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Glass 142 72 9 6 3x3
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Table 2 Reoognition performance comprison on Ionosphere IRIS, Wine, Glass datasets

Datasets Algorithm MatPCA MatFLDA MatMMC Mat - LSMMC
0.9316
Ionosphere Accuracy 0.906 0 0.863 2 0.897 4 (K=3;L=2°;
v=0.3)
1
IRIS Accuracy 0.94 0.94 0.96 (K=5:h =27
v=0.5)
0.8
Wine Accuracy 0.716 7 0.7333 0.766 7 (K=5;h=2-10;
v =0.25)
0.875
Glass Accuracy 0.83333 0.805 6 0.847 2 (K=3;h=2-5;
y=0.1)
%3 74 ORL,Yale HIR#EIARIBRLILE
Table 3 The comparison of ORL, Yale data set recognition effect
Datasets ORL Yale
Number of Train Samples 4 6 4 6
Alorightm Accuracy Accuracy Accuracy Accuracy
PCA 0.854 17 0.8875 0.638 1 0. 666 67
MatPCA 0.875 0.9 0. 6667 0.7067
MatFLDA 0.908 3 0.9 0.676 2 0.773 3
MatMMC 0.9125 0.9313 0.695 2 0.786 7
0.9208 0.9437 0.7048 0. 8133
Mat - LSMMC (K=5;h=2300; (K=3;h=2500; (K=5;h=2200; (K=5;h=2200;
v=0.25) v =0.875) y=0.1) v=0.875)
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Based o Matrix Pattern
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Abstract: MatFLDA as a classic feature extraction method in recent years is widely studied and used. However, MatFLDA as a
global criterion is neglected to some extent sample space inner local structure and local information. Therefore, based on the ma-
trix pattern, by introducing the Local Weighted Mean (LWM) and combined with Maximum Margin Criterion (MMC), we put
forward a certain local learning ability of supervised feature extraction method: Local Sub — domains Maximum Margin Criterion
Based Matrix Pattern, Mat —~ LSMMC) , the discrimination analysis with the strong ability of feature extraction can improve the lo-
cal learning ability of MatFLDA method. Finally, the test on artificial and real datasets shows the above mentioned advantages of
the Mat - LSMMC method.

Keywords : MatFLDA ; Local Weighted Mean; Maximum Margin Criterion
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