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Abstract:

Discriminant Analysis ( Tensor-OLSDA) is presented for feature extraction problem in face recognition. Tensor-OLSDA preserves the in-

In this paper, a novel appearance-based feature extraction method called Tensor-based Orthogonal Locality Sensitive

trinsic local manifold structure and the geometrical information as well as strengthens the discriminant power. And it also overcomes the
Metric distortion due to the non-orthogonality, which distorts the local geometrical structure of the data sub-manifold, and reduces the
difficulty for dimension estimation, therefore, improves the separability of face data and gives a better recognition result. With high-or-
der tensor representation of the face data, the extraction is made along each order of the unfold data and the feature subspace is obtained
by OLSDA with orthogonal constraints. At last, the original face data is projected onto this feature subspace for recognition. Experi-
ments based on the AT&T and YaleB face database show the impressive classification capability of the proposed method. Experimental
results show Tensor-OLSDA achieves the top average recognition rate in the several compared methods which also confirms that the local-

ity preserving ability is enforced by computing the mutually orthogonal basis functions iteratively with tensor data representation.
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Fig.2  Comparison of average recognition rates with four different algorithm
(Tensor LPP, Tensor LGE, Tensor MFA , Tensor OLPP, Tensor OLSDA)

under different dimension on the AT&T database

1R T MRS AR, Horb diml, dim2 35)1)
RFARAT I BMERE YR U Je U (¥ S5 e R 00 3 44
B, d AR IO 5K B RRAE 5 ) Y 4E B, T ) R
PCA, LDA, LPP Z£43% diml , dim2 RNAELE, HEUILTS
FWRAE T2 A ZER do 3R 1 B R, B T ok
ARG T NS I Y i F 1 i A 359% L A0 Tensor LPP
1 LPP, Tensor OLPP #1 OLPP, Tensor OLSDA {1 OLS-
DA X T ORFF R A Y 5K FE 5005 BR T Tensor MFA
AR AN, AR U PE REREAS AT 21 0 X F eSS R 4y o
4B Tensor OLPP 5 Tensor-OLSDA , {1 5| 3% 5 22 51 3%
N o ARBORAT JRy B A5 A8 FIR) A5 B HAE IE S R4 I
50T Tensor-OLSDA , iR 5 R fre bt



826 fi

SO 627 %

F 1 AR IS A LR IR AR R R A
Tab.1 Comparison of recognition rates with different

algorithm on the AT&T database

(a)n,=3 (b)n,=5
Aversge  Dimension  Average  Dimension
Method Recognition ~ (diml,  Recognition (diml,
Rate dim2,d) Rate dim2,d)
PCA 90.05% 82 94.18% 66
LDA 92.98% 39 96.60% 39
LPP 91.61% 39 94.97% 39
OLPP 94.09% 39 96.65% 38
OLSDA 94.98% 40 97.72% 39
Tensor MFA 91.07%  (9,11,45) 95.01%  (10,13,40)
Tensor LGE 94.34%  (9,8,64) 97.83% (8,7,39)
Tensor LPP 96.07% (10,13,66) 97.39%  (11,10,39)
Tensor OLPP  96.43%  (12,9,39) 98.12%  (10,12,72)
Tensor OLSDA ~ 97.36% (15,13,33) 98.24%  (13,12,35)
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Tab.2 Comparison of recognition rates with different

algorithm on the YaleB database

(a)n,=10 (b)n,=20
Average Average
Dimension Dimension

Method Recognition Recognition

(d) (d)
Rate Rate

PCA 73.92% 371 78.64% 373
LDA 78.53% 37 83.27% 37
LpPP 81.02% 36 84.40% 46
OLPP 83.46% 120 90.87% 196
OLSDA 83.50% 94 91.11% 99
Tensor MFA 82.89% 369 86.82% 204
Tensor LGE 83.87% 315 88.64% 305
Tensor LPP 85.59% 163 91.60% 316
Tensor OLPP 86.29% 305 92.69% 348
Tensor OLSDA  86.64% 268 93.57% 376
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