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On Liveness Detection through Face Recognition

YANG Jucheng, DAI Xiangzi, HAN Shujie, MAO Lei, WANG Yuan
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Face liveness detection has great significance in face authentication systems due to its high security, but it is vul-
nerable to forgery attacks with photos, videos, masks, etc. In recent years, researchers have done a lot of work in this
field. This paper reviews worldwide current researches on liveness detection technology in face recognition and analyses its
prospect in the future.
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Fig. 1 Framework of face recognition-based authentica-
tion system for liveness detection
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Fig. 2 Binary images of living eyes with blinking
movements
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Fig. 3 Spectrum of living and non-living images in the
frequency domain
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Fig. 6 Living detection network based on 3D convolution

structure
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Tab.3 Comparison of half total error rate indicators in different training tests on different databases with different methods
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