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[ Abstract] In order to improve the recognition rate and security of the Video Teller Machine( VTM ) face recognition
login system,an interactive liveness detection algorithm that combines improved blink detection, background detection and
random combined action instructions is proposed. Based on the OpenCV cascade classifier face detection and Local Binary
Feature (LBF) face alignment algorithm ,combining the coordinate proportion and the eye pigment change,the detection
method is improved. Uses the background detection and the random combination action instruction to resist the dynamic
video attack. Making use of the image quality detection and correction function, the system in weak light, skew and the
other environmental condition has a good performance as well. Experiments are carried out on liveness face database
CASIA-FASD and self-built sample library, the result shows that the recognition rate reaches 97.67% , which is obviously
improved than multispectral ,convolutional neural network,and the other existing detection algorithms.
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