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Abstract: By making use of compressive mapping and isomorphic mapping in the kernel extension of graph
embedding, this paper proves that the essence of kernel extension of graph embedding (KGE) is KPCA (kernel
principal component analysis) plus all kinds of linear dimension reduction approaches interpreted in a linear
extension of graph embedding (LGE). Based on the theory framework, a combined framework, which takes
advantage of the discriminant feature in both null and non-null spaces, is developed. Furthermore, every kernel
dimensionality reduction algorithm has its own corresponding combined algorithm. The experimental results from
ORL, Yale, FERET and PIE face databases show that the proposed methods are better than the original methods in
terms of recognition rate.
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Table 1 Recognition rate comparison on ORL face database with different methods
F 1 75 ORL NJ& AN R 72 1 IR 00 £

Size LDA LPP KLPP KPCA+CLPP NPE KNPE KPCA+CNPE
2 75.4+3.1 75.9+£3.1 83.0£2.5 87.6+2.4 76.2£3.1 82.6+£2.5 87.7+2.5
3 85.1+1.9 86.0+2.1 89.6x1.4 94.1+1.9 84.6£1.9 89.9+1.7 94.0£1.6
4 91.3+1.9 92.7+1.7 94.1+1.6 97.0£1.0 90.9+2.4 94.3+1.4 97.1+1.1

Table 2 Recognition rate comparison on Yale face database with different methods
=2 Ak Yale N A AR U7 i 1 U3 R0 L

Size LDA LPP KLPP KPCA+CLPP NPE KNPE KPCA+CNPE
2 52.145.6  53.245.6 57.7+4.1 59.6+4.4 53.3+4.3 56.8+3.9 59.6+4.4
3 65.4+4.6  65.6+4.7 67.9+4.0 70.2+5.0 65.3+5.0 67.5%3.9 70.7+4.8
4 72.145.4 74.345.4 74.445.8 78.3+4.7 73.414.1 74.7£4.8 78.7+4.4

Table 3 Recognition rate comparison on FERET face database with different methods
% 3 11 FERET A8 AN R 75 i i R ) 250 bE

Size LDA LPP KLPP KPCA+CLPP NPE KNPE KPCA+CNPE
2 42.9+7.4 46.3+6.8 51.9+6.8 61.1+6.5 41.8+7.4 49.447.1 61.3+7.0
3 63.0£7.9 63.3£7.8 68.5£7.9 76.1+7.8 63.0£7.5 66.3£5.9 75.5+7.7

Table 4 Recognition rate comparison on PIE face database with different methods
R4 AE PIE NI A [R5 32 B U A 0] L

Size LDA LPP KLPP KPCA+CLPP NPE KNPE KPCA+CNPE
5 67.1+1.4 67.4+1.4 68.1%£1.2 76.4x1.2 67.4t1.4 68.0£1.0 74.8£1.0
10 81.5+1.0 82.9+1.1 82.6+0.9 87.9+0.7 81.2+1.1 82.1+0.9 87.1+0.8

HRIE

ARSI T %A P T AE S P 1K) 25 T80 A% S0 T I s 24 I ST R [ A IS 5 | N A A P i AHE 2R, B 3E |

TFBH T KGE HEXE P T — Rl B LS i KPCA+LGE HEZE py [ 45 1 B4 4 vk 9 HLIE T 45 v BB HE
PSR T R A R T S A A A R S A RS B AL A 7 1 AT AT — b R DU R Ak T i N HE Sl 5 (1) % S
VEHR W] LA A S 4 & 7 v #F ORL, Yale, FERET A1 PIE A6 B0 2 i) SZ 86 1F SE T A S AT E R0 & 5 VA
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