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Face alignment based on local shapes constraint network

DU Wen-Chao , DENG Zong-Ping , ZHAO Qi-Jun, CHEN Hu
(National Key Laboratory of Fundamental Science on Synthetic Vision,

College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: Face alignment method has greatly improved with using cascade regression, however due to
the complexity of designing cascade regressors, the limitation of hand-crafted features make it difficult to
find a better solution for face alignment task, especially with the big gesture, exaggerated expressions.
Therefore, this paper proposes a novel method based on local shape constraint to solve this problem.
Firstly it initializes the whole face shape by using deep convolutional neural networks (DCNN), secondly
divides face into different regions according to the local regional homogeneity, defining each region con-
straints on local shapes. Finally takes the whole shape estimation as global constraints, combines each
local shape constraints for facial feature point regression. The experiments show that our method based
on local shapes constraint results in a strong improvement over the current state-of-the-art.
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Tab.1 Average error comparison of different methods on

different databases

DLIB TCDCN OURS
LFPW 0.029195 0.022998 0.020132
HELEN 0.036757 0.028766 0.019787
FRGC 0.017162 0.025198 0.013109
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Tab. 2 Failure rate of different methods on different data-

bases
DLIB TCDCN OURS
Helen 0.011475 0.018182 0.008063
LFPW 0.013986 0. 183036 0.012107
FRGC 0.003626 0.043232 0.002838
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Tab.3 Test results on frame rate

Method DLIB TCDCN OURS

Fps 104.3 66.7 68.5
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Fig. 6 Change trend of average error curve
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