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[ Abstract] Compared with Principal Component Analysis(PCA), L1-PCA has better robustness. But, there are some problems in
the L1-PCA such as locally optimal solutions, computational complexity of rank. In order to solve the problems, the paper proposes
a new algorithm of L1-PCA based on trace norm, it uses trace norm approximate to instead of matrix rank, and solves the problem
that rank constraint has many local optimal solution, and the solution algorithm is based on Augmented Lagrange Multiplier(ALM)
and applies it in noise reduction of images. Experimental results show that the image outline of this algorithm after doing noise
reduction is clear and objects within the same class become more similar.
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