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Single Bleed-through Image Restoration With Self-supervised Learning
XU Jin-Dong" MA Yong-Li' LIANG Zong-Bao' NI Meng-Ying'

Abstract The existing single bleed-through image restorations based on learning methods often need a large num-
ber of paired images to train the model, due to the lack of paired images supervision constraints, the restoration ef-
fect of bleed-through image is not well, which limits their practicability. In this paper, a single bleed-through image
restoration method based on self-supervised learning is proposed, the method uses the circulatory structure and con-
straint transfer learning ability of cycle-consistent generative adversarial networks to realize self-supervised single
bleed-through image removal of unpaired images. Through the design of self-learning module, mining self-super-
vised information from large-scale unsupervised data are used to train the network, so as to form an effective fea-
ture extraction module from shallow layer to deep layer, which improve the restoration quality of texture, edge and
other detail information of the front content of the bleed-through image. Finally, the bleed-through content has
been removed for a single image. The experimental results show that this method achieves good results for bleed-
through image restoration on synthetic image datasets, public image datasets and real image datasets.
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Table 2  Quantitative evaluation of document bleed-
through image restoration of synthetic datasets

Ky g Jiik PSNR (dB) FM (%) pFM (%) DRD
Otsu 16.35 88.37 89.59 4.94

Ntirogiannis 19.30 89.21 90.68 8.87

SAGAN 16.05 87.61 91.28 5.21

HEdE%E  DD-GAN 20.45 90.51 90.01 4.73
Castellanos 19.95 90.65 93.78 4.06

Sungho 21.03 90.53 92.67 3.86

S-CycleGAN 22.66 92.99 95.10 2.93
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Fig.10  Experiment results of one sample on synthetic
document bleed-through datasets by different methods
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Table 3 Objective evaluation indexes comparison for the modules in S-CycleGAN
HE e J5 PSNR (dB) FM (%) pFM (%) DRD
CycleGAN 12.48 62.42 65.51 20.95
A REEE 76 SLM 19.75 88.80 92.50 3.95
S-CycleGAN 22.66 92.99 95.10 2.93
CycleGAN 11.41 69.71 71.33 16.31
H-DIBCO J& SLM 18.21 86.60 88.80 4.36
2016 S-CycleGAN 22.35 91.90 93.79 3.53
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