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x1 UCI#EERHE
Tab.1 UCI data set description

H B3¢ YIZRAE E1 35
Control 6 600 60
Segment 7 2310 19
Dermatology 6 366 34
Letter 26 20 000 16
Mnist 10 3 495 784
USPS 10 9 208 256
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Tab.2 Face data set description

AR 100 2 600 4 980
FERET 200 1 400 1024
MSRA25 12 1799 256

ORL 40 400 1024

Unmist 20 574 10 304
YaleFace 15 165 4 096
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Fig.1 The proposed LDA and the traditional LDA learning projection results on the artificial data of Gaussian
distribution and non—Gaussian distribution
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Fig.2 Average accuracy of UCI data with different dimension reduction in different comparison algorithms
#3 UCIEESRNNEHEBERGIEREE), RFHOTINERAE4EmE
Tab.3 The average accuracy of UCI dataset identification (mean + standard deviation (reduction dimension), and the best
prediction results in bold

B i 5 LDA LpPP OUR
Control 94.58+1.28(3) 88.30+1.97(5) 96.02+1.12(4)
Segment 91.74+0.80(6) 92.39+0.66(6) 95.31+0.59(6)
Dermatology 95.62+1.50(5) 93.79+1.91(5) 97.32+1.22(5)
letter 92.33+1.62(9) 91.49+1.39(9) 92.75+ 1.77(9)
Mnist 85.86+0.81(9) 78.93+0.89(9) 87.44+0.89(9)

USPS 90.50+0.98(9) 85.74+1.56(9) 93.06+1.05(9)
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Tab.4 The average accuracy ofFace dataset identification (mean + standard deviation (reduction dimension)),and the
best prediction results in bold

Data baseline LDA OUR
FERET 35.70+1.99 73.4+1.20(18) 78.93+0.99(20)
Umist 98.51+0.66 97.51+1.16(18) 98.79+0.77(20)
MSRAS5 99.54+0.31 99.94+0.08(10) 99.95+0.08(9)
AR 57.96+1.88 96.80+0.48(20) 97.23+0.45(20)
ORL 92.20+2.29 97.79+1.12(14) 99.16+0.76(18)
YaleFace 64.16+6.10 93.83+1.71(12) 93.58+2.71(6)
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Application of Self—Weight Linear Discriminant Analysis in
Dimension Reduction

Lu Rongxiu, Cai Yingjie,Zhu Jianyong, Yang Hui
(School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013,China )

Abstract . The traditional linear discriminant analysis (LDA )algorithm does not consider the similarity between
the samples embedded from the high—dimensional space to the low—dimensional space. Therefore, it often fails to
achieve good results for non—Gaussian data. In this paper, a self—weight linear discriminant analysis algorithm is
proposed. The new model assigns weights of the sample pairs by measuring the Euclidean distance between the
sample pairs to differentiate the importance of each data point so that the underlying local manifold structure can
be discovered, which can improve the ability of the model to process non— Gaussian data. Extensive experiments
conducted on synthetic and real data demonstrate that the proposed algorithmhas improved the dimension reduc-
tion performance of traditional LDA in processing non—Gaussian data to some extent.
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