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Blind Restoration Method for Incomplete and Sparse Text Images
Based on Content Style Transfer

Liu Dongbin', Wang Huiqin', Wang Ke', Wang Zhan’, Zhen Gang’
'School of Information and Control Engineering, Xi’an University of Architecture and Technology,
Xi’an 710055, Shaanxi, China;

*Shaanxi Provincial Institute of Cultural Relics Protection, Xi’an 710075, Shaanxi, China

Abstract The existing incomplete text image restoration must identify and fill the Mask region. The Mask region cannot
be determined if the residual information of the incomplete text part is too sparse. A blind restoration method of incomplete
and sparse text images based on content style transfer is proposed to address this issue. Using a cyclic generative
adversarial network to construct the global related pixel information between the text images before and after restoration,
the image content style features of the incomplete text were transferred to complete text images for restoration. The
selfattention mechanism is added to the network to globally restrict the sparse pixels, thereby resolving the issue of weak
dependence between the text sparse pixels far away in the migration process. simultaneously, the maximum pooling is
used in the selfattention mechanism to enhance the texture features of the text images after migration and restoration. To
improve migration accuracy, the least square loss function is used to replace the sigmoid cross-entropy loss function in the
original network model. The proposed algorithm can repair random unknown missing regions in sparse incomplete text
images without the assistance of Mask, according to experimental results.

Key words imaging systems; blind repair; cyclically generated adversarial network; selfattention module; least square loss
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Fig. 2 Structure diagram of blind restoration network for incomplete sparse text image
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Fig. 5 Generator network structure based on improved self-attention

2411001-4



B Hihth s CO-C2 3B AR HI X i A 43 3% S0 R
TR BRI, 1 F InstanceNorm I3 —16 2 43 X% 34~ 45
TRZ 347 0 — Ak J5 18 FH Rule 3075 R BG4S L B i 3
> Conv+InstanceNorm -+ Relu %5 # #E 47 HE 2 M il . 1B
SR AR AR i R A R RAE O S Ak KR
B, B Wi~ B2 ISA #5594~ ResNet 71 ResBlock 5% 22
B RI~ROHEZ o iR % &% D1~D2 19 3 2 AE 2
IR JE MR AR 2 FRAF , /1 2 Deconv+ InstanceNorm—+
Relu 25 HEZ M AL . feJ5 FF D2 (% H 45 S B4 A tanh

HO H1
A

F59% F2481/2022 F 12 A/ B ERBFEHE

PATE PRBCT R T AR R M TS AT B

G g R 4% g5 A 6 B s, £l Convt
InstanceNorm -+ Relu 45 #4) 3 Z 1 1l . X HO JZ #E 17 4%
FEURR AIE 45 05 38 0o AE 2R Mk Relu 38006 pR B0 , HL .
H2 H3 2 & M M5 & & A8 F W
InstanceNorm I — 1k J5 P i Relu #0i% oR E0T | i
Ja— 22 1X 1 45 BUK 8 38 B0 1, I8 At i
3 2 7 AL R A 4 SO BMSAR 3R Z AL JUART #1465 44

R

-~
~

=
=
o
Zz
L
§
=
n
(=1
=l

=
=
o
Z
5]
e
8
2
=

P06 T B 1 T T 0 BILR] A 0 6 ) 2% 25 4

Fig. 6 Discriminator network structure based on improved self-attention mechanism
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Fig. 11

“Xi” “Du” “Nian” and “Huai” calligraphy image AHE. (a) “Xi”calligraphy image AHE; (b) “Du” calligraphy image AHE;

(c) “Nian” calligraphy image AHE; (d) “Huai” calligraphy image AHE
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Fig. 12 Image preprocessing results. (a) Original images; (b) AHE+SR; (c¢) text extraction
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Fig 13 Comparison results of different repair algorithms. (a) Adding mask artificially; (b) RFR; (c) proposed algorithm

3 CCIR500-1 = WLPF iy RO
Table 3 CCIR500-1 Subjective evaluation scale

Score Obstruction criterion Quality standard
5 No deterioration in image quality Very good
4 The image quality has deteriorated, not hinder viewing Good
3 The deterioration of image quality slightly hinders viewing General
2 Obstruction to viewing Bad
1 Very serious obstruction of viewing Very bad
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CERTCARTCUETE R AR T RFRA L. BT REAFRIRCR .
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Table 4 Subjective evaluation results

Proposed RFR
Proposed result RFR result

score score

4.2 2.6

ﬁ 3.9 1.7

Lo

% 4.9 2.5
3.8 2.0

5

% i

TR T Al 22 1) 26 168 5 S ) PRI AR B ke DX 5 o )1 2

1 Mask 3 58 BAE &, %t T JC LA 40 4 1 7% in Mask o
G JRy R B R BB RO 92 o B R B SR i S A
8T8 N\ R W A Mask DI [T, SR 66 1 I3 28 XURS
TR EBEINE, I Mg tr st . e
S A5 vk RO B Rl 2R = R R i S R AT T

X L

S A RS W < BT B A BE AR AR B A LS

FAEE R B E 1 PSNR 5 SSIM ; 76 5 B 1 /14 1%

2

9 MOS 15373 3 8 7 T TR B2 1o 22 ) 4% [ (R e 2

177 3 B B B Z A JFE o R A T AR A 4k 2k
TEAG 52 A5 5E PR S A Y L e AT IR 9T, Mo 100 2% 3K B B 4 Y

R .
Z % x #
(1] 5RH, BREE A, EEEA . B TOKF3R B8 0%l 307

SR J5 4 1T]. BB A, 2014, 30(6): 185-187.
Zhang N, Chen L J, Wang X B. Method of the
archaeological word recognition based on the horizontal
and vertical projection[J]. Bulletin of Science and
Technology, 2014, 30(6): 185-187.

WAl F4A, &F . Canny NGH FHERB CFBER
g R LI] OHFEPLAS B, 2008, 24(9): 241-242, 250.
Zhang W, Wang X B, Jin P. Application of Canny
operator on repair of Jiandu’s letter[J]. Microcomputer
Information, 2008, 24(9): 241-242, 250.

KR IR A B S K B R BB = B R SE (D], K
Ji: b KA, 2017: 16-44.

[7]

(10]

[11]

[12]

[13]

[14]

2411001-11

$£59% F£248/2022 F 12 B/HEXBETFEHE

Zhang S M. Research on inscription and color virtual
restoration technology of Houma convenant tablets[D].
Taiyuan: North University of China, 2017: 16-44.

Isola P, Zhu J Y, Zhou T H, et al. Image-to-image
translation with conditional adversarial networks[C]/
2017 IEEE Conference on Computer Vision and Pattern
Recognition, July 21-26, 2017, Honolulu, HI, USA.
New York: IEEE Press, 2017: 5967-5976.

Goodfellow I, Pouget-Abadie J, Mirza M,
Generative adversarial nets[C]// Advances
Information Processing Systems 27: Annual Conference
2014,

Canada.

et al.
in  Neural
on Neural Information Processing Systems
December 8-13, 2014, Montreal, Quebec,
[S.l.:s.n.], 2014: 2672-2680.

Tian Y C. Zi2zi: master Chinese calligraphy with
conditional adversarial networks|[EB/OL]. (2019-08-09)
[2021-02-14]. htips://github.com/kaonashi-tyc/.

AT A T 1) SCH B AT R T T s RS ST B T Y 5
[D]. P2 PYIERF, 2019: 31-45.

Ren J. Research and application of Chinese calligraphy
style transfer for cultural relics restoration[D]. Xi’an:
Northwest University, 2019: 31-45.

Whas i, ARG, BRI L, 45 . — R U & GAN Ry
BT R I AR, 2022, 48(3):
853-864.

Chen S X, Zhu S Y, Xiong H L, et al. A restoration
method of ancient Yi characters with double discriminator
GAN[J]. Acta Automatica Sinica, 2022, 48(3): 853-864.
Jiang Y L, LiuJ, Wang L Y. Double cross algorithm of
improved TV image inpainting model[C]/2018 IEEE
3rd Advanced Information Technology, Electronic and
Automation Control Conference, October 12-14, 2018,
Chongging, China. New York: IEEE Press, 2018: 1097-
1100.

W, APRIE, SRAERE, G BT Re AR A s R N
UG S5k 0], ez 24 48, 2018, 38(2): 0210001,
Su C, Fu T J, Zhang X X, et al. Adaptively-weighted
blind image restoration algorithm based on energy
constraint[J]. Acta Optica Sinica, 2018, 38(2): 0210001.
Heusel M, Ramsauer H, Unterthiner T, et al. GANs
trained by a two time-scale update rule converge to a local
Nash equilibrium[EB/OL]. (2017-06-26) [2021-02-01].
https://arxiv.org/abs/1706.08500.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all
you need[EB/OL]. (2017-06-12) [2021-02-04]. htips://
arxiv.org/abs/1706.03762.

KT, RIRA, HAKE, S TR B AL
i 2 B PR 43 0 0 1 [T). D& 2 AR L 2020, 40(17):
1710001.

Zhang W X, Zhu Z C, Zhang Y H, et al. Cell image
block and
attention mechanism[J]. Acta Optica Sinica, 2020, 40
(17): 1710001.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition[C]//2016 IEEE Conference

segmentation method based on residual

on Computer Vision and Pattern Recognition, June 27-
30, 2016, Las Vegas, NV, USA. New York: IEEE


https://github.com/kaonashi-tyc/
https://arxiv.org/abs/1706.08500
https://arxiv.org/abs/1706.08500
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1706.03762

$£59% F£248/2022 F 12 B/HXEXBETFEHE

Press, 2016: 770-778.

Zhang 7Z 1., Sabuncu M R. Generalized cross entropy loss
for training deep neural networks with noisy labels[EB/
OL]. (2018-05-20) [2021-02-04]. https://arxiv. org/abs/
1805.07836.

HEAEN, T, VR SCTE L BT R R Ak PR R Y
PIAR DT % (7], ML F2E AR, 2018, 46(10): 2367-2375.
Dong L. L, Ding C, Xu W H. Two improved methods
based on histogram equalization for image enhancement
[J]. Acta Electronica Sinica, 2018, 46(10): 2367-2375.
Shi W Z, Caballero J, Huszar F, et al. Real-time single
image and video super-resolution using an efficient sub-

(18]

[19]

2411001-12

network[C]/2016 1EEE
Conference on Computer Vision and Pattern Recognition,
June 27-30, 2016, Las Vegas, NV, USA. New York:
IEEE Press, 2016: 1874-1883.

LiJY, Wang N, Zhang L. F, et al. Recurrent feature
reasoning for image inpainting[C]/2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), June 13-19, 2020, Seattle, WA, USA. New
York: IEEE Press, 2020: 7757-7765.

Streijl R C, Winkler S, Hands D S. Mean opinion score
(MOS) revisited: methods and applications, limitations and
alternatives[J]. Multimedia Systems, 2016, 22(2): 213-227.

pixel convolutional neural


https://arxiv.org/abs/1805.07836
https://arxiv.org/abs/1805.07836

	1　引言
	2　生成对抗网络
	3　基于内容风格迁移的残缺稀疏文字图像盲修复
	3.1　整体设计
	3.2　改进的自注意力机制
	3.3　基于ISA的生成器与判别器网络设计
	3.4　提高迁移精度的损失函数改进

	4　实验结果及分析
	4.1　实验数据背景
	4.2　数据集准备和实验环境
	4.3　修复性能评价
	4.4　观音阁残缺文字修复评价

	5　结论

