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The k-means method is a widely used clustering technique because of its simplicity and speed. However, the
clustering result depends heavily on the chosen initial value. In this report, we propose a seeding method with
independent component analysis for the k-means method. Using a benchmark dataset, we evaluate the performance
of our proposed method and compare it with other seeding methods.
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avg max min min Sumd
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0 2: Wine
avg max min min Sumd
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O 3: Soybean-Small
avg max min min Sumd
k-means 0.714445 1 0.518038 0.710813
k-means++ 0.806213 1 0.710813 0.710813
ICA 0.710813 | \
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