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3D face reconstruction and dense face alignment method based on
improved 3D morphable model

ZHOU Jian, HUANG Zhangjin'
(School of Computer Science and Technology, University of Science and Technology of China, Hefei Anhui 230027, China)

Abstract: In order to solve the problem that the currently widely used 3D morphable model has insufficient expression
ability, resulting in poor generalization performance of the reconstructed 3D face model, a novel method for 3D face
reconstruction and dense face alignment based on a single face image under unknown pose, expression and illumination was
proposed. First, the existing 3D morphable model was improved by convolutional neural network to improve the expression
ability of the 3D face model. Then, based on the smoothness of the face and the similarity of the image, a new loss function
was proposed at the feature point and pixel level, and the weakly-supervised learning was used to train the convolutional
neural network model. Finally, the trained network model was used to perform the 3D face reconstruction and dense face
alignment. Experimental results show that, for 3D face reconstruction, the proposed model has the normalized mean error on
AFLW2000-3D reduced to 2.25, and for dense face alignment, the proposed model has the normalized mean errors on
AFLW2000-3D and AFLW-LFPA reduced to 3. 80 and 3. 34 respectively. Compared with the original method using 3D
morphable model, the proposed model has the normalized mean errors reduced by 7. 4% and 7. 8% respectively in 3D face
reconstruction and dense face alignment. Therefore, for face images with different lighting environments and angles, this
network model is accurate in reconstruction and robust, and has high 3D face reconstruction and dense face alignment
quality.
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Fig. 1 Flowchart of 3D face reconstruction algorithm
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Fig. 3 Some real scene face images in the training set
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Fig. 4 Results of dense face alignment
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Tab. 1 NME results of dense face alignment unit: %
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Fig. 5 Results of 3D face reconstruction
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Tab. 2 NME results of 3D face reconstruction unit: %
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Tab. 3 NME results before and

after 3DMM improvement unit: %
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Fig. 6 3D face reconstruction results with and without

3D face smoothness constraint
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