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Overview

We propose a framework for the high-fidelity dense 3D flow estimation between a pair of monocular facial 
images
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First stage: 3DMeshReg works as an initialisation for the 3D facial shape in the first frame. This estimation is rasterized in the next step and 
encoded in an RGB image, termed as Projected Normalised Coordinates Code (PNCC) storing the x-y-z coordinates of each corresponding visible 
3D point. 
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Given the pair of images as well as the PNCC, the second stage (DeepFaceFlowNet) estimates the 3D flow using a deep fully-convolutional 
network (DeepFaceFlowNet).
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For more details and results, please check the 
project webpage:

https://github.com/mrkoujan/DeepFaceFlow

https://github.com/mrkoujan/DeepFaceFlow

