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A Spectral Method of K-means Initialization

QIAN Xian'

Abstract
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WU Li-De?

It is well known that K-means algorithm (KM) is very sensitive to the initial conditions. In this paper, we

propose a new method to initialize KM. It estimates the eigencenters of the k clusters, and initializes KM with these

estimated eigencenters. Experiments on the artificial data set and the real data set show that our method significantly

outperforms other initialization methods.
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Table 1 Iterative weighted algorithm
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Table 2 Multi-class eigencenter estimation algorithm
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Fig.1 2D synthetic dataset
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Fig.2 Initialization with eigencenters(c = 0.2)
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Fig.5 Initialization by MaxMin algorithm
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Table 4  Clustering results of real datasets
Random EKM MaxMin KA Ward
iris 0.81(0.009) 0.893(0.097) 0.893(0.034) 0.887(0.332) 0.893(0.242)
diabetes 0.792(0.008) 0.841(0.09) 0.821(0.033) 0.641(0.31) 0.841(0.239)
segmentation 0.585(1.58) 0.660(33.6) 0.407(2.97) 0.631(45.0) 0.598(101.4)
texture 0.771(2.3) 0.878(45.1) 0.5022(3.3) 0.883(49.8) 0.838(99.0)
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Table 5  Clustering results of segmentation datasets with different k
k Random EKM MaxMin KA Ward
2 0.379(0.54) 0.398(3.84) 0.214(0.69) 0.391(3.98) 0.392(3.33)
3 0.514(0.73) 0.583(7.10) 0.227(0.94) 0.579(8.59) 0.526(8.13)
4 0.616(0.91) 0.715(11.57) 0.383(1.18) 0.691(14.98) 0.661(17.03)
5 0.672(1.09) 0.733(17.7) 0.448(1.43) 0.726(23.54) 0.699(31.83)
6 0.695(1.27) 0.697(25.32) 0.518(1.68) 0.701(33.88) 0.695(57.55)
7 0.650(1.43) 0.690(34.62) 0.538(1.90) 0.685(45.99) 0.676(95.39)
) :L,\é:t 12 Magidson J, Vermunt J K. Latent class analysis. Kaplan
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