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Abstract Data classification is an important part of data mining. With the increase of the amount of data and the dimen-
sion of data,the processing of large-scale and high-dimensional data becomes the key problem. In order to improve the
accuracy of data classification,inspired by the image segmentation algorithm in computer vision,an algorithm based on
nonlocal operator was proposed for the classic Ratio Cut classification model. A new energy functional is modeled by in-
troducing Lagrange multipliers,and the energy functional is solved by the alternating optimization method. Numerical

experiments show that the accuracy and computational efficiency of the proposed algorithm are greatly improved com-
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pared with the traditional classification method.
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