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Facial Expression Recognition Based on Local Gabor
Filter Bank and PCA + LDA

DENG Hong-bo, JIN Lian-wen
( School of Electronic and Information Engineering, South China University of Technology, Guangzhou 510640)

Abstract This paper proposes a new local Gabor filter bank to overcome the disadvantage of the traditional Gabor filter
bank, which needs a lot of time to extract Gabor feature vectors and the high-dimensional Gabor feature vectors are very
redundant. In order to evaluate the performance of local Gabor filter bank, a Facial Expression Recognition( FER) system
based on Gabor feature is presented. Firstly the FER system extracts Gabor feature of pure facial expression images after
preprocess, then it uses a two-stage method PCA plus LDA to select and compress the sub-sampled Gaber feature, finally it
adopts K nearest neighbor classifier to recognize facial expression. Experimental results show that the method is effective for
both dimension reduction and recognition performance. The novelty of the method is to select partial Gabor filter bank with
part of m scales and n orientations to extract Gabor feature. The best average recognition rate of 97.33% was achieved,
which indicated this method was suit for facial expression analysis.
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Fig.1 System architecture of the Facial Expression Recognition system
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Fig.3 Examples of the preprocessing procedure
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Fig.4 Examples of pure facial expression images
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Fig.5 The real part of the filters with five frequencies

and eight orientations
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Fig.6 The magnitudes of the Gabor feature representation

of the first face image in Fig. 4
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Tab.1 Computation and memory required by different Gabor filter bank

. e E LA ) B iRREE CREERIR 8) J B RAE (R BB 8)
Gabor B BM WHBKE FHBTENR .

(ms) FERM  PCA BRI RS PCARIEH
G(5x8) 40 491 520 2167 7 680 7680 x 128 3400 3400 x128
G(4 x8) 32 393216 1775 6144 6144 x 128 2720 2720 x 128
G(3 x8) 24 294912 1357 4608 4608 x 128 2040 2040 x 128
LG1(3 x8) 8 98 304 435 1536 1536 x 128 680 680 x 128
LG3(3 x8) 12 147 456 681 2304 2304 x128 1020 1020 x 128
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Fig.8 Two different sample methods
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Tab.2 Recognition rates corresponding to different
Gabor filter bank

B %
43 3675 1 0 BE B 0
RIS %K PCA PCA + LDA
Euclidean Cityblock  Euclidean Cityblock
G(5x8) 80.00 89.33 97.33 97.33
G(4 x8) 79.56 88.44 96. 89 96. 89
g | C(3x8) 80.00 87.56 95.56 95.11
Q LG1(3 x8) 79.11 84.89 95.11 95.56
| 1e2(3 x8) 76.89 83.56 96.00 95.56
LG3(3 x8) 79.56 87.11 96. 44 95.56
LG3(4 x8) 78.22 90. 67 96.44 96.00
G(3 x8) 80.00 82,22 96.89 96.44
g LG1(3 x8) 75.11 82.22 96. 89 95.11
é LG2(3 x8) 78.22 81.33 95.56 93.33
LG3(3 x8) 81.78 84.44 96.89 96. 44

B3 2 A A1, PCA #FIERIIRBI LS -7 75.11%
3 90. 67% 2Z 8], 3 v 45 X BE 25 bb BR 2 BE 2 19 iR 51
HERER 5 ~7 NE K. R PCA + LDA #1EH R
B PCARERB TILME A R EEErE
FTFHEXER, LKBERPHRMEREBT 97.33%,
B PCA + LDA [R T B 8 P&l T #FIE B 2 5, 3B
HmMARRENX2E, FLES T,

N HUEMBMESHERNRNERRR 2R IEH
B G(5 x8) WIR B REH, bl & 58 B 2% M B
,G(4x8) M G(3 x8)WIRFIRIEHREME, HE
5x84x8 M3 x8MELRBEBASRWE B
HARRHNRBERNK, MAEFEEER T R EE
BEAMRNEBELTTR2RBEEH, W LG3 (3 x
8)/PCA + LDA #iR J|# . G(3 x 8)/PCA + LDA
Ho IRGREXFAERRWEHBH, BT HER
SR AT [B) PR ARIE B BT ERMEHE
S RFREAERAERZRTRE,

HL S BRI SR B ik R I - R B R A ISR IE A 2
T FRARRBE(R 1), 7EHF Gabor FESHT,
BEMRFEMERK, HREIMRHELE PCA +
LDA/Euclidean FTRBWERHIANEEBRB TLR
KA, BT LR R R AR IR 4 (DR B AR ) h AR
REH B EREX
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Tab.3 Recognition rates with and without

illumination normalization

By %
. PCA PCA +LDA
FL&E—K
G(3x8) LG2(3x8) LG3(3x8) G(3x8) LG2(3x8) LG3(3x8)
& 76.00 72.44 74.67 95.56 95.11 95.11
2 80.00 78.22 81.78 96.89 95.56 96.89

4 ~7 AR, U PCA BRAESS B E R AR XHEL
BEUR, T PCA + LDA FES R AR LI 1/
B R B RERB AN PCA FEAR AR, 7N
KRIF—4exF PCA + LDA $¥IE BRA —EEA L B2
PCA +LDA #R4HERR T Ha4ext IR M EUR
6.3 B PCA AT/LERAERTIRRIG R

FESCHR (5] 93 i PCA BT = B4F1E E B X %
LR , B BT = 4 K104 68 A B IR B B i —
BRE, BIEEE AR R RN B E %X
K% G(3 x8) F1 LG3(3 x 8) 48 I 4% 4 A7 4 4
RH, R TR BAKRAE, X T PCA 1 3% F #7
X BE B AR D BE B B, %F T PCA + LDA %¢fiE I8
BRABER . MBR PCA B 1 Z 9 4E 45 1E X KL B9 IR 51
R U

4 MBRPCARL-~9 RRENHMIARNER

Tab.4 Recognition results by eliminating the first one to nine principal components

Bfr %
MER A9 PCA MASTEE R
HIES Y SFH
0 1 2 4 5 6 7 8 9

2 PCA 87.56 88.44 88.44 91.11 89.78 86.67 84.89 82.22 83.11 84.00
G(3x8

) PCA + LDA 95.56 96.44 96.44 96.44 96.44 96.00 95.56 94.22 93.78 93.78

LG3 (3 x8) PCA 87.11 87.11 88.89 91.11 89.33 87.56 85.33 81.78 82.67 84.89
X

PCA + LDA 96.44 95.56 97.33 95.56 94.67 94.67 95.11 94,22 93.33 93.33

M 4 ATARE, X T PCA #R1E, BIBR Al 3 4
FRIRERT 2 ~4 MESR, BEFIRHIRE
F]91.11% , X} F PCA + LDA $1E#1 LG3(3 x8),
MIBRAY 2 4 PCA JFIE X BB BRI 97.33% . B
AR ER PCA B R AE 4 0%, WA R EFH G B
1%, BT LLR B — A B R A R, TRRIAXFA
B R B, MIBRAT 3 4 PCA S ERAET IRER
PR (B R B AR — S B B R R AR, 72 S BR E A P
TR K o 1 DX L B BRI LR AR AE A PUR G R AT
LB BB R R A R

7T & it

AXAH T —NET Gabor BRI AR F
HIRARGE, i T —MHBE DI Gabor JE K 2
HFTIRIERIW I, 458 T PCA M LDA #17
RRAEREFE, R K E B K07 iR & M IES H
X3 BLERBIHERE . A SCHIRE I EE R LA

(1) JH# Gabor 38 ¥ 27 41 3l R A 89 2 R 1§

ARG BA R KE MR L, R IUTERFAE 3R Ut o)
AR BRI T ERAMAFT R, %
HO T RANRAPTRR

(2) ZE AR EF RIS, PCA B4 7T LLK 8 R
EAHE 4R, AT TH B R K. I PCA B4
JERRE AT 22K, 7 K BB X THEPEREX
R AR SRR R TR BB, SR RINAKR A
—43t PCA REFBRARBIBEAFTERRT X,

(3) &3d PCA BR4E)5 6945 1E, R A LDA 7T X
R ERH — P RAR, I HIRFI R B R R,
PCA + LDA HHE i AT LA R e 2 38 Y50 i Stk o

(4) WIBRET 3 4 PCA RIEA IR RRF R, B
REHA— B BB R HI R, B H MR 50 41T 42 50
3 hm , RB R ST R G RS, T AT DL E — N B R
WHIR, A LB RFIRHER 97.33%
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