846 & 9 W D2 M- N 1 M = A < Vol. 46 No. 9
2019 4£ 9 H COMPUTER SCIENCE Sep. 2019

ETHEZNENARENSAARHER

T & ZEET =MEYT OBREEY BERY
(HTT L RFHENBAZFEHAFE  AHM 310023)"
(HTHEITNBEERTELERAARELLEE  ALM 310023)°
(REZELA¥HENAFE IHRFR KiZ300384)° (T AFART W EHFRER AN 310058)"
(HrkFEREITFHRER M 310058)°

H E EACEHXBEL EANZMBRERETEIEGARASTHANBEEZRARTFH—AETLHE., &
REEBIAZMLEREROR BALERGWAEET, EXMEAFR IR FoONELEG AR E FEHE
Ay E B R A FeiE ZJJH*%%%;@mié’JHfml&%ﬁ:ﬁT/\"”,ﬁélﬂlﬂgT%?’ Z A KK YE LA R R AEIR S AR
XA X4EH % kA2 ERD,CAE.MAR ¥ WA KA, XMl i & TEHAM ZH SR L EXEFHEH . AHT
/\ﬁkim/}ﬁgéﬁfﬁé L FIEH D HATRAEFRE A Z RSB R FRE,BREALETHERTHEAMNR
LI A E R R AT ST S AT AT 5 AR @l 6h A B4R R — s T 4k IR AR R # R A
%%ﬂ AEBHERANEMGL KEBH,XLXAEEH, %5 H
FEZESES TP311 XERFRIRAS A DOI 10. 11896/j. issn. 1002-137X. 2019. 09. 003

Survey on Character Motion Synthesis Based on Neural Network

WANG Xin'* MENG Hao-hao'* JIANG Xiao-tao'* CHEN Sheng-yong'* SUN Ling-yun'"”’
(College of Computer Science and Technology.Zhejiang University of Technology. Hangzhou 310023, China)!
(Key Laboratory of Visual Media Intelligent Process Technology of Zhejiang Province, Hangzhou 310023, China)?
(College of Computer Science and Engineering, Tianjin University of Technology, Tianjin 300384 ,China)*®
(Modern Industrial Design Institute,Zhejiang University, Hangzhou 310058, China)*

(International Design Institute,Zhejiang University, Hangzhou 310058, China)®

Abstract The application of neural network technology to character motion synthesis on human motion data sets is an
important research content in the field of computer graphics. This study aims to generate naturally realistic character
motion using neural networks through date-driven technology. Based on the analysis and summary of related research
work , this paper introduced the research progress in the fields of motion model construction, motion interaction and mo-
tion stylization and so on. Based on the motion capture data,by using data-driven technology.interactive control methods
and network models such as ERD,CAE and MAR, the character was dynamically modeled, synthesized and controlled
by interactive motion, and in order to generate higher quality character motions, motion animation and other content
were stylized. In this paper,taking neural network technology as the focal point,various study works of the character
motion synthesis were connected. Combined with the practical applications and difficulties faced in the current research
work ., this paper suggested some problems that can be further studied.

Keywords Character motion synthesis, Neural network,Data driven,Interactive character control, Style editting
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Fig. 1 Motion synthesis process based on neural network
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Application of different network models in character mition

synthesis and comparison of advantages and disadvantages
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