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Review of 3D Model Retrieval Algorithms Based on Deep Learning

LIU Anan, LI Tianbao, WANG Xiaowen, SONG Dan
(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: In recent years, deep learning has been widely used and achieved significant development in
various fields. How to utilize deep learning to effectively manage the explosive increasing 3D models
becomes a hot topic. This paper introduces the mainstream algorithms for deep learning based 3D model
retrieval and analyzes the advantages and disadvantages according to the experimental performance. In
terms of the retrieval tasks, 3D model retrieval algorithms are classified into two categories: (1) Model-
based 3D model retrieval algorithms require that both query and gallery are 3D models. It can be further
divided into voxel-based method, point cloud-based method and view-based method in regard of different
representations of 3D models. (2) For 2D image-based cross-domain 3D model retrieval algorithms, the
query is 2D image while the gallery is 3D model. It can be classified to 2D real image-based method and 2D
sketch-based method. Finally, we analyze and discuss existing issues of deep learning based 3D model
retrieval methods, and predict possible promising directions for this research topic.
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1.1 ETHAN=ZSEERLERF®

A I A TR B A 28 I 24 1 DIl A T R R ASE — A S U i A 1% B, R R R 2 ) T TR R =
YERT BEAT 27 2 MFROR UK T = 4ERBE R R S S I T TR 7 . SRR B RIUE AR R
= FIAL IR 45 DRI B B B R 4k 0 = A58 A0 1) R 7R 7 SO [A] ARG R 7 A B TR R T R =
I T I FNIR A 0 = e Bk R Oy ik o

FE TR R 0 = AERERVRG B 5 v 38 (0 ] 5 4 T AR 1 = 4 A% R = AR , F H HEAT = 4E 4
it Ak S AR DT 42 U B R A F 2% S R o QUSSR T 2 07 AR 3 45 B2 I 45 (Multi-ori-
entation volumetric convolutional neural network, MO-VCNN) , 1% % %% fifi FAU{E 36 5 19 3D 5 i 4 W
28 AR B[] 5 1) ) = 2 1 R AR AR, SR 5 PAT Joe Rt AL 45 4 SR B AR AR, I 208 R G 2 )5 MR- A B 55
— A YR B R I % AT T U T OREE IIROR o O T BRSSO AR R R L RV il
S5 I 8 e A , 30 3 2 2T e RN IR g R AR B M 0 A T = s ]

BT R B 0 = YA RS 2R U7 IS 0 DN A AR R 2R 1T AT AR A bR R FE A B = A R T
PR o R A PR A PR B R T S A (AR S A AL RS RN P . Klokov F R T A-D M4 15T
H - 4ER (k-dimensional trees, kD trees) Rn s 2, 2R i MR 4l B0 45 46 X 45 = EAT AL B . A2 R AR DE i 53
U RS & Xie ST A B I BEHOR S s R AR AT BT SO,

BT O = AE B R RS R T TE AR e o A = e R v Y — 20 4 R EA BRI 4 R
25 ) 4 $ BURH JCHREAE o Bai 5580 A R R B 4R 22 18] 9 5 i 22 O R B EAT A b L d o T R AL — 4
BRI R RGE GIFT . Suf O i T Z WL 6 AU 22 1 25 (Multi-view CNN, MVCNN) , eS8 8l — 4>
=0 A Bl 28 T 2% X A0 I PR R AT R AR B B, SR 5 15 R 1 4 B AT S Rt AR RS R . SR, H
A% 4 AE S R AR P B 5 T AR SR K AE, AT REJC A 72 40 B 2 A IR AR L B XS A BB, Wang 451
P&y T — b B T O0 AR G AR B L SR S A AL R 7R RS 1 2 O AR AT AR B AR AR AR
TAREE R SRR . A 2= 3 22 0 K 012 W 45 (Long short-term memory, LSTM) R & £
A S  FRAE 2020 A, Chen 5522 3 il A 24 14 3 0 A58 1 ol o 85 400 IR0 O 00 3 A oA 0 1) = 2
TR . Sfikas 252542 H 42 545 BLRH 28 45 (PANORAMA-based CNN, PANORAMA-CNN) , {jl i
FH— 2 3 T 5 1 B BRI 20 W 25 R X = 4RI IR AT 24 2 R/ .

TR A5 T 35 300 8 4 S Tl R R DA = AR () SRR AT AR B L Lu S 2 B = SRR AL
AL R AF 0 A PR AR 22 8] Y A G o You BB A - E G & M 46 (Point-view relation network,
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TR F AR AE A P REAE SR AT Rl DT X = AR AT IR ) AR % . Rahman %5274 6 — 4R AR G 7%
JE AR (A B HE 1T fl A SR X = dE BRI AT B A R OR .
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AT o X SFOR B A AR R (I Sk o Li SR 20 B £ 9 A5 2 2] D5 i (Multi-view multi-dis-
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tribution learning, MVML) , i 2 2% > WA A8 5 7 25 [0 4 U5 S50Re A A B bR 380RE IR e 5 380 28 S 3 17 2
>, BB 28 W 2% (Domain-adversarial neural network, DANN) [2815% I 3o 47 P 30338 o7 09 , X 050 a5
P F1E A BB AT R 5

FE T LR ) = AR R IRRS 2R 7 vk B U o5 A T P gk R S AR R 2 AR AR B R B AR 2 )
B, Zha 22T R B J p 2 ) 2% ( Cross—domain neural network, CDNN) 3 45 /N — 4 25 K] 5 = 441
AU 22 5 o Daras S50 T —Fp S 55 2 BRI 1 = 4ERE AR R R G0, 4 R G0k — AR 5] —
A1 R G b 3 A DA 2 SR v R EURR AIE R A S A )AL 22 R 9 AH LU . Bronstein 88 PR 4k 1
ALY R AT IR AE 48 (Bag-of-Feature, BoF ) J7 & W FHF = 4ERE ARG R b . Tk — 4, Eitz 204
BoF 5 3 F Gabor 1§ Jiy 3 £k 4 #71iF (Gabor local line based feature, GALIF) 54, i F 3k F 5 K (1) = 4k
FRKE RAFSE . BR T BoF 48 gk 4, J& 38 29 3R 2k 1 4 i1 (Locality-constrained linear coding, LI.C )
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2.1 ETHRIHNZHERKREE
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4 000

1200

— o

TRZ L 3DIEAY 3DBHE EEZE
1 3D ShapeNets %5 4 7 & &
Fig.1 Schematic of the 3D ShapeNets structure
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Fig.3 Schematic of the PointNet structure

2.2.2 PointNet++ M %
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Fig.4 Schematic of the PointNet+ + structure
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Fig.5 Schematic of the view-based 3D model retrieval algorithm

2.3.1 MVCNN # %-

BET WL P Ry R AR b B 5 v B R ARSI A — A L I R A O 02 S A LA
PE AT B —A> 2D EHGAR AT, 98 5 AR A 56 5 008 5 O 38 L B T B R A R AT IR BT 55 . SR
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i, 5 Je R HTX AN 42 SRy R AR EAT HE — 20 RO R R B0 36 o o 17 B0 00 1 26 R AR SRS 1 30 3R
2.3.2 RotationNet M %

MV CNN 745 2 A4 W0 B R AE 2R 6 o — A 0 EVREAE B, A 0 1 9 b A6 2 P 55 Y X AT RE 2 1 —
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— DGR B M A {2 Hoa, AR &y ye {1, -, Ny, KWK AR &l
v, € {1, =+, M}, M 3R B> = 4RI (0 A0 BBk, N SRR = AR R RS HI A 0 0 B, ZE R T R IR Y
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2.3.3 GVCNN M %

Wit — 2 Feng S 0F 5% & I — 4RI AU 1) Z2 A~ 90 P 22 0] 47 AE — 5 (0 A DG |, TR I 7 400 1) 0 4 Jmy A AR
Z RN T — A A AT 4L A B R e R H T GV ONN W 45070 06 R R 40 A T 26 B 22 I 4% 41 B A5 5]
) A0 ] AR A e G ) 030 P i 55 0 AT 40 2, 6 NSRBIV ARAE Vo= {01, s, ==+, 0, ), 4000138 AR I 1Y 11
B A 4R S B HE O= {04, 00y =+, 0, ), BEA VLI A 0 590 4 5 55 5 S Ky
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AR, B )5 T AE B AL 8] RHER AR AT BB O R Y = R R 4 R A, BEAS T 7T 20 i R P = 4ERE R 24
AL 22 B) B AH OGPk
2.3.4 View-GCN M %
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Fig.6  Schematic of the 2D real image-based cross-domain 3D model retrieval algorithm
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Fig.7 Schematic diagram of CDMR structure™’
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Table 2 Performance comparison of the model - based 3D model retrieval algorithms on ModelNet40 and
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Table 3 Performance comparison of the 2D real image -
based 3D model
MI3DOR dataset

retrieval algorithms on

ER7S NN FT ST F  DCG ANMRR
MEDA™  0.430 0.344 0.501 0.046 0.361  0.646
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Table 4 Performance comparison of the 2D sketch-
based 3D model retrieval algorithms on
SHREC’14 LSSTB dataset
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