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Abstract

In this work, we proposed a novel cooperative video-based face liveness detection method based on a new user inter-
action scenario where participants are instructed to slowly move their frontal-oriented face closer to the camera. This
controlled approaching-face protocol, combined with optical flow analysis, represents the core innovation of our ap-
proach. By designing a system where users follow this specific movement pattern, we enable robust extraction of facial
volume information through neural optical flow estimation, significantly improving discrimination between genuine
faces and various presentation attacks (including printed photos, screen displays, masks, and video replays). Our
method processes both the predicted optical flows and RGB frames through a neural classifier, effectively leveraging

spatial-temporal features for more reliable liveness detection compared to passive methods.
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OF preprocessing type | Screen | Printed | Masks | Dynamic Videos | Static Videos
OF 0.992 0.990 0.953 0.668 0.958
OF magnitude 0.991 0.991 0.955 0.670 0.961
clipped OF magnitude | 0.994 0.993 0.965 0.784 0.965

Table 2. S AL B LE (ROC AUC)

Augmentations Screen | Printed | Masks | Dynamic Videos | Static Videos
no augmentations 0.994 0.993 0.965 0.784 0.965
random frame 0.998 0.997 0.972 0.666 0.972
random frame + multi resolution | 0.998 0.996 0.972 0.675 0.972

Table 3. HFidsany L (ROC AUC)

Architecture Screen | Printed | Masks | Dynamic Videos | Static Videos
OF only; ResNet18 0.998 0.996 0.972 0.675 0.972
OF + RGB (stacked); single ResNet18 0.996 0.994 0.985 0.991 0.998
OF + RGB (separately); double ResNet18 | 0.999 1.000 0.993 0.994 0.999

Table 4. ZfJLL# (ROC AUC)

Modification Screen | Printed | Masks | Dynamic Videos | Static Videos
None 0.999 1.000 0.993 0.994 0.999
perspective augmentations 1.000 1.000 0.994 0.996 0.999
perspective augmentations + stabilization | 1.000 1.000 0.994 0.996 0.999

Table 5. JSEAEAAEAT kAR EFAE A ErR ek (ROC AUC)

Blurriness level | Screen | Printed | Masks | Dynamic Videos | Static Videos
no blur 1.000 1.000 0.994 0.996 0.999
low 0.997 0.996 0.992 0.989 0.999
medium 0.990 0.981 0.939 0.966 0.984
high 0.937 0.883 0.833 0.846 0.857

Table 6. FEBHINIL LA PFAE (ROC AUC)

Aggregation Screen | Printed | Masks | Dynamic Videos | Static Videos
single shot 0.983 0.963 0.970 0.991 0.985
stabilized average (Muhammad et al., 2022) 0.999 0.980 0.922 1.000 1.000
rank pool + OF (Parkin and Grinchuk, 2020) | 0.993 0.982 0.904 0.921 0.976
proposed method 1.000 1.000 0.994 0.996 0.999

Table 7. BE&LEHE (ROC AUC)

Method sec.
single-shot 0.05
stabilized average | 0.05
rank pool + OF 0.75
proposed method | 0.55

Table 8. ZATHIPERELLE: (NEIGTIALIE)
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