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Abstract

K-means algorithm is a traditional algorithm used for partition clustering, and its essence is a
hard clustering, that is, the object studied only has two possible results, either belonging to this
class or not belonging to this class, and its segmentation results are highly accurate. However, this
algorithm has obvious disadvantages, and it is unable to deal with objects with features that are
not obvious. The three-way clustering is a kind of fuzzy clustering division, which can deal with
the non-obvious objects through the definition of core domain and boundary domain. This paper
combines the ideas of three-way decision theory and K-means algorithm to form a new clustering
algorithm. It cannot only maintain the original accuracy when clustering, but also make a more
reasonable classification of relatively uncertain points. Then the core domain and boundary do-
main of the cluster are separated by perturbation processing.
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Figure 1. A schematic diagram by K-means
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Figure 2. Clustering result of artificial data sets containing 400 elements
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Figure 3. Clustering result of artificial data sets containing 800 elements

[ 3. 800 M REIATHIERBRER

DOI: 10.12677/aam.2018.710157 1354 IR Esid


https://doi.org/10.12677/aam.2018.710157

Wt %

Table 1. Experimental result of artificial data sets containing 400 elements

1,400 MEANTHIBETWER

CV 251 CV i sp 2331 sp {8
CV1 7.4043 spl 5.8240
Ccv2 7.3268 sp2 6.4444
CV3 4.5234
Table 2. Experimental result of artificial data sets containing 800 elements
% 2.800 MR AT HIEE LR
CV 25 CV & sp 251 sp f&
CV1 10.0617 spl 5.7539
CVv2 9.8488 sp2 6.2464
CV3 6.1931
Table 3. Data sets of UCI
= 3.UCI #iE%
E(E/E S R FEAZERL el
SN 210 7 3
BT 106 9 6
(6)% 435 16 2
EN 336 7 8
CM 1473 9 3
Table 4. CV values of UCI data sets
4. UCI BHRESINE R CV &
Hubrde CVvl cv2 CV3
SN 3.2822 2.8721 1.1776
BT 1.7118 1.4381 0.2075
(6)% 5.0783 4.0719 3.0711
EN 2.5529 1.9499 0.3143
CM 7.3864 6.5790 5.7671
Table 5. Sp values of UCI data sets
2 5. UCI B SLIN 45 R/ sp (&
LAEITE S spl sp2
SN 0.9363 1.0149
BT 0.8970 0.9508
cv 1.2341 1.3499
EN 0.6976 0.7621
CM 0.9914 1.0894
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