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Review of 3D Face Reconstruction Based on Single Image
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Abstract In the field of computer vision, 3D face reconstruction is a valuable research direction. High quality reconstruction of
3D faces can find applications in face recognition, anti-proofing, animation and medical cosmetology. In the last two decades, al-
though great progress has been made 3D face reconstruction based on a single image, the results of reconstruction using traditional
algorithms are still facing the challenge of facial expression,occlusion and ambient light,and there will be problems such as poor
reconstruction accuracy and robustness. With the rapid development of deep learning in 3D face reconstruction, various methods
which are superior to traditional reconstruction algorithms have emerged. Firstly, this paper focuses on deep-learning-based recon-
struction algorithms. The algorithms are divided into four categories according to different network architecture, and the most
popular methods are described in detail. Then commonly used 3D face data sets are introduced.and performance of representative
methods are evaluated. Finally,conclusions and prospects of the single-image-based 3D face reconstruction are given.

Keywords 3D face reconstruction,Deep learning,Convolutional neural networks,3D morphable model, Face recognition
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