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Sparse Representation With Smoothed Matrix Multivariate Elliptical Distribution

QIU Hong! WANG Wan-Liang? ZHENG Jian-Wei?

Abstract
cation has recently received considerable attention. This problem heavily depends on the characterization of representation

As one of the most challerging problems, partial illumination or occlusion in image reconstruction and classifi-

error, while most existing approaches ignore the internal structure information of image data for the error matrix needs to
be stretched into a vector with each element being assumed independently corrupted. To improve the algorithms in this
regard, a new sparse representation with smoothed matrix multivariate elliptical distribution (SMED) is proposed, which
emphasizes the dependency between pixels of noise and assums that error matrix is a random matrix variate and follows
a matrix multivariate elliptical distribution. Then, it introduces regularization terms to smooth the objective function,
which makes the model easily to obtain a globally optimal solution. Finally, iteratively reweighted least square is adopted
to solve the SMED model efficiently. Furthermore, comprehensive analyses are also performed including convergence be-
havior, computational complexity, together with parameter determination. Experimental results on the AR, ExYaleB and
PubFig databases demonstrate that the proposed algorithm is a robust discriminative classifier with excellent performance,
being superior to classical algorithms.
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(a) LRI Ax, y) = Crexp(-(* + )
(2) 2-D Gaussian distibution: f{x, )= C, exp(—(x> + 7))

2-D Power exponential distribution Projection of the 2-D figure
onto the XOY-plane

5
a0

Projection of the 2-D figure
onto the XOZ-plane

© ZHEFEIRRSA: fx ) = G exp(-VEFT)
(¢) 2-D power exponential distribution: fx, y) = C; exp(- Vx? + 7 )
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(b) ZHERAHLAT A A, ) = Croxp((x |+ |y D)
(b) 2-D Laplacian distribution: f{x, y) = Csexp(—(|x|+[3y])
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distribution
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distribution
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{d) Longitudinal cutting figures for (a) ~ (c)

K1 Zoorfi R (RO G =1, 1= 1,2,3)

Fig.1 The comparison chart of the multivariate distribution (where the constants are C; =1, i = 1,2, 3)
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Fig.6 Sample images for one person from
PubFig face database
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Table 2 Running time of competing algorithms on
AR database (s)

Iy hIR%Ning |8}
SMED;, 0.1703
SMED; /2, 0.1748
SMED3, 22 0.1648
SRC 0.0917
CRC 0.0041
RRC 3.2165
FFS 0.1738
HQA 4.3898
HQM 13.2725
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Table 3 Running time of competing algorithms on ExYaleB, PubFig database (s)

HpEing ]
IRy ExYaleB ExYaleB ExYaleB ExYaleB
PubFig
(E ) (B IR (baboon JEfY) (HeEAEIESY)

SMED1; 0.2429 0.2508 0.2191 0.2376 1.6705
SMED; /21 0.3450 0.2452 0.2561 0.2445 1.7864
SMED3 /22 0.2638 0.2435 0.2318 0.2186 1.6425
CRC 0.0037 0.0045 0.0031 0.0035 0.0152
RRC 0.2510 0.2370 0.2426 0.2375 2.5819
CESR 0.3244 0.1276 0.2966 0.2240 2.3499
HQ-M 12.2049 11.7532 12.3732 11.6457 6.8705
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