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Coarse to fine coefficient accumulation face recognition

based on sparse rules

Hu Zhengping” , Liu Lizhen™ , Li Shufang” , Sun Degang ™
( " School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004 )
( ™ School of Electronic and Information Engineering, Shandong Huayu University of Technology, Dezhou 253000 )
Abstract

The features of difference between classes are not used in the ordinary training sample dictionary and may lead
to a wrong classification using the minimum residual as a decision function for sparse representation classification
when the residual is approximate. In this case, proceeding from the decision rule of the classifier, the algorithm of
coarse to fine coefficient accumulation face recognition based on sparse rules is proposed. Firstly, a linear combina-
tion of the training samples from all classes that is approximately equal to the test sample is determined, and the
sparse coefficient accumulation of the most two adjacent categories is acquired. Second, according to the relative
difference of sparse coefficient accumulation, we perform the soft constraints for all training samples and reject the
classes which are far different from the test sample. Finally, the results of two kinds of classification model are com-
bined and the sparse coefficient accumulation of each class is calculated for the final classification. This method not
only makes full use of the sparsity of coefficient, but the candidate classes play a role in the discrimination of dic-
tionary. In order to verify the effectiveness of our algorithm, experiments are conducted respectively in the ORL,
AR, and GT(Georgia Tech) facial database.

Key words: face recognition, sparse representation, sparse classification, sparse coefficient of accumulation

Information fusion
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