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Abstract: Based on Euclidean distance, the classic Fuzzy C-Means ( FCM) clustering algorlthm h

hmitation of

equal partition trend for data sets. And the clustering accuracy is lower when the distribution of data ot spherlcal To
matrix with this factor

solve these problems, a distance correction factor based on dot density was 1ntr0duced Then a

was built for measuring the differences between data points.
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