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Bleed-through text image restoration based on CycleGAN
MA Yongli, LI Jiapei

(College of Information Engineering,Zhengzhou University of Science and Technology, Zhengzhou 450064, China)

Abstract; To solve the problem of poor de bleed—through effect caused by the lack of paired image datasets in text bleed—through
image restoration methods, a bleed—through text image restoration method based on CycleGAN is proposed. Utilize the constraint
transfer learning ability of CycleGAN to complete the restoration task of non—paired images. Considering the complexity of actual
bleed—through text images, combined with human visual features, attention mechanisms are incorporated into CycleGAN to non—
uniformly process different text features. The experimental results show that the proposed method achieves good bleed—through image
restoration results on both public image datasets and real image data.

Key words: image restoration; CycleGAN; attention mechanism; bleed—through image restoration

1 i) (50 P 2 LR 3 o SO PRI AR A7 38 3 25 Bk,
Otsu SRR BRI IR L R4 K PTG 73 50 1l i 5
DX S5 DX, AR 23 1 ) B RT3 — 26 1a) 7

0 35

HE AU N A HEAT ISR I, B2 DT 3 1R B

i3

B BN IR S N A D s A e
O, 222 SCAS I {68 FH AT A6 S0 I FRDE = R I
THT SCAR P45 R 1937 PR 2 A1 £ R S P 45 Ak
B R 3

BA 2L PR D7 R 2R R T B {EAL B
RTEEBEA AT T IR R SO B
AT BT LA T LA T A 25 5 25 B 2 L TR 14 O (1)
RO, (L Ak P ) MR B i R T2 R 3R
BT A B B B SRS ) N TR AT, AR 3K
B RIZCBE B SO ) T 5 sl T RN D7 sURR i i Fe 2
PR R . —E AT A 2% f4 Ik ) e ke T S
fit, I BAEA R S0 Z AR K, RZBUH P

2,8 ) 5 25 d K X R (8 4 Ry e A
B ; Sauvola S7-1: 8 32 V1L =i B (LA HEA T PR Z
JEN . Lins UUSREA MR ) R SRR @ RIR
JREE G G s R G (Bl 2z — W A ARk
AOPERERT BEAS [A] ; Mehri 01 Tuceryan[g_m: W, o
S3BTTE SCRY R AL B rh 454 E AR I

T LA A= B %P1 W 2% ( Generative Adversarial
Networks, GAN) 7EARZ 1 s rh S T R4 a9
fiE, GAN HUHm A ZBEPLME S | 220d — R s & TR
FORAEIRAEST  BEATL IR P ke S 30 [ P s e g A L ]
B BEE GAN (R JE  EHR A LB AR R T 8
)k JEHL I8 B4 By S 9 RN AE R i 4T A

&S SUkF(1996-) , L0 LA, EEBFTT 1 F IR/ B . Email: mayonglim@ 163.com; ZE5E3%5 (1997-) , 2o, A LA 5u k., 32 520F

FETT ) B
s BHA: 2024-01-26

e B E L o745 4 L5 & A




BO6E

212

I

| %14 %

R Det AR — A A S 1 1 445 4
Ay 38 i G A 4 R R R B A Sk s B R —AE AR
H ) ; Castellanos'"® 18 2 JC W 7B X Ja, 15 3 o7 1) 7
PEAT SO R —EAL AL B, SAE5E ERRIES Ik
FAH, X BE LT GAN (7 ik 27 A AP I 45 51 1
HEH B9S2 I 5 T 1 A ASS 2 T 2 4 L T £
SCR B MGG 73 B R A e Grid 7
TR I A5 30 4 SR B VR X L 25 375 R AR AN BUAE 1 )
R 5 Zha ST B S OG BR — SO 2B O T 4%
( Cycle — consistent Generative Adversarial Networks,
CycleGAN) fifp e 5 52 S v dife = BORT I B8 4 1) 1)
H5

AR SR TG B R0 A 20— Eob A 4t
W 2% ( Cycle — consistent Generative Adversarial
Networks, CycleGAN) , 7E CycleGAN [ 2% 45 4 fir) B
il EANAGE R, 48— LT CycleGAN Y
B SCA 58 2 Y 15 258 58 75 1% (Bleed -

A s

B

through text image restoration method based on
CycleGAN,B—CycleGAN) , FIl F {3 5 I i H R 2 15
B S s R, BRI TR LB RCR

1 MEEEH

1.1 BRW L5

B-CycleGAN WM 2% g &5 # i &) 1 ir 7, 2 F
CycleGAN JfRd B BRI N 4E i ds G, . B-
CycleGAN A A3 3

(D)F-FnE . w—on, —w , HHEFE w g
TFH n,, HEEETFE W ;

Q) BF-KFN L. n—>w, —n, HEFE n
A TFE w,, HERRIETE R,

B-CycleGAN BYPIN43 3245 A A —AH % D,
M D, , FILEWA A — R G, S —
MR G, HHES G, B EURIK R e
BUG LS G, 1T BRI T - Ab 2

1 B-CycleGAN HIM & 454y
Fig. 1 Structure of B—CycleGAN

1.2 AR ML

A A G, AT B B TR SCF R BN A I TE
LRI G R R B I TR SCE YT, 4 25 A n 1]
2 i, AR G, SR CycleGAN [ JF 45 & & 45
¥,

DR 288 P A — A I S I RS ek B
AR TR B MR A AR A R B ek o 15 o3
KRS SR, it Z2 2 B RAL L Pk 1A

H &t

AV

BALB RN R TRp B AR RS & T BEER
BEHCMITE RS W R B 0 i H R fe 20
TR B R A — R, LA TC B S )
HERRAPEEZNEIR I T M2 IREE & &
THFAEARECBE Ty, TR T Rl R 45 1 T A B AT
DXl H Al A 2800 R, 23 FEUORAE AN [R) A RAAIE A
A G, TEALFARTR] A 28 R AL T4 S i 7 36 P I
PRE T M EIRIKAE ST



57

LLOKF], 55 BT CycleGAN (5 5 SCA BRI 213

AR

WAEPZ (stride=1/2)
LR (stride=1)
HAUR (swride=2)
JCEAM

B2 A£G, NMELEN

Fig. 2 Structure of generator G,
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Table 1 Quantitative evaluation of document bleed—through image

restoration of DIBCO datasets

Ik PSNR/ dB  FM/ %  pFM/ % DRD
Ostul® 18.52 67.81 74.08 17.45
Sauvola!”! 17.58 87.56 88.25 8.35
Castellanos' ') 23.54 89.67 91.03 5.59
B-CycleGAN 25.28 90.15 90.53 5.43
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Fig. 4 Experiment results of one sample in DIBCO 2013datasets by
different methods
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datasets by different methods
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