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Improved Face Recognition based on 2D-LDA
using Weighted Covariance Scatter

Seokjin Lee', Chimin Oh'’, Chilwoo Lee'

ABSTRACT

Existing LDA uses the transform matrix that maximizes distance between classes. So we have to

convert from an image to one-dimensional vector as training vector. However, in 2D-LDA, we can directly

use two—dimensional image itself as training matrix, so that the classification performance can be enhanced

about 20% comparing LDA, since the training matrix preserves the spatial information of two—dimensional

image. However 2D-LDA uses same calculation schema for transformation matrix and therefore both
LDA and 2D-LDA has the heteroscedastic problem which means that the class classification cannot obtain
beneficial information of spatial distances of class clusters since LDA uses only data correlation—based

covariance matrix of the training data without any reference to distances between classes. In this paper,
we propose a new method to apply training matrix of 2D-LDA by using WPS-LDA idea that calculates
the reciprocal of distance between classes and apply this weight to between class scatter matrix. The

experimental result shows that the discriminating power of proposed 2D-LDA with weighted between

class scatter has been improved up to 2% than original 2D-LDA. This method has good performance,

especially when the distance between two classes is very close and the dimension of projection axis is

low.

Key words: Weighted 2D-LDA, Heteroscedastic Problem.
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2. 2EMA

2.1 2D—LDA (Two—Dimensional LDA)
2D-LDA[2]&= 22199 d= EA4& OU= BE
StHA AlMteFo] Hom=E ME1% HFEsHA d=
< AAT Ao APl o5t 71EL PCA%}
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sk 2D-PCA[9,10]°1 w8l 2D-LDA= dlo]H TwAt Adte] ThedtEs BEE & AT
A2 BF tde gl vlaz daglol £74% Lo
o fART. WA A el dFAAAN 20 P BNl "
LDAS 9F 54 22 9% ¥4 572 A3 = SN (A Ae] (A A)a]
o B =% FA A 2ols #F7]d dd dHS !
Table 114 QoF3tth L — — 7
S FHEL 54 0h Ul R 417 75,= 33 % o= u)lo~u) )
B 450 71 & EAL F39E AR O =3} 3 (4~ Ao [(4,- Ao
3 2 mxnA7]9) G4 A7 QO nx127]9) e
59 9E 27} vty st A d F9UH T2 @9 )9 FE4te] i A& 2 63
2 BYShs y=Az HES Tl mx1 A7]9] S (M= s = ok BRVIES 724 03 (D&
H y2 55 FAolth = e TG FAo) (Dol st M2zL 4 Q2 W4T + Ut
AL YO BRE y =Ax tﬂﬁk— T LT &
A AN B2 5 A AL oin Fre Y o) = DA ©
£ /)2 LDAZ 942 QI dolE 2 271 93 =TSy
B2y g oF kA YL 2D-LDAE mxn 2719 23¢ S
A B A IR 5 G4 FE=R 013-6]-‘3& tr(78y) TTL;VZJP[(Ak_Az)T][(Ak_At)f]T)T (0
W Wyl W flths Holth LDAE £ 28
A e e Y B A4 T 5 sl e
FNEE Adsts etk 4 (DA Ja)e )= IS; ®)
Fisher 4% 59 EF7120]0 J0& Ahsh s
FQuE x7} 2e 220 st P 5 71E2 LDACIAE 5,7t vIZES) el =& 2
EHES FAoE AHA I T2 F2e T4 AL Jong Solx Eilz FFHEE ALts] F
ZRE AYZ dojAA = H7F By o] A} AT 2D-LDANA & o8 g A= gtk 2
T2 (2) Pye TEIE0] FEE 5 HMEEY F (7)i—rE1 T4 95 AN T AL 5,7 T4 (10)
W gk BRA WP 79,9 AR Folw, & BIeE A4S 4 Aol
T4 Q) P 798 54 HEHS S T rank(Sy,) < (M— L)min(m,n) 9)
A Yl TSUQ] e gtk M> L+n/min(m,n) (10)
) = Pyl Py () SR @ 2E SRS LRAYFS Ueh 5
Py =tr(T5,) @ ez J»)E Austele A Aw FYUEE
Py =tr(TSy) 3) d7H FEY 5 Atk FYWEEL SVDE o] 83t
T8 54 NE SRR AN Fuz 3R S5 AEAEES A ARV 2 Eo= A
2 Fs ) FEAL T8 54 Q)9 (5)9hzEo] ste] g 5HT. old BY FE& )83t Fisher
FEEH7 A st 4 FEH BEHH VEoR 9 Fd XE s 9
Table 1. Notations
notation description notation description
A mxn size image A, ¢-th training image
y feature vector of image A A mean image of all images
L the number of class Z mean image of each classes
M the number of training image. N, the number of training images in each class
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Fig. 2. India Database,
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Table 2, The recognition rate in 5 training images in ORL

the dimension of weighted non-weighted
projection axis 2D-LDA(%) 2D-LDA%)

1 90.75 83.75

5 95.00 95.25

10 95.50 95.50

20 94.00 93.75

40 92.50 92.50

80 92.75 93.00

90 92.75 92.50

Table 3. The recognition rate in 9 training images in

ORL
the dimension of weighted non-weighted
projection axis 2D-LDA(%) 2D-LDA%)

1 96.50 96.75

5 97.75 98.25

10 98.00 98.00

20 97.50 97.50

40 97.50 97.50

80 97.50 97.50

90 97.50 97.50

Table 4, The recognition rate in 4 training images in india

the dimension of weighted non-weighted
projection axis 2D-LDA(%) 2D-LDA%)

1 67.83 57.56

5 80.54 78.41

10 78.91 79.46

20 75.94 74.86

40 66.21 67.02

80 52.16 51.89

90 50.80 49.72

Table 5. he recognition rate in 9 training images in india

the dimension of weighted non-weighted
projection axis 2D-LDA(%) 2D-LDA%)
1 88.65 74.08
5 89.99 89.46
10 87.62 87.83
20 86.48 84.86
40 80.81 79.45
80 68.37 68.64
90 66.21 65.13
o F=# Xt} Fig. 43 55 Table 49 58 & o
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