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Abstract Principal Components Analysis (PCA)and Linear Discriminant Analysis ( LDA)are two popular feature extraction

methods for pattern recognition,and in image recognition, researchers usually use PCA + LDA instead of LDA. An enhanced

linear discriminant analysis ( ELDA) criterion, which integrates their merits,is proposed in the paper. It can not only overcome

the PCA’ s shortcomings of lower precision when using the minimal distance,but also resolve the problem of projective vector

solution of LDA when the within-class scatter matrix is singular. So the two-step method of PCA + LDA can be substituted by

ELDA. Moreover, its recognition rate exceeds the single PCA,LDA or PCA + LDA largely. Many experiments on ORL, YALE

and NUST603 face database indicate that our method is effective.

Keywords enhanced linear, discriminant analysis ( ELDA ), principal components analysis ( PCA), linear discriminant

analysis (LDA) ,PCA plus LDA
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Fig. 1 Ten images of one person in ORL human face database
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Tab.1 The comparison of experiment results on ORL face database

/NS BT AR
FRAE 2 5
ELDA PCA PCA + LDA ELDA PCA PCA + LDA
a =1 400 a =700 a=1400 a =700

9 0.923 75 0.93 0.77 0. 81 0.938 75 0.933 75 0.877 5 0. 805

19 0.942 5 0.947 5 0.831 25 0. 895 0.951 25 0.952 5 0.915 0.893 75
29 0.951 25 0.953 75 0. 866 25 0.921 25 0.958 75 0.962 5 0.921 25 0.92

39 0. 955 0. 955 0. 88 0.922 5 0.961 25 0.962 5 0.923 75 0.925

49 — — 0. 881 25 — 0.961 25 0.962 5 0.928 75 0. 925

59 — — 0.883 75 — 0.961 25 0.962 5 0.93 0.925

69 — T~ 0.887 5 — 0.962 5 0.962 5 0.928 75 0.923 75
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Fig.2 Ten Images of one person in Yale human face database

FIREE T 4 MREAS LG (RPN AT ) (1 6 ISR . 25 18 Bz 5 2, 8 P8 150 i WA
EINGE S B )5 S BIUIZR AT 6 MRl & 8 ME, N 92 x 112 R 4/ 23 x 28 fRE MR 4is
G5 Ik AR 5 s A S U2k A B s AU(21) B4 o =2 250 .4 500, 5% ] 45 /) B A 4 o
WA A 4 FEEA L SIS A S5 R SRR B ARPT AR T ik



54 1 IR SF AT PCA HI LDA ¢ — 1 JU iy 3% 5 280 28 1 4 531 23 A o D01 707

K B, JE 8 2 e/ R B 8 J2 f T 4B i, ELDA
I EL PCA \PCA + LDA [t BT,

PR S5 2R 2 2 frs , b SR ARAR A 2 4 Fl
JTE R IR KRS B, AT LA AE Yale AJR % I,
AR IR A R AR 2 KD, {EUJ: I B0 B2 i ELDA 11y

&2 Yale AR ERMILLER

Tab.2 The comparison of experiment results on Yale face databas

/N ES I3 48
LR
~=4500 ELDAa:2250 PCA PCA + LDA a=4500ELDAa=2250 PCA PCA + LDA
9 0.931 11 0.937 78 0. 830 56 0.910 56 0.937 78 0.941 11 0. 826 67 0.907 78
14 0.961 11 0.953 33 0. 860 56 0.946 11 0.959 44 0.953 33 0.85 0.948 89
19 — — 0. 869 44 — 0. 965 0.956 11 0. 86 0.946 11
24 — — 0.876 11 — 0. 965 0.956 67 0.879 44 0. 951 67
34 — — 0. 888 33 — 0. 965 0.956 67 0.876 11 0.951 11
39 — — 0.891 11 — 0.962 22 0.956 67 0.884 44 0.948 33
44 — — 0.894 44 — 0.962 22 0.96 0.878 33 0.942 22
49 — - 0.891 67 — 0.962 22 0.962 78 0.878 33 0.939 44
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Fig. 3 Some original images and standard images in NUST603 human face database
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Tab.3 The comparison of experiment results on NUST603 face databas

/N I 4R
I AIE 4 %
ELDA PCA PCA + LDA FLDA PCA PCA + LDA
a =200 a =100 o =200 a =100
5 0.897 4 0.920 31 0. 560 94 0.569 79 0.912 5 0.928 12 0. 606 25 0.570 83
15 0.981 25 0.988 02 0.815 1 0.914 58 0.988 54 0.989 06 0.861 98 0.914 58
35 0.988 54 0.992 19 0.876 56 0.965 1 0.991 15 0.992 71 0.920 83 0. 965 62
75 0. 991 67 0.992 19 0.894 79 0.977 6 0.992 71 0.992 71 0.939 06 0.976 56
85 0.991 15 0.993 23 0. 895 83 0.978 13 0.992 71 0.992 71 0.939 06 0.976 04
90 0.991 15 0.993 23 0. 895 83 0.979 17 0.992 71 0.992 71 0.940 1 0.978 13
95 0.991 67 0.993 23 0. 895 83 0.978 65 0.992 71 0.992 71 0.941 15 0. 978 65
100 — — 0.895 83 — 0.993 23 0.992 71 0.941 15 0.978 13
tive Neuroscience,1991,3(1) :71 ~ 86.
SA 4 Belhumeur P N, Hespanha J P, Kriengman D J. Eigenfaces vs.
5 & it
fisherfaces ; recognition using class special linear projection[ J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 1997,
Z'Kj(j:/% llfl - ﬂiﬂuﬁ f@\ }_j‘é]_ éﬁ ‘@ I/j&zjjl,l ‘{E mJJ ( ELDA ) ) 19(7) 711 ~ 720.
%Eéﬁ ILH T iﬁ]jﬁ + a E‘Jiﬁ*%jj% , ELDA >Iﬁ PCA 5 Swets D L, Weng J. Using discriminant eigenfeatures for image
Ej/\] /ﬁt )\J_:T\ ﬂf[] LLDA E]/\J ffjt )f_:_l; }Eﬁ}jﬂ]‘ Eﬂ;\%ﬁ — @ R T_F #% i% retrieval[ ] ]. IEEE Transactions on Pattern Analysis and Machine
EL%* T PCA *ﬂ LDA , 7f<11ﬁ¥ﬁ% T PCA ji*% ':P Intelligence 1996 ,18(8) :831 ~836.
N R | 6 Chen L F,Liao H'Y M, Lin J] C,et al. A new LDA-based face
et 1 5 /0N BB O I VU0 NS R AR AT A e T L iy . :
recognition system which can solve the small sample size problem
v O 1 Mz S [=A S B
%{j% T LDA JEFI I:F' él 7~ Ij:‘l ﬁ& ;ﬁ_]‘ %E ﬁiﬁ 7T EH‘ ?ﬁ w ﬁ [ J]. Pattern Recognition,2000,33(10) :1713 ~1726.
l—'T'_—'J: E‘Jj‘zﬁﬁz IEJIEZJE , Iﬁj ETI&?SEE: T ?2’“:#%‘@ ) % &I\ ) iZﬁ 7 Huang R, Liu Q S,Lu H Q, et al. Solving the small sample size
‘7271—:]‘,/[:1 HU%EL H)% ﬁ ’fjt 3: PCA N I.LDA ( PCA + LDA ) s problem of LDA[ A]. In;: proceedings of International Conference on
b Z‘LTJ‘_.T‘F ORL . Yale #1 NUST603 AB&E‘:PJ: EI(J ggg/ﬁﬁ[{ EU? Pattern Recognition[ C ], Quebec, Canada,2002:29 ~32.
N N ™ 8 Yang J,Yang J Y. Why can LDA be performed in PCA transformed
TIZAE SR A RN °
space? [ J]. Pattern Recognition,2003,36(2) :563 ~566.
%}% j{ rﬁk ( References ) 9 Jin Z. Research on Feature Extraction of face images and feature
dimensionality [ D ]. Nanjing: Nanjing University of Sience and
1 Zhao W, Chelllappa R, Rosenfeld A, et al. Face recognition:A litera- Technology,1999. [ 4 . A 1% 45 AF 4 B 55 4 5055 (D). 73
ture survey [ J]. Aem Computing Surveys ( CSUR),2003,35(4) . TR R PR TR ,1999. ]
399 ~458. 10 Jin Z,Yang J Y ,Hu Z S et al. Face recognition based on uncorrelated

2 Kirby M, Sirovich L. Application of the KL procedure for the
characterization of human faces[ J|. [IEEE Transactions on Pattern A-
nalysis and Machine Intelligence,1990,12(1) :103 ~ 108.

3 Turk M,Pentland A. Eigenfaces for recognition[ J]. Journal of Cogni-

discriminant transformation[ J ]. Pattern Recognition,2001,34(7) .

1405 ~ 1416.





