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[ Abstract] When reducing the dimension of sample data, the subspace learning model cannot reveal the data structure
or process new samplestapart from the training samples. This paper proposes a dimension reduction method that fuses
representation learning andiembedded subspace learning. The method constructs a unified framework that integrates
low-rank representation, weighted sparse representation and low=dimensional subspace learning. Then the alternative
optimization strategy is adopted to realize the simultaneous learning and mutual optimization of the coefficient matrix
and the data projection matrix, finally achieving the dimension reduction precision that enables optimal reconstruction
effect. The experimental results on three databases show that, compared with the mainstream methods such as PCA,NPE
and LRPP, this method can solve the problem of new{sample training, and has better classification performance.
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Fig.1 Convergence curves of the proposed algorithm on

two image databases
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Table 1 Setting of databases
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32 BHEEE

A SO AL E 3OS, [y AR B AT HE
COIL20 %4l e b B AT 9255, LLS R IX 28 2 500 A 3
BRI . MR 3 AT R 45 S e] LR B, S8y A
{1 725 Al % B3 05 1 P R R AR /N R SO 0 S 4y
AR S FE . ILANART LB 1, S8 1 A a
WA 1.00~1.75, 24 Z 50 B/ T 1.00 I, 575 1L 6E 2R
TR

e
n

1.0 1.5 2.0 2.5 3.0

(%

()%

(ZHB
B3 AXEEHEFBESSHMER(COIL20 HiBE)

Fig.3 The relationship between the classification accuracy of

the proposed algorithm and parameters (COIL20 database)
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Table 2 Classification accuracies of six algorithms

under different feature dimensions(Yale B database) %

ok m=10 m=20

d=25 d=50 d=75 d=100 d=25 d=50 d=75 d=100
PCATL#: 306 389 423 445 389 476 521 567
NPE# i 602 714 758 766 680 78 812 81.6
SPPE I 685 7231 760 763 773 815 820 825
SPCA%JE 315 394 43.6 451 395 480 522 568
LRPPH I 540 622 643 655 621 71.6 787 795
ARIEYE 76,6 794 803 820 813 83.6 87.7 88.0
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Table 3 Classification accuracies of six algorithms

under different feature dimensions( CMU PIE database) %

m=10 m=20
Ak

d=25 d=75 d=125 d=175 d=25 d=75 d=125 d=175
PCABE 2850 329 333 445 4299 48.6/521 557
NPEF #5220 67.6 752 789 62.00 8041 81.2 %826
SPPHE 6320 71.0 723 726, 73.20 779 801 81
SPCAM M 29.00 32.6 33.65 450 43.10 48.6 522 54.8
LRPPH1: 48.60 56.8 57.8°/.588, 64304715 740 765
AICAY: 66.66 78.4 793 | 80,0/ /77713 82.6 86.7 89.0
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Table 4 Classification accuracies of six algorithms

under different feature dimensions( COIL20 database) %

. m=10 m=20

d=25 d=75 d=125 d=175 d=25 d=75 d=125 d=175
PCA%Y: 91,5 919 923 923 97.00 96.6 951 957
NPE® i 90.1 89.5 895 895 9568 93.4 920 93.4
SPPETVL  79.1 820 823 826 8620 919 921 92.1
SPCA%E 909 907 915 915 9730 97.1 97.2"m97%4
LRPPE ¥ 486 56.8 57.8 583 9230 915 8%0.\ 92.5
ARXER: 935 94.0 940 94.0 96.73098.6 96.7 98.6
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