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Weighted k-means Algorithm Based on Outlier Detection
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Abstract: In this paper, to solve the problem of that few outliers can easily destroy the cluster structure,leading to a
significant deviation for the obtained centroids in k-means clustering algorithm, we assign different weights on the data
points based on their distance from the potential cluster center to alleviate the negative impact on the data structure.
Moreover,we also incorporate outlier detection in our clustering model by imposing €,-norm constraint on weight assign-
ments. To optimize the model ,we introduce an efficient alternating minimization algorithm. Extensive experiments on both
synthetic and real datasets show the effectiveness of the proposed model.

Key words: clustering, k-means , outlier detection, €;-norm
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Fig. 1 Schematic diagram of clustering results
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Fig.2 Performance on the toy dataset
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Table 2 NMI and R, of different approaches on four real-world datasets

(o) ARSCREA 43413

NMI R,
k-means NEO-£-means COR Proposed k-means NEO-£-means COR Proposed
ecoli 37.1£5.7 42.2+2.8 40.6£5.5 42.4+3.1 17.4£9.8 21.1+6.9 21.2+8.3 22.4+7.8
glass 22.9+5.3 21.6x4.4 26.3+7.8 30.3+4.3 11.3+4.5 9.2+3.2 16.3+7.2 11.1+4.2
yeast 17.0+4.6 15.9+4.9 8.9x1.5 18.0+4.5 8.2+4.4 5.1x4.1 1.8+1.9 8.3+5.3
700 68.1+8.2 64.3x4.4 64.6+9.1 72.3x7.1 54.9+14.8 54.5+9.0 59.1+11.8 65.1+13.0
*3 AEAEEE 4 BEZHIEE L Jaccard 5 F-measure BUE
Table 3 Jaccard and F-measure of different approaches on four real-world datasets
NMI R,
UG/ S
k-means NEO-£-means COR Proposed k-means NEO-£-means COR Proposed
ecoli 2.1+5.5 26.3+13.6 4.6x11.6 29.0£11.2 3.7+9.4 39.5+20.4 7.0£17.4 43.5+16.9
glass 0.0£0.0 8.6+2.1 0.0+0.0 32.0+46.8 0.0+0.0 15.7+3.7 0.0+0.0 32.0+46.8
yeast 12.6%9.1 1.2+0.3 1.8+9.4 23.9+40.1 3.9x13.5 2.320.6 2.4%12.3 25.6+40.8
700 1.0+3.1 1.3+2.3 0.0+0.0 5.0+21.9 0.0+0.0 2.6+4.3 0.0+0.0 5.0+21.9

M 2 ATRUE AR SOITR 977 15 AE NMI S54RI 8] T i 8CR  7E glass Al zoo KaE T, LLER
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