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JEAIMLEE) SRBOA A5 R, JFR I BCHE S B 07 PR B HUS = BdE. SR, i i SR LA 4
SR B 18 2 52 23 S R 2 (AR RS PR EEABATLR) A% JBeds BE B PR ) S5 i A, S BRI ) =
Y 2 TR IR LIR30 H B 23 T AR S5 A FR sk . AR G TIRIE R U7 (W Laplace FLIH X 1845
78 451, Poisson HiTHI H 2 6] 25) JlH GBS = 4ERIRY b (¥ FLIR X Sk B R e, Tt b A s TR
R 51 SRR TR 5 K P ot 2 DU 3 DL BELHE R AR G AR IE 2 7. ARV LU B 4k CAD #K
P TAME =R, SR H TRHE BB ) E 1 . T T E SR H oA & 5 IR ], s 75 4
H—FhBR IR 3 s TR GG BB E T, B3l SEHl = 4EER I AR I DR &5 A 1 4.

TREEPP S W 28 7EVF 2 ST BUR IR I R 1)) (i T8/ KR 3D BB AE . = 4E TR Mk LA
T AR A N AR I 284 S5 1) L, P A 8 X 8RR N T = 4R 1) B B AR B R AN B — e ks
P Tk, B KRR =4 CAD BAEHESE ShapeNet 8 (1 B, HE5) 7 28 X 48 FIVR BE 2 2] HoRTE
SYETARAE B AN T T US4 Tk e, — MRk Ut = 4ETARYE TR BEA 242 I 28 (1) N\ 7 =X rp
M EETZMET P, BFaRyA M0 & Hdg) BT 2B A7 a5 3D B2
ANPEA T B R IR A AR BE — 2 BEUE A 5 QAR BE = ZE FER 10120 SR % 7 2UME LA ROt R s = 4 52
R G R () o G5 RS B AT AT 2 T AR B By 3R 5 EIOHE DUIRAS Bl JEE 14 40 (R TR AL L.
BT R N7 G = 4ETR RN 3D AR 2 1) v, Hoke A 22 23 (R4S S0 N IR BE A 22 0 2 14E 4711
g5 13~151 R 7 30 R R 26 2 ) 1) = 4R 2 5 SO N S50 5 N 22 I 28 S BOMUAR R R 16 K, 2
Hl T A RM GPU {74250, A& Gui 48 X 260K X DAL B 5 70 FE R AR A Y. | T2 T = 250 () o
244 PointNet 161 (42 | 515 BELHNE 55 2= B0 1R i 28 X 48 R N SH S Rt 2 TR 1 A ABE R Ak 3
BN RE. AHLE T = 4R BB RN, BN S RO i N\ B s s AR 2 X 4 (1 S EORE, A
13 IR 28I S0 FEAR B KB i, [R] It B8 50 B OR B ALY (1) 485 5., DRtk Mg i T =4
HCHE i N TR A A4 28 X 2% R — TR SR 4 R 1) — A EE 2 ) .

Xt = 4E S B IRIEE, Yuan 25 73R T —Fl S 8 E M (point completion network, PCN),
AL SRS R PN 7 N = &/ = - W E E U T PR S E R F R PN i N = e 1 /T
o RS EE AR EEL A SRR SR TR, B TT 1 B I B AL AR ) R s TR 25 2R SRR TR 40 4 )
FREBRIREE. A, R PCN 4% H 45 21 m = TR ARG R AT SO RS A0 4540 (Qnd 2k
) MIEE AR AT, FEOE T HILANE A WL AL AR R SR A S T AR A BRI, Yang
2 081 MR H T T s EE SR N4 FoldingNet. 1ZM45 & — A HYnl2s 4544, i ok
FERUHI N i 22 B2 o % SR R S AR A RS B IS R — N S 4D 7, s 4 P A I A s
Hm 4SS, i T B ARt 4R A A s AN, ISR AT A AR O B N 2%
(generative adversarial network, GAN) A Hf FEAE — 4 B AE s IS T 8 Al o~21 . &b 4%
G O BT 4 FR A AE O SE LLAR G IR EE W) B, Arjovsky 25 P2 3R A WGAN W25 F ] Wasserstein
A E R4S GAN 25 H ) Jensen-Shannon B, H RSEE T A M INZR I e, (BEFEE
WSOE RS . A I REBIASE B &6 5. Gulrajani %5 23] 32 WGAN-GP ¥ WGAN AL E
A6 B HRAE LR i Nk F 30 0 00 4 PR BE B2 TE U T, Aok T WGAN AFALE B0 43 il .

S AR ORI 28 7 4R MR AR AT TH TARE BB K, N T AER =4 B TR IRIE B AN & R Re fR+F
TARHIRE A SIS B, BT A B S HEZE, AT H T —FhBee B sh 2 B b e =4k i 2R
AR BTN 28 g, BB TTRRE T (1) T AR P EHELS, $E T — DN EZ L =4 0 =8 1E
NN S S TRAN N4 R IZ N2 e LB S = TR BB R A4 (2) R =4S B
PRI Z, FEAN A = GETAR B[R A 2 PR TR S TR BRGS0 Z5 0015 12, (3) 7R 2843 2% R A
i, P Wasserstein BE B AARTY 68 A RUIRUE 502 AR AD 4 X 45 (P USSR I e e
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AICH; 2 WA PGB R AR TAR; 5 3 WIRA S R AR MR K 5
BORANNT; 55 4 19 IR X 2% 453 5% e B 3 s 2 5 g SRt e 5 0 A e — R A T A

2 MExIfE

2.1 ETJLAHAE

T LT R 77 VR I SRR h A T LT R R il B 58 AR B S 4h 42, Kazhdan 48 19 §2H Pois-
son I HH T 1%, %77 PR HFE I & SNg, K A# Poisson 75 RS 21 A 2B T Hi A AT AR R 1
B, JExhiZ ke T R AT S (e, TS B HAR R I, T ARE, Pauly 55 P4 32
H A ROR BB B SR RTAR IR FR Al . XEFRG5H), LK B S5 753, FFRI RIS Bk SEEn )R
FRER IS (B R IH T, IX LT VAT & ORI N B = 4ETR SO ARG R B AR 58 %8, ITH B 6 ) FH i 2k
DR AR I A TEAR T UART e 2R AHE B 2 3] DX TR A B, (E X SR B SR AT S Bt = 8l o 1 LAy 5 4
FEV 28 R SR H I T i i AN &

2.2 ETHRRERNFGE

BEF A 2R UL IE A 75 925 K 38 73 sk S A R 5 SR AR DR e e o A AR AT VL IE S i = 4R TR B b 4.
Li 45 (5] 3@ 1 o CA B R0 S ANARTRORE T, 4 A2 TAAS 21 Btk e v o SR B4 8 RO F sk 2k (Y
R SEURAIR =R . Kim 55 261 f 800 Pe b i) = 4R 1 o 800, R — Rk T3
OB, o T 2 AR A2 SRR U] MBSO P rh R 28 e L E AR, ad I 212 H A B R TE
R PSR B S A 4. Pauly 55 7 HH e WS A RAUT AR R AR, I 3 ot i N O£+
1B AR AN i s R R AT M0 55 BL 8 B = R TR B 4. Rock 45 (281 ML AR i ARS8 MK
¥ e R 2 AR AR L 1, IR S HH S BEIR P A5 I B AR e A R P AR TR R A5 U2 AT ASE 7R F 2
¢, BeJa R Poisson 2 1 2 75 V5 B fe A e AR SR, 1207125 A S8 o A0 g T i e o
F K R R e AT 2 i RO A SR AR,

2.3 ETEINFGE

A ST 0B AL IR AR S I 48 AT AR IE b 4, 2307 iR ELHRE B 0 SRR IR S
NBRGTB =2 5e BEIPAR. Chang 45 B 421 Voxlets B77 V38 I 25— AN BEHL T SR F5000 G 2% X sl fk
J R RO A S X3, R P B AR A O AP EELAS B S X T 5 2R Sharma, 55 100 4t —Fif
AR A Shgmht s 4544, TP 1225 140 RE % 1 1 7 58l T — e A (K 8 BT AR. Nguyen 55 (19
R i 8 ) PR 4o 22 o 2%, He T Markov BELIZ THSEBR B Fe e BRI BL T B 1B K. Dai 46 04
fR i —F 3D Giht — ARIDES, 12T — WD AR RENS ST RN R D WA ISR IR B 21 v 70 F R ) 72 3
TEPRA . BT =R AR B 20K, Wang 55 191 5 HH — T 5 25 B0 7 10 28 A3 25 AR 100 25 1A 1)
ZRAEH, JEH T 4R EEE RN FEAIRIE S Liu & PO $R I — P B = 4R R AR 4 1% AE
B P AN (R SR SR AR B SR FH AR Rt e 00 2% A B4 1) = R AR (I P R DA R
BRHEZR A B Ak A M G o = AT, A A PO P R A R ORI, L R e 3 e 28 ) 4 2 3T 1
TRERZHT =R RERRR, 2R AR T GPU A2 A TR, TR H1 7 Hox &
IR S AR A AL P

ASCHE MR A R G A R A, BTG R R A NS, S8l E b
B GPU WAF, AIMTBEAR B S m B AP M 28 I Gl . [RI, xF BAT RS A 45t i =
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UETAR, RS BRI B HORAE i B 20, 8 RE DT fEMER SR IA = 4RI RS 4R 45 4015 2O FAF
NFPRZ M e RN, ST A O TSR HEZE, ASSCREH — R =4 i AR A BB R Ah R 2%
T2 4 T R 2R R RS RES SRR R Bl T A R R S, SE RO L Bl SRS S S, HE T RES 45
T YRR AR B R I T B R AR A AN S S ISR AR . SR, 9 T K IR S IR R s
FEARERK B RS AREE ), A SCOTHEI A B E M B iz, TR A B SR A S A R =
IS RSB L AR 2% T 10 ) 85 R M0 A A s A ) s S TR 5 S R s TR A AR AL
FESE, AT A 26 B & A BB T F AR A SE (148 2. A SR Wasserstein BB /E 45125 bR £ DL
R TR EE Sy, MELT Jensen-Shannon HUEE, Wasserstein 2 2 B AT SAF I R, MTTBEA XL
PRAE R 23 TR AN 4 0 28 BOUSC SR AN 1 A 2 1.

3 REREEHEMLE

3.1 REHRIEMELEH

52 M OO0 I 2 AE T2 PR 2R AT T AR IR A BO~21 RSO A ot e 2% HEZR SR Y T
— TP =Y SRR AN ER 451, 28 R T PointNet 16 4 sl 83 RIE T4 B RIS 4440
. HA R R H R R LT S H S — B e B R oA S H B A A B 5E
BB A A S A B B I S S R s B A S AW R R, ) 8
B MR DML G I AR SR, FIRIAE 45 R SR Z IR RS B T At i 45 2 5k
BEATRREAUAL, S AR AR A e BL DML B R AN 2 Ja 10 5 = IR Bl v o AR A,

TR A2 L ARSI B 1 PR, b g A il ds L& N A BRI i = B
TENHIN, Zeid bt o g i 75 2 AR AEAD TRV E DR MRAS s (0B, RS R B 2 Ui B HR AR M A
BHUSAE N R s R SRR IR . B B BN E T 73S T AU RO B2 RN G e . AR
T P BRI S B8t 0 e B R (A AS ) K 5 )i B, IR P 4 BB AR R sl AR
T 56 4 A AR, S MBS 2 o) SR G AR = 4 T FEAR BB ST A A i L 127 DA = 4 B U
SHARAE N, R H B RS I E 4 G AR O BU 25 HE SR, RIS F Wasserstein BE B A0AL 51 2%
WIZkAEE H R AL i aF & i Ah 2 RE .

3.2 HpEESH

FEAT TR =4 i Z BRI R A b, T2 1R S R RS S R AP 2 I 45 1 )I 25421,
RERAR, [ S BCHAE DL B 2 Bt S A I E BRSSO SO s TR AN 4 100 25 v B A
VT E R A TR ey ANy AT R E R € e NS D S R et B R RSl oY b2 I (T
S, IR g A5 RSB A BN R RO R R 415 S, A T A A A AR R S TR R SRR T 20
. P2 ) i &5 R H] PointNet 1) St 4544, 1245 K BE 6 A R 1 2 RO 1 G e P8 [
PR ZRFAEAS . P 2 b AR RS 3 I3 T4 B A O8] 2 B R RERE I — A " 4ERIR 3T B RUE R
IR,

WK 1 PR, S BARAN R B A A AN — A N x 3 BURERE, FEFE AR AT HRAE AR AR
(2,y,2) QLB A A FIRIL ARSI o0 M x 3 BUREFER R SRR A 2800, e A S &
IRE] (N + M) x 3 FFER IR R Ed a8 R IR
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Figure 1 (Color online) Structure of our structure-preserving shape completion network

3.2.1 EHT PointNet BIZRFE2E

TEGAL 28K rh | A SR SOk [16] Y PointNet ZRhl s M1FE J4 e B gt 8%, %4 10 % 45 14
RE0E A U R A 2 B A N TR T8 2 1 R0 G 2 )

T 1t 2 e X N S TR AT B A BT B AR, X T A RIZER SN, BRI 807 #%
ERVE AT M P28 X 25 RS SR A ORI 73 480 X 4% i 68 TN 477 S A8 48 3 x 3 4B R, FR 1 AR s
B B e LB N B, T RO HEAS AN 5 = 3008 B0 BRSSOz AR — D R B S SR
2R [ARFAE NS 55, BARTE 2 2RISR E AN 57— AR 3 WX 28 DTN — A 64 x 64 [HFAEAS O RE,
FECAEAS AN 55 2 B8 (RS 2. S NS B 0 45 (R R 28 25 A I 1] 2 BT, SR e DL N x 3
)R = HARAE NI — A 3 x 3 (07 AR AR R, 1% 2% th = E AL R (% 2t 23 )
N 64, 128, 1024) T KL BIE A (35250 270008 512, 256) AL [FIB, N 1 Fi4 44
SR, 2 ST — N KN R 256 x 9 BT RCEF R —AN 9 4E1E 4 8 E 1) B E A — A
1 x 9 FIRRATHE R, KA E PR b — 2R as it 45 A ofe, P Aoy o A R i 22 (A D i ) e it
ITHEREAR N, A3BIR/NR 1 x 9 BIHRE, G FARTE R 3 x 3 (7 S A B A Bt . ARRAIE AR 46 ) 25 (1)
SE R Bt NS X 45 AH R, AS ] (9 A2 R AE AR 40 I 28 B3 HE N 64 % 64 FRE.

TP VAR BT =4 i 2 BAR A F T 2 GG R, 8 2 B — 2 JORF T U 1) B s 2 A
X TN 5 HL A = 2 B A P G A i) L7 2 ) ot Bk = ZEFROIR (0 3o, DR G855 A7 7E 2 Rl AS
[ 4 5 25 B s NAB L R [R]— AN = 454K . PointNet (161 /028 A ] i K itAk 2, FH T 3R E & SRARE s6)
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Figure 2 (Color online) Network structure for input transformation

7248 P B K IRFAE, ok 1 Fo P PR DR, T P2 S5 B AR R BE A RO BRI 2= B R, AR S04
K 2 2 RN R U RAE UK R AR AL, P s KA J2 SR 2 R R AL, 124 SR RS A1k 1) 4% 4
PR HL N AN s RLYE B R 5 R AR, FER/ME 1 x 1024, ARSCERIE R, IR 5005 B AU IE N R Relu
BRA, T R e — SRR R AN B B A, e Relu sEUE A0

T, x>0,
Relu(x) =
0.2z, = <0.

3.2.2 ETINEBAMIES

FEMRIS AR R, O T BEAE R ARSI B ok = 4E AR, SKBLR IR RS B = A4b
G, AR RS BRI &5 0 R I T4 B ORI ds 4. BRI, iZ ARS8 R A 2 SR =
JR B R —EPUR B B s BRSBTS . B, RN 8RR RN 1 x 512 [
REAERD 4 N ARG ES, JEH HE R M RIS M x 512 FIFERE; FLk, AR M A BHUS (M BEREN
RS GRISHR FRERAE A ), IR B HEORUR AR — A —4E RS T, 1% 9% IR BUB R D el
FIIETTTE, RN M x 2 BT N EHEUS (v,y) 205, B S EH] M O REVRHIERS AR & I
3] M x 514 HFERE, IFXIZHERE L = R IEA G BT A B M x 3 FIFERFEEATES 1 A& R
Ja, BRI M RERAES AR S 5 1 kI B RS IFR R M x 515 [FERE, TR A Z
SRR A AT 2 R, fE T UMSEIR/NA Mox 3 [ H R SRR LA B R AN A
ZIARGRR B 50 2 de.
THEAR A, IS AR T 2 AT BARAE AR SN AR S5 M B = A — . o 2 Ik
I BRI TR T —A )17 SEHERUR AT . UIE L SRR I AR B R = BAR.
1T 2 2 IR0 A% RE 6 A1 UL QA . DIE frSEiRAl, SR SCR A 2 J2 BRI 28 SE B — 4R R RS
2N Bt AE, W PR AEAD TG TR B AER K <D0, FN, i TAERMLE MY T RRTIR T, =
ZEMAE eIl 2 IR BIRAE AL BUE R MR TR U8 RITTASCR A 2 A = J2 R s R IR A A 3
g,

3.3 FIRIEEEH

FE R FARKN A 28, 30 2% 75 AT 28CH i i 2 et 2 S R 2 A pl R el . AR ST B 2
T PointNet HIZHASE45 ), K5 5l 2o A 55 Fe s R ) k2= 2 i o PR s AR A 5 2 TR AR DX 3. AR
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SRt A g A R e A AN AVRFE AR e . 2 R IO s KL Z S5 8 E G, K193 1 x 512 4ERIRY
TR, SRISER AN, I8 G B AR, g Agas s Al R, RS R
1 x 512 HEM P N AT (LLIBER AN BRI o ) IRAS 2] MR E, AR ERE F DUAIW 4 A\ 1Y
Rz AR B A A AR B B A S TS R

4 KR

FEAR R bR MG v, 25 B8 B 0h 22 I 245 (1) I R s PR AU SR B2, ARSI 4% R ] Wasserstein #H
5 22 OB S GAN SR BB Y Jensen-Shannon U 191, Az sl 2B A5 B SE A 2 B AR B
AN B, I R ) 25l Wasserstein £ 55 B AR S AR Y (S, A Y Wasserstein i
B LR

W(pr,pg) = Infsiti(p, py) Elw.y)~v 12 — yll;

Horr, p, FORESE R Z ARG 041, py R B AR o34 H(p,, pg) 7ELA pr 5 py NILZ
IIATEI A AT BEER S MR AT RS W TR 4, ATRUMCREE (2,y) ~ v B8N HSEA S @
MRS 2 y, THRAZORE AR 2 8] PR 85 50k b 2 S8 HCT 7

H T P REPE, Wasserstein #0 25 EAS B0 47 Ko 2 DNANRI 0 A 2 18] 19 BE 25 R RE 11 B FLAE A6
£, AT BE 85 A AR AIE A SCHE H (1) R TR 2 P 28 e sl Al iz vk SR, BT RAE R 2 A
AR Z 8] ) Wasserstein F25 ELAC R ME, 7] PAF H H: Kantorovich-Rubinstein X7 a0 T

W (01 5) = 255051, < By, [f(@)] — B, [7(2)],

Horp, o R WA KA R FE R B, f () FoRTRALHIHIN LS, || £l < K R BZ R 800 2
Lipschitz #4255 1F.
N T RENE AT BE AR /N BUREAS R BT B TSR S SR A 51 ol T B2, ) 1) 45 IR 4 45 2% R 88
Lp = Egnp, [f(@)] = Egnp, [f(2)].
SRTT, N T A RCAREH) ) 4339 A Lipschitz ESESAT, AR AR EERE TR T7 3, 72 L aQIE At B aghn—
ANTRIRIL, A5 40T 4 1) 8 DX 2% 453 2K bR 4
Lp = Lp + AEarpy [(| Vo f()ll2 = 1)%),

b X 9 HE, AT 10; Vo f () FHBEEERE, HAARAE K ML OX 5 K I 1), fT7E
BAFEARZ R REEAE R K, @ ~ py FORTEARBEA A ML DI SRR A1 X %
HAZE X 3 DRI ] py FRAE

BEAN, 9 1 BESR AT REFBORZE A A A S 2R, AN SR IR 26 R 28 A H b el B0

Lg = —Egnp,[f()].

5 SWERSHIR

ASLTTIEAE CentOS RS NS 2] 7528, F2 7 AR AN CPU AbHL3S Intel Xeon Gold 6148, 3
#iit 2.40 GHz; GPU A NVIDIA Tesla V100, WAT 16 G; J & V-GN Python 3.5.3 A1 Tensorflow 1.12.0.
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ARSI i AR ORGSR D 29 2205 I Rl A B A B — @ AR, X T =2 il AR
BEEANEALSS, ASCRKE ShapeNet Hdi 4R B v OB 61 7 €055 SRR A 2 R S8 B 00 A B Y
RAEHHEEE. i, FATTA ShapeNet £ate ik 1 H WA 2048 P =4EVIRPISAETY, U1 1 Ky
T GATEE, B R PR AR R S RS 2 [ € BOR N R S BRI N S B R SRR sk
R BRSNS I 72 B i 2 Bn R I RS L A HEAT R B R AT 2. Hrh A e B R AR R 9 A
A FEBALERR I R = 8, ASCER 8 Nk BN G 2 I TSR, Hor 1 AME IR
FAAMA, 5 AR ORGP /0 42 R 48 B Se e B — DN LIR IO 5 8 Tk Ok m 25 I HR B RS i 2 R 8l
Ve, Horh 8% il Z B S N E R T g i 350 F SRS T B B R, 275 B4 S
YRR AAERAE B T AR R R R R B, R AR BN R B S A A sk s B
e dF, RIAERSSE =GR ZdREPh s TS s 8dE, REABREAEN =48
TEARBEMS AT R ORI i N R o B (FORS A A5 M (5 8, RIS AEAS S R o el TG 7R F AL AT ) 1 s 2
B, MRS BRI LD 5] 25 W4 32 A 1t = B AN LS il 8l I AR —Mr R R
AR B R RS A A A ) = e R R S TR

5.1 BIEERALE

— R UL, % 1) A A Re 8 G AR I B B R AT 1 = AR TR, SR E RIS S R
YOVR] EAS 04 (1) [R) IR CR R0 0% S K 4 35 A0 0 A — /N s W B 11 0 2 0 e SRR i B b, e
DA BB R A R KA A ) = 4E A R S DX SR, 25 T RS b Aty SR IR HE. SR 7 Rl
B 5 = TR AR 7 A = TR BB R 4, TR IR A SCHR H AR G5 R RN A 2 LR A s TR 1B
WA R, AT AR T 2 N EIESE, — N EMAE A S BREIRE, A R AR
RETIEAR AR, I 70 590 B VIE A ST W0 2 45 M 7E IR Be A4l 4 b s R Ah U R R e R 1.

N R SIS T 2 NEERSE, A0 BNt = SR IEAT I SRR KRR R T KA N S AN A
TERNESE Rz, AR % S 2R A R B RRAE 8 H S HL 16384, X Riiibi st 2 B0 48 i A AL KA
RECH S MEL 1024; 85, X565 f 2 TRIEEAT T RAFE 1S 21 S50 FH BRI i B8, AN e 8 il o
RIXF L 9 NANRIER AL B IR i = 250, TR e s s A SR A s 2 H 3 — 4k, b SR AR
KA VB H v 12288, SR HIRGEL Ao KAE S EUE A 540, [FIRF, SN 1A 28 11 25 B g U W S 42
R R P, 75 BB A 2 AR AN S 8 5 o B (V) SR s A AR AT 3 A — 1k, BIDEERAT A5
ARFRE B IH— R [—1, 1) XTE] . R A SCHE AR ESA Hh A 2 P 4%, {5 Bl Adam FRALAS VIR,
W ZRA R A s IO 26 R ) 1) 2 0 8 58 B AR A, B0 A i e R 8 A BT 1 0 U 4 30 4% R 485 B 10 I A4
GRS R 5 2] 220 0.0001, R84 200 AN A, HEROK/N 9 8, R A ST #h 42 I 465 45 K e % 3R
P UT I B 2 ) R

5.2 ANREHREEFEZEHR

ASCAE YR BT BT S HESR SR T — b =4 5 = B B R AN g S5 4. BEXTAR & S s iR Y
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Table 1 Number of sampling points of our point cloud models

Data types #Sampling points of #Sampling points of #Sampling points of
input models (V) 2D girds (M) output models (N + M)
Dense point clouds 12288 4096 16384
Sparse point clouds 540 484 1024

Bl 3 (MERFE) AXHFENEEIMEHR

Figure 3 (Color online) Shape completion results using our shape completion approach. For each point cloud model, we
show the original point cloud model, completed model using our proposed method, and ground truth, respectively.
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Figure 4 (Color online) Shape completion results for different levels of missing data
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Figure 5 (Color online) Generalization experiments for shape completion. (a) and (b) are the 25%-missing input data
and corresponding completion results; (c) and (d) are the 50%-missing input data and corresponding completion results;
(e) and (f) are the 75%-missing input data and corresponding completion results.
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Figure 6 (Color online) Comparisons of shape completion results for dense point cloud models. (a) Input point cloud;
(b)~(d) shape completion results using PCN method [17], FoldingNet method [18], and our proposed method respectively;
(e) ground truth.
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Figure 7 (Color online) Comparisons of shape completion results for sparse point cloud models. (a) Input point cloud;
(b)~(d) shape completion results using PCN method [17], FoldingNet method [18], and our proposed method respectively;
(e) ground truth.
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Table 2 Statistics of ECD error via different shape completion methods?®

Data types Point cloud models PCN method 17 FoldingNet method [18] Our method
Desk lamp 0.00549 0.00471 0.00159
Round table 0.00406 0.00326 0.00112
Computer chair 0.00630 0.00622 0.00208
Ceiling lamp 0.00370 0.00334 0.00196
Dense point clouds Basket 0.01027 0.00781 0.00317
Bedside lamp 0.00884 0.00536 0.00153
Headset 0.01037 0.01322 0.00379
Flower vase 0.00957 0.00993 0.00293
Guitar 0.01029 0.00761 0.00812
Bar chair 0.01638 0.01346 0.01498
Sparse point clouds Desk lamp 0.01099 0.00699 0.00693
Bow chair 0.00960 0.01284 0.01074
Bow-foot table 0.02761 0.02428 0.01866
Floor lamp 0.01614 0.01092 0.00811

a) The bold numbers represent the optimal results.
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Structure-preserving shape completion of 3D point clouds with
generative adversarial network

Yongwei MIAO'™, Jiazong LIU', Jiahui CHEN® & Zhenyu SHU?

1. College of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China;

2. School of Computer and Data Engineering, Ningbo Institute of Technology, Zhejiang University, Ningbo 315100,
China

* Corresponding author. E-mail: ywmiao@zstu.edu.cn

Abstract Due to the difficulty in maintaining the fine structures of 3D point cloud in shape completion, this
study, with the help of the generative adversarial network framework, proposes a novel neural network for au-
tomatically repairing and completing the 3D shape of point clouds. This network consists of a generator and a
discriminator. The generator of the proposed neural network adopts an encoder-decoder structure and takes the
missing 3D point cloud shape data as the input. Firstly, it aligns the sampling point position and feature infor-
mation of the input point cloud data by the input transform and feature transform. Then the weighted shared
multi-layer perceptron extracts the local shape features for each sampling point and also extracts its feature code-
words using the maximum pool layer and multi-layer perceptron coding. Secondly, it adds the feature codewords
of sampling points with the grid coordinate data, and the decoder converts the grid data into the missing data of
the underlying point cloud using two successive three-layer perceptron folding operations. Finally, it merges the
missing completion data and the input data to get the complete 3D point cloud shape. Meanwhile, the proposed
neural network discriminator receives the real and the completed point cloud data generated by the generator.
The same encoder structure as the generator is also adopted to distinguish the true or false of the point cloud
data, while the classification results are a feedback for optimizing the generator. Also, the generator will generate
the “real” point cloud shape data. Experimental results illustrate that, for both the dense and sparse incomplete
point cloud data, the proposed method effectively maintains the fine structures of the input point clouds while
repairing the missing part of the underlying shapes.

Keywords generative adversarial network (GAN), encoder-decoder structure, point cloud, shape completion,
folding operation
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