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3D Decomposition
» Z-Buffer

Highlights

To solve the increasingly demanding digital face manipulation detection, we propose a novel
framework, FD*Net, combining multi-modality learning and 3D decomposition, to extract
more critical forgery clues from the constituent elements of an RGB face image, which, in

turn, improves the efficacy, robustness and explainability of the detector.

Introducing 3D decomposition into forgery detection

Constructing facial detail to amplify subtle artifacts

Proposing a two-stream structure FD?Net containing a supervised attention module

Remarkable elevation on both detection performance and generalization ability compared with the SOTA

Ablation study

Is,n = Z-Buffer(S, C)
» Lambertian assumption
T=T+BB+ T,

» Model the common texture by the BFM PCA texture model
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