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Abstract IMVOM,Outlier Mining Model Based on ICA & MViSOM, is presented in this paper. This model firstly
transforms an observed multidimensional random vector into mutually independent components by ICA, and then a-
chieves visibility of high-dimensional data by MViSOM. Combined the pattern recognition capacity of human being with
the calculating capacity of computer, this model can finish mining the outliers by avoiding of detecting the complex inner
structure of data and overcoming some difficulties of outlier mining of high-dimensional data. In the end, the proposed
model’ s correctness and reasonableness are also validated by the experiment results in this paper.
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