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A Vector Spherical Convolutional Network Based on Self-supervised Learning

CHEN Kang-Xin' ZHAO Jie-Yu"?> CHEN Hao'

Abstract The unknown rotation of 3D objects can bring challenges to the 3D vision tasks. It is difficult for some
existing neural networks to classify or segment the 3D model after the unknown rotation. Aiming at the above prob-
lems, this paper proposes a vector spherical convolutional network based on self-supervised for learning the rotation
information of 3D objects. First, the 3D point cloud signal is spherically sampled and mapped to the unit sphere;
then, the rotational features are extracted by the vector spherical convolution network, while the randomly rotated
3D point cloud is input into the vector spherical convolution network of the same structure to extract rotation fea-
tures, and the self-supervised network is used to train and learn the rotation information; finally, target classifica-
tion experiments and part segmentation experiments are performed on randomly rotated 3D objects. Experimental
results show that the network designed in this paper has a 75.75% improvement in classification accuracy on the
ModelNet40 dataset and a significant segmentation effect on the ShapeNet dataset with a 51.48% improvement in
the intersection over union (IoU) under random rotation of the test data.

Key words Vector spherical convolutional network, self-supervised learning, 3D object classification, 3D object
part segmentation
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2. WHLE#E)

EC I e TV LS AU SR A4 55, i SR
SRV B 08 AT 2 BEATIC AR, 0 75 ZEHL A A
REE AT = BESR I A (1453, B 6D B2l Tt
RS A 6D LA THES T, =4k H bR R
%% & (Local reference frame, LRF) K7 &l
o F AR 07 AERECT. Wi g B SR H
W R Z % &, WELRTETT 1A, SR IR K
BT E AR ERAE 1) AR, B, 78— Mo 2 0 4%
Rets A At 7 2] e i (5 5., B EE R 48 ) 2 B A g
AR (Rotation equivariant )™

D fd A e P 2% A e e S AR, 1 e BER AR
TEIRIE BAT e 5542 e /1. BRI A M 4% (Con-
volutional neural networks, CNN) /£ 4 E&RFE
FEMUREEL, 72 —4E R AL 3 O 2 AT BRI ).
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{HRRAE TN = 4EHR I, CNN Ff AN REAE IR & 1 b
VL E S, ONN Joik BN = 4E 0 21T B A 5
PRI 4n ok = 4l e T 21 — 48P b, AR
YRR ES SR URAAIE, IR ) = 4E S 72 R T I
S AW AR 1 3 = AR IR AR AE R 40
RAGAE. Hk, ONN WA B A e A", 7o
20 R PR BURR A5 SR B, Cohen 451 $i
G RMN 4, IFAE A -, Cohen 55 I
Esteves % & tH BRI %41 (Spherical CNNs), BRI
R L 5 2 1 7 T0RK = 4E A% EdE (3D mesh)
O B AL BRTH (Unit spheres) b, B Friit
(RVERTH 5 AR £ AR B4 SR R AE, 3RS AREH IS bk
TR B2 e 55 AR 1Y), it LARENS A7 RUCHE BN B e e 55 A
FHE. You &' #2£H PRIN (Point-wise rotation
invariant network) W%, fff FH % B 5 & PR AR
Bt (Density aware adaptive sampling, DAAS) ¥
=R A TR RIERT b, S =4 R SR A
BRI LA, Mitchel M $2H — 3Lk 5
WrAE AR BRI B R T, K SO(3) A A1 AE AL BRI
R B 5L L O AR 46 |

T A A A S iR e e 45 A8 MEY, Hinton 51
FE IR FE M 4% (Capsule networks), K% Gibr 5 #
R A, MHREWRERIENESER, (REM
2RI R AR I, TR R IR B ) R ) B A 1 e AL )
(Dynamic routing)", & S — MK T m] s 44 IR
FRA TR TVE; 2 Ja e sk L], SR R
SR A8 R BRVER B A A I B 2 2[R PR RS 40—
AR AR, Zhang 55§ H B T IO A% % FE Ad vt
(Kernel density estimation, KDE) % &%, 7E#
HIERE, D T 40% KI5, Igbal 5 A4 3)
A LA BT B LT SRR, MR H AR
B FEREAT TR, Gu 58P 42 H L S AUE 1) A2 4
FERE, LA TP 25 07 S AR 4 A . Gu 282 I
Bl I EH AL 2 B IR I 2 (R S5 AR 1, 4 HH BT il
MR EMETEF M T ABE T - BEREME
JG, PAE BB A HH k. Venkataraman 2529 fif
PR S5 AR 5 R R R 2 IR S5 A TR FE I 2% Bk 415
SR T — R R T B AR S (Expectation-
maximization, EM) [A] 5 555 IR B IR T Y 4%,
S TN E S T 5 AR

H 8B % 2] (Self-supervised learning) %41
AT JUAF B R 52 3 SGVER . Zbontar 552 0 &
22 >] (Supervised learning) & #4) % 5 in %4 BE (138 FH
RS TE B b By I Wl ) — B, SEBs b, A SR
A BRI T E AT REAR B, B — 5%
RAEA R FR B, BNt x — kR =
G S MBIERG. B INE S WS BRI Z MK

2, SCHk [30-31] FISCHR [32-34] 76 90 4EARFI 21 1
SO 4 H 28 AR i 2 I 25 28 42) (Siamese networks),
QLIRS AE RIS G TR/ C PN S i 2l s
22 28 B R [R] — M 48 A S A TR] (B LA TR
VEIAE K. — AP o N, AN y f

N,y B G SRR AR . T e ) 2% At 45 2 45 R
I & (Embedding), 43 7%5 BTN o Fl y. S8 )5
R 3K L 0 288 SRR SRR, KA R T RO A
R R (B R . RS B A — R AN A
AR RRAS I, TT LAY B 2 28, DUAE & AT i %
FEAG L.

ZR LRTIR, DUk B AT R4 2% TR IR I s Ak
B = YENE R HARAR SR S5 A, S — A R A e
AR PR E IR R EERTE A MN 4% (Self-super-
vised vector spherical convolutional networks), X
AT & AR LTS 5 17 P 4% (Canonical orientation
network, CON), X{T & e 4% ) =4 H br ] L2z 2]
HAET7 1.

ARSI EE TR T

1) $EH T — M3k T B MBS R BRI G
R 2%, BENE KT RIS 1) =25 H A A 21 1T
Jri E;

2) [ SO(3) TR T # AUM%L GE ) A2 B FE B
THELITIN I B e 28 7T, B DR D00 45 1) g e 4 A M

3) LI SO3) BRHE T BUE R J5 it 5
R B A T, 384580 0 245 75 555 738 450 1) A

4) e —Fhr ik i 57 U Btk G Bl
S HALE, fEE IR A REE, R 1 55 K
280t ) AR e B e 1

1 ETAWEFINREKREERMWLE

ARSCH R LT 1 1 2 T R R BR T
W% (FFR CON %), FIT25 =) =4k F bR i liest
S BRI 1 .

W 1 R, HEZAER N CON RZ 45K, CON
24 T LA 43 Ay == 4 5 2 BRI 135 2 SRRE L e i %
TR, Foh = 4 i E BRI 5 SRRt
F04 5 7 15 BT RRE, %505 215 S WU SRR L
R ER T U BRI BRI = 24 15 2
IF, FFBH %A i R UL IR, B 15 1 e
AR

11515 1 20 2 2 228 9 2 5 0 A 9 5,
LA 4 S AR B, BB Rk
HE PR I 946 J 2 SC 19 CON %%, FiI -4 e
SEARFIE, 5 OB 9. D258 €5l A HE S5 LA T A
F g(P) 26775, i G SHE SR B AT LU (W) 275,
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HRRE. Z4E S 55 PR AT AL 5
MEETRNW =Lg P, PHW 55l NP M
284y S A4S B R e e RRAE B E B DY oG £
Qp = g(P) MQw = g(W). TWIHHEE 1.4 751 hess
AR X, N

Qp=1Lg g(P)=g(Lg-P)=gW)=Qw (1)

T SE SCH BB P& IR R L (Q, Qw).
R 2% B I 25 H AR, G BE BT e e 10 a4 i 5
3, IR E B 28453 21— 2 20 (1) BT g.
T 1UHAI TASCH RS, kb

*1 WHESE
Table 1  Table of common symbols
7 (Sl i
1 (ai, b, cx) BRI AL R
2 (an; Bn, hn) oz BRI A bR R
3 S2 A ERTH
4 SO(3) YN
5 g F7R CON MZIE 2
6 f 8 82 L SO(3) 5%
7 Lr WERFARIERF
8 ) LA
9 h FEMLTT
1.1 ZHSRBREES KRR

R E G SR T G A AL B AR, 72 A
%ﬂﬁlﬂﬁ‘]ﬁf SN BRI G 5
HEMAM R LGS, SR S AL bR A BR
)_Lif% % RILACIRTT 275 &, IR )5 FAE BRI AL
bR R G AR AL . A s AT LR R T A bR
FRoR3 Bl 2, = (an, By hn) € S x H, n KR

Self-supervised vector spherical convolutional network

MR an BARTALA, B, T, hy, T 2[H
O FIAR 1) R 5. o o 1 5 6 AR A A, ] BRI
FENAFRBRRFEEE M. A K AR
&, U H AT DABE A AR 2 Wi B SRR S? 1 (a 6)
MEM KEESEE, K 2liEl, KERIES
f:8*x H — R,

X T AR AN BRI S R 2R 51 EH A% BRI XA ()
O (ag, by, cx) T, HH, a; €0, 271), b € [0, 7], ek €
0,1, G, k) € IxJxK, a; = (i/I)-21, b; =
(G/J) 7, ek =k/K. a;, by, ¢ 73 mRRTTALHH
AR, XK T x J x K £ 05Pe,

T G A SRR T A R BN S
TEWRRL 25 0] A —20hE, 51 NS B & MR AR
77 A0 RS AF T AT AR

U AR EEREES £: 52 x H — R™:

N
> wy - (§—

[ — cxll)
f @i, by, e) = "= ¥ (2)
>w
n=1
Hordt w, 7R IEMML R
wn =1 ([lon = aifl <&) - 1([|Bn — bsll <nf)-
L([[hn — ekl <€) (3)
12 RAE R H, 455 WANSE RO, BRI

ER 1, B 0. & ZATUE XMBERIZBRIETEE, 7
T T G NERFE R, b 3 B R L

RETKEBIRER
FEEE 1.1 4T, 13 Bl =4k i =15 5 AU ER T

1.2
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T, T RFI BRI E AR I =415 5 B RRAIE,
it ZA S2 BREMSOB) BRZIRM =48 =
FRAE, SRt AT R EA, MEVIHREE, il
SO3) BMAE TP =, HE T —ZER
BEMETT, MEZMEARER, FRREKE, &
JEIBEIL soft-argmax 2152 e E S

1.2.1  EKEEFREHR

BRI AR YRR 3 o A AE Bk T E1AE 545
fiE. T I gh SR ER T S AR A O 8 X

E M 1. BAEKE 52

SZRE— AN YT, a2 B e O PR R N 1
e cREIES. o UL T a € [0, 27] F
W g e [0, 7] FRmm: x(a, B).

EX 2. KEES

BRIAME 52 XAE S? PRI K HERE, f: 5% —
R, K REEH.

ENX 3. ZHhEEEEE SO(3)

SO3) /& — N =4EiTE, R —4Eleit i, 5t
FROVRFIR IE A BE, AT DL ZY Z IR Jié i (1) R
RN, B ERKBL A = I (o, B, ), BRI TERE R
FE R PTLAH%E 2 HIRTIER: R, () FGE y BIRIERE R, (-
IR KRR R(a, B, 7) = R.(a)R,(B)R. (7).

R = R(a, B8, 7) = R.(a)Ry(B)R.(7) =
[ cosa —sina 0]

sina cosa O

| 0 0 1|
[ cosB 0 sinf ]
0 1 0
| —sinf 0 cosf |
[ cosy —siny 0
siny cosy 0 (4)
0 0 1

SRR ST UL R x Row, W B
n] LA SE B - s 3RV ik Re.
ENX 4. S2HBR
WERHES f: 5% - RN, BRIy S2 - R,
FRONGRIBHE, KRR, S? BRI LFRRN:
[+ fI(R) = (LrY, f) =

K
/Sz1l)k (R 'z) fe(z)dz  (5)

? k=1
LrFoRiBt R € SO3) %t f #HATAE B A E e
B M TN e SPARRY B [Lefl(x) =
f(R_la:) [9.11]_

EX 5. SO(3) B

Eih, E X SO(3) A ERES f: SO3) —
R ¥ Ly WeFARAERF 2] SO(3) 2 M8l: [Lrf] (Q) =
f(R7'Q).

XH, R, QeSO3), R'Q Fnm ek
FEAHRe, BD e MR 4.

WG5S f BB Y, f, ¢:S0(3) — RE.

Ht, ATELE X SO(3) B

[ fI(R) = (Lr¥, [) =

K
R d 6
/90(3),;%( Q) f(Q)dQ  (6)

EX 6. TKEE S RIEHERM L (Fast Fouri-
er transform, FFT)

MR, IR e, M EREE S
FETE HER S 5 f AIE R ¢ A 30 B8 80 4T
THE, XFER] LA THR R, $R s O

SHERINE S FET 1€ X

bel =4l f! ™
/\EF‘7

f(x)Y},(z)de, x € S?
S2

f'= (8)
/ (@)Dl (@)dz, @ € SO(3)
SO(3)

PUEAZES RN 2K, 1, M, M’ e NT, -1 <
M, M' <1, Y} (z) R3REE %, Fkxts? e
SCH A LI JE T

EX 7. KA E S IREEHEEMH TR (Inverse
fast Fourier transform, IFFT)

FERE I T B8 G, 5 405 5 4t 1A%
#elo] SO(3) 73 [H), 1L BK(E 5 IFFT #4E . 4

HEREE S IFFT 1€ X
B—-1 l l
f@)y=> @+1) > Y fuwUs@) (9)
=0 M=—IM'=—1

XH, X & SO (3) mEEd S* i (Manifold).

X & S2RIEHIRHE, UL (z) EERISE L Y], (o);

X & SO(3) WMILMII R, Uk (x) Z4ER90 D 4L

DY, oy (). BRIEREL Y, (2)FI4ERSYN D 0% DY,y ()
BT RA:

Dy (e, B, ) = Yis(a, B)e™ (10)

3 A _be X, BRI AR 5 il 52 BN pH s

F| SO(3) A HIFHIE, i SO(3) BB —
PRI,
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1.2.2 XREKEERE (Squashing function), 4 J% & 48 7o FI ALK H 46 42

TEERT B RS B SO(3) ZAHFAE LG, @it K
WA EZ N REZ, RN SO3) =
(B RFERE— D HE B #4615 B

Jor U 40 R 3 ) 4% 7 3R EX N O B8 4 48 G 1) I
fige ) 8 FH 1 2 AR B B 1) 7 2R R T R BRI i &5
A ARSI ERUE R SO3) BIHE TH
Kt E MK ERE . ERTHE T i 2 s,

#hl: SO(3) - RY, BRI 50(3) — RY ", 434
REFIEFH i NREMEITCM I+ 12 jNREME
JG, d RARKREMEICMKE, ic{0, -, N, -1},
JE{0, -, Nwy — 1}, N Fom B AL 1L

FRHEEE 1.2.1 972 X SO(3) EKIHBAR [ * h](R),
K55 fHES bl B

hEH(R) = [w)t (11)

Soofr, R REI SO(3) BRI B BURL, 15
B2 B2 7T Bl

A, o e e A B o SRR T 0% £
HERE S AR PE R A SO T B TR B R —
FRBNZ TG, W12 (12) FiHiik:

«hl] (R)

1 Nl—l
+1 _ +1
55 TN, ; hiji (12)

ST RREI+1 B ARENE T, W
(12) B, Xb BT I RSEY T 5% v 22 G T3
i, ATRAMRE] ST SRR 5 (13) B 4 e 4K

[t * R](R)
’ oM 2
S0(3) BIRFET !
’ [y h)(R)
] T
S0(3) BIRFET !
B 1R REMETT
g
' [y * R](R)
TR

SO(3) BT i1

K 2
Fig.2

0~ 175 Hl.
sitl

7 (13)

2
41 _ Hsé'HH
j H_IH
j

R
H, 20T — R REMLTT. LRI N7
AERZRRERMEGHE, B&RPUESIKE.
HARS P BRT:
073 Wi 9201 25K A7 S
CINES SIS
. S RLT L
1) X LR i n e ul T nd
2) R 1+ 1 RIOFAIRRE j: oL bR
3)
)

KL+ VRIPTAIREE j: T squashing(s)’;
4) iR RLL

1.2.3  soft-argmax ¥{E

TEARTTH, K A 28 e i I 2 A s 2, SR 2
EFAE R

S RERMERBEIEEL ERERE)G,
R BB AR T, AL Bk 4B 2 1x
16 x 48 x 48 x 48, Ko~ 1 HIE, K 16, 7 56N 24
M. i e M 2% AR IZ B S IR AR L
AMEE MEFRAEBUR, 1l U] H B R A AR AIE 1) e %
F R Bk, 8 B A A T B K B K IR S
I, RAF XS R A EAE R, RIRTE SO(3) %] I
(R A bR AL B, SR 5 BON BT #4245 5., 1E SO(3) &

Ny

1 Z e
N, = '
PR [
T RREMETT 8!
PSS =t EZb
hl+1
oji
LS
N, = '
SER T . o
F—BREMETT §
SUNPS =i
hl41
1)i
LS
N, = Nl '
T

FoRREMATE sl
PSS |

h!+1
Npali

KEIRIEER R R E ik

Vector spherical convolution interlayer calculation method
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() ARR Fiz A T 00 A7, sl (14) ATk, Cr 3R
AR, © FORBAREE, FIH soft-argmaz KL,
RIS f K B S e BRI 0T L) SO(3) 73 18] B3
N T AA A
Cr = soft-argmax(®) =
> softmaz(||®[))(i, j, k) (14)

iy 4,k
1.3 HUREH

IR 8 3% A SR FH 20 A I 29 0y, BVASE FH P A 254
FHIF] ) O S BRI A AR N 28 SR BCRAAE, W 1 B,

WK BFEAES S, AR EEEE P, W e
S.P = {sp € R?|sp, = (x,y,2)"}, W={sw, €
R? | sw, = (z, y, 2)"}, W & P &3 Fifi WL e % 56 B
R € SO(3) 152/, BIW = Lg - P.

M 1.2.2 WHRER, 7T LOERTEXS N ) fie
HBER. &g MRRERIMERM L, A M2
Iy PO N R RE Rp = g(P), 5 — MM
28Iy 3 2] WO B I HFE Ry = g(W).

HARASS, H1 T P22 e 4520 1), 4 Ry =
RRp = R}.

BRI, 2% 112k H AR BTt BUis ME R F1 Ry
Z 28, Bl L (R%, Rw).

P T RRL A 275 FR e 2 R B A I g e o e e
RIS i, 58 — U@L I AR B2 O +£90°, 345 26—k
5 = VRO R e e e R [0 RV 30 R PR g 1 T ) et i
A S A A R

BRI, A SR i e R R e A2 g e e DO e 80, it
R R BOEAT AL

VU TeHE SCRLT B8, IXRIFE T U sy =
ANEES. BT g € H (H Ron DU R E 2 7]
(Hamilton algebra)), JE={uF:

g=sl4+zi+yj+zk, s, x,y, 2z€R (15)

Hrp 2=42=k2=4jk=—1 scREENTH
q WISEER, FFRERR; v=(z, vy, 2)T e R®* HIEN
T g WIRE S, F = 4emERox. WY CHes Ron
RbR ) B A TR TR

)
z

VU TCERAE SO gl = /8% + 22 + % + 22

KT IR %, oot A HILHE T X
qg=s1—axt—yj—zk.

s SCE AL DU T H e Wil R R K g =
V2 a2 +y? 422 =1=q-q MY CEH ALY

q:[s7v]7v: ) s7x7y’Z€R (16)

o, Hg=q"1
BT DY GO AT DU Hh R R = 4EERE, T LA
S T 1) B i) R S ] R
AR )i v W DAL [ 2t 8 S e %% il i
HoMmEZ G, BEIME Y, &t =0, v], ¢ =0, v,
SHRERE v MFE o HATCEER, ¢=
[cos (0/2), sin (6/2) w], W ¢ FTLAEHE (17) THEAS R
t' = qtq" = qtq~" (17)

2 (17) 7 T W 1 0 SEHGHEAT e 1
R4 th DG K B S R 2 I R 4.

e
R=

T2l T2 723 (18)

T3l T3z T33
MY JG 2 g = s1 4 i +yj + 2k = [s, v], (s, =,
y, z € R) AT (19) THHES 2]
T32 — T23
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Canonical orientation experiment framework diagram
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Fig.6 ModelNet40 canonical orientation experiment visualization results
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Table 2  Classification accuracy (%)
PointNet™! PointNet +-+" Spherical CNN!"" LDGCNN! SO-Net!™ PRIN™ SPRIN! CON+PointNet

NR/NR 88.45 89.82 81.73 92.91 94.44 80.13 86.01 86.79
NR/AR 12.47 21.35 55.62 17.82 9.64 70.35 86.13 88.22
AR/AR 21.92 31.72 — — — 73.32 86.21 88.27
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Table 3 Part segmentation experimental results IoUs (%)
KEHLIERE ANhet
BB L T R T N E 0 A et T P e i e
PointNet!" 31.30 29.38 19.90 46.25 43.27 20.81 27.04 15.63 34.72 34.64 42.10 36.40 19.25 49.88 33.30 22.07 25.71 29.74 83.15 78.95
PointNet++"  36.66 35.00 21.90 51.70 40.06 23.13 43.03 9.65 38.51 40.91 45.56 41.75 18.18 53.42 42.19 28.51 38.92 36.57 84.63 81.52
RS-Net!™ 50.38 32.99 38.29 15.45 53.78 33.49 60.83 31.27 9.50 43.48 57.37 9.86 20.37 25.74 20.63 11.51 30.14 66.11 84.92 81.41
PCNN®Y 28.80 31.72 23.46 46.55 35.25 22.62 24.27 16.67 32.89 39.80 52.18 38.60 18.54 48.90 27.83 27.46 27.60 24.88 85.13 81.80
SPLATNet"™ 32.21 38.25 34.58 68.10 46.96 19.36 16.25 24.72 88.39 52.99 49.21 31.83 17.06 48.56 21.20 34.98 28.99 28.86 84.97 82.34
DGCNNF 43.79 30.87 24.84 51.29 36.69 20.33 30.07 27.86 38.00 45.50 42.29 34.84 20.51 48.74 26.25 26.88 26.95 28.85 85.15 82.33
SO-Net!* 26.21 14.37 21.08 8.46 1.87 11.78 27.81 11.99 8.34 15.01 43.98 1.81 7.05 8.78 4.41 6.38 16.10 34.98 84.83 81.16
SpiderCNNPY 31.81 35.46 22.28 53.07 54.2 22.57 28.86 23.17 35.85 42.72 44.09 55.44 19.23 48.93 28.65 25.61 31.36 31.32 85.33 82.40
SHOT+PointNet™ 32.88 31.46 37.42 47.30 49.53 27.71 28.09 16.34 9.79 27.66 37.33 25.22 16.31 50.91 25.07 21.29 43.10 40.27 32.75 31.25
CGF+PointNet™ 50.13 46.26 50.97 70.34 60.44 25.51 59.08 33.29 50.92 71.64 40.77 31.91 23.93 63.17 27.73 30.99 47.25 52.06 50.13 46.31
RIConvP" 79.31 74.60 78.64 78.70 73.19 68.03 86.82 71.87 89.36 82.95 74.70 76.42 56.58 88.44 72.16 51.63 66.65 77.47 79.55 74.43
Kim %5 79.56 74.41 77.53 73.43 76.95 66.13 87.22 75.44 87.42 80.71 78.44 71.21 51.09 90.76 73.69 53.86 68.10 78.62 79.92 74.69
Li %09 82.17 78.78 81.49 80.07 85.55 74.83 88.62 71.34 90.38 82.82 80.34 81.64 68.87 92.23 74.51 54.08 74.59 79.11 82.47 79.40
PRIN™ 71.20 66.75 69.29 55.90 71.49 56.31 78.44 65.92 86.01 73.58 66.97 59.29 47.56 81.47 71.99 49.02 64.70 70.12 72.04 68.39
SPRIN! 82.67 79.50 82.07 82.01 76.48 75.53 88.17 71.45 90.51 83.95 79.22 83.83 72.59 93.24 78.99 58.85 74.77 80.31 82.59 79.31
CON+PointNet 84.39 80.86 82.27 79.14 85.88 76.44 90.42 73.24 90.96 82.81 82.99 95.64 69.51 91.93 79.74 55.60 75.33 81.81 84.06 81.22

ShapeNet (i fE 4 16 N KEBA K H 1) ToU. £
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SHOT! F1 CGFPY A= 225 il (1) X R m
AFN ) S5 AA5 5 R LTS S, You S5 it
¥ SHOT/CGF + PointNet JE3X, ¥ SHOT/CGF
AbFR ST S AEIR N PointNet #EAT 20 #5256, 0 3
Fiow, 057 0 B S 56 45 SR AN AR,

RIConv M£5057, Kim 250% DL Jz Li 2509 [F]FE 52
TN A B T 2 (1) =4 H A, AN AEVIZRM Bk T
5% 2 BlOVE L BRI SR 77, You 0 HFIE L
H 15 1 O R U2k, 15 21 8dE 10k 3 .

PRIN/SPRIN & H #8861 52 IS = A
A A FR R 4% 3K PR A 9 4% 7 Kb B e e = 4 H A
IR BN AR, WEE 3 A, A
CON-+PointNet 25 [1]-F 3 S5 A2 I bE AP 352K
A FH HAE MR s S BE AL 4 IR T2 T LS T8
I, 7T PRIN/SPRIN %%, 783 % b k4
g RPN AR

[ LE 16 AN R AIAE R ) KR 40 2 il A 1Y
(19385353 %1 ToU M2 5= 2 e b 24, e v e 3
Iy BRI,

1M ELAEREHLIE R BT T, SR1F 1P 35 249 22

I LIP3 28 AIAE I (84.39% FiT 80.86% ) Hili A
WEFE TS T2 T M L5 (SpiderCNN, 85.33% FiI
82.40%).

IXEEHHE R B, CON ML J7 [ % PointNet
W28 Ab B — AE e % H bR I RE 1 H & R E Tt

Kl 8 BN T8 43 BRI mT Ak 45 51 56—
AT AR FLSAA, I UAT A2 B AN RIS B T 6 e
=4t HFRE L I sLiR g 1.
2.2.3 SHMERMENEE

CON A N — A1 B 25k 7T LU 1
RN R TR, 5 5S4 1 45 A R AkoT
(1), He ST ] AT = A 2 A 3 255

DGCNN Fl1 PointNet++ &kt PointNet 5
S HER A 2% R 45 A CON (4% Ji5 Ab B
AT BE )13 N EE PointNet 254 3R B 4.

Sh, ASCfift T CON4+DGCNN Al CON+-Point-
Net++ M43 2K5 0 E|5250, St Rink 4 1k 5
Jis. HIscye sl AT, CON 4 A T Enseitn
R AEEE 2 DL G HEAR X 25 1 1 R 2 2 (2 Tt
TE43 25288 d DGCNN I RE AR A T Point-
Net++, fE454 CON W% 5 RIFER I H CON+
PointNet++ 5%, (H27E5 %24+, CON+Point-
Net++ HIPEREEAL T CON+DGCNN.

3 ZERIE
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x4 HERMNEEEEHRUETE (%)
Table 4  Classification accuracy in combination with mainstream networks (%)
PointNet!" PointNet++" DGCNNF CON+DGCNN CON+PointNet++ CON+PointNet
NR/NR 88.45 89.82 90.20 88.32 87.27 86.79
NR/AR 12.47 21.35 16.36 89.86 89.21 88.22
AR/AR 21.92 31.72 29.73 89.93 89.30 88.27
x5 HEAMBLEEE IS HIS5E R oUs (%)
Table 5  Experimental results of part segmentation combined with mainstream networks IoUs (%)
B Mgk
WEWVE o6 T R BT BB s o koo IR SR o o oy M NE
inst. cls. F % H inst. cls.
PointNet!" 31.30 29.38 19.90 46.25 43.27 20.81 27.04 15.63 34.72 34.64 42.10 36.40 19.25 49.88 33.30 22.07 25.71 29.74 83.15 78.95
PointNet++"  36.66 35.00 21.90 51.70 40.06 23.13 43.03 9.65 38.51 40.91 45.56 41.75 18.18 53.42 42.19 28.51 38.92 36.57 84.63 81.52
DGCNNF* 43.79 30.87 24.84 51.29 36.69 20.33 30.07 27.86 38.00 45.50 42.29 34.84 20.51 48.74 26.25 26.88 26.95 28.85 85.15 82.33
CON+PointNet  84.39 80.86 82.27 79.14 85.88 76.44 90.42 73.24 90.96 82.81 82.99 95.64 69.51 91.93 79.74 55.60 75.33 81.81 84.06 81.22
CON+PointNet++ 85.77 82.30 84.12 80.66 88.90 76.51 90.37 78.65 90.15 83.01 83.62 95.45 71.26 91.67 80.77 60.36 77.23 84.01 86.02 83.41
CON+DGCNN  85.21 81.36 83.71 79.02 86.91 74.21 93.22 74.43 91.90 82.31 84.24 96.53 70.22 90.86 81.37 58.28 76.96 83.27 85.73 82.62

W, JE I BRI S AR R I =2 H AR R AL, i T
JI e P 5 1t — 2D AR BURFAE I HLAORIE e #6552 1k, [F)
I B MBS 28 20K, T R MR 8 AE B S T2
T HENZEMZE. ZMEINGRTE BT, 7T AREUE
TR 7 R B =2 H AR R T 1) X AR R T 1
(T BE 70 BE W 25 AAT Jo ik Ak B = 28 Jig e B A 10 I 245
(4 PointNet) $EHEH B, SCURR W], ASCHHR K
0 2% 4 Dy BT B 90 2% A T = 4 Jie e H b S BE S 45
PointNet [ 2% i 73 32 8 #8723 73 FIE 55 i RAR K
FETF. RN AR SCSEBIR IR 1 AT T4 ) I 2%
A REFZARET, FEAFEEE L thies A R
IF IR A SCHT i vE P28 4136 = 8, 1=
YERHE A B Z AR, R (Voxel) B0 A%
(Mesh) 5. [HUk, 4> J54 25 R8 A0 2 BN A& 2% F) R
A =2
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