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Face Pose Classification Method Based on Deep Learning

DEND Zong-ping ,ZHAO Qi—jun,CHEN Hu
(National Key Laboratory of Fundamental Science on Synthetic Vision, School of Computer Science,

Sichuan University ,Chengdu 610065 , China)

Abstract; Face pose usually contains useful information,so detecting it accurately plays an important role in face alignment, human be-
havior analysis and drivers’ fatigue driving monitoring. A novel method is proposed in this paper which applies deep learning to human
face pose classification based on convolutional neural networks. It can be divided into two steps mainly. First, layer one classifies pose into
5 categories at direction yaw ,and it’ s of robustness at direction roll. Then layer two takes the result of step one as input to classify pose
into 3 categories at direction pitch. All outputs are robust to illumination. The cascade connection is used to test on public benchmark , and
the result shows that its accuracy is 95% . In real surveillance video, it has both high accuracy and fast estimating speed. Due to the partic-

ularity of experiment, it only contrasts the result to itself. Experimental results show that well-designed cascade connection of neural net-

work can estimate pose well.

Key words : pose classification ;cascade ;deep learning ; convolutional neural network
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