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Abstract By introducing the cutset threshold and modifying the typicality,the cutset-type possibilistic C-means cluste-
ring algorithm overcomes the most critical problem (consistent clustering) of the possibilistic C-means clustering algo-
rithm. Aiming at the parameter selection problem in the algorithm, this paper proposed a new method based on the
shadowed set. This algorithm uses the optimization method to determine the threshold of the shadowed set for each
cluster and takes this threshold as the cutset threshold. The modification method of the typicality is improved by analy-
zing the influence of the selection method on the typicality and the center deviation. Finally, the influence of the new pa-
rameter selection method on the performance of the clustering algorithm is analyzed by artificial dataset. The number of
iterations and the clustering accuracy of the algorithm are analyzed through the UCI dataset. Experimental results show
that the proposed method can effectively reduce the number of iterations and improve the accuracy of clustering.
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Fig. 2 Parameter selection based on shadowed sets
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Table 1  Typicality values obtained from different iterations
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