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An Improved LBP-based Facial Expression Recognition
through Optimization of Block Weights
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Abstract

In this paper, a method is proposed that enhances the performance of the facial expression
recognition using template matching of Local Binary Pattern(LLBP) histogram. In this method, the
face image is segmented into blocks, and the LBP histogram is constructed to be used as the
feature of the block. Block dissimilarity is calculated between a block of input image and the
corresponding block of the model image. Image dissimilarity is defined as the weighted sum of the
block dissimilarities. In conventional methods, the block weights are assigned by intuition. In this
paper a new method is proposed that optimizes the weights from training samples. An experiment

shows the recognition rate is enhanced by the proposed method.
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Fig. 1. LBP Operator

718491 LBP 2= 3 by 3 wkA3E AMS] wlE
o Bt} & 2ALA e T4 54 UehliA] Ssies
olgf g A2 Heslr] JaiA the A7]¢] QAR A
TH13). 28 29 Hole Higl go] i skas FHes
dole] v R& Zhe AF gelA Bt gJalid P 7ie
1S S oz 48 =g SgHglon (PR)Z &
|

N
tlo

o
M ol

hut

N

(P=8.R=1.0) (P=12.R=1.5)

T2 2. =% 1BP 9| olE.
Fig. 2. Examples of extended LBP.



=57k A 9 #48E T A" LBP7Ivke #404 75

LBP ibAhs U aere Agetes o g44
% 9eh. LBPp j o o3 7hs@ 27 79 ses 5 4
gow neld w03} 1Ajele] 1dto] 28] el 2E
2 dojzta grh(12]). <& £ 00000000, 11100011
3 00011111 FuF e ok, FYF Fednts n2fst
LBP 9245 LBPp, = Eﬂt‘fh:},

oleld kel el AEE: e FAA wA
2AE Uepithad 3)

SEO e

/R HEZ ol x| I L]
Fig. 3. Texture primitives represented by LBP

[

rr

2| 3. LBPoi| 2JsiA] = ojA| BAY

LBP @bl ofg) elolie 94 f (z,y) el 820
W H; & T o] Aejen,

H; = Zj(fz(xay):i), 1=0,....n—1 (1)
T,y
oJ7)A n-& LBPY| oale] AZEs 7psd glo|Be 4

ola I(A)e th&3} 22 Fhrolh.

1 A is true
1(4) = { 0 U s false (2)
s AETMS [BPE FdE e WA glaAe] BEE

BT, Sl 9 BdS HeliM 9F 4 18 4 A
‘jé mXn 7H_g] Z}% og%i‘ é = ROaRla'“7erLX71

oz padn 2% R, dMe] daEade 0o .

H, ;= Y1(fi(x.y) =) {(@,y) € R,) = (3)

i=0,..,n—1,j=0,....mxXn—1

7} gl2xe] o] BE LBPE 3Ha $30lA 9] wlAl glx
Emm BE0r9] LBP 3| AEIYWS B5 34
1AL HH BE ERoA ] S AEaYS A2
21 Bl2Eafe GF AAC g 54 71z A

2= gpo|lAETH

T2l 4. % LBP s|AETnt J7i50| oiz=lo] TAE U= LBP

IEE" _KI
Fig. 4. The block histograms concatenated to form the
face LBP histogram feature.

ZJelth. Chi square(XQ)l‘\: 3]
Vehll= BAIZC2A LBP
Po A AMEERATH9,10,11).
ﬂdﬂ 2t \@oﬂ st Edlold MZEdM E5ER
LBP 3|2E0#S ot g2 A dejx] dde v
g foan zh 4o tigh BY S| AEIH 07 AR

N
B
B
o,
_12
EE

o} A2 Gabo] EHH thee] y ke E wHo) b
A AR TP AR g sl Fuad &3 How
BRI

(SL - ML’)Q
Y2 (9, M) = E .................................. (4)



76 ﬁﬁ.;q E:E1 ]:Eiﬁ‘!—‘El uI'HI)CwL (2009 11)

X2 (S, M) =

A7 w; £ A E59
SollA] o] FEL 19 boll Kol XA dH9] Fakd
w0, 1, 2, 49 7}AE Folska 9vh9,10,11). 18
Ur olgfgl 7kER] Fouhyge Aol o AY ¥ FHA

£ 72 AT R 8. 2*4011*1h B20 7leX 5 E
glold dloleE ol &elA HAsFoaN EF
& Eole WHE Vst 9l

J% 5. 2% S50 FaE d=yY 2% 1 W|=2 ¥HE
22 74|
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Brightness-coded block weights.
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Table 1. Recognition rates using 7 expressions.
g2 7|&2| iy HQHE! iy
Angry 83.6 85.4
Happiness 73.6 76.1
Normal 73.2 73.6
Sadness 46.4 61.4
Surprise 77.1 79.3
Disgust 57.1 60.4
Fear 43.9 47.9
£ 65.0 69.1
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Table 2. Recognition rates using 6 expressions.

f: 25 7IEe| iy Heksl
Angry 83.2 86.1
Happiness 74.3 715
Normal 72.5 775
Sadness 52.5 63.6
Surprise 78.2 80.4
Disgust 56.8 61.1
= 69.6 74.3
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