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Abstract  With the development of VR/AR technology and the wider 3D applications, it is realized
that 3D model retrieval is becoming more and more important. Model-based retrieval preserves
the spatial and geometric features, which includes not only the surface information but also the
internal properties of the model. However, there are concerns in relate to its high storage and
high computation. Deep learning has demonstrated successful breakthroughs in the fields of
speech recognition, graphic image classification and natural language processing etc. In this

paper, after studying the 3D model pre-processing and 3D model representation, a method combined
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with 3D voxel model and octree structure is proposed for 3D model retrieval. First of all, the
coarse-grained features and fine-grained features of the voxelization model are extracted. After
the fusion, the features which expressed in the form of octree are input into the convolutional
neural network for training, and the Euclidean distance is the metric for evaluating and retrieving
the model in the end. In order to form an octree for storing the 3D model, eight equal cubic
meshes are able to be divided after the 3D model is scaled and aligned with a standard unit 3D
boundary cubic volume. Such a mesh process will continue for each cubic volume, which include
the 3D model, until the mesh quality reaches the requirement. By using the octree feature
representation, not only the storage consumption is effective reduced due to the process of voxel-
ization, the details of the original 3D mesh model are also preserved. The presented algorithm
uses the improved Octree structure as the basic data structure of the model voxelization which is
applied to the convolutional neural network for model classification. By designing a novel spatial
octree, a 3D model is represented by which surface information was stored into the leal nodes of
the octree. The leaf nodes are able to be trained as initial data and evaluated through the
improved octree neural network structure on GPU. IO-CNN is able to support various CNN
structures with different 3D representations to extract and classify the 3D model for 3D model
retrieval. With careful analyzing of 3D model, it is found that it is unnecessary to process interior
part of the 3D model for voxelization if it is a closed 3D geometry. The voxelization of the interior
part of the 3D model will never affect the representation of geometric features. In considering the
computational performance, such modifications were made during the process of model voxelization.
After voxelization, the normalized 3D model is represented by octree for obtaining the spatial
information. An iterate process is carried out which 1 is set to the region which includes the 3D
model and 0 is set to the region without the model respectively. By only voxelizing the outer surface
of the model, the computational overhead is greatly reduced due to the optimized data storage and
convolutional neural network training. The experiment has shown, with applying the SOFTMAX
cost function, after a large amount of training data through convolutional neural network, the
presented algorithm has more advance in 3D model retrieval than other similar algorithms.
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i TR ToIE W R R K.

DRLIHE 0 1 3 5 114 A 3 R B R A A T )
SRl I g A = HERE T L A BN T d AL Y = ZEAR AR
T JHL AR 4 B P 2 ) A i AT R R AL RO
. PR g B ok = A0 PN R AT TR R A .
AN gox = HEREAL 9 S WURRAE 7 A AT AT 5 w0
DA SCAE P — ol B ik xof = AEASE R 3 T kA7 PR 3R A Y
PR ITIE R AT AR R R 00 A ik 2 1] ] )
SRR AT /N SO 23 L 0 SRR R T AR T RN
BRI 280 % 12 DX T RS 2 A7 S 4R R 1
PRZRAL s 20 SR X33 T 5 - A A MR R 1
PR AL TR R LR (AR JBZ A OE R 240 KL B R AIE
Fr &Gl AR R0t 48 08 3 A0 A7 B o 7 9 2 1] o
P [R] Bf s BE O B D = 20 P9 A TR ) 240 15 45

TE = 2 A% A5 B 10 A 3R Al A o X AL IX
AN E N =M IR B2 T n 19 XK R 4
RLJEE DX 38k 5 BT X8 P AL 55 19 = A TR 1 B > T
n R DI, R O RURE JRE DX I 52 36 v e IR DL 25 RO
JEL U P9 = 24 00 A A 8 A 7 1A SR AL Ak 2

T TR = A A AR R AT N SR R AR R
BEAS DXIRAFEAT 3923 0 L AR RS T R A
L) AR = M B 2 T e A
Ak 2% o3 1 G 1 DXCBGHE AT N SURE 201 9 B 52 TH A
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PR FE AL B HRAE s 0 R AE 3 H G S TR & 1 =
HERIHI Y = Y R B DT 0 I8 A5 1R AT
I\ 531

SR G o E IS I = AR R AT SUR DX 3 1Y
R 1.

R 25t m (m=<5) Y AR, 1T L3R AS AR [
JE AR R AR 2 A 45 R i 2 TR,

LT

A

+

B2 BERL\SUR 53 #

TE R AR 3 1 = 2 R k47 5008 Ak 27 1 )
i AN SO X AL 45 = AERE R KRR AT B 1 #2 4
XA =GR B DR AT 0 AT R RE Y
J7 AT 3R ARAL B oy FRE AL, B AR 1 52 B A AR G
K 3 FE 4 s,

B3 T\ R 2 )

AN N

0100100001010000
B4 AR EUE AR R

i B4 BrR B9 e AR g RS R 5L AT L3RS 4
A Z LRI IR B\ SO S5 4. SR 5 R N OB —AE
PG = SR AT Oy A AR 22 R0 2% B g A HEAT A
R 22 0 25 19 I Gk S o3 S B A

4 HRWMZFRME
4.1 MEBEEBRBSHEE

T N2 B9 FE R 21 2k i Bl R A 7 v 2 A
S 55 HORE 1A 25 Ak 1) B TR 5 8 A Dby 4 R R 22 I 25 1) B
ANBHE . EMNBHERIERX T NXCXW, XW, XW,

B 52 K/ AR R AR B o N 205 i AR AR 114 5L
5,0 FRMEELW, W, WL 43308 1 8 A 1k
FALBIRIN 2oy 2 IR R R, SR E ol
N=9461,W, =W, =W, =100, K T 4& & 545 i 5
(O R50% A SO B fil ] Caffel ™ HESL B 76 By A 4L 2R
SR A R T LR BRI AE 2 R 4% 48P Y AT At
UBCHE B AT VI 2R BT, B A2 B8 17— A A ok
1R — U HH 0 e B A

B2 M 1E F = ROk 2 0 E I A 2 1 5K
P )2 DR IR A B L R R e B
B H i A7 4 U AR . B 8 KN N X CXdy X
d, X ds WAL Hop C 1Efi A2 rh 0K JE 4
B A6 R TP 3R B B R B0 X B EAIE S
R (B0 530 TR — 3 A dy s d s d R SR
i — 2 1 A B AT 36 B E S 1936 BRI K.
B BERRZ R § NGRS ECON kA
W i NBRE R 2 R g Y i X A 5 B
AT EFEAE S G, 2R X 0).

yj:f(Z,fz * kb, )

Horp, fCORRBIE KRB LI E 5 RERZ
convl,conv?2, conv3,convd conv5. % RelLu ¥ i%

AL JZ2 Y 3228 TAE R X% )2 B A B AT
SRR IR JE K R AR IS S5 AR N T — )2 1 A S
W 0F R AT B AR ARSI P IR 3 R AR )2
GRKRANN 3X3, 0Ky 20 X FE AT LK N SR 43
F AR 5 R BEAT N SO 53 1 R B R AT X 5F L ()
A 3 AT DA R AT 5t 1) RS, — M ke 106, R F R SR A 4
VE R AT B R A Ak 3L 3 B B 6% DR IE S 23 T it Jir
b = 2R ATl s 2 DA S TOL R P9 25 Tt AR 2 1 45
FHRAE IR 1 — A B R MR R R, X T
AEAT— AN 0 i R EHE v Ga g kD B
A AD R,

(10)

y(i k)=
i@ —v-[ 5] [ 5]
max .r(i,j,k),je[(j‘—l)-[% [%H an

)i~

ke =D 5[5 ]]
AWK 220t 3 AR EHZ il —> 1000 Z4ERY
FRAE ) i AN SCSE 5 B B9 HL R I 2% B E Ik 1
Fi7s.
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F1 AXMBEMRSHRE

kernel_size stride pad num_output Act-function

Convl 11X11 4 0 96 Rel.u
Pooll 3X3 2 — — —
Conv2 5X5 1 2 256 Rel.u
Pool2 3X3 2 — — —
Conv3 3X3 1 1 384 —
Conv4 3X3 1 1 384 Rel.u
Convb 3X3 1 1 256 Relu
Pool5 3X3 2 — — —
Fc6 — — 4096 —
Fe7 — — — 4096 —
Fe8 — — — 1000 —

4.2 FIXRFERME

Hy T A 1 B R A S 5 v R R X A Y
HEAT LB AL B, S B batch _size 128, epoch
BEE N 100, B E 1000 YA BEE WG 2%~ K H
0. 001. 1 T A O F 1y & Caffe I JE 2~ HE 22,
Caffe fE 42 v 22 > KLl 3= 2 A fixed, step.inv,
multistep.exp I ploy X 6 Fir. fixed BfJ [ &2 2 &,
TEREAARAG I TR 2% 2] ARAE . step 2R HI Y ) B AR
18 07 ¥ o 5 UK R AR Oy R 1 2 A . muultistep SR T
FE 1 5 BEAR R W o 46 5 FEAIR A step 8] B » 4 U R IG
N ER A — A5 EL exp 2 — MR LA, new,, =
base, X (gamma™) , {1 23 3R] A X J2 % 2L 22 1
gamma BRI FEROBAE . inv W2 —FhHE BB e, 2
B gamma ¥4 28 T R 32K, new,, = base, (1+
gamma X iter) "™, poly f2 > R IELIR EEH
SR power BAH 3K 15 il » new,, = base,, » (1 — iter/
mazxiter)”™" . 2 power =1 B IE, % R LN
— R HL. Y power<1 W, 2% 2] Kl £ &
(s HLF B R g 48 2P Y power > 1 YIS 5, 2%
) A& 4 MR LR R A PR B gL A SCHT X
6 il AT XS L SR g LSS 6 Ay Tk I A R T
L E 5 R,

1.0

0.8
0.6
g

0.4

0.2

0 L

200 400 600 800
iteration

Bl 5 2] REEX A

S B W1 iR E ) R AR B E R 0. 001, step Ji ik
FiXE stepsize S 1000, gamma f 0. 1, multistep

TR E gamma H 0.5, stepvalue=200,400,600,
800. exp Jy L& B gamma K 0.7,inv JF LK B
gamma 3 0.5, power gy 0.25. poly J5 i B power
0.8, H &l 5 45 AT AL, step 5 ¥R IR SORUR B
U o PRI AE 27 2] 328 BTN A SCIEHF step J7 1%

IS
S X I

5.1 XBTE

ARSCHY 5L £ 2 AR Windows 10 64 i #:4F &
g b AT, WA T B AR R AL B Ch P Intel
E5-2430 IR % #% &5 B . GPU i /1 NVIDIA GTX
1080Ti, N f7 16 GB, 1 # i 80G SSD, 5L & i
Caffe R JF 22 J fEZE, CUDA [ A<~ 8.0, cuDNN
A R 5. 0.
5.2 ZWERHH

PR = e AR () RRAE JT 14 38 ) = 4R A R Ak
] 5 S TR R 2 [A] AR AL M T B — 20 TE Y I
BRI R 1] B 2 J5 38 5 R AIE ] d 22 (8] 1Y) BE R R
FEOR SRR 2 8] A ARLEE S AN A AL = ZE R R
TR Sy N = (Y R 2 el L1 B O S 2 A
R B BE (L P9 /N X i 326 1 A fBLASE R0 0 A7 HE T L R
B B T 1) A AR DC B i e ) = 4R R K A i R
I = AR R () AR AL B

Hor 2R 43 A SCR IR B O 1 AT P A AN [F]
BEARY 2 (8] (14 AR B0 DS BCAT: 55 =5[] o P A 4 AE 0]
HAARRNT X=(x1, 25, 05:52,) . Y=(y1 5y,
Vs v s F DOXLY) AR R 32 78 WA R AR 22 (8] 1)
FRES B R R X (12).

DX Y)= [ > (a,—y)? (12)
=0

XFAEE DI Q. ¥ 55k E M
R R AT P 2 B i, e A BB TR Q. &, s
v (0=i<<n, 0=<j;<<m) 43 M FE Q F1 M AYEFE. Q"
AT R AT LR R S (13) L (14).

S(Q.M)=argminD(x,,y,) (13)
Q" =argmax S(Q,M;) (14)
Q' eM

= YRR AL 0 DA s v A R ) v
JE FIRS: 2R B4 50 & R, R S 801 35§, 174 A A v 2 A UE R
5 4R,

5 1 R R 0 A T A B 00 A I 4 R A e S
Bk 1E B REAR B3 ] Precision™ R K.

Py 4 R FRIR I 2 AE 5L BR A IE B FE AR A g T Dy
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A SCAEAE AL 25 1 o F b {9 & Princeton
Shape Benchmark (PSB) #{ 4 4£ T ) ModelNet40®
R B AR ok EAT S0 IR SR A 40 DR
B BN R T HA train B2 test 45, AR 30 )l
Y5 train B BB A, BRI G test B 4E 4 AT 000K
train BE HP R ME AL 45 9461 ADRCEL, S2EG Oy T B IR
AR SCB A ROE L N 40 AN 4r K B A A K B
20 AREEY, 3k 800 AR, A REASJr I IE AR A
5 OB AR B Ry 3 2 1L S el K B B B AR
o BE R = AR AR RV 1 B i T B BRI AR A
AR R RRAIE 5 B 4R v B R L RRAIE Y RCEQ RS L AR
e 3 3 BRI T SR AR R R TG R 4 .
LGP AR MEMERZ R AR WA 6 .

10 PSB ModelNet40 database

02 03 04 05 06 07 08 09
recall

B 6 ModelNetd0 T 45 P 25 0 £5% 45 2% 245 R

N T VARG MRS RAYERE A SR T AR
TAT BIRHENE g 1 RE 4 5 «

(1) Precision-Recall curve (PR pli£) & —Fh 2%
A BRKL R T BE By H 28, PRl £ 3 5 ik AR X 43 A
KEFAMKEWBIE R T EERSAERRZ
[HEE

(2) Area Under the PR curve (AUC) H] LIVE N
LR TEREHE AR, AUC {8 5 3R 1k RE B 4T

(3) Nearest Neighbour (NN) ®] DL i 2k £/~ %
2 307 DT e A R A R R A

(4) First Tier (FT) &/ Hl N A~ DUHC 45 5 1 £
A, Horp N B A A AR Y Y SR

(5) Second Tier (ST) /R AT 2N 4~VE B 45 R
Al o N g AH AR Y B S

(6) F-measure (F) iz XJ 6 2 1) 25 1 JE F A 42 %
AL VRN A 7 5.

(7) Discounted Cumulative Gain (DCG) fit) 58 X
ok L AN ECE i W =R Y S o B E U e

0 01 1.0

A AT REAE TSR — > R i 45 R

(8) Average Normalized Modified Retrieval Rank
(ANMRR) J& — > 25 & i 5 fF 44 44 5 i R B AR
IR 52 IR 65 o DK

N T VA AR SCR L R RE A SO T ik S —
5 ) J5 vk BEAT O H H e B B A T
Nearest Neighbor (NN . 5 32 37 25 1 Bt J& 28 3 19 &
B E 47 He. Adaptive Views Clustering (AVC) ;%
JE B I i A WL R A ] 45 i S, AVC Sl i
a1 R A BR R B B 0 ) R R IR R AT R RS
R.OLEE R I E % DL T AT R e i v vk e
Camera Constraint-Free View-based (CCFV) . %} F
TEAS AT G A A ) 0 1 R R AR TE — i LA AR A
LSRR L AR e L B B ] T M i A i 8. CCFV
RS2 T A5 900 g U7 A5 R ) ity | 45 5 T D g A A
A 7L VG e A5 A8 A B

g I NNLUFTLF A ST P 4 b5 o TF Al
NN.AVC.CCFV M7 3CT7 i 7E ModelNetd0 | 1
PERE RS20 b X T A A A il s ] B AL IE £ 50 4
VE TEAE A FEAT I 25, SR 5 A H: Al 288 J31) Bt 1L 4ift Je
10 MREAAE R AEA. 5 RN 7 Frs.

1.0
0.8}
0.6}
0.4F N\
\
§ E
ill| s
MN FT F ST
K7 JURh 5 2% 69t E X H

Bl 7 JEs T ORRARE T W RE NI 7 W] LA H
ARCHY A e NNLFTF ST J5 mARIUS T 854 1o 25
FRTE NNLFT F, ST '~ 55 At = 50 5325 46 H 403l
BT 1% ~4% 1% ~5%,2%~17%,2% ~6%
My gs. N7 vl IS DL R 4598 . (1) CCFV
I AVC #a] L& e ge iR, CCEV R T & 3
TR SR A IR R AE 53 A« AVC ] DL S0 488 780 f 4 3
FRAE S0 AT A TR i 02 AVC B B A 4 1R Sy 2k 57 1Y)
AL T CCEV SR i 307 455 700 25 187 40 B FE 4R AiE 25
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] AR A J5 ) 1 S 5 R WAE B T CCFV i F
AVC; (2) NN R B Z AL T CCFV fl AVC Ak
NN Ji ] T CNN i #5 # . CNN W 45 19 4 5 4l 15
NN FPEREZE T CCFV Rl AVC; (3) A& U 5 ik
FEAS PG bR P BB AR & B O 19, B A KR B e AiE A1
20K B A A BB 8 B 58 48 1 SR B AR ] i
N FRIRTENTAE T 15 0[] LA K A7 i 1) 25 T
I DA AR SCRIE ) MERE A T e 3 .

AR SCELIE S D2 KR B2 U = 4 A K R 5
2 \MODFD F#AIE £2 BUY = 24 858 Ky R AAD
FRAE 42 BT = 4R R Ky R 551 . 3D Shape Net £ %
9 Multi-View CNN (MVCNN) #2840 3:29 Fi
Volumetric CNN(VolCNN) P #5228 1 VoxNet™!
1£ ModelNet40 #¥g % ¥ 17 X) b, ModelNet40 %%
AR B A 40 DRI WG i AR I 2R 4R
TE 100 BT I LR DA it iy 20 A8
R PEAT IR 0 TR A R BRI 25 5 MR
G5 SRV 2T B A B A K &R E I 2R

R 2 X s g —4 A 8 AP, D2 594 \MODFD
vk AAD 35 3D Shape Net 83 \MVCNN 8 3 |
VolCNN ##: . VoxNet 5k flA CH . % 2 7]
HILHT 3 R 3L T AL G i K R Ty vk R B R 2
MVCNN B $8 7 —Fp o 8 19 CNN 2549, & 4%
SRR Z B G BB R — DB ERIE IR
iR A5, A CNN M 2% 1 f 3 7E 52 56 h B As 1
80. 2 Y I R W %, VOoICNN & il 5 2 M
PR 25 4 36 B 22 0 4 0 4 A 22 07 1) 3 19
3DCNN SRR IBUB AR FAE , 5L 56 3K 8] T 79. 53 %01
IE#fi 2. 3D Shape Net J& — R 4 (1 3L F 3D B
Pl 25 T 28 W R R AR Y AT 43 S8 I AL IR BRIA E
W = i B R R AT R 2 Ak A B L Pk R &2 U A
SO R R BRI BEAT — 4B AL, Z )5 H 2
) 3 A AR 45 1% i N\ BSCHE & I i N P LR AE )
58 A v = BRI 255 i 0 R AR T
FTAT BE. 3% 5 1 U 1E 8 R 7E ModelNetd0 I ik
F T 71. 0%. VoxNet Sk & 5 FAERUFRAE 1945 28 07
BB 2 W R AL O IR R AR, ) 32X 32X 32
8 R R B0 R A7 52 3 o i ) 8 4R 0 04 SR AT BT A
fl) CNN Ab T, 5256 H 3k 1) 83. 096 (1 HEHf 2. {H 2 7E
=Yg R ISR T A AR R A A B RE B L
XF T AR R IEAT YN R0t 3 R A AR . AR SO
FE TN SR G5 1 1) = 2 R B0 R0 A R B3 1 ) AL
TR 25 ) [ 3 0L Y S [ 1) 40 o TR 46 A7 Al o A8 3 19 02 52
() = YRR AR B L L A T AN R T T A

A4 BEAT T H AL AL PR BE 9 X5 Ub st 1k A B B AR
6 BRI 22 I 45 1) il A B+ 280 4 BR i 22 T 2% 1) b
HUSF3F) 1000 ZE B RFAE [ 38 - f5c i 715 RRAE ) 4 1)
A AL 2 B R A 2R AR 32007 125 1 U0 T A 30
IRENT 88. 700w THI TR A9 7 Fhor k.

x 2 AFEE R ModelNetd0 H3E & F RIS & B3ttt
ML ModelNetd0 #52%

RRAIE £ BUSE 1k 44 Bk

b
qo

E#R/ %
1 D2 68. 87
2 MODFD 65.18
3 AAD 64.63
4 3D Shape Net 71.0
5 MVCNN 80. 2
6 VolCNN 79.53
7 VoxNet 83.0
8 Ours 88. 7

Ry Y 2P R R AS SO ) M AT S
W JEA33] 73R 2 thXh NI 8 B R AE S UG R ) 4
Xt R 0 3238 B TAEHRE #h 28 (Receiver Operating
Characteristic Curve, ROC). ROC i £k DI & 1F &
FPR(False Positive Rate) F 5%l , UL B 1F % TPR
(True Positive Rate) A2\l , i 22 5 1E FF A< 1E 1 14
ol HUE 25 B 67 A AR 28 DAL S ol 1 AR A AR 3 ) A Al i
7E ROC i 28 o il 4 b A 0B 52 O 72 b A 1 W]
TE 8 Ry AR IE BTG, B8k DXy BE Bt L B4R I
A4 22 S 15 B B

S e A 40 28 = 4ERDRVECE
SRA A BUEREARS (] — BB AR X 5 e A X O
() ZRAEA XD e 51 MR AN ) 530 12 3R BURRAE O 1T B A
AT o 30 3 R R ARG 9 R R R B FPR,
T T IO 18 B L, AR S LA [ R A R A 0 I A
AN 2R sl 8 Sl k3R 2 8 AR [F] FRAE
PEHCA L4y i 3 5 13 4~ (FPR, TPR) 5 #8415 5
1) ROC [ £k /5]

ROC of eight Algorithms

1.0F
09r
20.8F
£0.7
1
206
Sost
S04l
£ ', K —— VoxNet
& 0.3} /94 -o- MVCNN
=L 4 - VolCNN
=02F @ —— 3D Shape Net
o1f Bl
. -o- MODFD
ol 4 - AAD

0 01 02 03 04 05 06 07 08 09 L0
FPR (False Positive Rate )
Bl 8 8 A RAIE 4 B vk A = 2 A5 A K0 4 4 Y
SR EE R ) ROC B
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IR R B 1 AT AR A R A B A A
REE 0, Zad /N5 43 40 Ak 1% AR 4k 2 58 J = 4 455 7Y
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B o S I 28 A5 AR 1 DI A 2 1 43 2R B e
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View-based retrieval methods proposed several visual
descriptors, such as light field descriptors (LFDs), elevation

descriptors (EDs), visual feature packages (BoVF) and

aggregation with ELM auto-encoder for 3D shape recognition.
Cognitive Computation, 2018, 10(6): 908-921

[26] Xie J, Dai G X, Zhu F, et al. DeepShape: Deep-learned
shape descriptor for 3D shape retrieval. ITEEE Transactions
on Pattern Analysis and Machine Intelligence, 2017, 39(7)
1335-1345

[27] Ansary T F, Daoudi M, Vandeborre J. A Bayesian 3-D search
engine using adaptive views clustering. IEEE Transactions on
Multimedia, 2007, 9(1). 78-88

[28] Gao Y, Tang J. Hong R, et al. Camera constraint-free
view-based 3-D object retrieval. IEEE Transactions on Image
Processing, 2012, 21(4). 2269-2281

[29] Su H, Maji S, Kalogerakis E, et al. Multi-view convolutional
neural networks for 3D shape recognition//Proceedings of the
IEEE International Conference on Computer Vision. Santiago,
Chile, 2015; 945-953

[30] Qi CR, Hao S, Niessner M, et al. Volumetric and multi-
view CNNs for object classification on 3D data//Proceedings
of the 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Seattle, USA, 2016. 5648-5656

[31] Maturana D, Scherer S. VoxNet: A 3D convolutional neural
network for real-time object recognition//Proceedings of the
2015 IEEE/RS]J International Conference on Intelligent Robots
and Systems (IROS). Hamburg, Germany, 2015: 922-928

retrieval.

WANG Hong, M. S. candidate. Her research interest is
3D model retrieval.

LIU Wei, Ph.D., associate professor. His research

interests include precision calibration, graphic image
processing and virtual reality.

HUANG Xiang-Sheng, Ph.D., associate researcher.
His research interests include artificial intelligence, machine
learning, situational awareness and decision making and

self-learning.

compact multi-view descriptions (CMVDs). The training
vector machine is then performed on different classifier models
based on the extracted features. such as nearest neighbor
(NN), linear support, and so on. Based on the 3D retrieval
of the view, the 3D model is transformed into a 2D image by
dimensionality reduction, and feature extraction and feature
similarity measurement are performed on the level of 2D.
Model-based retrieval directly affects the original 3D
representation of the object, such as polygon mesh, voxel-based

discretization, point cloud or implicit surface. Compared with
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view-based retrieval, the original data of the model extracting
a higher level of feature representation can be better preserved
by model-based. Voxelization can be considered as the simplest
and most intuitive discrete method to transform a 3D surface
into a regular structure, fully retaining the geometry of the
3D surface. However, model-based feature representations
are often accompanied by problems with high storage and
high computation.

In order to solve the problem of high storage, this paper
proposes an octree-based structure as the input of the convo-
lutional neural network, voxel representation of the 3D
model, greatly reducing the time overhead. Voxelization
model after segmentation is numerically represented by 0 and
1. The data is stored in the octree structure, then the model
is subjected to five iterations of the segmentation, finally the

voxelized representation result of the model can be obtained.

The model’s voxelization representation results are input into
the convolutional neural network result SOFTMAX cost
function for model training. The results show the method
proposed by this paper is better than other similar retrieval
methods.

Of course, this article still has a lot of room for
improvement. Using more and more data sets to verify the
algorithm, improving the model’s amount of storage structure to
save storage space and computing time is the focus of the
next step.
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