A T H 3 # % Vol. 48, No. 7
2022 £ 7 H ACTA AUTOMATICA SINICA July, 2022

ETFRHERS NN B EFEE T E

% # kML AAF
W B BEERRENPEEGZAREE, FEEH AL SR SRR, Hikae 2 DUy A 64 R
SRETE, R AL, B RS R, RGN oy F) T vE 3 R A A NI S R AR EURRAE £
SRR XX IR T B B PR P A5 40 50 R SR A BB . AR SO T4 i 58 43 H 5L T 2 R AR 20 28 0 11 =) PR A%, R 2% 1R 4R
TP 4% (Conditional generative adversarial network, CGAN) FIXF§i 24 ST WU B #2 4> S0 2 i, {42 B m M S 4n ik
TR BN SO N B #). 1% 7R AR EH R i 1) 2B 1, 15 200 55 2 5 SURHE FIOR B9 58 245 B i AN R T )5 80t
VRIS B0 RN 45 04 R VR AR
KHER) kG, B R, RO S, XA
IR BRER, KA, JIKEE. LT AR BN UM 2% 1) Tk B E A E]. B3R, 2022, 48(7): 1861-1868
DOI 10.16383/j.aas.c190141

Stroke Segmentation of Calligraphy Based on Conditional Generative Adversarial Network

ZHANG Wei'  ZHANG Xiao' WAN Yong-Jing'

Abstract As the essence of Chinese traditional art, brush calligraphy needs to continue to inherit and carry for-
ward in the new era. Calligraphy is a complex figure composed of strokes as the basic unit. If you want to analyze
the structure of calligraphy, stroke segmentation is the first step. The traditional stroke segmentation method
mainly uses the refinement method to extract feature points from the Chinese character skeleton, and analyzes the
sub-stroke topology relationship of the intersection region to segment the strokes. This paper analyzes the limita-
tions of traditional stroke segmentation based on the underlying feature splitting strokes, and the strokes are direc-
tly segmented by using the adversarial learning mechanism of conditional generative adversarial network (CGAN).
Improve the method of extracting strokes from first refinement and then segmentation to direct segmentation. This me-
thod can effectively extract accurate strokes. The resulting high-level semantic features and individual strokes that
retain complete information are helpful for the subsequent evaluation of the outline and structure of calligraphy.
Key words Structure of calligraphy, stroke segmentation, conditional generative adversarial network (CGAN), ad-
versarial learning
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Table 1  Performance of stroke segmentation
S 1 2 3 4 5 6 7 8 9 10 11 12 13
AC 0.9996 0.9976 0.9988 0.9994 0.9996 0.9996 0.9986 0.9991 0.9991 0.996 7 0.9992 0.9986 0.9983
Fl 0.9592 0.9435 0.9604 0.9397 0.9710 0.966 3 0.9519 0.9312 0.9610 0.9583 0.9483 0.9307 0.9572
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