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K-CFSFDP Clustering Algorithm Based on Kernel Density Estimation
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( College of Computer,Nanjing University of Posts and Telecommunications, Nanjing 210003, China)
Abstract The CFSFDP (Clustering by Fast Search and Find of Density Peaks) is a new density-based clustering algo-
rithm,it can identify the cluster centers effectively by finding the density peaks,and it has the advantages of fast cluste-
ring speed and simple realization. The accuracy of CFSFDP algorithm depends on the density estimation in the dataset
and cut off distance (dc¢) of artificial selection. Therefore,an improved K-CFSFDP algorithm based on kernel density es-
timation was presented. The algorithm uses non parametric kernel density to analyze distribution of data points and se-
lects the dc adaptively to search and find the peak density of data points,with the peak point data as the initial cluster
centers. The simulated results on 4 typical datasets show that the K-CFSFDP algorithm has better performance in accu-
racy and better robustness than CFSFDP, K-means and DBSCAN algorithm.
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