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Facial expression recognition
based on multi-scale centralized binary pattern

FU Xiao-feng, WEI Wei
(Institute of Electrical Engineering, Zhejiang University, Hangzhou Zhejiang 310027, China)

Abstract: The existing local binary pattern(LBP) operators have disadvantages of long histograms produced by them,
low discrimination and high sensitivities to noise. To deal with these problems, we propose the centralized binary pat-
tern(CBP) operator. The CBP operator has several advantages: 1) It significantly reduces the histogram dimensionality by
comparing pairs of neighbors in the neighborhood; 2) It enhances the discrimination by emphasizing the effect of the center
pixel point through giving it the largest weight; 3) It decreases the white noise influence on face images by modifying the
sign function of the existing LBP operator. Moreover, the multi-scale CBP(MCBP) histogram is used as face representation
to increase the recognition accuracy. Furthermore, in order to improve the robustness to small deformation of expressional
images, the image Euclidean distance(IMED) is introduced and embedded in MCBP. Experiments on JAFFE and Cohn-
Kanade facial expression databases demonstrate that the proposed method outperforms other modern approaches and show

that IMED can enhance the performance of MCBP in facial expression recognition.
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Fig. 1 A face image divided into 12 sub-regions and the

weights set for weighted dissimilarity measure
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Fig. 3 Some examples from Cohn-Kanade

facial expression database
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Fig. 4 Comparison of different methods with low resolution

levels for the images of JAFFE database
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Table 2 Performance comparison of different
methods on Cohn-Kanade database

under noisy circumstance
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Gabor/NJ 83.20 35.8890
¥%J5JLBP 84.52 3.2284
MCBP 93.89 1.8516
MCBP-IMED 9491 2.7092

5 458 (Conclusion)
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