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Few-shot Shadow Removal Method for Text Recognition

WANG Jiahui, PENG Guangling, DUAN Liang, YUAN Guowu and YUE Kun
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Yunnan Key Laboratory of Intelligent Systems and Computing, Kunming 650500, China
Abstract Shadow removal is an important task in the field of computer vision, with the goal of detecting and removing shaded re-
gions from shadow regions in images. As image editing techniques are constrained by the quality of shaded images,existing me-
thods exploit the knowledge from other tasks and the properties of shadows to obtain more effective feature vectors for shadow
removal. Since the color and shape features of the text differ from the foreground and background in the shaded images.the text
may be incorrectly detected as part of the shadows to generate incorrect results. To address this problem,a few-shot shadow re-
moval method for text recognition is proposed. First, the features of the text incorrectly identified as shadows are used to produce
base class data and new class data to enhance feature learning of such text in the infrastructure part of the few-shot target detec-
tion model. Second, the text itself is used to merge structurally relevant detection frames with multiple constraints to fix the ob-
jects correctly in the enhancement part of the detection frame merging algorithm. Experimental results validate the effectiveness
of the proposed method on real and synthetic datasets.

Keywords Text recognition,Shadow removal,Shadow detection, Few-shot learning,Object detection
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Fig. 1 Examples of document shaded and natural shaded scenes
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Table 1  Statistics of few shot datasets
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Table 2 Statistics of test datasets
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Table 3 Comparison of NAP50 for few shot methods with or

without test frame merging method
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Fig. 10 Visual comparison of whether the detection frame merging

method is used on the new class dataset
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Visual comparison with or without the proposed model

Fig. 11
on dataset
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Table 4 Performance comparison on real dataset with/without

FSFOD and detection frame merging algorithm

HEA SER NER BER ACC
AR 5.585  14.626  9.931  90.187
FSFOD 5.522  10.957  8.239  91.764

FSFOD+# M #E 4 3 5.236  6.201 5.718  94.115
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Performance comparison on synthetic dataset with/without

FSFOD and detection frame merging algorithm

AL SER NER BER ACC

B A ME R 7.691 7.922 7.821  91.775
FSFOD 7.364 7.494 7.429  92.231
FSFOD 4 i 42 & 5.917 5.144 5.531  94.416
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Table 6 Performance comparison on real dataset with different ToU
values
ToU SER NER BER ACC
0.4 5.554 6.577 6.066 93.791
0.5 5.236 6.201 5.718 94.115
0.6 6.561 7.770 7.166 92. 765
0.7 8.068 9.555 8.812 91. 230
T OAMEIEE LT ToU B 14 REXT 1L

Table 7 Performance comparison on synthetic dataset with different

ToU values

Table 10

vertical coordinate scales

Performance comparison on real dataset with different

10U SER NER BER ACC

0.4 6.403  5.566  5.981  93.893

0.5 5917 5143 5,531  94.416

0.6 6.660  5.789  6.225  93.615

0.7 7.675  6.671 7173 92.522
2)) i W00 ATE A s BE 25 L 471 14 52 i)

UG AIE AR 2 R B I
TR (1 5% M), K A B B
F10. 20, I 431 78 2L 52 BOHE B R & BOBOHE 4R Lt
AN 8 M 9 Hra, AL B Sy I B A EL 1, L b v R
0. 15 Hf BOAs- ik e R 1H

LU 51 B4 28 BOGT ZINRE AR B 52 7 Bk
He 5 23 5 & R 0,0. 05,0, 10,0. 15

F 8 BB AR AN [ AH B BE L A A BE X L

Table 8 Performance comparison on real dataset with different

separation distance scales

. B SER NER BER ACC

0 6.370 5.537 5.954  93.929

0.05 6. 331 5. 499 5.915 93,972

0.1 6.125 5. 227 5.676  94.249

0.15 5.917 5. 144 5.531  94.416

0.2 5.956 5.152 5.554  94.389
F 9 BB AN IR AH B BE L A RE XS L

Table 9

separation distance scales

Performance comparison on synthetic dataset with different

t ) SER NER BER ACC

0 6.119 7.246 6.683 93.216
0.05 6.130 7.259 6.694 93. 205
0.1 5.670 6.715 6.192 93.673
0.15 5.236 6.201 5.718 94.115
0.2 5.474 6.483 5.9785 93.872

A7 4

t. SER NER BER ACC

0 7.519 8.905 8.212 91.790

0.2 5.548 6.571 6.059 93.797

0.4 5.236 6.201 5.718 94.115

0.6 5.028 5.954 5.491 94. 327

0.8 5.618 6.544 6.081 93. 825

1 5.853 6.932 6.392 93.486

F 11 A RBESE LR TE G\ AL bR 22 L 9 P e X Ll
Table 11  Performance comparison on synthetic dataset with different
vertical coordinate scales

t, SER NER BER ACC

0 6.559 5.701 6.130 93.724

0.2 6.207 5.391 5.799 94.107

0.4 5.917 5.144 5.531 94. 416

0.6 6.083 5.288 5.686 94. 237

0.8 6.213 5.400 5. 806 94.098

1 6.544 5.727 6.135 93.742
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