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ABSTRACT

The K-Means (KM) algorithm is the basic method for clustering algorithms using the similarity of data to
perform an unsupervised, learning for finding clusters. The K-Harmonic Means (KHM) algorithm change the
minimum distance from cluster centers to harmonic means. Therefore, the performance of KHM is better than KM
and less sensitive for the initialization of centers. In addition, the local optimum problem is also less than those of
KM. The Fuzzy C-Means (FCM) algorithm find clusters by considering the maximum membership values of each
data referring to the cluster centers. All three algorithms can not manage with the noisy data or some data which lying
far from the other, the outlier data. Some reports suggested that Alternative Hard C Means (AHCM) and Alternative
Fuzzy C-Means (AFCM) can solve this problem by replacing the Euclidean distance by a monotone increasing
function called Alternative function. Therefore, this study use the combination between function of the KHM
clustering and the new method, called the Alternative K-Harmonic Means (AKHM). The result showed AKHM

method is a new promising for clustering data.
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