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Abstract : Aming at the problem of scarcity of 3Dgface ground—-truth data in the training process of neural network regressing
for 3D facial mesh, an unsupervised in!method based on Generative Adversarial Networks (GANs), which regresses

for 3D Morphable Model (3DMM)
the generated 3DMM paramete

, is proposed. Firstly, the adversarial training process of GANs is used to make
to the realistic 3DMM parameters distribution. Then, the generated 3D facial
mesh is rendered into a 2 .~ Later, the identity encoder is used to extract the identity feature embeddings from
the input face and the render®d face respectively. By continuously minimizing the distance between the two embeddings,
the generated 3D facial mesh is enforced to maintain the identical features of the input face. The experimental results
show that the proposed method has a significant improvement in the accuracy of vertex position compared with the exist-
ing methods, and has a good RMSE value, which can be well applied to 3D face reconstruction tasks.
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