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3D expression face synthesis based on feature point prediction
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[ Abstract] Three—dimensional facial expression synthesis has received extensive attention from researchers in recent years. Among
the existing methods, equipment—based methods have high cost and low flexibility. The reconstruction of facial expressions relies on
the original facial expressions in the face scanning process. Most of the image —based methods belong to FACS ( Facial Action
Coding System) which leads to problems such as rough performance of some models that are compatible with FACS and low
synthetic reality. In order to obtain a better 3D facial expression synthesis effect with lower cost and higher flexibility, a 3D
expression synthesis method based on feature point prediction is proposed. On the basis of the 3DMM (3D morphable model )
algorithm with good 3D face reconstruction effect, the weighted K nearest neighbor algorithm is introduced to construct the
expression feature point prediction model combined with BFM ( Basel Face Model ). The expression model and the linear
interpolation algorithm model deal with the problem of texture occlusion. Experiments show that this method has stronger detailed
performance and higher fidelity than the FACS combined with simple model method, lower cost than the equipment method, higher
degree of automation, and good overall effect.

[ Key words] three—dimensional face reconstruction; expression synthesis; feature point prediction; three—dimensional deformation
model; weighted K—nearest neighbor algorithm
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Fig. 1 3D face reconstruction flow chart
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Fig. 2 Part of the data processing sample diagram
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Fig. 3 Schematic diagram of face region extraction
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Fig. 5 Comparison chart of ERT different tree algorithm
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Fig. 6 Partial image 3D face reconstruction
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Tab. 1 Comparison table of different algorithms
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Tab. 2 Verification table for different data sets after fusion

AR BRI/ % HIHER/ %

fer2013 2.3 70.8
ck+ 0.5 98.7
jaffe 0.9 88.9
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Fig. 8 Schematic diagram of expression prediction effect
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Fig. 9 Schematic diagram of some samples of CK+ database
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Fig. 11 Normalized map of part of data feature points
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Fig. 14 3D facial expression synthesis rendering
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