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3D Model Retrieval Based on Deep Convolution Neural Network
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(College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China)
Abstract In order to make use of 3D model data set for feature self-learning more effectrively, this paper proposed a 3D
model retrieval method,in which the natural images are as input sources,a better view set of 3D model is as basis,and
the depth features obtained through training deep convolutional neural networks are applied for retrieval. Firstly, the 3D
model views are extracted from multiple viewpoints and the optimal view is selected according to the order of gray en-
tropy. Secondly.the view set is trained through deep convolution neural network, the depth features of the optimal view
are extracted and its dimension is reduced. At the same time, edge contouring is extracted for the input natural image
and a set of 3D models is gotten after similarity matching. Finally,according to the ratio of the total number of similar
models to the length of the search list in the retrieval result, the retrieval list is reordered and the final result will be
gained. Experimental results show that the algorithm can effectively use depth convolution neural network to extract the

depth feature of the view of the 3D model, meanwhile reduce the difficulty of obtaining the input source,and improve the

retrieval efficiency effectively.
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Fig. 1 Framework of 3D model retrieval system
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Fig. 2 Comparison of view images
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Fig. 3 Natural image and edge line image



280 i BN R

2019 4F

2.2 BEUBEZEE

VN W W e R £ Y R A RN o
SUEASRL, D 2 T AR Y T SR S O TR g I A AL 4R B T
SR BB st — ST AT AR L]
UL TR AR LY | i R 4 5% TR ik 4R O TRD I Bk Ok ik B A
Ao AELHT R BB AL I TT AR BE L S E AN [ 2R Y
B B A 0 PR R — L LR B LA E A R
HE WL

E T 48 A0 PR IR S ) R 5 A A 4 ) A A AR R
AR T 30 4 0 L LS 6 5000 4 v AN TRT 43 28 Y = 4 A AL R
BN — R BN 2 B0 AS 349 A % 10 A, s X6 3 A
R P2 4T 1% 4 AU 448 (90 4% (4 U 5 7= A R T

BT LA 1V A PR, SCAS 4 M T S DA SRR S 4R B
Z kLA, SR I AR B 4R T A 4 2K A A R A
S I HU AR B0 A T 3 2 TR AR R 1 e A 00 T B0 1 R TR 3k TR
Fk.

TE G SO A 38 B b AR SR A SCik C17 1rh 42 30 i 4
SEBR =Y BE EAT AL 6 A IE BB R 10 A I
S ] A9 B 5 I ot XoF = B A R R A7 00 P B

10 P B TR E L L R0 g = R A
S0 o AR Al A AR (1) 455 TR RR &5 6 T 4000 SO P R A, 3 T 42
BUSRARIE 32 03 & AR SO H K 32 RS ) 400 1] e R

T HE R A B B K AR 7k DA BB A L 3
o NEl D FER -
.Zizl"f
H N ﬁ?élﬁjl%%mﬁi&izwcﬂﬂﬁﬁ 1650 RFIZEHF
R f 2 0 O PR B0 5 o R T 8 PR 9 O TR B, S
W BUEME 4050, 0T 7 FBITF BRI IRRBIEE P
AR ) 2 1) BB

BARR PR AR E 4 FR, BIEL BT .

Step 1 i B 40 Bl 4 Ca) T 7% F4 L = 26 5 250 56 J 0 S BR O
B AL 1o posoees oy IR RS = R A7 A0 2,

Step 2 FEREAIL ST L 8 IR A 50 86 4 50 X = 4R
BT LIRS e AR B, A5 3 N gk —HE LI Coysve s eeeyon ) o

Step 3 AR AR T I 28 1 19 Fl Ll 0 (D R S
59 A TR ) O WAL P R e

Step 4 A (2) 1545 K 00 A K BE A L 9T 4 BEOK BE
0 08 R /IR AT o o 4 A R £ B R R K AR e SR L O
P HAE A R A BRI (V) Ve V)

D

n=N—a

szfp,logp, (2)
Hodr, p, RORKEAE N ¢ R RAEEAIIE BT 58 el H
NEYI TR

PLD2 PN VLV, e VN ViVayory Vi
02584 [ K 0.1353
o
¢y G 0.1469 02573
_ = o
ot ) 02971 0.2373 i
= \
I 0.2584
Ca) 36 [ 7 W0 A () 1 ] it e Co 15 By (D) B E

Fig. 4 Extraction process of view image
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mAP at different critical values

I 18 1 2 3 4
mAP 0.543  0.546  0.535  0.534

VR 22 = HERE A X Bk 09 4 s DA 0 [ — A8 A 3 3 40



282 B N N = R

2019 4F

RO ICE] 9 I8 0] B B A — o 0 AR LM DR Y R = A
TR ) AS [v) 0 ] ) ) Ay 2% 380 ) G sk Db 45 ke A 1 i 4
ZE T VT

TEAFARLRE DG JC b 72 v 0 UG R A5 B I 45 2R B R A B 4
AL — (5 A, L WA R G5 T R & A0 T R R
di S RACEE M LU B o SEE - B A R S I BT R
PEUBR AR ABL R0t R AVT 0T o (305 v (1 RS 7R 412 2 DG I 8, 7 J A DG
WL EE Score, it 2 (6) Wi S4B Scorer ZJ5 . GLit i L
N RN R U B S I e (1 N =

1

Score; (1+iXa;) >0.2
Score— ength %8
Score; , m<0 2
Hr, length L5 R BE L0 ] B0 0 3 BE B
Score N Z W IT L .
TE ap MIUE 1 CILFR 2) b 1 0 JBC(E X LUK 46 2% 7 31 7
S T A e 7 BBCAE < foff 65 SR HE )5 5 T 4 8 700 T ) 1 2%
S, B A B e . 0 0 K 2R ) 3 rh A T AR A 38 X
3 R — R EME B2 B S L
it 5 2R 91) 3% w7 T ) 67 B A AR B AR A D 09 2 ) T
T HAR BRI B0, ) 23 X 25 R 7= AR B Ry e By 4.
SEERARI ar YRS R R AR AR R Y a, HL
fEHEINZ 0. 1 B ymAP A B 2 38 T, 7] 0 3 ik 0 2% 4 2R 45
R ARG KT = b B 43 I 2 A A T B A AR A IR T
BRp T A 0 T 0 R AR 22 S B o A R R 0. 1 fE A
ar W ZHUH .

# 2 AF ay BE T mAP {H

Table 2 mAP at different a, values

ay 0 0. 001 0.01 0.1 1
mAP 0.503  0.513  0.535 0.543  0.538

SRR AN [ Sy B AR AT 10 A BT 345 2 00 S TR O ) 2R A
RUTE AT R &5 Rt LA B 2 TT e R R AL TR S A
FEER AL A T 2 IR R PR A RGO B T A R A B I R
FIARAERY A SCRE X 3 #2468 28 S Al b 3, T 40 2R 51 3 o
2N MR B 22 Ut B DDA 7 R R 32 40 28 T AR B Y DL T
BE A8 HCHE B O BN ST

TE T HE )T F8 43, A% SCH 18 45 550 3 09 AR L B L 15 2
T B Ao R G5 SR BT i d A i B RS R AT SR
RO . LB UE B G 3 B Oy 2Ok R g R AT IR R
Ji omAP ST 4%,

4 KBS

ARICF LI Ubuntu A F il it Keras B 2 ) fE 42
SCERG . S2EG T GPU b GTX965, 1§ i} CUDA B4 cuD-
NN JE A7 . A Sl A = 4 A O 50 4R 2
SHREC14™" 4 45 rp i BUAS B 19 i R 42 v OR [) 4y 2K °F
) A 7R 00 2 TR BB L ) AN 7E KWL 8T A AL 300 MR,
AL B GE 2R TR E R B AR 10 4. B
T 46 1 2 1) sk 2 o, 3R 500 S B4 A 0 R 0 I AR 4
A TP, 38 2ok B0 38 9 S 9 A0 1] 4 R e LA

A AT B TR ATIE R T o 2 P A R AR 0T 90 MUK
MK 35 M T RHLEE 20 AT 2676 ML T
4.1 IWIHE

HERIE S SRR 16 A TUE S T g —
Y2 S5 1l 38 TR Aok VR AL X AR B 2 SR 12 9K
BT 3 ) 20 0 e O 0 PR 4 L e sk B 26066 gk 0 IR 4
R INGREE 7752 3K 00 B Ry 38 UE 48 5 SR ) o AR R < 48— IR
Ol 150 X 150, 10 FH ¥R B 5 B 28 00 46 08 A7 DI 45, B by 9L 1R
P2 1024 4R 43 H 2 IRl i PCA K 4E B PR AL % 128 4,
18 PR AE 5 4R AU L R 2 A B 2 4 4 20
W /28 B AR B A i AR S FH S AR S A A 2 sk SR ik
e o0

B4 DL T TR EE FE ZE R 4 2 O 4, AT LAY A
R IE IR X PR32 R I = ARl A 2 L v e O Y
ML T 5 B X T ok U, DL R EAE
iy NIRRT I G0N A W), 25 By BV R A0 B &R 43, T
XA M5 B e 23 0 K 3R 4 T R — A8 M SRR . AR S
e R DL A 2R R AR SR i AU 4R B T 22 A0 A 4R 4% A
B LA AR SOk AT R R R, A 3 T I 6 TR K &R
gEIR

B 6 EEFLH IR T AR R AR

Fig. 6 Search results in motorcycles class
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Fig. 9 Comparison of mAP under different classes
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Table 4 Quantitative comparison under different indicators

NN FT ST E DCG AP

Our Method  0.473 0. 321 0.493  0.126  0.622  0.407
imgCNN 0.392  0.257 0.414 0.114 0.547  0.317
Gabor+BOW 0. 311 0.209  0.307 0.086  0.541 0.232
BF-SIFT 0.243 0.168 0.319 0.080  0.463  0.209
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