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2D & 3D Multi-modal Face Database

Fu Zehua, Gong Xun, Li Tianrui
(School of Information Science and Technology, Southwest Jiaotong University, Chengdu, 611756, China)

Abstract : Although 2D-based face recognition technology becomes more and more mature, recognition re-
sults are still affected by light, posture, facial expressions and other changes. It is a trend to improve the
performance of face recognition by 3D face model as well as to apply 3D face recognition in practice. To
tackle these problems, SWJTU multimodal face database which contains face data from 200 Chinese peo-
ple with neutral expression is proposed. The database includes visible light images, video sequences, 3D
face models C(high resolution) and stereo video sequences. Here, we describe the apparatuses, environ-
ments and procedure of the data collection and present the normalization procedure of the database. Final-
ly, database applications are discussed and then several evaluation protocols for SWJTU multimodal face
database are presented to measure face recognition and reconstruction performance.

Key words: 3D face; face recognition; face reconstruction; video sequences; stereo video sequences
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Fig. 2 Acquisition device and environment
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