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A Diagonal Linear Discriminant Analysis Algorithm
with Application to Face Recognition

LIN Yu-sheng' , WANG Jian-guo'”’, YANG Jing-yu'
D ( Department of Computer Science Nanjing University of Science & Technology , Nanjing 210094 )
2 ( Tangshan College , Network & Education Center,Tangshan 063000 )

Abstract Two-dimensional (2D) feature extraction using methods such as 2DPCA ( two-dimensional principal component
analysis) and 2DLDA ( two-dimensional linear discriminant analysis) is of interest in face recognition because it extracts
discriminative features faster than one-dimensional (1D ) discrimination analysis. Recently, diagonal principal component
analysis ( DiaPCA)is proposed for face recognition based on 2DPCA. DiaPCA reserves the correlations between variations of
rows and those of columns of images. It overcomes that the projective vectors of 2DPCA only reflect variations between rows
of images and variations between columns of images are omitted , while the omitted variations between columns of images are
usually also useful for recognition. However, DiaPCA in particular cannot make full use of discriminative information during
process of feature extraction and the projective vectors of 2DLDA also only reflect variations between rows of images, There-
fore recognition performance of DiaPCA and 2DLDA is affected. To solve the problem, diagonal linear dicriminant analysis
(DiaLLDA ) was proposed in this paper. Experimental results on ORL and FERET face database demonstrate the proposed
algorithm is superior to 2DLDA and DiaPCA method and some existing well-known methods.

Keywords  2DPCA ( two-dimensional principal component analysis ), 2DLDA ( two-dimensional linear discriminant
analysis) , DiaPCA ( diagonal principal component analysis ), DiaLDA ( diagonal linear dicriminant analysis ), feature
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Fig. 1 Two ways of deriving diagonal face image
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Fig.2 Ten images in ORL database
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Tab.1 Comparison of different approaches
on ORL database

7ok FRAE 450 PUINH (% )
DiaLDA 112 x7 93.50
2DLDA 112 x5 93.00
DiaPCA 112 x 10 93.00
Fisherface 39 90. 00
PCA 40 89.50

N T k2 B A SO ik RO P fE L, SO I
NIz P A5 R Al T P A A R — A S o BRIl BE AL
AP RREAR A 9 73508 3,4,6 14 Bl 25k
A UGS e vh I e A e 2 A1 1 PR A
MR ARSE . 2 3 R TAEYINZRAE AR H AN [R] B 17
G 5 5 IE I R U R . 155 BB R A B
¢ e P 8 IR A i A I 4R 2

*x2 3FIRBIAHELE ORL ABEIEEFRIRXLE

Tab.2 Comparison of different approaches in terms of recognition accuracy on ORL database

AT AR5 4 (% )

VIS
1 2 3 4 5 6 7 8 9 10
DiaPCA 78. 50 87.50 90. 50 91. 00 91.50 92.00 91.50 91.50 92.00 93.00
2DLDA 81.50 90. 00 91. 00 90. 05 93. 00 91.50 92.00 92.00 91.00 91.00
DialL.DA 81.50 91.50 92.50 92.00 92.50 92.50 93.50 92.50 92.50 91.00
®3 FERBAETE ORL ABE FHRSIRAELR B de 4,3 MME M B IEE, £ 4 2H5 F

Tab.3 Comparison of different approaches in

terms of top recognition accuracy on ORL databas

AN IR A A 2 H R (% )

VRS

3 4 6
DPCA 85.36(40) 93.33(40) 95.63(40)
Fisherface  86.07(39) 93.33(39) 96. 88(39)
DiaPCA  88.57(112x6) 95.83(112x7) 98.13(112 x6)
2DLDA  91.07(112x5) 95.83(112x5) 97.50(112 x5)
DiaLDA  91.43(112x2) 96.67(112 x3) 98.75(112 x4)
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Fig.3 Seven images in FERET database
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Tab.4 Comparison of different approaches

on FERET database

Jiok RRAE 2% RIREH B (%)
PCA 40 259 56. 83
Fisherface 39 241 59.83
DiaPCA 60 x7 227 62.17
2DLDA 60 x 7 233 61.17
DiaLDA 60 x5 224 62. 67
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Tab.5 Comparison of three approaches in terms of recognition accuracy on FERET database
AN AEECT IR R (% )
7ok
1 2 3 4 5 6 7 8 9 10
DiaPCA 51.83 53.00 58.50 58.83 61.00 60. 50 62.17 60. 67 59. 67 58.17
2DLDA 52.67 53.00 57.33 60. 17 60. 83 61. 00 61.17 61.00 58.83 57.33
DialLDA 49. 67 57.33 58.17 61.17 62. 67 61.83 62. 00 61.67 60. 67 60. 17
70 : r r r r r r : .
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