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Abstract: Bag Of Words (BOW) is a classical approach efdimage degtupfion, and the method of constructing the
characteristic dictionary in this model is very important. A categofly cénstraipéd Yow-rank optimization characteristic dictionary
training approach named LRC-DT was proposed for thé€NchafacteriSic dictionary construction. Through the low-rank
optimization, the rank of the coefficient matrix construetedthy sameézcategory images was minimized. Then the classification
information was introduced into the characteristic digtionary*learmuagto improve the identifiability of characteristic dictionary for
image description. Some experiments were conducied, 6n two<§thndard image databases including Caltech-101 and Caltech-256,
and the characteristic dictionary of SPM ( Spatial-Ryramid Matching) , ScSPM ( Sparse codes SPM), LLC ( Locality-constrained
Linear Coding) and LSPM ( Linear SPM) were replaced by constrained low-rank optimization characteristic dictionary. The
experimental results show that the proposed method\can consistently offer better performance than not employing the category

constrained low-rank optimization, its classifieation accuracy is improved with the increase of the training sample number.
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