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Abstract:
sults. This paper proposes a multi-granulation three-way clustering ensemble algorithm based on shadowed sets to deal with

The purpose of clustering ensemble is to find a unified partition of objects by fusing a set of clustering re-

the fuzzy and uncertainty data in the actual world. First, the algorithm generates a set of clustering members using the fuzzy
c-means algorithm, and then the membership degree is mapped into three regions to construct three-way clustering. Second,
the multi-granulation rough sets are used to construct four different approximate regions. Each cluster contains a core region
and three boundary regions. Finally, the shadowed set is used to classify objects in boundary regions sequentially. Objects
that cannot be divided are left in the boundary region. The experimental results show the algorithm obtains better clustering

ensemble results in accuracy, adjust rand index, and normalized mutual information compared to multiple existing cluster-

ing ensemble algorithms.
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$¥1  Multi-granulation three-way clustering ensemble based on

shadowed sets

input: a set of objects U = {x,,xz, ---,xn}.

output: the result of three-way clustering ensemble.

1 generate a set of clustering members I1 = {771, Ty s 77',"}
2:  forminll:
; calculate the optimal thresholds «; and B; according to
' shadowed sets.
4. forxin U:
5: i[l’vc,(x)> Q;:
6: divide x into core (Cl).
7. elseif B; < pe (%) < a;:
8: divide x into shadowed (C[).
9 /I determine the lower approximate region and upper ap-
' proximate region for each cluster in 7,
10: M(CJ): core(Cj)
11: apr (C/) = core (Cj) U shadowed (C/)
12:  forC;inC:
b $e(0)- A wilc)
=1 i=1
14. 2”“@) - 2”’;({/)’
i=1 =1
15: Ymi(c)=U ar(c).
=1 iT1
16: le';(cj): ~Zlqr';(~c/),
17: obtain Co(C,),Fr,(C,).Fr,(C,) and Fry(C,).
18: for each Fr/(C[):
19: calculate new centers,
20: calculate optimal thresholds,
21: divide object in FrJ(CL) using the shadowed sets.
F1 LBHIEE
Datasets Attributes Samples Classes
Iris 4 150 3
Wine 13 178 3
Ionosphere 34 351 2
Wdbe 30 569 2
Heart-statlog 13 270 2
Banknote 4 1372 2
Vehicle 18 846 4
Sonar 60 208 2

A 25 5V B R G R N RIS AT SR A, o A
HA 200K, S ARG RO P {E . 78 8 ARG UCTHL
AR bR TR N R SRE S A 6 AR R R L
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WA el . AV B AE 2 3 AR 4 AT DUk BAE ARI
T NMI A48 b5 09 L, AR AR AT T i R (e . N
U T A5G IR A SC T 4 A B 1k BB S R AT B A R 2
£ L4

R2 AREBEEZNFHERE

Datasets Voting TWCE IFCERS CSPA EA WSNNG MTWCES
Iris 0. 8973 0. 8973 0. 9030 0. 8686 0. 8809 0. 8893 0.9419
Wine 0. 6853 0. 6853 0. 6912 0. 6460 0. 6853 0. 6460 0. 8525
lonosphere 0. 7064 0. 7069 0. 6876 0. 6860 0.7061 0. 6829 0. 6835
Wdbe 0. 8541 0. 8558 0. 8521 0.6910 0. 8541 0. 6785 0. 8684
Heart-statlog 0. 5962 0.6125 0. 5887 0.6103 0. 5959 0. 6048 0. 6403
Banknote 0. 6048 0. 6200 0.6182 0. 6335 0. 6260 0. 6358 0. 6429
Vehicle 0.4515 0.4514 0.4483 0. 3807 0.4514 0. 4057 0. 4893
Sonar 0.5528 0. 5536 0. 5596 0.5413 0.5528 0.5355 0.5616
Average 0. 668 0. 6728 0. 6685 0. 6321 0. 6690 0. 6348 0. 7100

R3 TREBREEREENHEEZERY

Datasets Voting TWCE IFCERS CSPA EA WSNNG MTWCES
Iris 0.7384 0.7384 0.7583 0. 6855 0.7196 0. 7259 0. 8562
Wine 0.3539 0.3539 0. 3656 0.2679 0.3539 0.2679 0. 6731
Tonosphere 0. 1679 0. 1688 0. 1364 0. 1363 0. 1674 0. 1316 0. 1099
Wdbe 0.4914 0. 4966 0. 4855 0. 1453 0.4914 0. 1262 0. 5233
Heart-statlog 0.0333 0. 0575 0.0318 0. 0453 0. 0330 0. 0407 0. 0785
Banknote 0. 0432 0. 0577 0. 0666 0.0715 0. 0632 0.0739 0. 0838
Vehicle 0. 1186 0. 1187 0. 1202 0.0761 0. 1187 0. 0856 0. 1941
Sonar 0. 0087 0. 0090 0.0128 0. 0026 0. 0085 0. 0026 0. 0137
Average 0. 2444 0. 2500 0.2471 0. 1788 0.2444 0. 1818 0.3165

R4 TREREEHEENFHE-HLEER

Datasets Voting TWCE IFCERS CSPA EA WSNNG MTWCES
Iris 0. 7580 0.7580 0.7630 0.7052 0. 7540 0.7346 0. 8489
Wine 0.4167 0.4167 0.4330 0. 2863 0.4167 0.2863 0. 7461
Tonosphere 0. 1290 0. 1297 0. 0820 0. 1156 0. 1287 0. 1115 0. 0603
Wdbe 0.4671 0.4711 0.4628 0. 1201 0.4671 0. 1038 0. 4931
Heart-statlog 0. 0235 0. 0415 0. 0226 0. 0358 0. 0232 0.0324 0. 0529
Banknote 0. 0275 0. 0375 0. 0465 0. 0536 0. 0443 0. 0553 0. 0558
Vehicle 0.1784 0. 1787 0. 1742 0.1118 0. 1787 0. 1246 0. 2537
Sonar 0.0105 0.0105 0. 0270 0. 0024 0. 0105 0. 0024 0. 0286
Average 0.2513 0.2554 0.2513 0. 1788 0.2529 0. 1813 0.3174

4.3 BERENEBESERREXRZSHT
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