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Method of Face Forgery Detection Based on Self-Attention CapsuleNetwork
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Zhengzhou 450003, China)

[ Abstract] In recentiyears, face forgery is abused in fake videos, imposing a'potential threat on the national, social and
individual level, so face forgery detection is of great significancesto individual privacy protection and national security.
To improve the performance.of face forgery detection for fake videgs, a face’forgery detection method that combines a
self-attention capsule network with the Capsule-Forensics algorithm is preposed.This method uses part of the Xception
network for feature extraction, which reduces the number of parameters. Then a capsule structure with attention
mechanism is introduced into the main part to make the mgdel focus on the facial area.Finally, the comprehensive multi-
dimensional Focal Loss is used as the loss function to improve the detection effect of the model for indistinguishable
samples. Experimental results show that compared“with the Capsule-Forensics algorithm, this method can reduce the
number of model parameters and the amount of .ecomputation, while displaying a higher accuracy on multiple forgery
data sets.
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Fig.6 T-SNE visualization results of model output
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