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Supervised Feature Extraction Based on Information Fusion of
Local Structure and Diversity Information
GAO Quan-Xue! XIE De-Yan' XU Hui' LI Yuan-Zheng' GAO Xi-Quan'
Abstract Supervised locality preserving projection (SLPP) seeks to find the projection which efficiently preserves the

local structure of data points embedded in high-dimensional data space. However, it has the over-learning problem and
does not preserve the diversity information of data which is also useful for data recognition. A novel feature extraction
method based on manifold learning, namely supervised local structure and diversity projection (S-LSDP), is presented
to address this problem. The S-LSDP introduces the diversity of data points from the perspective of statistic and then
calculates diversity scatter via the diversity of data points to measure the diversity information of data. A concise
feature extraction criterion is raised by minimizing the local scatter, which efficiently preserves the local structure and
simultaneously maximize the diversity scatter. Different from the most existing manifold learn methods, the S-LSDP not

only preserves both the local structure and diversity information of data, but also avoids the data over-fitting problem.

Extensive experiments in UMIST, Yale, PIE, and AR face database show the efficiency of the proposed method.
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Table 1

The top recognition accuracies of six methods in Yale database (%) (The values in parentheses are the

corresponding numbers of features.)

N2 /RN EL PCA LPP UDP LDP SLPP S-LSDP
90/75 66.67 (13) 69.33 (15) 70.67 (24) 69.33 (17) 81.33 (8) 82.67 (15)
135/30 86.67 (46) 96.67 (24) 86.67 (35) 93.33 (8) 96.67 (13) 100.00 (14)
2 6 FhELEAE UMIST $dla e bt fe sy PO 2 (%) (355 0 A AH R RS AE 4k 50
Table 2 The top recognition accuracies of six methods in UMIST database (%) (The values in parentheses are the

corresponding numbers of features.)

L /TRA 2 PCA LPP UDP LDP SLPP S-LSDP
120/260 58.85 (46) 82.69 (10) 76.15 (52) 82.69 (13) 85.77 (9) 87.31(11)
180/200 65.00 (48) 88.00 (10) 79.50 (62) 88.00 (8) 90.00 (8) 91.50 (16)
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Table 3  The top recognition accuracies of six methods and corresponding numbers of features in PIE database (%)
(ZRTR PCA LPP UDP LDP SLPP S-LSDP
SHIES 53.43 91.67 94.24 91.18 85.91 95.59
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Table 4 The top recognition accuracies of six methods and corresponding numbers of features in AR database (%)
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Fig.4 The curves of recognition accuracies of
six methods in AR database
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