48 4% %1 ]
2021 4

JEEAE TR AR (A ARBR2RR)
Journal of Beijing University of Chemical Technology ( Natural Science) 2021

Vol. 48, No. 1

SIRMES: Lo, 20, skate. & T/ AU 5 A DU Bt SR e Bl gl vk )] st T4l ( A AARR i) L 2021,

48(1) .58 -65.

SHEN Qiang, LI Hui, ZHANG Yan. A data augmentation method based on a small-scale handwritten Chinese character
dataset[ J]. Journal of Beijing University of Chemical Technology ( Natural Science) , 2021,48(1) ;58 - 65.

ETIARFERNFHEENHIEIL®RTTE

VA S~
(1 dtEfb TR R ERE S E AR, b

P S
100029; 2. Jbmi i s < TR, Jbat 100123)

A E. PR B TR 4% ( DCGAN) 7/ NI TSR DU Ha 06 T AR B F R 2 I 2RCR B2
7R, 5t 25 G A e B e i 5 vk 45 5 AR B 12 X = DCGAN 3% 7 10k 3 e T34 i A R 45 7 o1 26 T 4% 8 43 BT 78
FRZAE U ZRE , W0 DA 0 265 P00 SIS 5840 0 Hh B AR A B 52 400 7 D RICRE 22 IR DL . SRR SR 3R
B AR S5 5 A RO AR B 50 B — D7 VR AR AR 22 T 1 35 82 w5, 2 BRI 2547 23 I, A+ 1) -7 27 1R 51
HELDCGAN J5iEHET T9.67% o X-DCGAN FE0 445 1AL GE R 18 5 07 vk A X0 ik 45 A AL 3, REAS 5

AR DR N IR R B B % - e i ) AL

KR BRI REBBERIRZ . FERDCFI; KGR

FEHZES . TP391. 4

F5 DU I DRSS U i — >
HEWFFE AU, i T PRI IER 5 AU
S AR ZTEALFAT A KT 5 R FE R A L
SRS, R PRI R R PR, AT 4Ek B T AR
ZE 4 (CNN) 1Y FR PU0 05 6 RS T R iR
Krizhevsky 25" £ 2012 4F ImageNet g %% b2 H 1Y
AlexNet 2845 LR 8 55 — 44 10. 9% 1Y 28 %] fL 3
— 26255, I AR IZ SR N 5] & CNN W58 $40
2015 4F, GoogleNet F 7 7 Lt & b i 25 17 11 20, 76
SiR [0 2% R R B[] B 5 1T BB 45 445 2016 4F, He
SFCIHR I ResNet WIZE 45K 45404 i 100 )2
A28 i 5| A B 22 BTk i DB AR R, ok B
FERREEAE, 7ETH IR Rr TA 1 245 i
P AN TR R s A I 0 2% | 49 A 1 AN A Y 0 265K
RO AR LA SR BRBGEBUR SR A R
RE MY UL B AN T R SR ) S A IR I AE T
A P 22 W 28 5 B RO B AT AR 2 s R A A

Wk H 31 : 2020-03-31
F—AEH . B 1994 4 Wik
* MIFPRRN

E-mail ; ray@ mail. buct. edu. cn

DOI.: 10. 13543/j. bhxbzr. 2021. 01. 008

REDRAS A A4 S8 R, /N BRI 4R 11 25 25 5 1
PRl A B 4, H 2 ) 45 A 0 3ok 52 2% () 4
AlexNet E A 6 T RIS ERNEL) EAR T IR 4-Hb
T I A — U R B 1 43 A, (H 2> 20 H v 11 36 ]
FEE I bt o S o1 6 e e (S s E T UPR LT

H A5 S50 N H UL A T 5 PRI R B A A
FRIGN D BEEHE D (FREREE) A
Ry RN S ARREAR B AR BN bR K2
KA HCL2000' " 504 /R I Tl K 2% & A (1) HIT -
MW F5ARBIEES | PiE BRFET LB,
HA 2R E KA, (B2 FF R IR A R
/N ;SCUT - COUCH2009 2 FhAE g B TR~ % A 1)
HAREZFAMENFERFFED T 13548
KT AR IBA 3 360 J7 5 AR &, B b E R
=B AT B9 CASIA — OLHWDB/HWDB %4t 4 91 A
T R BBAEIAE—520 J7 LT B IR FAFREA
HEA &2 B5 & W F SR FHEE RO
2988 ZAFEH FEA ) SCUT — EPT™ | BE A 39 35
4250 ZKDUF BN 120 J7 . BRBUE LA, 7 5
P4 g ST o AR v R T BT A BN S BR A D B 4%
R BRI ) AR A TR 33 4 2 BEL A A
BOSIR AR A BN R, FT IR BRI,
AR Z2 s i TG AR B E) J2 408 1) D11 R B SR gt DR TR A
BT A AF R ) R, 451 G 7 SCAR R S A D



%1 W ORAE . BTN T PR R B B s 15 05 vk 59 -

BRI S 454 | 10k SERCHE A ML /N T I B Al
B JF HaE T e B

H T R B R A R B IR, AT e i
T AT MR AL A B s B SR B R O vk N, A
BRI AR | RUBE 4 il AR TR e e 55 07 vk
XL AR B R AT 3 58 01 B0 AiE 1 J7 ¥k 1A 8K
P2 Simard 2500 B A SRPETE AR (elastic dis-
tortion) 7 ¥ 7 Mixed National Institute of Standards
and Technology Database( MNIST) [ Rk b, b5
B b SRR AR TE AR STAR Bz v
HE XTI 2% ( generative adversarial networks, GAN)
W2 Goodfellow 5517/ 1F 2014 4F 4 Hy i — P2k T
ZEie AR Y A X ) 28 AR AR DA IR T
GAN HERE AT DA Ji -5 1 52 B0 408 AH 8] 0 A1 A 204k
ZJ5 L GAN g0 i B5als 5 5 05 5T B oA W 4
H R0 g B R AR RECRT 43 R 2 P
TG J vk (ARIE AR e M 28) A X r ik . B
AITEEAS T AR K A= 28 A, 388 3 3 1 A 0 25
PR A8 R AN [ R 1) 435 2 183 A 45 55 XL
e e RS ) [ G S i B E S WO S SN
B GRS 7 A B S ), AU Y o S PR ALY
TURME B AT vk B ] T L0, i 28 M 45 38
12 E YNGR RE IS AR B EA ) D 8l

AR 7 TR g S R S5 Hh o 4
NIz BT B O SOR BRSO~ FE R 4%
AR By B — g A B I SR S B — AR K
W 268 J7 R/ NSRS B P A B S SR AR
Fo BT/ T 5 R EAE & A SO —F
AL SRR SR B AR A TR BE A B BT A WL 2% 7
5 (X-DCGAN) #EATHa £ 9 58 MR, %7 ik fiE
e v 7S S R o A L 2 3 W N | 2T A G
T A 35 4 g A R 1 58 7 ik A/ AR T 5
DU AR T A AR RCR

I e

B UL AR GRS 0 Ty s IR AR R R R
AR MR AR A B WL AN E A5 0 & B
&, R FAERAES L2 252
b, 1 B, MRS 2 R R AR A T AR B 3G
BUCE R G R IS BRI | 22 AL A B EUR AR,
K2 fiR,

1.1 ELTEFZE

A FHRAE (Thickness) 1207 % 46 JL2E 2

vy

Original Thickness Slant
| ﬁL
LED Pinch Affine

BT AR 5 7 EE AR

Fig.1 Effect of deformation method

Gaussian_blur

Original

Permute_pixels

P2 WA Bt o R AOR
Fig.2 Effect of noise method

Gaussian_noise

Salt_noise

AR EGZE, E K (Dilate) \J& 1 ( Exode) iz
B HBEBRAE SRS, XSRERE A UL T
FFEEY T8 RE | AT ] R A 2 A5 B X 5E |
b AL

PG ABUARY (Slant ) A7 5 22 45 ( Affine) ! 3X
PN 5 2 e % i 15 5™ A6 A B AR Ak IR BIOKR 4
/N SFREFIIERE B RCR I H AR R AE A 7 1] |
ST B AR 5 AR

MY 2546 ( Pinch ) ARS8 3P AR # (local elastic
deformations, LED) "2 {73 1ot X B4 47 %5 1
THE, BRSO FL B 281k TR L 50 5 ik
e g A ROR
1.2 BEEFE

i SRR ( Motion_blur) % il i —4E 4R FH
PR 1S B IR R B R RCR

EUT AR ( Gaussian_blur ) A1 =3I A5 ( Gaussian_
noise) i # & — P IE I A%, BEAE T T IH BR &



- 60 - A T2 (A RRER)

2021 4F

RIS JEHOT R ST P A A A PR O i
PIREAE I R

HEL 2 75 ( Salt _noise ) % & 3 #t ( Permute _

pixels) X PR T5 VA BEAS B A8 05 B A f it f o
MRS THURCR 2 B A 5 B REYLA A 8 (2K
PR ) M AT TR RS [+ F R P 28R

2 ERA BRI R %

2.1 HEMXHMSE

REES RSN T R F & 0 R AR
BRI AR I b Rcals A M 550 A1 G B SR IR i
R BT T B R IRAG TR DGR
WEXE LA AR IX R R RT3, S B A IR AR K
BEAY A S OR — W, SRy 1 T G b R X K [ R
Goodfellow 257 $ H 1 35 1 A RO B Ak 15 392, B
A ORI 25

GAN HEZE rpr 2 [A] if Yl Gk — A A= e Y 6 F DA
THAAEALEG 73 A1 IR A OB o3 A, Al —A>
FIUBIEEL D LLF e A 2 R U5 T I 25 0 50
G, BERENGOUT  FEAE PR B8] 6 A D A7 fEmE
— it A G AR AR oA D W IE R RO R R
N1/2, E LEIINGESE N « oAk P,
BEALMERS (A MRR N P (2)) A G 47222
IG5, A= L BE 23 A g P, T W8 7 72 i e 08 =
IRl G(36,) , JEh G B 0, B3
Z )2 AR R (] TReR AR, [R)3 E SCH ) A A
R D (x56,) 27 A K 0 ke 5 Ho A i 0% 52 400
SR B SN RBIE LR, 6 1 BRI hE
A AT A B INZRBE 1 53 A, D i H AR 2 2 AT RE
HERA L W BRI, [ {E RS VG, D) s
B Z AN T, i (1) P

mgnmlz)ix V(G,D) =E,_, [lg D(x)] +

E. p[lg (1-D(6(2)))] (D

AR (1) B, 72 58 AL 55 1R 0 1 0
SRR A AR A [ — AR A R D oal
A EAR AR A, L G ZRAF IR BERSCR
AR TR BRI RS BT, D i s
ER RS- GUR /SE W ¥ iDL
[ RS 2 BRI RN E , PR 5 SR F—
PERTE DL, BOMFRATTHE Hh BEALRS B2 T B3k, Herp
EOR 6 A D PSSR T, O HE el $2 ) B
PUBREEAEAL D, XA R Bs AT kIR (k & — il
ZH0) R IA R R BE MR B8 G

JR A GAN Jy ik () 32 BB d 1y & D | B AR 78—
BB ) — 288 AT 5 B0k BUSCRAC T, (H 3l
b AR T AR B e 2] b B e LUK 2
Fofr R0 I BRI A5 O 5, TR 1l o ik 1) PR A ki g
J1, 3R B AR BE T BT GAN 148 B A i =X R 4% 1Y
K.

2.2 RELHMERITHRME

fii FH GAN HEAT 5L HE 4 50 1 B 7 T8 I 25
B B FUBRREA Z B | (R R 1Y I 26 45 4 5
HA AR A H G XA, Horsley 557 ik T
—FhELAG — 5 25 H8 24 SR TR B 6 AR AR R B I 4%
(DCGAN) ,DCGAN fEh—FA 1 i JC B = 21 Jr
AT DA R AR bR i At 4R rh 2% > 31 AT 8 AR R
N M TAE S GAN HAT S5 K A= L RE g, A3 34
M T 28 R R (), SCRR [ 23 ] B9 465
R DCCAN 76 K ZHUK L T ¥ rgfee il 25k,
SERNZRA RS D 80T LR 0028, IF Hc—k
THA T W B 42 BAN ¢ BA W B AR
R EE 28,

TRE 2 B A RO 190 246 1 ) 30 A A B e 450
G MELEM (R 1) . TEHDNEE D b A B
BT RERIREPARBTRIE @ 1T Logistic P
Bk PSS SRR DA R A 0 2% 5 ) Sk 451
PPN TR TR R S T S ey A U I I B
A 100 gE[f e 2, B e g0t — e B2 HAE
H 4 x4 x 1024 A, 2 5l E S FRE LR
FERRE IS5 5) 64 x 64 x 3 EIMG., B T HaE
GAN, 7E DCGAN A% FEE AR d6 . 1) i A
AR 10 2 FRURE 8 D s 26 AR 28 I 445 v ) 4 3 b b
JZ;2) TEAE LA A B 2 A 2448 Batch Normaliza-
tion H5 WA S ;3 ) B B 4 3% 422 1 B )= LA AR A5
BRI 4) G BR T I Ja — 2 P 2

1 DCGAN 452719 s S s
Table 1 Nodes and activation functions of DCGAN

G| H R L5

=54

A 100 x 1 ReLU 64 x64 x3  Leaky ReLU
1 4x4x1024  ReLU  32x32x64 Leaky ReLU
2 8 x8 x512 ReLU 16 x16 x 128 Leaky ReLU
3 16x16x256  ReLU 8 x8x256  Leaky ReLU
4 32x32x128  Tanh 4x4x512  Sigmoid

Wil 64 x64x3 True/False
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Table 2 Comparison of advantages and disadvantages of

traditional methods and generative methods
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Fig.3 Flow diagram of X-DCGAN
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Table 4  Average accuracy of the four data augmentation

methods in a classification test

W Wk gm0 A

R/ % R/ %
0 INEEA o 90. 50 9. 17
1 AN = = S L A 90. 42 9. 17
2 IEARSE fBGTE 97.33 99.16
3 INEEA DCGAN 85.50 90. 83
4 INEEALE X-DCGAN 95.17 98.33
5 HWDBL. 1 {55 il 69. 50 72.70
6 HWDBL. 1 &5 )5k 70.92 74. 65
7 HWDBI. 1 DCGAN 59.28 64. 62
8 HWDBI.1  X-DCGAN 66. 41 70. 47
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Fig.5 Plots of average accuracy of classification for

different data sets
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A data augmentation method based on a small-scale
handwritten Chinese character dataset

: 1 +1 % 2
SHEN Qiang LI Hui ZHANG Yan
(1. College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029 ;
2. Beijing Electrical Engineering School, Beijing 100123, China)

Abstract ; In order to improve the poor classification performance of a deep convolutional generative adversarial net-
work (DCGAN) when using a small-scale handwritten Chinese character dataset, a generative method X - DCGAN
combined with traditional data augmentation methods is proposed in this work. This method provides more diverse
training data for the neural network through the pre-enhancement module, addressing the problem of high sample
repetition rate and poor learning effect due to overfitting and insufficient training of the network. Tests showed that
the sample data generated by this method have been significantly improved in sample diversity when compared with
a single method. In addition, the accuracy obtained by the generating data for classification testing improved by
9.67% . X-DCGAN makes full use of the advantages of traditional augmentation methods and generative methods,
and thus can effectively solve the problems of expansion and enhancement of a small-scale dataset.

Key words: data augmentation; deep convolutional generative adversarial networks; handwritten Chinese character

recognition; image processing
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