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Local binary pattern based on the directions and
its application in facial expression recognition

TONG Ying

( Department of Communication Engineering, Nanjing Institute of Technology, Nanjing 211167, China)

Abstract; The traditional local binary pattern (LBP) algorithm for facial expression recognition could not describe
the gray value change in different directions of somel expression regions, such as eyes, mouth, forehead, etc. The
recognition result is not satisfied. This paper presents a simple and robust method, namely local binary pattern
based on the directions ( DLBP) , which improves the coding pattern of LBP and encoded the difference from the
horizontal, vertical and diagonal directions. Experimental results on JAFFE and Cohn-Kanade databases show that
DLBP algorithm has achieved 5% and 1% higher recognition rates than other existing algorithms, such as LBP and
Gabor. It has a strong robustness to Gaussian noise and salt and pepper noise compared with LBP, and lts feature
extraction time is reduced by 50% compared to LDP. Therefore, the DLBP algorithm is a fast and effective feature
descriptor.

Keywords :facial expression recognition; local binary pattern (LBP); central nearest neighbor classification; di-

rectional local binary pattern ( DLBP) ; Gabor; local directional pattern (LDP)
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Fig. 1 Illustration of the LBP descriptor
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Fig. 4 Sample of original image, LBP coding image and

DLBP coding image

2.2 DLBP ETHE#&H

M T LBP B F Xt 05 3 5 5 4R 15 K 5
PR R BEE R/ INEAT Sy | TR AT 3 — N AR IR 2 5 Y
JRFEAH % v | #8458 LBP 4t 7izfk, fnfE s
B S (a) S B e K BERSEA , in I v 0 1 e 75 s
RBNKEE S A & 5 (b) FroR, LA LBP 4 i Ji7

A 00011100 7254 00010100, 565 5 {37 Zfith K A= 1 4
B, KSR H TR A 5 R v (5] B TR ) SR 4
BERIKFEMHEGH AR R K R KA W%, R
ERIRBGR G OBRERIREERCRIFRA L
A s B AT AR S350 LBP S i {8 1 5ok 1Y 28 7%
k20, AR 17 B A AT SZ M R 53, Tl DLBP
AN AR R B KGR, B2
IREEAEARSCHE /N T OB R 548 BUR R Z [ ARG
PR, I H AR K AR AR BB/, R DLBP 5§32
ME RSS2 N, WAL 5 (c) B, R AR K FE {6 Ry
53, HXF R AK S 7 ] B 5 T AR PR Z K EE R 10,
7 A7 M P S ) 14 SR DR O, B IR P B R %) K B (L
RREARR, T 7 TR AR R I IR BE (B T8, 5 AN 038 IR G
F M T RE AR A2 1 e K M 7S S IR P AT 2518 43,
1 5(d) A2 e 357 1 e 75 S el I I B8 A Tl v [
BEAR IR K BEAE R B 5, 5 AR IR KBS LT 5,
TKBEAHAS AL RN 10, /T K M s 25 FRAE 43, fr
DI JE S 2 & A2 k48 DLBP Zfisth A28, itk
Al UL DLBP 5 e 25 fROR T LBP 5, X
BEGRI

85 32[ 26 81] 29[ 32
7533 50[ 10[LBP = 00011100 {38} 58| 15[LBP = 00010100
60| 38] 45 65| 43 47
(a) JGM: A LBPZW IS (b)& " FLBPY 5
85] 32] 26 81] 29] 32
e LBP=00011100F7 LBP=00010100
531 508 104y Rp— 11110010838 38 15IDLBP=11110010
60| 38| 45 65| 43| 47

(c) LM S DLBP4 S (d)A M7 DLBPSRHS
5 LBP 5 DLBP XIREHEHEMEN
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Fig. 6 The process of DLBP feature extraction
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Fig. 7 Cropped templet of facial expression images

a)JAFFE iﬂﬁﬁiﬁiﬂﬂ_ﬁﬁ ﬁﬂﬁjﬁﬁﬁﬁﬁl%‘%

(b) Cohn-Kanade 548 i Hr A [R] 22155 18 4 RE AR ER
B8 JAFFE #{#EFEF1 Cohn-Kanade $EFEMH AR IEE &
Fig. 8 Sample expression images of each prototypic expression
from (a) JAFFE database and (b) CK database
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Table 1 Recognition performance for different number of regions
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Table 2 Expression recognition performance with
different methods on JAFFE database %

e LBP HF  Gabor ®F  DLBP HTF
it 96.67 73.33 90.00
R 83.33 80.00 86.67
Ry 80.00 86.67 93.33
¢ 93.33 90.00 96.67
A 73.33 80.00 73.33
i 76.67 90.00 90.00
EHIPIE 83.89 83.33 88.33
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Table 3 Expression recognition performance with

different methods on CK database %

i LBP ¥  Gabor ¥  DLBP HiF

A 96.74 91.16 96.28

PR 94.44 96.67 95.56

RYE 97.62 91.43 98.10

a3 97.00 98.00 98.00
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i 98.33 96.67 98.61
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Fig. 9 LBP and DLBP recognition performance with

Gaussian white noise on JAFFE database
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Table 4 Recognition performance with three different
methods on JAFFE database

By SEERE % FRAE SR EU ]/
GDP 83.89 256.34
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DLBP 88.33 47.60
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Table 5 Recognition performance with three different
methods on CK database
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LDP 97.60 917.3
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