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Robust Image Recognition Algorithm of Maximum Likelihood Estimation Sparse

Representation Based on Class-related Neighbors Subspace

HU Zheng-Ping"? SONG Shu-Fen'

Abstract
imum likelihood estimation sparse representation based on class-related neighbors subspace is proposed in this paper.
Considering the different distribution characteristics of each test sample and the class-representative principle of training

In order to construct a fast and robust image recognition algorithm, an image recognition algorithm of max-

samples’ selection, instead of constructing the dictionary of sparse representation by all training samples, suitable sub-
space is selected and local neighbors of adaptive number that is selected from each class are used to construct the new
dictionary based on distance proximity criterion. The training samples are reduced and the original subspace structure
of sparse representation is kept at the same time. Then based on the recognition method of maximum likelihood sparse
representation, the fidelity of sparse representation is represented by the maximum likelihood function of residuals and
the recognition problem is converted to a weighted sparse optimization problem. Experiments results on public available
face and handwritten digital databases verify the rationality, recognition speed, and recognition accuracy of the proposed
algorithm. The algorithm is robust, especially it can work for in disturbed and occluded images.
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Table 3

methods on AR database with sunglasses

Comparison of recognition rate of several

STk B (%)
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Fig.7 Comparison of recognition rate and run time of
methods for neighbors’ selection on AR database with

sunglasses
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Fig.8 Comparison of recognition rate and run time of
methods for neighbors’ selection on AR database with

scarf
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class-related neighbors’ selection with sunglasses
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Fig.10 The binary images of weight before and after the

class-related neighbors’ selection with scarf
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