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Abstract Traditional maximum margin criterion usually ignores the differences between classes in the computation of
the between-class scatter matrix. However, for facial age estimation.the differences between age labels are very signifi-
cant. Therefore, this paper proposed a novel dimensionality reduction algorithm, called label-sensitive maximum margin
criterion (IsMMC) , by introducing a distance metric between the classes. In addition, considering the complicated facial
aging process,this paper proposed a two-steps local regression algorithm named K nearest neighbors-label distribution
support vector regressor (KNN-LDSVR) for age estimation. The mean absolute error of the proposed facial aging esti-

mation method on the FGNET database subset is 4. 1 years, which improves the performance compared with existing

age estimation methods.
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Fig. 1 Flow chart of age estimation algorithm in this paper
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Table 2 MAE results for effectiveness validation of algorithms on

FGNET database subset
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Fig. 6 MAE results with different choices of dimensionality

and neighbors
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Table 3 MAFEF results in each age group of different label-sensitive

dimensionality reduction algorithms on FGNET database subset

B cpbAlY clsLpp ClsMFAF 1sSMMC
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0~39 5.3740 4,1951 4.1372 4.0986
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Fig. 7 CS results of different dimensionality reduction algorithms

on FGNET database subset
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Table 4 MAE results of different age estimation algorithms on

FGNET database
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