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Figure 1 The 4-neighbor structure. An inner point (x,y) has 4 neighbors, a point on an edge has 3 neighbors,

a corner point has 2 neighbors
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FaNIeNIX?

BASRGNARS

2 B 20 ) LST THpEER, EANEZEEEKRAR 1-10 4. E— M EBRGITAIEREKEH
32%32=1024 ByEE, B Laplace %8/ Liyxz: BI—MFHEEE

Figure 2 First 20 Basis images of LST, 1-10 basis are aligned in the up row. Each basis image can be

regarded as a vector with length 32*32=1024, which is one of the eigenvectors of the frequency matrix Lsz2xs2
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383

Original 100 400 1000

3 (RBIEKARE
Figure 3 An example of the low past filter of the LST. The left is an original image with size of 112 x 92. The

other three are the images reconstructed with k = 100,400 and 1000 coefficients of LST
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E 4 Yale #iEESZIRIE] 10 4 FFfaces
Figure 4 First ten FFfaces on the Yale database

TEET IS
ARARAONAAN

B 5 ORL $HEIK
Figure 5 Facial images from the ORL data set

Bl 6 Yale ARREIEEES 165 KEE, KB 15 M RRERIANME
Figure 6 The Yale Face Database contains 165 grayscale images in GIF format of 15 individuals

B 7 PIE FHE®%R
Figure 7 Facial images from the PIE data set

x1 HEKREM

Table 1 Properties of data sets

Datasets Samples Classes Size Sample figure
ORL 400 40 112x92 Figure 5
Yale 165 15 200x% 160 Figure 6
PIE 11154 68 64 %64 Figure 7

4 ABEIRA A
4.1 KIEE

S IRRBE 0 NS VR RCR, BATILE 4 MRV MG AR 1) ORL AN Hds 72 201 (7
5); 2) Yale N EdaZE (B 6); 3) PIE NG EdEE 4) FERET AJGEHEZE RUE 7). wF 3 NEdE L
% 1. ORL N PEAL & 40 S A1 400 5k NKEEHE, B AN 10 K EE. AL EHGUEAEA R 7]
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ORL database
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Error rate (%)

1.0 " . . . L . " .
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Number of low-frequency coefficients
8 LST #“EAFEHEMAHAE, /£ ORL 1 Yale AANEIBE LAIIRBIZR

Figure 8 Performance of selecting different numbers of LST coefficients

REE. HUENR VAR 20 FELLN IOBER:. dF—0, AU ERSH 10% MREEARL. T BB K
K, RTh 92x112. Yale N 0 165 sKkBTUI KL, KB 11 DAFBA, ERE DG L
HIRKAR. Frfr G B E% 200160 K/MEEIE, B 6 45 2 MM A E 4.

T ORL 1 Yale A, £ “leave-one-out” 77 . LE4ISM B, FoATIAE FH fe w48 7 12 il
Euclid # . SZI KA Pentium IV 1.73 GHz N A HLUIN, S25K-F 6 /2 Windows XP Fl Matlab 7.4.

4.2 & LST R5AKAEIRAHR

M 8 sl LA BI4E ORL K e 1B £ AN [F B0 AR 28 Bf5 2 (10 S 4 2R N 10 MIERAITAR 2L
JFURIESE, B R BRI N, Prigftiofs Bt , PO RZEA P R, (R AR ok 2
—OEHURE (50 JeA) I, AL R B RAR K AR, I LRI X I PR 2R B, 2 i SROBE 1 e
. 6 ORL $d e b, TATME B UG, 25 50 ANZe A ISR BN, w7 DS B 5 e (1 R0 80K

4.3 B—EMRXB AR

& ORL H1 Yale ¥ 2 1S58 (W 25 R LR 0T 7302 WK 9. ASCHEH I 5 ik 2 W4 A0 T4 M 1R
SIOTER S B a5 . RATTRIN, SIS HIL)G, LST 48 ORL M Yale b [R5 R Y15 142 .
MELEJUANSEEE T DUS S5 W R LST A1 LDA #n] LA 2 142 il 28, LST H kUi =5 1) v Ak
AR AR B RN B, TR ZR. LDA ] DK RE A (8] B8 21— MRAL 725 (8] 10K P9 5 A AL
eI IVEC ES I CRINMAHIVE

4.4 PIE #dEEL 50 XBEH XIS HER

T E2E ) Hk, LDA SR18 TR 125 I ROR, F i Hak$ LDA 1E 2 2] Fvkk L 4 R
AEE 7V DWT, PCA, DCT Rl LST. 3% 2 25 T AR IIZRPEA =R AR5 22 i 3848 S JEhR vl 2.
WEF—A Gp/Pq, ATBENUEEEA KN 3 N ZREFRMEREE, BANMEH p MERUIGRT ¢ MENNRR.
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(a) - DWT | l-l: (b) [—wT ||
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| DCT LA ‘
i | - ST | 121 | ST |
Sl | = 0
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= : ol
[L | \ : I I ‘
el
Il NN
B 1‘|L|]|]L +LD ’\ +I\|I’}" +| |’}’ +\“1rz’\ I’;‘:lhc]im +L|)r\ *\“ f“ +LPP  +MFA

E 9 7 ORL #1 Yale HiEE LERE LMK L. Ed baseline ZIFEEFH AMLEAEHITILE, &
BERK—THFIEZE. HMMEANR - SEIEENER
Figure 9 Comparison on ORL and Yale face databases. The first group of 'Baseline’ evaluates the four
preprocessing methods with no further learning method. The next four groups show the performances of

two-step methods

% 2 PIE {iEELHERILR
Table 2 Comparison on the PIE Database(mean+tstd-dev%)

Methods G5/P165 G10/P160 G20/P150 G50/P120 G70/P100 G90/P80 G130/P40

Baseline 69.940.8 55.6£0.9 38.2+0.7 16.3+0.5 10.6+0.4 7.2+0.4 3.9£0.3
DWT+LDA 40.6£1.3 24.8+0.8 14.1£0.6 6.1+0.3 4.4+0.3 3.4+0.2 2.5+0.3
PCA+LDA 37.7£1.2 22.3£0.8 12.5+0.5 5.4+0.2 4.14+0.3 3.3£0.2 2.5£0.2
DCT+LDA 30.7£1.2 17.24+0.8 9.7+0.6 4.240.2 3.4+0.3 2.74£0.2 2.14+0.2
LST4+LDA 28.1£1.0 13.7+0.6 6.8+0.4 3.1+0.2 2.3+0.2 1.9+0.1 1.6+0.2

BEHLTE L 50 415050, FASIMNAIE IS RIERER. MArF T LU Y, ASCHR I TST J7ikn bl
) 5 7 R

4.5 FERET LHJSLIGLER

AR FFfaces J7¥AMAE FERET AR e BAR T SE86 (R8I LK 10). FERET £04 A
THEZ MR, I AR, BESE 1196 AR 1196 K%, 1B IGREA. % 3 5l
T A DT T8, BAVEHEND Hr 2 N K2 (CSU) NGBVl RGO VER 5 Fh 5 721K
TR 221 BATPEA S K LST k4075 DCT Al PCA #HT L%

FAER A THICE 2k (cumulative match curve), FATEH Euclid FiE. MWK 11 AT LIEH, &
SO LST, 2461 DCT il PCA J7i.

5 IL,\—H&FQJ‘I1/E

ARTCE eI T R I Ja i AR B ST U AR M, JE XA X, $EH—Flos it g A
KA —Laplace "I # (LST). Laplace V¥ 484, MBI, K — 4k i) BUR B 21— 4E )
R, 0, AT LST S22 N FEAEE &, e —F P UG 28 0] 25 X ik, st el R,
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10 FERET #$#1E%

Figure 10 Facial images from the fafc subset

% 3 FERET MANKFEUREIHAR
Table 3 Four probe subsets of the FERET database

Probe subsets

Evaluation task Number of images

Dupl Aging of subjects 722
Dup2 Aging of subjects 234
fafb Facial expression 1195
fafc Illumination 194
0.65 0.45
0.60 (@) Dupl | 0.40 (b) Dup2 +H+++++H
7 v 3
055+ ‘&;H{“mi"'ﬁ*—*’“ o +—a—o—i-”,m-t-mw-*<
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C 025t [ . pca 0.10 * PCA
0204 0 20 30 40 50 0055 10 20 30 40 50
Rank Rank
1.00 © 0.8 )
& R ; Fafe aaFEE P
0.95 JIUTC eeansesasstssttiil, | 0.7 = oyt 1 e
] ++++++*“"”*‘TT ...... it o _.+1‘tﬁ?:;‘;ﬂ SRR
§ 0.90 _+1-::”n'_'f?.-- 2 0.6 . HE et
£ Pttty £ Wt
2 085t 4 Z 05 R
g £ e
2 080p 2 04} -t
'E- . 8 i
= = E
E 0.75 . T _§ 0.3 N + LST+LDA wio 1st 4
3 * DCT+LDA 8] * DCT+LDA wiho 1st3
~ 0.70 . PCA 0.2 + PCA wio 1512
0.65 0.1
0 10 20 30 40 50 0 10 20 30 40 50
Rank Rank
11 7 FERET #iEE LS 3748 LST+LDA, DCT+LDA #1 PCA Dtfihsk

Figure 11 Cumulative match curves of LST4+LDA, DCT+LDA and PCA on the FERET database

LA HERRE P2 ORL, Yale, PIE Al FERET AJGHE4arb, LST 15 A TiAb#E 75y ] LAAS 2 5 47 1)

BUNRER. AN — D BRI R (LST) 55— Fhgivla4 2 JiiEm
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GBI gE A, W “PCA+LDA”. 54k, fESEE, LST IS 7 Lk DCT Fl DWT BT 4F f 525 45

XA T LST J2 WAL il fLi75 3 k.
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Laplacian smoothing transform for face recognition

Gu SuiCheng!?, Tan Ying>?* & He XinGui'?

1 Department of Machine Intelligence, School of Electronics Engineering and Computer Science, Peking Univer-
sity, Beijing 100871, China;

2 Key Laboratory of Machine Perception (MOE), Peking University, Beijing 100871, China

*E-mail: ytan@pku.edu.cn

Abstract In this paper, we investigate how to extract the lowest frequency features from an image. A novel
laplacian smoothing transform (LST) is proposed to transform an image into a sequence, by which low frequency
features of an image can be easily extracted for a discriminant learning method for face recognition. Generally,
the LST is able to be a efficient dimensionality reduction method for face recognition problems. Extensive
experimental results show that the LST method performs better than other pre-processing methods, such as
discrete cosine transform (DCT), principal component analysis (PCA) and discrete wavelet transform (DWT), on
ORL, Yale and PIE face databases. Under the leave one out strategy, the best performance on the ORL and Yale
face databases is 99.75% and 99.4%, however, in this paper, we improve both to 100% with a fast linear feature

extraction method for the first time.
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