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Overview on Speech-driven 3D Facial Animation Technology

LIU Xian-Mei, LIU Lu, JIA Di, ZHAO Ya, TIAN Feng
(School of Computer & Information Technology, Northeast Petroleum University, Daqing 163318, China)

Abstract: With the development of 3D digital virtual humans, speech-driven 3D facial animation technology has become
one of the important research hotspots in virtual human interaction. The key parts of the speech-driven 3D facial
animation technology include the construction of a speech-visual mapping model and the synthesis of 3D facial
animation. Specifically, the characteristics of phoneme-viseme matching methods and speech-visual parameter mapping
methods are described. Next, the current methods of building 3D facial models are expounded, and-the advantages and
disadvantages of different motion control methods are analyzed according to the different repré;entation methods of 3D
facial models. Then, the subjective and objective evaluation methods for sb‘eech-driven 3D facial animation are
expounded. Finally, the future development directions of speech—dri_vén 3D facial animation technology are summarized.

Key words: 3D facial animation; speech; speech-visual mapping model; virtual human
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