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The k-means method is a generally used clustering technique. The method is widely used for clustering to a large
number of data because of its simplicity and speed. However, the clustering result depends heavily on the chosen
initial clustering centers, which are chosen uniformly at random from the data points. In addition, the clustering
result is not good, if an outlier for initial clustering centers is selected at initial clustering centers. Many methods
have been proposed to solve these two problems. However, there is no way to solve these two problems at the same
time. We propose a seeding method based on the Mahalanobis Taguchi System and KKZ for k-means clustering
method. We evaluate the performance of our proposed method and compare it with other seeding methods by
using benchmark datasets.
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k-means (max) 98% 2373 5.58

k-means (min) 50% 8203 14.3

k-means++ (max) 98% 2373 5.58

k-means++ (mix) 50% 8203 14.3

KKZ 50% 8203 14.3

KKZ-EX 98% 2373 5.58
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