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[ Abstract] To solve the security problems such as print attacks and video replay attacks that may occur during the
authentication process, a multi-cue fusion method for detecting human faces is proposed. The pyramid Lucas-Kanade
(LK) optical flow is used to track the video frame,and it is subjected to shear wave transform to obtain image quality
features. The Convolutional Neural Network (CNN ) is used to fine tune the data set to obtain true and false liveness
bodies. Experiments on the Print-attack database and the CISIA database show that compared with the LFDNet method,
this method has higher face liveness detection accuracy and can be applied to spoofing attacks resistance.
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optical flow; face liveness detection
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