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Influence Factors of Dictionary Learning in Sparse Representation
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1. School of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China;
2. Hubei Key Laboratory of Intelligent Robot( Wuhan Institute of Technology) , Wuhan 430205, China

Abstract: We studied the key factors influencing the construction quality of dictionary matrix in sparse
representation, and represented them quantitatively. The factors such as the number of images, patch size,
dictionary columns and patch step were adjusted as parameters and the dictionary matrix was generated.
Combined with the coefficient matrix, the original image was reconstructed, and the dictionary quality was
evaluated by using the image quality assessment indices of peak signal to noise ratio and structural similarity
index metric. Experiments on CMU_PIE_Face database demonstrate that the resulting dictionary has the best
ability to represent the original image at image numbers of 500, patch size of 4 px, dictionary columns of 512
and patch step of 2 px. We found that the quantitative representation of key factors in sparse representation can
accelerate the dictionary learning process, simplify the complexity of the model, improve the quality of the
dictionary abstraction layer, and show stronger image expression.
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