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Supervised graph-optimized locality preserving projections
GU Xiao-hua, GONG Wei-guo, YANG Li-ping

(Laboratory of Optoelectronic Technology and Systems ,
Ministry of Education, Chongqging University , Chongqing 400044, China)

Abstract: This paper focuses on the construction and optimization of neighbour graph and proposes a
Supervised Graph-optimized Locality Preserving Projections (SGoLPP) method for facial feature ex-
traction. Different from the Locality Preserving Projections(LLPP) that it predefines the weight matrix
and solves the projection matrix by one step optimization,the SGoLLPP incorporates the weight matrix
into the objective function as a learning term, and optimizes the weight matrix and projection matrix
simultaneously. Meanwhile, the label information is utilized to update the weights corresponding to
sample pairs in the same class and to avoid the interferences from samples not in the same class. Ex-
periments on the Wine database of UCI show that the SGoLLPP achieves better cluster performance
with less iterations. For face recognition, the average recognition accuracies of SGoLLPP on Yale,
UMIST and CMU PIE face databases are 26. 6%, 4. 8% and 8. 8% higher than those of LPP, Super-
vised Locality Preserving Projections (SLPP) and Graph-optimized Locality Preserving Projections
(GoLPP), respectively, which verifies the effectiveness and superiority of the proposed method.
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Tab.1 Recognition accuracies on Yale face database ¢Z3)
Train Num LPP SLPP GolL.PP SGoL.PP
5 45.4+5.5(k=1) 75.943.6(k=4) 52.7£4.7 77.0%+4.1
7 50.845.8(k=1) 81.445.6(k=5) 56.3+6.4 83.4%3.9
9 54,7+8.2(k=2) 80.6+6.9(k=17) 59+6.1 87.3+5.5
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Tab. 2 Recognition accuracies on UMIST face database (Y%
Train Num LPP SLPP Gol.PP SGoL.PP
5 74.84+1.9(k=4) 86.842.6(k=2) 81.0£2.4 88.5+2.6
7 81.24+2.9(k=6) 91.5£1.6(k=5) 86.2+2.5 94.0£1.6
9 87.3+2.2(k=8) 94.5+E1. 2(k=4) 91.5+2.2 96.541.4
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13 93.8+1.6(k=12) 97.4+£1.2(k=6) 95.1%2.0 98.540.7
15 94.6+1.3(k=14) 97.5E1.0k=7) 95.8+1.4 98.440.8
17 95.8+1.2(k=16) 98.0+1.0(k=9) 96.6+1.3 98.940.6
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Tab. 3 Recognition accuracies on CMU PIE face database (Y%
Train Num LPP SLPP GolL.PP SGoLPP
10 64.1E1.2k=1) 82.740.9(k=1) 71.6£2.1 86.140.8
20 81.2+1.0(k=1) 91.3£0.4(k=1) 85.8+1.2 93.2+0.4
30 88.3+0.4(k=1) 94.040.3(k=1) 91.1£0.4 95.540. 2
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