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Overview of content and semantic based 3D model retrieval

PEI Yandong', GU Kejiang™
(1. School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing Jiangsu 210094, China;
2. Sinopec Huadong Petroleum Oilfield Service Corporation, Nanjing Jiangsu 210019,  China)

Abstract: Retrieval of multimedia data is one of the most important issues in information reuse. As a key step of 3D
modeling, 3D model retrieval has been deeply studied in recent years due to the widespread use of 3D modeling. Aiming at
the current progress of 3D model retrieval technology, content-based retrieval technologies were firstly introduced.
According to the extracted features, these technologies were divided into four categories: based on statistical data, based on
geometric shape, based on topological structure and based on visual features. The main achievements, advantages and
disadvantages of each technology were presented respectively. And then the semantic-based retrieval technologies
considering semantic information to solve the “semantic gap” phenomenon were introduced. They were divided into three
categories: relevance feedback, active learning and ontology technology. Then, the relationship and characteristics of these

technologies were introduced. Finally, the future research directions of 3D model retrieval were concluded and proposed.
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Fig. 1 Logic diagram of 3D model retrieval system

1 ETHREN=ZHBALZE

FET AR R B FE SRR A Py sk, T fik e
BRI RIR IR 2 . R BERREI RV DM T A REAE
JEAE IR W I R AT AR R R IR R AR
ARG R T R KRS, R R 28 AR TR R o SRR RRAE
T SRR AT AR AR . BT, F SR TR MR R AR 2 A
FFNEMRREERE 428 DIEFEIEIE K
FRERF G254 0R 5 2) BT TUMAME , 320 E AN 1Y PR 2L
FRIR A S pREAS e 5 3) JE T RS, & IAT Y 01 1 DA S At
RURIRIEBOL A28 (0] 6 2 5 4) FE FRUSERAE , AR oA AR 1Y) — 4
[liEse: 28
1.1 EFSHEITHENRERF X

TR IR BR e = IR W R IE AT IO SR JE R B
7 BSR4  HU3 . W W SRR iE A 45 - BE 2
BE A T R A A B R
Py 20 R ERR T = AR R A O B SRR
IEU 4350 Ok R 0 BR A T Kl 43 (Shell Bins) | B3 JE 46 T % 43
(Sector Bins) Fl1ZH & #% T %1 43 (Combine Bins) , WA 2, X =
P R = Ak M PR AT BT s LT P 200 43 1 PR A 15
A GRS AL o 2RI AR SR T — P L TR P T )
A BTV B R E R A T i 6 P T AR BT R e R R AT
T8 OOEXS HE R HEAT R 5 Lian 257735 ) L TR 2 i 56
e T ) b BRS04 A B U7 Bl 4 1E (Geodesic Distances,
GD) 5 Pickup 45 i H 5L T8 A0 3% 1m0 B 43 A BT IR R AE
(Surface Area, SA) . FRFFILAE R H —Fh TR Py — T /A
A3 B B AR NI = R ARG &R, 1 5t e o A L R
GEATARAE AT T 2 SO o B AT R 5 SR 4 i 3 1 il
BREE AR R = ARG R AL . Schmite Z5 20 414
RN TR (5 B A A B R (5 8, AR5 i A By R’k
AT TR

(a) [ OB 5> (b) BB RI5y (o) HE x5y
2 =Rl as ] 3 H) 77k
Fig. 2 Spatial segmentation methods of 3D model
e ST IR P T IE TR TR A A5 X A AR 3R T A A R i) ) A
ey, BL5 P i o R AR R A A, T R AR R AR

T3 — Ry 2 B WG () LA R 2R, JUAT R AR TR
TR % P pRBAEAZ PR B 1R G3o JUATAE R GBI R AE AR
AR TR P RS 104 R AR R A 7 A7 S 0, IR UE = 4R
TIA AR J5 0] o AR Y, — S8 TG TR ORI Iy ] (Y 3503k 1
BT, 40 =4k Zernike 5™, Hosny™'#& i —Fh P 15 = 4k
Legendre i (9 77 3% , X FRE43 BT , SR FHNEE 5803, 5 50
WD T =4k Legendre JE AT i o SCHR[23 DI BEICIE LBy
M9 1L 55 Zernike FEHE) A 3 BX B Zernike S, $2 HH —Fi 70 BBy
Zernike FMIIE VL . AL T A3 Y HAB 4 Zernike JHH T AY
PERELS DU BETR A 0 BN Zernike FH o SCHR[24 J48 H —Fh
W- RGeS PR Gl TR R B ) W- RGN
I F AR R IR T RO AT R AL

FEF G R A D7 X S R T R 2R AT
SR8 IR ARSI (9 UG PR A 38, T 16T B, R 4 22 M 7 g A 78
TR IV T O 5 SRS R X AR (i AR A R KR | ST AR
IR 22 AR R P 58 ol A IR, X SR B AR A iR AN J , R
E R AR T (AR X W F AR R AR AN W
1.2 BEFILAMMEHRETE

T U SN B REAE B I 32 B 5 A R Y JL AT SME
HME BRECERIR S RHE A5 T 3R TETRRE Y BV I (3K BRI A

WOrEZ R, JUMINERRLY & 2 (5 B AR 525
IR, — o B R AR 1 22 T AR Ky U 4k o T
BN TOBRLZH A U A . ARAE XA AL (1 T LT S TE 11
IR Ty 1 R EIE W T LA T T2, i Ab AR
R B

SCHRL26 ] H AR 30 e 1 B T 3R I RRAE A B30 B Ay
HIZR RSO LE FHUNG = MBI RS R E T4 =
FAIET A A9 1 i (Normal) A WA Y B RAAE . EFXHIZ .,
—JRAFAE PR AL T 18] : —Fh DG A SR W AR BB 2 4 A i A
SCHR 27 MB s — A BB A7 AE — 4~ 1453k (Bounding Sphere ) ,
RIGIT A B R R MR, H—1& MK
(Penetration Map ) {c 53¢ B 5 455 7 5] 303 S 3K 1 00 200 9k 1 4 2] —
AN TR G TR B 5 ) — RO A SR M DG OB 2R 1T 1 )L
Al 5T o SCHk (2918 My T — b 3 1 75 2R A1 4 11 2k (Hilbert
Scanning Distance, HSD) 1757 , 8 iz B3 50 /)M e AR 46 Fl A T Aol
2L FEAT B Rl . IR B 3, SOk
(30 ] b 4% % B2 Ak itk R g 9 A8 46 1330 Jay 38 T BRRFAIE IR bz
ERERE

B = YRR R (Y ST AT A IR AR X A e, Sk
(31 ] Fh i 4 44 ST 2 i Ay e A ML R I AR FROE 3R 1
(RFEAL) o PRZ AL DK = BT AR TR AT — 8 1930 S K
LR, 77 A R 80 E 2 (Volume Datasets) o A 2 5 AU IR 36 4T
THRMZHRRITER . KRR ARk =4 R m (5 S A
R R W [E A, oA 3 TR AR N ERRAE A D, ARl 4. SCRk
[32]fiff Fi 3k F =% ] 45 #4) [B1 4 iR 7 (Spatial Structure Circular
Descriptor, SSCD) A RIS i, 12 K6 e ATl F 4 B
A W A A G, B RMTR IS M SR R IR
FUAR AR, AL P AR Y ST 3R AT LU PR AR 1438, LA
W R R AR, SCER[33 ] REE T AN IR R G
IR, LR, 2t A IENA IE S AR LR R R T L
W K2 80% . ARS8 2 B NIREE 2= T I Jr vk,
H ZLEYHRRAE A A THE ) =4k, IR LI
A, A Bl = A B 2 W 4 BV B T AR R Y A 2k
JO - PURSCRRAE Iy A S e B R, 75— 2



%78

F R AT AEAE LN R R R

1865

JE LR T RN R 2 B 3SR RE . TR A 2 RE DT ik

) (e

e D =

T LA L AP .

o |: Application of 3D : HSDi one-dimensional
;: [ Hilbert curve representation

Dimensionality
Reduction

o b
w

AL
o

HSD Feature

3 fHATHSD BRI iR K
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