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Weighted Hesitant Fuzzy Clustering Based on Density Peaks

ZHANG Yu,LU Yi-hong and HUANG De-cai
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Abstract Due to cognitive limitations and the information uncertainty, traditional fuzzy clustering cannot effectively solve the de-
cision-making problems in a real-life scenario when cluster analysis is carried out on the decision problem. Therefore. hesitant
fuzzy sets(HFSs) clustering algorithms were proposed. The conception of hesitant fuzzy sets is evolved from fuzzy sets which are
applied to fuzzy linguistic approach. The distance function of the hierarchical hesitant fuzzy K-means clustering algorithm has the
same weight since the datasets information is seldom considered,and the computational complexity for computing the cluster cen-
ter is exponential which is unavailable in the big data environment. In order to solve the above problems., this paper presents a no-
vel clustering algorithm for hesitant fuzzy sets based on density peaks,called WHFDP. Firstly,a new method for extending the
short hesitant fuzzy elements set to calculate the distance between two HFSs is proposed and a new formula for calculating the
weight of distance function combined with the coefficient of variation is given. In addition,the computational complexity for com-
puting the cluster center is reduced by using density peaks clustering method to select cluster center. Meanwhile, the adaptability
to data sets with different sizes and arbitrary shapes is also improved. The time complexity and space complexity of the algorithm
are reduced to polynomial level. Finally, typical data sets are used for simulation experiments, which prove the effectiveness of the
new algorithm.
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@ =0.3080,m, =0.3049,w; =0. 387,
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VIR X R X, 5 X, Z B MR 8 FL, X X, 5 1A s
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WX A Caa) RN TR AL, — A, =1 DMIRBERI TR R AR (DK
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Table 3 Hesitant fuzzy sets Xjand X, after replenshment
K (x1) h(x2) K (x3)
X1 {0.13,0.2,0.27)  {0.11,0.29} {0.3,0.3,0.3}
X2 {0.26.0.34.0.3} {0.18,0.22} {0.18.0.33,0.39}

TERD ST LR 52 2 )5 o 1 B3 % I 200 BR B M T R R 2 )
MRS d(xyysxn) =0, 1ad(x1n s 220) = 0. 075d (215 5 203) =
0.08 v dhum ( X1+ X)) =wy * d(xy»a2) twr ¥ d(x125222) +
ws * d (15 5225) =0. 0831, R IRIFE Y 5 2 4b 5 FH A L B 5
WA 5 RS X G 0 SRR A 22 R 1 R AR i A R R A 1Y
PEBT AT d (X, o XD =0, B AR BRABE R 4R 22 [) B 5 000 XoF Ak 1
PREG A5 T Ay b = A M 0 2 T A Rk 4 BT

F4 PRI Z IR Y HE B

Table 4 Distance between hesitant fuzzy sets

X, X, X; X, X; X; X; Xg
X; 0 0.0831 0.0578 0.0884 0.4613 0.4921 0.4917 0.5225
X, 0 0.0794 0.0681 0.4305 0.4613 0.4609 0.4917
X, 0 0.0518 0.4308 0.4616 0.4613 0.4921
X, 0 0.4000 0.4308 0.4305 0.4613
X; 0 0.0528 0.0752 0.0845
X; 0 0.0845 0.0897
X7 0 0.0507
Xg 0

TS R s D0 A5 B R X 52 4 o (. ANO, L IR 3T 5A
n=p X8, EZEEmET . TUITERE >0 >0 >0 >
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T > > >, ey = 0,306 6,7, =0. 2329, 1K Try =
0. 05, Ktk AT LL I Wiz B SR A AR ol 3 Bl X FI X
RIGHECRR O LA BRI 5E /G =1X,X,, X5,
X 1,Co={X:,X¢ . X7, X5}

SCHk[200H HHFK Sk & & - B R B 2, Bi45 )
TS5 RE—ATMRIBER BHERRAKXCOBEZEOC A
Cy o fE N K-means 53k (99 f6 # vh o0 U R 0 8104 S0 IR
Bl kR A BRI R R NC = (X, . X, . X, . X )
Co={X:: X5, X7 X5 ) GRS WG R —3,

R E T B A P SR AR R U Y A B i SR
BEATSLG AN E 1 TR . O TR A R E T B D R
XTSI . E KRR L RIERBEAE 0~1 2
V], 8K J % J9T A 500 o 2 10 T M 1 0E AT 20 B R A, A Rl R
MLE DL 5 SR B ey o S VIR B VR Sh Bl o ~0. 2,3 1

Matlab ¥ rand BECREHLA I —AFEEZEL—0. 1,0. 1]Z H /Y
BENLEL e, WAL BB TR MME N2y Lo WEARAE UL BB
JCEME T 0~1 (A, 00 5 A O B I 4 B EBUIR
FEA=2,A=4 Fl A=8 MR B o0 R R P47 R, IEXT 4521
HEAT LR S5 R 3k 6 T3,

x5 WHIrRAL

Table 5 Clustering results of initialization

# % HEEHEN AR
8 [DCRIEP.CEREP CHMD FRID CRIED. (R LD CH P €Y
7 (X1 o A X o X3 b A X 1o X A X 1 X7 . X5}
6 (XA X o A X b A X X5, X1 1 X7 Xg )

(XX b A Xy Xy o (X5 X b (X7 . X )
(X)) (X0 Xy, Xy b (X5, X b (X7 0 X )
(X1} (X0 X5, X, ) {X5 . X5+ X7 0 Xg )
(X1 :X5. X5 X, )2 (X5 . X6 . X7 . X5 )

o ow e o

%6 WHFDP 1y 5245 1
Table 6 Clustering results of WHFDP algorithm

A=1(DPC) A=2 A=4 A=38
Datasets ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
Flame 0.713  0.413  0.327 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Path-based2 1.000 1.000 1.000 0.439 0.030 0.020 0.532 0.169 0.121 0.631 0.318 0.250
Jain 0.861 0.507 0.515 0.925 0.653 0.715 0.930 0.669 0.733 0.936 0.685 0.752
Cluster5 0.993  0.974 0.988 0.994 0.977 0.990 0.994 0.977 0.990 0.994 0.978 0.990
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Fig. 1 Visualized synthetic datasets
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