.150
DensePoint (PConv)™*! 0.149
PCNN (Sparse Extrinsic Convolution)™*” 0.190

e BOF TR R IZ AR E B AT MRS R, | 2R xS e
{EBR/IN R 26 PR R
B 14 2 BUR 4% A0 55 F J& SPCNN(SPConv) ™, %%
FRO7 kGl LA 5 AU I HOR HE T BMR B R, A
T8 N b A 53 52 R LA 2 2] A3 )L BERUR R HES
FLIN, PR b A R R AT R B X C R AR
T, X5 T F 00 b 73 A 7E 3% 2% 3D =5 (8] i (19 3D A5 =,
XL R 5] X W OC R JE AR A, L, A5 T AR
T AU 5] T 0 2R 5 R, 2% ek B = A
A B AR 35 ) — 2 Ry 38 X el 2 ] g S 6 g G
F, 2] | 3 R 53 I IO 2 0 SR R LA 2 A
TR A T S s A A 5

I, GRa o Hrie AR o 38 L BB o HI AR Lo
X 3RARBEHM S DS EX 3 K BAF 5 ik
117 525 F o BT A B9 LA, 32 24045 : PointCNN (-
Conv) ", ShelINet ( ShellConv) ", PAN (PAC)"", Interp-
CNN (InterpConv) ', KP-CNN (Rigid KPConv)"", KP-
CNN(DeformableKPConv) ", PACNNPAConv) " ,Conv-
PointNet (ConvPoint)"®, PointConvCNN ( PointConv)®",
MA-KPC (MA-KPConv)™, X LL 25 SR AN I&T 15 7R,

LA 5, 6, IR LLEE R AT LATR T, AH XS

| @ ShellConv'®”
| AMA-KPConv*™

'V PACH
» y-Cony’™
| «Interp Conv'® 68 o
/HPAConv™ > 4k W 66 &
' & PointConv!*") =
! ConvPoint!” 64 /R‘
"% Rigid KPCony!"” 62 >
| % Deformable KPConv!"” 60 K8
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Fig. 15 Comparison results of three point cloud tasks
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R S5 PERE XS LG, B TR B 1) B R A
R 2, LLB ) —26F 7 19 5l = AT 55, W 3D HAnks
W5 EER | 3D 5t HAR #1458, BAR, BERIEH A
A —E B P B B AT SR AF AR — E B AN T 58
W A WAL, AR SCRVIIFFIAE T 3 A E T AT Y
GRIBHE N — LRk T BE A BEIE O ], £ B AR £
X Rk = B BB SE L BE XN ] 5 = A 55 B R 5R
BE XA RS J7 2 g, gl 16 Bos.

41 SXBFHEZNAMHR

1) A7 5 B

M 3 A FAE 55 ) OA 1B 1 mAcc/mloU 1B )
PR EE SR LRI, SR A — sy kU A T R



896

HENR SR E 2023, 60(4)

AT i Bt
A FERA

RS
— ek -

FERITEA /A2
HRATIH

Rotha
REBIRRE | s R

=R

FUbRAGI /53

BT B RUS EAR R T RERIHT T TT 7]

T bR s e g g 3D IR SR

H bR R iR

3DH fRE
3DHEF
3D ERE

ERE=wAL/IN]
%2 RUEE I

TR I

EEXAS R R & 7R R T
= }

transformer}{ 55CNN

Visual transformer o
Transformer CNN 5 transformer

Point transformer

Fig. 16 The future research directions of point-based convolution operations
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