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Degraded Document Image Binarization Based on Improved U=Net

WANG Hongxia',HE Guochang',LI Yuqiang', CHEN Deshan’
(1.School of Computer Science and Technology, Wuhan University of Technology , W uhan 430063, China;
2.Intelligent Transportation System Research Center, Wuhan University of Technology , Wuhan 430063, China)

[ Abstract] Text image binarization is a key step in Optical Character Recognifion{ OCR). However, the complex
background noise of a degraded text image makes the extraction of its global context information and deep abstract
information difficult.This results in an inaccurate segmentation of the text region and insufficient expression of features,
such as text shape and contour, because of a poor binarization effect. Therefore, this paper proposes a binarization
method for degraded text images based on an improved U-Net network.The segmentation network U-Net is suitable as a
backbone model for small datasets, and a pretrained VGG16(is selected/as the U-Net encoder to improve the model’ s
feature extraction ability. The U-Net bottleneck layer of a lightweight global context block is fused to realize the global
context modeling of feature graphs. The residual skip «onnectionis fused in each upper sampling block of the U-Net
decoder to improve the model’ s feature restoratiomyability. U-Net’ s improvement is based on the aforementioned three
aspects: encoder, bottleneck layer, and decoder, to realize-a more accurate text image binarization. Experimental results
on the DIBCO 2016—2018 datasets show that thesproposed method can achieve a better denoising effect, retain more
detailed features in the binarization results,and provide a better delineation of characters in terms of accuracy and clarity
than Otsu, Sauvola, and other methods:

[Key words] document image binarizationjU-Net network ; global context;residual skip connection; DIBCO dataset
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Table 1 Comparison of experimental results on

DIBCO 2016 dataset

RS FM p-FM  PSNR/dB  DRD

Otsul"! 86.61 88.67 17.80 5.56
Sauvola® 82.52  86.85 16.42 7.49
DIBCOQ, 2016 winnet 87.61  91.28 18.11 5.21
BaINE AR 90.10  93.57 19.01 3.58
SCHR[ L3195 91.66  94.58 19.64 2.82
SCHk 48177 v 93.09  94.85 19.18 3.03
SCHR[19107 35 90.77  94.21 19.33 3.11
SHRI201 )7 L CR AR #E) - 90.28  93.48 19.17 3.27
SCHR[20]07 ¥ (WAL ) - 90.83  93.58 19.28 3.12
ATy 91.71  93.96 19.73 2.92

&2 DIBCO 2017 ##E45 LSS & R3ftt
Table 2 Comparison of experimental results on

DIBCO 2017 dataset

Ji ik FM p-FM  PSNR/dB  DRD

Otsul"! 7773 77.89 13.85 15.54
Sauvolal™ 77.11  84.10 14.25 8.85
DIBCO 2017 winner 91.04  92.86 18.28 3.40
SCHR[13]07 % 90.73  92.58 17.83 3.58
SCHR[18]77 % 91.57  93.55 15.85 2.92
SCHR[19107 12 92.14  93.02 18.71 2.81
SCHR[20] 7 ¥k CRTAL ) - 91.74  93.14 18.43 2.68
SCHR[20177 2 (AL 3E)  92.61  94.91 18.96 2.35
AT 92.81  94.12 18.97 2.49
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Table 3 Comparison of experimental results on
DIBCO 2018 dataset

Ik FM p-FM  PSNR/dB DRD

Otsu!" 51.54  53.05 9.74  59.07
Sauvolal” 67.81  74.08 13.78 17.69
DIBCO 2018 winner 88.34  90.24 19.11 4.92
SCHR[13]07 ¥ 87.73  90.60 18.37 4.58
k(18177 ¥ 89.71  91.62 19.39 251
SCHR[19175 1% 92.10  93.02 18.71 2.81

SCHR[207 75 7 CR Fit Ak 21 91.47  95.21 19.76 2.68
SCHR[20] 0 15 (9 Ak 1) 92.52  95.87 20.32 2.26

NSRS 9234  94.80 20.03 2.44
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Fig.9 Comparison of binarization effect of different methods
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Fig.10 The binarization effect maps of this method
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