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Tab.1 Mean standard deviation of curvelet subbands in various databases

Detail )2 )
AR Coarse J= L1 12 L3 14 L5 L6 L7 L8 Fine /2
ORL 131.3 10.3 10.5 10.2 10. 1 9.8 9.9 10. 1 9.9 8.6
Yale 69.9 5.6 5.6 5.2 5.2 5.2 5.2 5.1 5.1 4.0

(a) original ime}?: (b) Coarse/Z (c) Fine/Z
B 1 R E % . Coarse E X Fine EEHE

Fig.1 The original image and reconstructed

images of the Coarse and Fine layers
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Fig.2 The four reconstructed images of the Detail layer
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Tab.2 Algorithmic description of VELM
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Fig.4 Results from various numbers of hide layers
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Fig.5 Results from various numbers of the single ELM
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Tab.3 The test accuracy and standard deviation from different algorithms

Curvelet + B2DPCA + VELM

Curvelet + 2DPCA + VELM

Curvelet + B2DPCA + ELM

N33

K/ % T 1 2 K (Wilcoxon BRI ) /% FrdE2E K (Wilcoxon BR AR ) /% A ifE 22
ORL 95.1 0.010 90.1( - ) 0.013 94.8( ~) 0.011
Yale 94.2 0.012 89.2( -) 0.011 93.1(~) 0.010
RET 96.2 0.013 90.8( -) 0.012 94.5( - ) 0.012
GTech 95.6 0.014 90.4( - ) 0.012 93.2( -) 0.011

ERERS +7 . =" &7 =" RRR %A LS Curvelet + B2DPCA + VELM A HL, A7 B 8 22 52 HAF T80k AW 2
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Tab.4 The comparison results with WPCAR
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GTech  94.8  0.011 90.4( -) 0.026
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Abstract; In view of the deficiency of wavelet transform that geometrical characteristic of the data can not be
fully atilized when multidimensional images’ features are detected, this paper applies the second generation of
curvelet transform to process facial images. The procedure exiracts images’ features through choosing the sub-
band coefficient with the maximum standard deviation. Then data dimensionality is reduced using the bidirec-
tional two-dimensional principal component analysis (B2DPCA). Combining with the two methods above, this
paper constructs a face recognition algorithm based on hybrid voting extreme learning machine( VELM ). The
experimental results show that the algorithm presents improved performance compared with other algorithms
mentioned in terms of recognition accuracy.

Key words: curvelet transform; B2DPCA ; voting; ELM; face recognition



