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Abstract: Aiming at the difficulties in @ion of offline handwritten Chinese characters and inaccurate

recognition, this paper proposes a fusign model of Capsule Network (CapsNet) and Deep Belief Network (DBN). First,

some texts from CASIA-HWDBI da

Chinese character recognition expe

results show that the error ra
better recognition effect
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1 5|5 (Introduction)
DUFRBIMBE T N TR B, R IR AL
Gt PR EIE AR, A BT, MRS A 34 U
BAT EE B R SRS . DU 3R A 43k BRI 5
WIRIFSFRMNARE, FHEUFRNATNELTE
DU R AR B 4 T BRI, 7R IUF R 2 46 1 i fi
W ERM A RS FENFER S, HEVREBEIFHE
EE, EEIF. BEEREZELMEEETHN, BTE
BEZ HAGHESEN, FI BRI RN, R R d
B, BAICEIR AR B, AUGE RN
) e R OR SR ARRAE , B AR ROR, RBIMER
RARAR, B ERRB TSN TR, BT
WFRAEMNZ . FIER. MLERLS, RGN ATE
WETEH, SEFEIFEHBIEME, §F5FHA—

re @domly selected to train CapsNet and DBN respectively. Then, handwritten
re conducted using the fusion strategy of CapsNet and DBN. The experimental
model is reduced by 5.2% for Chinese characters in uncertain direction, and it has
apsNet and DBN alone.

inese characters; deep learning; capsule network; deep belief network
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FEHF R ZE— MR E PR R SHLe8 %>
A, FRAEWT . —RNFERINFHINEREREZ, _2F
REEME T, —RFEEMBR., BELFE5NFEEMAAEH
WAWET, FEFREERN, B2k, K7, EEH, &
HEMAEZANY, GINMEEALD, BRI, EE, EJ%
R, WRAREZELMIE. WFEEAGHAERZMHELIAE,
m. “é—c—B8, -8, "% %, WHEHATHLH
YT S B F AR

BZ, WEWRARCEM T KENBELFBEINFER
FTAE, X EEF SR AMES, SCHl613 T —F
CNN-DBNF BN FRl &AL, B 45148 F CNNAIDBN
HIRBIRCR T, SCHRI7TIM GoogLeNet W 25 #4) 73 T 5 Fl s 42 ™)
o, R BEVLERPE AR B R TGS E . SCRRIBIZE &
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EANDAE . BT IREEM % SR EAS M 4 A T 5 DU R 19

ResNet® 2%, i 5 H VRl BHE I B AL R iy 8
A ORI R AE R A, SR TR SRR I 2
W], SCHRIONREE T —FETPCCG-GANMF EINFHA
— e FEE, ST NFEEITERNFERAES . A X
M 252 F BT 2 RIER B TR Em A, B THA
Mz ELEEMEEEER, BT XORESETEENE
4%, SCHERLL0]H T B AU & M 28 % F S F R R B R R 18
ZHEER AT 2DPCA) BRI A M KA G R IR F T
WF5HET Alexnet i) CNNEBUAHLL , B [E]I8/D T78% , S
TACNNMERAH I, BFEIB T80% , SCHRIL1EH X E5F
BINF IR BUS R %, RBIERAR, A ARE ) 55
RS, Wit T —Fh 2 A S A A IR R 2 W A A
FETE T HLL R L, 2 BRI SRERE T2, 3% IR,

AR, MERESIWXGERMANER, SMHERE
YETETT AT SO U T R SR, (R FEINFEY
BBk E ., ATH LR RETFESNENRG
VA, A SCIYAR B — R B ) 4% R A ) 4% Al ) TR 1A
B, PRESFENFRIRGIEET.
2 fBX IL{EWFZ (Related Work Research)
2.1 BREMILE

Hinton% A#£2017 | B TKEML (Capsule
Network, CapsNet), CapsNet & & 7 75 & L & W 2%
(Convolutional Neural Networks, CNN)Znli b &5 45
ZFGNEAR, CNNEYHRE 2% T 4 (8] i 2= 6] H 50 68 01 1
RS 5 W IR B EE I R38R, T CapsNet fE AR 4 b A ok i 9 4

. B REE A, HAHmE 2R, P

E1 CNNX CapsNetzE 4 A0 2 1k B
Fig.1 Comparison of CNN and CapsNet structure models

B2 fi P 2k 25 My LA
Fig.2 CapsNet structure model
G R 2 P 245 R AR 2T ALY, R TR R XS &R R
R &R ENE, REE(Capsule) bRy B4 TT, &8 KERR
MEFTERIARE, mETRRINENENE, BaEZ M
%70, CapsNet ] [REERBLGMATT, B A% b e —
A, IWEHEETFRER D ZRgZE NS ERE, B

O

WA, WE1R, CapsNetZEiZ ik, HEFZ, Iﬂié

TR, B P AR RO % R A2 R A S 2
4 HE AR L S i 2 Y . DSR2 ISR IO K B S i 2 i
BN EEABEARIE, A AN e B A 5K

CapsNetH i F TR B BRATE, PG MR
477 16 70 S B P AR LS i A R R B ) K
RIEMK, TR PR A VR R L B,
KRR 2w,
22 REBEEME

WE BI5M2(DBN)H £ )24 FRBoltzmannt/l#s (RBM)FI
— B R, ZBDBNM %KL E L ERBMAI—Z
BPZ A R 2 0 26, % R BEASE ) 32 B T IR o 2
= AL R T

DBNZ T A 1y 1 2 9 265 (6 T 5 1 J2 A 428 I 245 1 % J
TSR B, I FLANEE A M= 437w HE T HE A R A B 2 1 5 9
FEAR M, DBN AR BB AL 18 1] 5 W0 2% 45 4 v vl 46 50 27 8] 1)
W, A LM 8RR AR R A O 450, s %

TR RE

DBNf# i B o TR 2 O W R A R AR
G E 3 S, TUZ LR 288 5 T A A
MFRFAE R, ISR, ATDA S SRR R AL B, 5

FL I 255 i B — J= e I 55 BT — = B0 IR R B AR B R R,
U\Eﬁ%q J3 ) i) E B M . DBNEEH N3N . Z IR

Boltzifla RS2 TT AT LA, RIRREOZ AN AT L

A3 DBNAEEA &4
Fig.3 DBN model structure diagram

221 ZREEZZSV(RBM)

e, DBNBAUEE T N THEMER, il A%
P ) S e 22 ST AR 4R B B b b 22 504 B . DBNAY X 48
HIFRERBM, Bilid ¥ £ ZRBM S5 R A0 Eas 4 6H —ik
SRAGI . RAIFI A2 AR, RBMA S B &P R4
Jt, B—REEHAUE—NNERRN, NENAEREE—ZT
METHEETE, WE4FR,

Eathipze e

SRR C

B4 RBMZ# B
Fig.4 RBM structure diagram

HEATE, hTRIEZ & ey tE, RBM&Z
MR E T Z MR, BRI &, BS54 % TT
FAHX W ) BT R ALK, I H 4% u B9 T BT
RIEHT, FRAR AR R,
2.2.2 DBNERIpy#5E

DBN#t 2 —2 i Z A —EMRBM, BI—PRBMAH HHE
ZJE—ARBMMHIA . AL AFIERBMAISoftmax4y35/2H
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Bt #EDBNEM . 3R, vREEREMZIT, hRER
BEMZTT, yREBERECHMAESR, of R IR,
DBNHRU AT [ 55— I 255 AR BM A A A1 i
7, FFHREUTR RS RS ZARBMBRA s ISR
% AMRBMIESTEH—IRBM b BHE R FEIITEUGE
ZEE3], MRINGFEIRE S FICRER, WFEES K
RBMIZREATEG AN, 5568 Softmax X B 1325,
TR AT W S A E 3 ST B A5CR 40 A, R 1BT
e HAFIRFERFEHT. WIERGBAEY.
<1 DBN#&MIR BN G AL 5 50 47
Tab.1 Advantage and disadvantage analysis of DBN
detection and recognition field

ficti itk SR i %

I s B
1L T

WAEHFY  BGHDBN G EEAAZ ARSI R
iR

prgpgts EAREIR EAEERE fmmsn e

gt PPN RTIR RAAREE osmmmons gk

Bt IC-GAN+DBN BRG]  BEMGRAE WS

s penawr,  FHERIEAR KRR ¢

SR

2.3 CapsNet5DBNEt&1&EEY

CapsNetfH FAIDBNE A ER 0] DA I T 4 F F 5 FH
HI{E4%, CapsNetffid T CNNAIE A, eGS0 & . A0
FR/N, AR T SRR RAY R . DBNSENISKE I 22 11 4
7 A R I T T B IR PAEE #5509 A H
v, 0 2 LB s v] DASS 3 RXTE TG B R 5
HRIEEAE R,

H1F CapsNetMIDBN M £ 5 AR, R 3R BRURRAE B 415
BRE, MPRAFMEAE, 55 PR, BarF
A9 IR ARG S5 SR AT RE AR —FE, A< SCHR H ) CapsNet FTIDBN il
FREBILE S T RIS, FER il CapsNet FIDBNH BV
FHAEFERIHBIAET), XFEAFR R CapsNet—DBNl A5
B, ARG FRBERE, WESHR.,

R

CapsNet

- WL - I s

5 CapsNet—DBN @k 4 HE A
Fig.5 CapsNet—DBN fusion model

3 {FE5Silix(Simulation and Test)
3.1 KEAEE

A B4 CASTA—HWDB 1. LHAT IR, %%
T 2010 455 Aadfi, AFEHHRT, 451H300 AH5,
1T ANESCHFHS, 3,755 AGB23 12—, 3t
300 &, EiT1,172,907 MERAEAS, F25|H T CapsNet—
DBNEA )& JZ S 4

2 LR P E AR IR 251

Tab.2 Network structure used in the experiment

HA Rz 58 Ay

(32%3%3)—(2%2)—(64#2%2)—(2%2)—(96%2%2)—
(2%2)—(128%2+2)—(2%2)—(512)

32 XWERS5SH

ARSI . Windows 10 640 RER S, AbFESE
Intel(R) Core(TM)i7—6500U g&PU, F#i42.5GHz, WEHN
16 GB, L4nF& MPytho o SEEEURER Ahttp: //

www.nlpr.ia.ac.cn a%w s/handwriting/Download.
html,

223 HCapsNeW@l 48 DBN M 2% Jz Himh & W 48 i HETfR R,
CapsNet, DBN. CapsNet—DBN X} R [R 5 & i 5 1H Bl i
6 N6 T . F17 = B AR S U B
Vil N BNFEKFR 1% BT H CapsNet FIDBN X A~

S T RPINRE B . EISTIEI 995 /R T CapsNet—DBN
25 Tt e R Z A R0 2

F3 RBAOEFREK
Tab.3 Accuracy of model
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Fig.6 Handwritten Chinese characters to be detected
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Fig.7 Recognition performance comparison of CapsNet,
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Fig.8 Accuracy of CapsNet—DBN network training process

¥ FIRIEGE

2 L_
o 50000 100000 150000 200000 250000 300000
BHORE

9 CapsNet—DBN M &l 4k id A2 51
Fig.9 Loss of CapsNet—DBN network training process
87 F AH R 50HE SR T iR I Lh B3R 1 P i 4% PR B Bk A A
SCHAR B Rl E AL R R 2, R4 AT A, ResNet—
BLSTM+DBNFEX FH I FRRBIBOR REF, A
CapsNet—DBNE# A8t ] DASRIG R m RE
T4 FEMEEEFEST L

Tab.4 Accuracy comparison of different mo

& il EP LK
ek DBN 78
st H#DBN 93"

fay gy AR ERS i+ DBN J 2
e E s DBN-+ R fEy 91.25
[ IC-GAN+ 93.32
[ISETTEC CNN+H 93.54
FSc o ResNet—BLS 94.12
! DBN-+MTL 90.21

A3 CapsNet—DBN 94.86

A 3CFE CapsNet—DBNEE A f) EL it b 225 388 1 B2 2 A
R B R H R AN R A a5 AR B AT I, A B T
R 78 2 A2 I P B e 8. E10(a) Bl /2 S8R (323%3) —
(16%2#2)—(2%2)—(2%2)—(64%2%2)—(2%2)—(512), K10(b) i
JESBCR(3243%3)—(242)—(16%242)—(242)—(32%242)—(2+2)—
(64%2+2)—(2%2)—(512), E10(b)LE10(a) T2 4 FH
2. E11(a) U= S 80N (3243%3)—(242)—(3242%2)—(2%2)—
(96#2%2)—(2%2)—(128%2%2)—(2%2)—(512), E11(b)k&iE)Z
ZECH (32%3%3)—(2%2)—(64%2%2)—(2%2)—(96%2%2)—(2%2)—
(128#2%2)—(2+2)—(512), E11(b)F H—> G782 BT HCh B
11(2)f92 1, SEass R U T Fgs)2 A Eom B oo B Ry
AT LAY K EAF B R 4R R P E 2, XRES
RIS TERE PR 7. 2%, MK, BasUZ A0 s s o H
WAL AT, FEARE R4 BB TR,

Q 0.80
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Fig.11 Comparison of training accuracy and verification
accuracy
4 #5i(Conclusion)

ARSCEE X B T T I R SR IR AE . AN REHERR I 31
S, PR T — PR 4 5 R AR A A R R
MCASIA-HWDB 1. 1¥fade sh bl 7 — L3RR F5
DU PSS, SRIREREN, 5 A CapsNet AIDBN f f&
GiHL a2 > i, CapsNet—DBNl A B 7E SR 4 1
A T H AR AL
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