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Face Recognition Using Tensor Local Fisher Discriminant Analysis

ZHENG Jian-Wei' WANG Wan-Liang! YAO Xiao-Ming' SHI Hai-Yan!

Abstract One of the key issues of face recognition is to extract the subspace features of face images. A new subspace
dimensionality reduction method is proposed named as tensor local Fisher discriminant analysis (TLFDA), which benefits
from two techniques, i.e., tensor based method and local Fisher discriminant analysis. Firstly, local Fisher discriminant
analysis is improved for better recognition performance and reduced time complexity. Secondly, tensor based method
employs two-sided transformation rather than single-sided one, and yields a higher compression ratio. Finally, TLFDA
uses an iterative procedure to calculate the optimal solution of two transformation matrices. Experiment results on the

ORL and PIE face databases show the effectiveness of the proposed method.
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Fig.5 The recognition rate on ORL under different reduced dimensionality
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Fig.6 The recognition rate on PIE under different reduced dimensionality
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Table 1  Best recognition rate and subspace dimensionality of eight algorithms on ORL and PIE database
Algorithm ORL 3train ORL 5 train PIE 10train PIE 20 train
TLFDA 0.9089 (10) 0.9635 (9) 0.7650 (11) 0.8636 (11)
TLLDA 0.9002 (11) 0.9590 (10) 0.7528 (12) 0.8450 (12)
LFDA 0.8864 (68) 0.9625 (54) 0.7277 (68) 0.7868 (69)
TMFA 0.9057 (13) 0.9600 (9) 0.7610 (11) 0.8536 (11)
MFA 0.8396 (74) 0.9125 (80) 0.7023 (108) 0.7403 (75)
TSA 0.8976 (10) 0.9520 (12) 0.7506 (10) 0.8401 (9)
LPP 0.6173 (78) 0.7065 (59) 0.6298 (96) 0.6571 (105)
TLFD 0.8900 (12) 0.9455 (9) 0.7460 (14) 0.8252 (13)
LFD 0.8063 (39) 0.9155 (39) 0.6478 (67) 0.6998 (67)
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Table 2 Comparison of recognition rate under different training numbers on ORL database
VI TLFDA TLLDA LFDA TMFA MFA TSA LPP TLFD LFD
2 train 0.7636 0.7794 0.7531 0.7594 0.7391 0.7832 0.5546 0.7853 0.7199
3 train 0.9031 0.8918 0.8829 0.9010 0.8382 0.8895 0.6163 0.8879 0.8063
4 train 0.9492 0.9404 0.9363 0.9367 0.8967 0.9247 0.6670 0.9104 0.8863
5 train 0.9682 0.9610 0.9605 0.9672 0.9125 0.9460 0.7055 0.9435 0.9155
6 train 0.9772 0.9644 0.9700 0.9696 0.9350 0.9535 0.7516 0.9480 0.9216
7 train 0.9784 0.9633 0.9702 0.9712 0.9333 0.9502 0.7733 0.9467 0.9272
8 train 0.9901 0.9800 0.9775 0.9862 0.9437 0.9735 0.7760 0.9618 0.9331
* 3 KIEGLEVELE PIE N AN RN AK R R332 50) L
Table 3  Comparison of recognition rate under different training numbers on PIE database
e TLFDA TLLDA LFDA TMFA MFA TSA LPP TLFD LFD
5 train 0.6243 0.6053 0.6267 0.6043 0.5914 0.6270 0.5943 0.6035 0.6266
10 train 0.7648 0.7516 0.7264 0.7606 0.7018 0.7506 0.6279 0.7446 0.6444
20 train 0.8625 0.8442 0.7857 0.8525 0.7400 0.8400 0.6558 0.8247 0.6943
30 train 0.8893 0.8754 0.8349 0.8843 0.8106 0.8712 0.7056 0.8668 0.7578
40 train 0.9186 0.9057 0.8745 0.9146 0.8577 0.9010 0.7425 0.9000 0.8033
50 train 0.9282 0.9211 0.9032 0.9232 0.8778 0.9159 0.7824 0.9115 0.8493
60 train 0.9472 0.9389 0.9151 0.9432 0.8936 0.9281 0.8075 0.9229 0.8661
70 train 0.9563 0.9468 0.9226 0.9533 0.9047 0.9426 0.8259 0.9326 0.8725
80 train 0.9594 0.9549 0.9265 0.9584 0.9145 0.9511 0.8408 0.9431 0.8861
90 train 0.9630 0.9539 0.9352 0.9570 0.9248 0.9523 0.8518 0.9472 0.8936
100 train 0.9682 0.9617 0.9391 0.9642 0.9267 0.9600 0.8697 0.9517 0.9107
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