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3D Model Classification and Retrieval Based on CNN and Voting Scheme
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Abstract: The existing deep learning algorithms for view-based 3D model classification use pixel-level op-
erations, such as maximum pooling and average pooling, to fuse the views’ information, which may lose or
overwrite the useful information of 3D models. Aiming at the problem, a 3D model classification and re-
trieval algorithm based on convolutional neural network and voting scheme is proposed. Firstly, each 3D
model is converted to a set of 2D views. Then, those 2D views are classified based on deep learning model
CaffeNet with rich digital image library ImageNet. Finally, the 3D model is classified by weighted voting.
Furthermore, based on the voting scheme, four distance measurement algorithms are proposed to retrieve 3D
model. Experiments on the rigid 3D model libraries ModelNet10, ModelNet40, and the non-rigid 3D model
libraries SHREC10, SHREC11 and SHREC15 demonstrate the effectiveness of the proposed algorithm. The
classification accuracy rates for above five libraries are 93.18%, 93.07%, 99.5%, 99.5% and 99.4% respec-

tively, and the retrieval performance is on par or better than state-of-the-art methods.
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DeepPano!'?! 1 88.66 82.54
Geometry Image!"” 1 88.40 83.90
CNN! 1 85.10
Pairwise!!”! 12 93.20 91.10
FusionNet!*®! 60 93.11 90.80
Qi-MVCNNET 20 91.40
Su-MVCNN!' 12 89.90
Wang-MVCNN!'"! 12 92.20
VS-MVCNN!'®! 80 93.50 90.90
A3L-12 12 93.18 91.82
AR C-24 24 92.40 93.03
AR 3C-80 80 92.73 93.07

LEAORTE, ARCH IR R A —E .
ModelNet10 £ 4E I, HAEH (UK T VS-MVCNN
Bk, MEAEE A 2 032%; 115N AR
ModelNetd0 4l 4E b, HAEH RN EE—, &l
VS-MVCNN 55k 2.17%, HHSRILH. %525 785
Vi I T AR SCA AR M = i 0 232 v A Ak
3.1.2.2  HHAMAEEILX

AR B AR — 2 A SO ML TR
RAEST A A ILAERI M = EBI R E 38 48 ModelNet10,
ModelNet40 2459, Ik 5 FrR, VRN
Ensemble 55 E:7ERITE = 4ERi RUEHR4E Iy R B
. A CHEEAE ModelNet10 IR i ORION &
0 LightNet 523%, K B2 430 AH2E 0.62%F11 0.21%;

TE ModelNet40 R BLKF VRN Ensemble -
e SEREE UL T A SCE L A R, R A
I T AR B A M = R R G 4328 AR A A —
BB

x5 BMETHEENSXEEDLEHRER %

(ER7S ModelNet10 ModelNet40
3DShapeNets'™ 83.54 77.32
VoxNet™ 92.00 83.00
ORION' 93.80
LightNet? 93.39 86.90
PointNet”! 77.60
VRN Ensemble!'!! 97.14 95.54
ATL-12 93.18 91.82
A C-24 92.40 93.03
AC-80 92.73 93.07

3.1.2.3 BN REER T

i — 2 BT A SRR I R A, B TR
1ETE ModelNet10 £ 4l 52 N2 432800 A 1 L.
WK 4 fr7s, 7E bed, chair, monitor, toilet X 4 M2
R R A 2R UMER 2R 4R 1.00; TE sofa Fl bathtub
T, A 0.98; FE dresser FIRZ, SN 0.91; fE
desk, night stand #l table | %2r 2 HEHTREMET
0.90, 435124 0.86, 0.84 1 0.75. H:H, table 2rpfg
0.25 BB RIERAE > 28 desk 25, FF40 40 HT table il desk
FENRERL, nE 5 R, ATRUE X 2 NN
RSB SR R 25 4 A P X 51, (R34 |
W IARRL. T LA, AR SO AR BT A 4t 432
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B3 %

Jay 0 DX BGRU 5 TRERE A R, PR E VE A ALK A
X BEAE T T J 2 1)

FHRF ZHE M Su-MVCNN H kM TR R i
3DShapeNets 5750 3B T A SCH LA Xl
7 M PR AR AR Y BT ) AL, R T AR
R SRR iUt 2 03 2R 45 0L, ) LU &5 A 1
Z M BRI TE B

bathtub 0.02
bed
chair m
= desk 0.02ffo01  0010.050.05
ﬁ dresser (1X0220.91 0.07
= monitor 1.00
night _stand 001  0.09 0.01@ 0.05
sofa 0.01 (1X0210.98
table 025 0.75
toilet 1.00
&%

B 5
Kl 4 7F ModelNet10 %138 FRysr2egt

desk 0076 table 0401

desk 0015
K5 ModelNet10 PN IR /& #2445

table 0406

3.1.3  AENIYE = 4RI S SR IR L

AT A 25 AR SCSR R A SRR A AR W =
YERERVEHEAE SHREC o3, FFilbd 7t L
i, 26, B 4 ROk A SCER[13];
ifii Su-MVCNNUWE Sy 26 By Z2 00 181 3095 9F R 75
SHERC %tdade Bk, DR h o fr s o xf e i
Bk, ARCHETF Caffe HEZRSIIL Tk, HHEH X
Ak Wl P = 4 B 5 K 4l £ SHERC10, SHERCII,
SHERCI15 #A7525K. sk 6 fiw, &FxtdERi: =
AL, BT CNN WL i TAE G R IET A
TARBURRE A 0L HUAS SCERTE M 43 8 Pk RE 22 47

% 6 SHREC HiE&E FMHAEHE

%

) Bk SHREC SHREC SHREC
10 11 15
., LFDI" 65.80
AT SPMBEY 82.50
FRIE ’
ConfP! 85.00
REFR
&IRE#>]  3DShapeNets?! 48.40
LS
ZMEFME  Su-MVCNN'  99.00  97.70 98.30
&IRFEX>] ATL-12 99.50 99.50 99.40
Ees A50-24 99.50  99.60  99.60

3.1.4 RGP SRS

FEETXTEE R M = A B A 5 42 SHREC 194328
W, AR SCETEWER R I LE 99.40% LA F, 1 £ X R
P = R R B2 ModelNet 1943 25 B 22 D) A A1
WIS HT LR B 3 AL

(1) WERIL, Wk = 4R 8 BA R A a
22 FR F 0 %) TUART P o, AR SR T B LA A R
B —, Z 2T CE R B i b R RRAE
AL TR E RIS X, 1A S 2 5T A
()4 A-FeTmT, UL AS TR0 A T R0 L 4 1 R AE A
SECHRL, K55, A, JERIPE = R R
FATWRE S ac 2 B ASHL A JUAT (444 ik, A7
R IUE B FEE, 22NN A, b.
AR Z, REBFFAE A ). ASFEAL AR T e
FROEAS BAEXT &, ZREKR, XAl 1. B,
T Z 0 B R SR AR AR W M = AR e B AL

(2) Al W B0 £ P B AS ) A5 70 (i) 3% R 2
SRR, T W AR AL HSCHRE BE N 18T 43 2JS [) AE H
PRARARL, S AE SR I A P X 1, Gn el 6 .
AR SCE LT LA AT | 3555 7 AR ) 22 R
P, T 22 5000 PR TG 12l 2 30045 78 1) 3 4 Jy 35 4
WAE B, TEBELE XME LU S50 X 4 X AR g 2
SIMER. Hitt, F#EETE 25 AZREWEL
Bt A SCR Y R AR R A

(3) ModelNet40 F453 52 505U A7 7E 73 B
RO )5, 4N flower pot 28N FYR AN A0 &
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100 ModelNet10 898
I ModelNet40 85.8
sl 80.2
| 69.2
7
§ 60 -
g i 49.9 49.840 , 459
40 ' 34.4
20+
0

3DShapeNets LFD
K6 MITE = ZERIRIAS R MAP X HE

SPH Su-MVCNN 3¢

e, MAMBREE SR L&, 5 plant
RGN TIRE. ASCHILEXT flower_pot ZEA9 432K
HERA AN 20.00%, X852 T 3598 1) 38 R 43 2
PERE. L, 7EJE A, 75 DX BT R5 A Y IR AN [R] )=
WB X, HE AT B AR 2 R 4y R BB X (dn
flower pot HAYAE), T H 25 EH 4 B & Rk X 5.

3.2 KWEXHK

(1) ML Sk st. R, 2 UEE
Hn=12, #HEEHE4E ModelNet Fll SHREC 5¢ il
. o, #1% ModelNet 44, [F] Su-MVCNN!'
—FE, AR EEENAE BT 20 BRI 2R
LT 80 MR UG FR 5250 i KiHE 1455 Xt
SHREC 44k, 1T 5 RFEHL 2R 9250 45 R,
PRIt A6 2R v B AL S v 1 2 B8 SR P AR S
Tk R PERE.

(2) KMZEPIR. i —A SR, AR
Bedb ol 12 AL, 354 AV 24P CaffeNet
gerh, A UL AT S 2 205 B SR A R
SEHLHE BB R 732, I T 4 RO R R 2 5
DA A B AR AR R R, HEP TR
I iz 5P
3.2.1 4 P B R R AR L ARG R S B RT H

PLSF- Y5045 P2 ¥4 {8 (mean average precision, MAP)
RPN FRUE, 3R T XL TASSC 4 PR R B LR R
HEf . 3R 7 AT 0L

(1) T 4 FhAS [F] A i 8 B 1 550 S0 I 245 S s
AZES. XL, FOREIFEET V2A E
B, WORERZEM R A2A Bk XREFCH, A2A Hk
AT B b 2% PSS AU Y BT A AL IR, L o 2 R A
ML T R ] AR s V2A S 25 08 T 55
IERR ARSI, i 2 T R AR, RIS
TSR Z2 A0 B AR M AT T BRI, XA — R
FE AR TR R HERTE.

(2) TENF BT RN 2 FPOTT:, V2A 1%
T V2V Bk XORHTAE V2A |, X T4 e
R AR ME LB, B35 5 A — SRR B B
e 0 5 H T O B A B, X AT
A NS H DA S 2 AR R UL A AR R 1
FEAJFN]; T V2V R, HRE U LI B R e 4
SRR AR, R

x71 AXEEKE MAP XfLE %
G S A2A  MinA2A  V2A v2v
ModelNet10 89.19 90.26 89.78 89.27
ModelNet40 85.23 85.16 85.84 84.91
SHREC10 98.74 100.00  100.00  100.00
SHRECI1 98.62 98.70 99.08 98.95
SHRECI15 99.30 99.28 99.53 99.44

3.2.2 WM = ZERRRG R SC I Xt

() KeRAIEERE. T B4 bk 7 ke
&, Ak LFDP, 3DShapeNets!), Su-MVCNN!
FNHLTFER 18 4 F0 48 18 T (spherial harmonics, SPH)P?!
MR R IL S TR b, R, ASCEILG— T
V2A B .

(2) KRGS, [ 3D ShapeNets"—F,
TENIME = ERTRRG R h, ASCERT MAP M& 4
A fE L (P-R IO MR R PERE RN AR

(3) KRR L. B 6 FE 7 5ilah T
ARTCEEVEA 4 FhILAYSE LR MAP FI P-R {14, i
X AT LA, B XS NI = AR, A SO T
CNN FIHEEHLR S A R ROR ] B T HA A
B HOUZEF X ModelNet10, A< SCE 2 19 249
R 89.78%. XIEHN: a. AXK R LT
AEX 37 b 2 R T AN R ) A R L AR 4R T
F & H) ImageNet WAL B CaffeNet, A%
SR 45 R B R AE R AT 3k T LR A, AR
TR R MR, b, AU B = R RIAL
F AL P ] e R s, A TR AR R R AR Ay 2
REAOC, mUEGTE Y A R Ok T RS R

(4) BRI REIR . 8 8 L) ModelNet10
JfREE, BT HEAKN PR 4. FTLIEH, %
MR RERRZE SRR, @i 5% 5 XTI,
ARG F R 2 (W] 43 28 ME R 2 1A R 1A
KM, ARk e i 25 2L TE 2 A S ME A R R fIK
M2, RIKIEZE table, desk FM1 dresser.
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10&3‘*%@%—%%&%_X SCRATIOR. SChh, ASCRIEG— LT V2A
A ~ P R
0.8 - AN N A %x
EENENN \A\A
y 0.6 - \S\O \k 1.0 ——O0——O0——O0——0——0——0——0——0——1
v g0 A S S — O R
& g 0 AN O DRSS
# 04 ~o_O— A 08 F Y 9—
" | —o—spH D\D\O TR RN
| —O—LFD NS % i ; ; "™~
02 | —A— 3DShapeNets \ﬁ\ g 0.6 —D—E;ztfk;tub, bed, monitor, toilet 0\
I ZIIK)‘C 1 1 | 4 b 0.4 | —>— chair \
0 02 04 06 08 1.0 —o— zight—s“’“d T
o oa i
10 a. ModelNet10 —%— table
\<>-§<>: XK 0 0.2 0.4 0.6 0.8 1.0
08 | S 2§‘2§~<>\<>§\3§\% ELEE
\<>\ /I8 ModelNetl0 % A0Kr2 P-R Lk
0.6 - D\g\ﬁ\ \i
i NNot A, (2) BREESISHT. T SHREC HURMET
® 04t o—seiny O\o\ D p J7 MR AR SO BT NN, FT, ST, E, DCG P &%
1 | Spotapees =00~ P-R MIZEAE AR RIEREIT O b7, Ko Rk 8
2 [~ sumvonN \Di% R 9 iR, SRV, SHAMA AL, A
K AX . . Wefe SHREC10 & SHRECI1 | (Ko 22 P RE 25 St
oo e B, 335 904N BTE 1A SO VL BB TR = s,
b. ModeINet40 WIS T TAENIE = 4E 8. 55— Jy i, T A SR
Bl 7 &R AE NI = JERTARG R i P-R 4k IRAEBIRU KRR, . R ERAN IR, HR I B 7 455,

3.2.3  JENIPE = 4ERTRURS R LI X E

(1) KRB e, B xEAERIPE = gEf iy
AT SHERC10, SHERC11, SHERCI15 B4
B M Fasldk T 3 MEAREMGEY, 2
) —Fh, AR —Fh, I —FDRR R AL A

x8 IFNIMZHREBFEREREGRIILL

EEXTAERIME = 4ERCRY, 7ETE 4025 man A1 woman %% {4
AR TR () 53 2R K R AR AR B A 1R, R T A%
SCKL R A R % 2= T 575 SV-LSE-kpaca50.
3.3 KEMEITFN

K BRI, 7 2 PR PR B G A, A
o AT 5 e v R 2 (R Ly BEES, A A R

%

) TEAN A 1
Bk Rk
NN FT ST E DCG
MR-BF-DSIFT-E 0.9850 0.9092 0.9632 0.7055 0.9763
DMEVD _runl 1.0000 0.8611 0.9571 0.7012 0.9773
SHREC10
CF 0.9200 0.6347 0.7800 0.5527 0.878 1
A3 1.0000 1.0000 1.0000 0.8286 1.0000
T-NoNorm-40Coef 0.9550 0.6717 0.8026 0.5791 0.8972
HKS 0.8367 0.406 1 0.4973 0.3525 0.7304
SHREC11
SD-GDM-meshSIFT 1.0000 0.9720 0.990 1 0.7358 0.9955
AR 0.9750 0.9778 0.9972 0.8286 0.9902
SV-LSF-kpaca50 1.0000 0.9972 0.9997 0.8357 0.9997
SNU_2 0.8992 0.5657 0.6706 0.5181 0.8335
SHREC15
Multi-Feature 0.4508 0.1864 0.2625 0.1846 0.5259
AL 0.996 0 0.9890 0.996 0 0.7778 0.9949
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1.0 ‘ %\Oﬁéééééﬁﬁééﬁﬁﬁ\xxx_
0.8

0.6 -

iR

04
—O—CF

[ —A— DMEVD_runl

0.2 - —O0— MR-BF-DSIFT-E

Pk AR
1

0 0.2 04 0.6 0.8 1.0

AR
a. SHREC10

1.0 [~ BER-BH DK== PR DS S SKK KKK
A T

:AN
N
AL
N

o) AN o.
08 o Ba, 00
N

o. A

5 0.

& I o N
= o

0., N
041 O, A
| —0—HKS Oo. l
| —A— T NoNorm-40Coef %00,
—— SD—GDM-—meshSIFT ~o.
kA3 q
L | " | " |

| L L
0 0.2 0.4 0.6 0.8 1.0

R
b. SHREC11

1.0 —&R%-E-E—%-%-%%%%%%%%%*%2%%5
i —O— Multi-Feature

oA
AN —A—SNU 2
08 AN
AV —O— SV-LSF-kpaca$

AA@§¢1
A

~O-,
O-,
Ox
O-,
O-0-A. \
! ! C|) O-O‘O—Ofo-o'o‘é
0 0.2 0.4 0.6 0.8 1.0

AR
c. SHREC15

K9 ARNEIETEARNITE = ZEROHAR R b ) P-R ik

FETRAE L, B B A58 . BRSO M A SO A G
RIS I PE R O(nm?), Horh, n R PE TR R
RUECH, m R = A AL T b L B H . Rtk
—PRE, ASCSEREWE T AL 50, 100, 200, 400,
800 N =HEMIRI KGRI, SRS =GR,
SIAYE T 428 6 NI, 12 S0 1 80 NI IE] 4%
SEEEL; JRLAEE 3.1 T R AR AC R O A, i
17 TASCHHR I V2A K RE W, Hisfrmta)
2 9 Fin.

F9 AXEEREYES s
- T
WP H
50 100 200 400 800
6 0.055 0.108 0.217 0.431 0.862
12 0.235 0.466 0.939 1.871 3.767

80 10.001 19.778 39937  81.683  159.060

MEOTTLIE H, fEMk R H B £
B, KRBT I ] S 2R MR R RAE = YRR
PP B H 2 1 s, R 2R i ] 2 RO
P, FESEBRBL A (1) AT RUR A R AL R
TR, B BEH A OB K By 2 rh A
RUE NI RAEAL, A Kb/ MG RIL ), 2
FKIREBCR, (2) TEW LR RIEFCRNEN T, 1t
BRAfEDHMELE, Uit—21Em 8RR,
(3) K& GPU W& JEA K, v LAFIH GPU fehn
MR A L, P AT, BT T A A
PR R AR,

4 SEEFREIE

ASCERH T —Fh T CNN FIHBEELHLH A = 4k
BRURG R AL B eI R G 40 ol — L 4R A
FEFIT CNN 7 AR 2R AE, RIS PL ]
SER AR 43S, SRR AR 28 L RAE R AR
gL BT 4 RIORTRI O BE B R, R A
FET SE R YRS R I R, A SR B
AL, TR IE W = A AR A R
BAL 2R KR

SLE R B, A SCIRTEAEAE R R AR TR I
Y432 RE S BT A )L, R — AW B X X — [m] R
FEWFFE, SR TA SCRIEAEAN 532 7 KL 2R fE
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