B19B HOM et K L Vol. 19 No.9
2011 % 9 A Optics and Precision Engineering Sep. 2011

ATaXHERRBENTHTTTIE

R Y P g
(ERAE LRHARAAHEHE XL R E,ER 400044)

T - 10T i A B0 3 25 v S S AR AU o 2 Tk ) /INRE AR i) R A B 5 R TR, 5 e T B B R X 5 R 2 AR R 4
AR T AEA O SR S A0 A 05 s o 0 R S 40 A T S R AR 1 28 Y AR IR RIS A I S8 L TR BT A RE AR Y 2R i
LB TN R S5 A Aok JE L T T A REAR B NI S FIZEAME SR R . ARG S AE I T A R AR B 28 P 3 4 U AT RE 3R
ARTE — 2 1 [ B i 285 A1 S0 48 T R b 43 T L 45 30 DA i 4t i A S R] B AR AE 2 ] S R B AF G R . iR A ROk T
TR 2R B 23 25 0 /INRE AR 1) L JR T 4 500 43 K 48 e AF 25 AT 9 4 8k 4k ) . 7E ORL.FERET Al PIE 88 A % b &
AERHE 5328 ST 5 L FEAS DR R S0 A BT 7 ik WE IR T A M B R AE B A U vk . R T R X S E 2R 4R L 1 M 0] )R T
XoF 56 5 A B o RE AR R R A4 5 4 FERET JFE F 94 KR BS 4R m T 4.5% D |

x # OWMRARI LN EE B R

FE4SHES: TP391. 41 X HkARIRED A doi: 10. 3788/0OPE. 20111909. 2205

Sample locality preserving discriminant analysis for classification
YANG Li-ping” » GU Xiao-hua, YE Hong-wei

(Laboratory of Optoelectronic Technology and Systems of the Ministry of Education ,
Chongqing University , Chongqging 400044, China)
% Corresponding author ,E-mail : yanglp@cqu. edu. cn

Abstract: The small sample size and the loss of effective dimension problems always exist in discrimi-
native dimension reduction methods of high-dimensional data classification. To address these prob-
lems, a Sample Locality Preserving Discriminant Analysis (SLPDA) method is proposed by integra-
ting the latest patch alignment framework and Locality Preserving Projections (LPP). The within-
class and out-class neighborhood relationships of all samples in the SLPDA are constructed by sum-
ming the within-class and out-class neighborhood graphs of each sample, respectively. Thereafter, the
optimal mapping from a high-dimensional input space to a low-dimensional feature space of the SLPDA
is obtained by making the within-class neighbors of all samples as close as possible and meanwhile
keeping the out-class neighbors as distant as possible. The proposed SLPDA method avoids the small
sample size problem of high-dimensional data classification and extends the effective dimension of low-
dimensional feature space. Experimental results on several high-dimensional face databases, e. g.
ORL, FERET and PIE, indicate that the proposed SLPDA method significantly outperforms the clas-

sical discriminative dimension reduction methods. Comparing with Discriminative Locality Alignment
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(DLA), which is also a dimension reduction method based on patch alignment framework, the recog-
nition rate of SLPDA on a FERET subset is 4. 5% higher.

Key words: locality preserving projection; discriminant analysis; dimension reduction; pattern classifi-

cation
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F1 ORLELSMEFERETENRENLIDINBELLE(%)
Tab.1 Best recognition rates of five dimensionality reduction methods on ORL database( %)
Y R kEA %R LDA DLPP NDLPP DLA SLPDA
2 75.6+2.93 64.9+2. 34 83.2+2.21 81.642.97 82.84+1.78
3 87.4+1.32 84.3+1.54 91.341.46 91.0+2.73 92.1£1.27
4 90.8+2.07 91.6+2.36 94.8+1.79 94.8+1.73 95.8+1.73
5 93.1£1.61 93.9£1.72 95.5+1.21 96.6+1.51 97.1%1. 40
6 95.841.99 96.2+2.05 97.5+1.02 98.441.03 98.7+0. 80
7 95.9+1.78 97.3%+0.86 98.0+1.25 98.7+1.37 98.5+0.95
8 96.641.67 98.640.71 98.640.71 98.8+1.18 99.3+£0. 65
F2 FERET FELSM4SEREFEINRENRIDIBELLE(%)
Tab. 2 Best recognition rates of five dimensionality reduction methods on FERET subset( %)
Y R kEA %R LDA DLPP NDLPP DLA SLPDA
2 61.9+1.21 68.8+2.05 71.041.47 67.641.54 72.6%2. 36
3 68.241.92 78.0+2.11 78.3+2.19 81.5+0.76 86.0£1.02
K3 PIETELSMEBEREAINRENSXIRNBELE (%)
Tab. 3 Best recognition rates of five dimensionality reduction methods on PIE subset( %)
I R A SR LDA DLPP NDLPP DLA SLPDA
2 75.6+£1.91 68.5+2.49 77.6+1.50 76.1+1.82 79.2%1.59
4 90. 741. 30 89.0+1.72 90.74+1.38 93.3+1.16 93.7£1.13
6 97.24+1.20 96.1+1.54 96.741.47 97.5%40.65 98.1+0. 97
8 98.5+0.71 98.4+0.82 98.440.80 99.140.65 99.340.58
10 99.44+0. 30 99.44+0. 33 99.240.42 99.8+0. 20 99.8+0. 20
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