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Abstract

Aiming at the problem that the different initial cluster selection methods in the clustering process
will affect the final clustering results, and the traditional clustering algorithm is difficult to obtain
stable clustering, a novel method using fuzzy c-means as the initial clustering is proposed. Clus-
tering algorithm is based on potential game (Referred to as FS-IBRC). The algorithm combines the
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fuzzy c-means algorithm with Euclidean distance as the similarity measure, and iteratively up-
dates the membership matrix and clustering center until the objective function converges to ob-
tain a better initial clustering result. On this basis, the data clustering problem is transformed into
a pure Nash equilibrium problem of finding a potential game model, which corresponds to stable
clustering. Furthermore, an algorithm for solving this clustering based on the potential game
model is given, that is, the iterative optimal response algorithm. Finally, the FS-IBRC algorithm and
the general initialization algorithm (S-IBRC) were tested and implemented on two different artifi-
cial data sets.
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Table 1. Datasets description

1 BRI

2
2
o;~cf s

HRLE n r k
Iris 150 4 3
Ecoli 336 8 8

5.2. SEMEERHEIR

TR B S-IBRC A FS-IBRC [AH RV (], AT BE I 7EAH (5] i EcHs 2 AAH ] (14
HHENISATHRE T, Bl Sz 45 s % 2 M 1 ok /e, dEId LR &1, 0% FS-IBRC E3E
£ Iris Lig 47 /] 5 557% S-1IBRC JL-F-AH[E, i 7E 2445 4E Ecoli I+, FS-IBRC 512 47 i [A] H 53% S-1IBRC
PURZ, X 0] R H0H 4R AN BORI 48 B2 AH G

Table 2. CPU time description (seconds)
5 2. CPU B aJf&iR ()

S-IBRC FS-IBRC
Iris 0.0094 0.0091
Ecoli 0.2647 0.1204
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Figure 1. CPU time comparative results
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