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Fast Face Alignment Method Based on Hierarchical Model and it’s Application on Mobile Device

DENG Jian-kang WANG Can-tian LIU Qing-shan
(School of Information and Control, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract This paper studied the problem of fast localiztion of facial landmark on a mobile smart phone, Fast face
alignment method based on hierarchical model was proposed, which is derived from active shape model. Firstly, the land-
marks on the canthi and angulus oris are quickly located using binary feature based on the result of face detection. After
that, calibration and correction are performed on these landmarks. Secondly, combined with edge constraint on the eyes,
mouth and face outline, local alignments are performed independently based on the location of landmarks on the canthi
and angulus oris. Finally, the shape of the whole face is aligned by weighted projection. Experimental results show that

the proposed method will converge after 8 to 10 iterations. It takes 40ms or less to complete face alignment on a single
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face image on a smartphone(the Samsung 19300) , which satisfies the request of real time.

Keywords Mobile platform, Facial landmark, Real-time localization
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