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( )2. What kind of music does the writer like? (A )2. What kind of music does the writer like?
A. Rock and popular music. A. Rock and popular music.
\Horknndduuvmu:&u ‘B\Mddnnu-e
6. Jazz and country music. 6. Jazz and country music.
(P mn.mm...i/ (9, )3. Who likes dancing?
A. The writer. B. Lan. C. Jane. A. The writer. B. . C. Jane.
( )4._1.@ T thinks that country music is 2 (¢ )4.-.-&-@ nother that music is
¢ A. amazing B. boring C. relaxing ¢ amazing B. boring mc. relaxing
( )5. How many people’s ideas about music are talked in the ? ( ). How people’s ideas about music are talked in the ?
'B A4 “\V C6 A 4_’, n:/ C6
B) BRSO, SR - B) BRI, RS o -
1. I can't remember when I fell in love with music. Maybe it happened when I was feeling 1. I can't remember when 1 fell in love with music. Maybe it happened when I was feeling
blue sometime long ago. blue sometime long ago.
1 can't tell you exactly how music makes me feel better. But when I listen to music, especial- 1 can't tell you exactly how music makes me feel better. But when I listen to music, especial-
Iy light music, it makes me feel calm and peaceful. ly light music, it makes me feel calm and peaceful.

Now I am listening to a song named Moon River. It really is a fantastic song. It inspired me to Now I am listening to a song named Moon River. It really is a fantastic song. It inspired me to
write this article.(J_didn't like this song at the beginning)but later found its slow melody and write this article. didn‘llikelhi-mlhbep‘miu but later found its slow melody and

beautiful lyrics deeply touching. - - beautiful lyrics deeply touching.

“Oh, dream maker, you heart breaker. iﬁ-i#ﬁm%*"b, e i S | #ﬁff@ﬁ’%}“b

Wherever you're going I'm going your way. ¥ Wherever you're going I'm going your way. %

Two drifters off to see the world. _ﬁ fﬁ&%x&gt. Two drifters off to see the world. &V\%EZ#,{_

There's such a Jot of workd 0 sce. ” %@ﬁﬁ@r@tﬁ.. Ther's such bt of world w0 s, (0,348 0 11 B AL,

2. Yes. Although there is a long way 1o go for the drifier and maybe there are many troubles 2. Yes. Although there is a long way 1o go for the drifier and maybe there are many troubles
s oo k.18 B 40, . ] ML e b il 5 % 4, J 91 B

1 like music. Music reminds me that human beings have a lot in common even if they come 1 like music. Music reminds me that beings have a lot in common even if they
e T RN SRR || . b e i e kg, "":‘:’W
melodies and words. melodies and words.
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A. The writer. B, IiLan. C. Jane.
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Handwritten texts removal method based on FCN-AC-ASPP

FANG Haiquan™ " ™", DENG Mingming ™ , YE Yuntao ™"

( " School of Public Administration, Zhejiang University of Technology, Hangzhou 310023 )

( ™ School of Mathematical Sciences, Peking University, Beijing 100871 )
( ™ Zhejiang Xingsuan Technology Co. , Ltd, Hangzhou 310023)

( ™" Institute of Water Resources, China Institute of Water Resources and Hydropower Research, Beijing 100038 )
Abstract

Aiming at the problem that the classification accuracy of printed and handwritten texts is not high enough,

first, a pixel-level sample making method for printed and handwritten texts is proposed, and a printed and hand-

written texts dataset is constructed. Second, a fully convolutional network with atrous convolutional and atrous spa-

tial pyramid pooling (FCN-AC-ASPP) is proposed. After training and testing the FCN-AC-ASPP model, the classi-

fication accuracy average intersection over union (loU) of the model reaches 96.10% , which is better than FCN,

DeeplabV3 + , FCN-AC models. Finally, for a new picture containing both printed and handwritten texts, the

trained FCN-AC-ASPP model is used to classify the printed and handwritten texts, and then the handwritten texts

are removed.

Key words: handwritten texts, printed texts, classify, fully convolutional network (FCN) , atrous convolution

(AC), atrous spatial pyramid pooling( ASPP)
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