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Abstract:This paper proposes a new facial expression recognition method based on feature fusion to solve the

problem that the existing facial expression recognition methods are vulnerable to illumination,noise and other factors.The

facial expression information is described from two aspects.Local Binary Pattern (LBP) and Bag of Words (BOW) are used

to extract texture features and semantic features from facial expression images respectively and then are fused linearly.

Finally,the expression is classified and recognized by Support Vector Machine (SVM).The proposed method achieves

98.76% and 97.58% recognition rates on JAFFE and CK + expression datasets respectively,which verifies the effectiveness

of the proposed method.
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1 5|5 (Introduction)
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2 tHXE L iR (Relevant algorithms description)
2.1 LBPEE

LBPH 2 — MR SEARER I %, A THITEE
FREEM BRI BUCR AT, 23] T2 B9 & 15 bk .
LBPH & A3 X 3ME NN, ZAT AP L BEENHE,
FEFE SR8 MR R K BE(E 5 HAAT I, AJFEMBRRERRT
OB ERE, WA BEGRIE L, RZ A0, 163 x 3FI4RER
W, OB E AR B S MR R SR — A8 H 5, X
AR BORAE AR A LBPARES, R B R i 1
B, SRIEEERVLBPE, FRRIEZ KSR ER.
LBPHAE R EA X=X (D)FI K (2) friR

LBP(g)= Y. 5(g, - 2.)? (1)
1L,x>0

= 2

509 {O, else 2

Hop, pRAFBEBRE AN, AR ORI SHKE
H, &FRHBBRRANKEE, sCONFFSmE, LBPAEL
{2 T AL AN P LR

85 | 32 26 1 1ol o
e —
53150 10 > 1 0 5 LBPZifi: 00111000
LBPfH: 56
60 | 38 | 45 1 1ol o

B 1 LBP % Ahit 42
Fig.1 LBP encoding process
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Fig.2 LBP algorithm processing effect
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Fig.3 Comparison of BOW models between text and image
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Fig.4 The flow chart of the algorithm in this paper
3 SCIG4ER 54 4T(Experimental results and analysis)
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Fig.5 An example of JAFFE facial expression database
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Fig.6 An example of CK+ facial expression database
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Tab.1 Comparison of recognition rates for different

feature combinations(%)

FOMKI A ATETAFFERI CK+ LRI RIR G B,
F 2 A S I KO TT LA, AR ST Y 4 ol 4 2 155 ) 1R 31
FRAVBEIRFN95% AL, BEHAA SO FRAE R A (19 77 A 7T AR R A
PATA R 7> o

2 JAFFEHUB E BB ETEFE (%)
Tab.2 Obfuscation Matrix in JAFFE Database(%)

W% i etk R 2 w2 L ki
B 98.15 0 0.35 1.21 0 0.29 0
ERES 0.15  97.81 1.24 0 0.17 0.63 0
IR 0 0.36  98.93  0.17 0 0 0.54
p ! 0.38 0 0 98.53  0.18 0 0.91
% 0 0 0 0 99.65 0 0.35
AR5 0.34 0.11 0.81 0 0 98.74 0
i 0 0.18 0 0.31 0 0 99.51

F®3 CK+EIREFROR B IEE (%)
Tab.3 Obfuscation Matrix in CK+ Database(%)

W% s hE 3 2 w2t &l i
iR 98.10 0 0.86 0 0 0.16 0.88
RS 1.35  95.33  2.14 0.61 0 0.57 0
R 0 0.87  97.86  0.34 0.50 0 0.43
Ry 1.06 0 0.32  97.60 0 1.02 0
2% 0 0.35 0.24 0 99.26  0.15 0
At 0.35 0.33 1.70 0.87 0 96.30  0.35
5 0 0.17 0.61 0 0.61 0 98.61
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R4 AXTTES BRI ERNRBIRANTTEX L (%)
Tab.4 Comparisons between our method and the current
mainstream methods of facial expression

FEAEEUL 5 ik JAFFE CK+
LBP 91.25 90.64
BOW 90.64 88.1
FHAERL Y 98.76 97.58

recognition(%)

JitkAmR JAFFE CK+
GLTP™ 91.34 90.65
Gabor" 94.2 91.4
LDN! 91.6 89.3
CNNP! 90.84 93.68

WMDNN? 92.21 95.02

AT 98.76 97.58

4 #5if(Conclusion)
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