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Abstract
similarity to the user’s handwritten style, and the method based on Graphics Processing Unit (GPU) style transfer is

Currently, the intelligent character creation technology based on style learning generates fonts with low

expensive. To solve the problems above, a new intelligent character creation method is proposed using deep learning
and image segmentation technology, which can maintain a highly similar style while meeting the personalized needs
and reducing the generation cost. Using DeepLab v3+ technology, 775 font images input by users are filtered by a
data quality evaluation model and are split to components by image segmentation models. Then, components are
finely adjusted and noise is removed, and finally TrueType fonts are generated after vectorization. Compared with
existing technologies, this method significantly improves the similarity and reduces the cost, and can effectively meet
the personalized customization needs of users.
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An Image Segmentation Based Technology for Intelligent Character Creation
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Fig. 2 Encoder-decoder network structure®®!
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x5 HUEESE
Table 5 Similarity scoring table
. o N YNFEFRIES
HFEPRIE FAREL FRGNF - - — AL
TG ZE A4 ETIIN HE MiHE FHIH
TR 0 0.3 0.1 0 0.4
Tk 2 0 0.2 0.1 0 0.3
0 45 FR3 0 0.3 0.1 0 0.4 0.38
TR 4 0 0.3 0.1 0 0.4
_______________________________ TS 02 e ol 0 04
Tk a 0.2 03 0 o 6 -------- d .-6 ---------------- 0.715
Fhb 0.1 0.3 0.1 0 0.5
0.5 70 Fih e 0.3 0.3 0.1 0 0.7 0.58
TR d 0.2 0.3 0.1 0 0.6
______________________________ ”ﬂzts e 0.1 0.3 0.1 0 0.5
1 6 o

A 6763 7, T AR ER Truetype FA4A . F| £
JoTFE DA AU T G o3 BSR4 R A 7 A, i e D
il e Jm A2 O IR ROR, BRI R 458 .

1) HCHE Jo0 e DA AR 70 T 58 o G i e B 0E, T
HPFEEEREES AT, A AR AR ],

998

FETHHT P ARSS, SOAT AR SR RET A& R

2) N ZRAEE AL TS PRt T AR ey 0] vfi
ik, SCBREMR 4 A Sh i HoRHE . E i A T3k
BHS T FH 1 6763 7, TR, LA

By EIMER R A 52T



RS T ER S BIEOR B R RE I AT 5T

ZHVLBARD LT E 7
m?*ﬁﬂkﬁzﬁﬁ
5% % 23U AR AHe
RIS ST IN N )
TR RN S
F RTINS W A
%>ZJQL{ZQ?4§ F‘951‘+
W5 ) ] & K e an s B
A LB P HARE DL
5ﬁ ﬂ)ﬁié7dD¢X%L{57<

B 11 EFS5EGSEERFHEIS
Fig. 11 Random distribution of original characters and

characters generated by image segmentation
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Table 6 Number of correct picks by 10 survey respondents
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Table 7 Comparison of three character creation methods
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