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based on density peaks
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Abstract: By extending CFSFDP algorithm to continuous fuzzy sets and discrete fuzzy sets, an ex-
tended CFSFDP algorithm for fuzzy mixed data is proposed, which is named FMD-CFSFDP algorithm.
The FMD-CFSFDP algorithm extends the classical information in the sample to fuzzy sets, and achieves
the clustering of fuzzy sets by seeking the density peaks. The proposed FMD-CFSFDP algorithm is a
kind of density-based clustering algorithm established on fuzzy set for fuzzy mixed data. Firstly, the
CFSFDP algorithm and some of its improvement algorithms are briefly introduced, and the mathematical
definition of fuzzy mixed data is given. Secondly, by combining the concept of traditional fuzzy Euclidean
distance, the improved Euclidean distance for both continuous and discrete fuzzy sets with smaller error
is proposed. On the basis, the weight is introduced to establish the overall distance for fuzzy mixed da-
ta. By referring to the clustering steps of the CFSFDP algorithm, the clustering steps of FMD-CFSFDP
algorithm are given. Furthermore, under the conditions of different sample size, different index num-
ber, different cluster number and different fetching rule, random simulation experiments are carried out

on the algorithm and the clustering results are analyzed. Finally, the advantages and disadvantages of
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the FMD-CFSFDP algorithm are summarized respectively. On this basis, some improved schemes are

proposed, which provides a reference for future in-depth research.

Key words: fuzzy mixed data;density peaks based clustering; FMD-CFSFDP algorithm;improved Eu-

clidean distance;overall distance
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Figure 1 Flow chart of FMD-CFSFDP algorithm
K1 FMD-CFSFDP & i 2 &l
FMD-CFSFDP 57 i3 42 i J3 25 44, i L H: e K
Bf B &2 24 B2 O(N « M*) ,1fif CFSFDP Sk &
BB OM)™ L AR i T 500 8 X0 B 4 A8
5 4% Lk FMD-CFSFDP Bk & 22 2 & T
CFSFDP HiL1 .

5 BEWAEIIERIE

ARATIEAT 2 AR SR, BRI AT 25 K,
—3L 50 k. 1 AR — A4 200 AHEH
FEAS B M = 200 . 3647 3 MEFR, N = 3, g Ik
X =R 3MEARTA 2 02 R ERYEZS B T
. Ny =2 . Nfeks A FIHEAR B .1 2 R B
SRR 1 4 P TR B OB B 4 . N, =

1SRG FR C o 35908 A M0 330 0 M0 A A 43 i 2
A, C =2, Bl 100 MREA — AL % 2 4%
LR T4 1 0 TE AR P A 1 AN A A
S R 1 3 DR B B o AP BIR E 2 AN IE A4
fi N(155,2.3%),N(1.6,0.26%) (iX B[ 4> 45 7] L)
RATEM AU TR BB L5 2 5 4F B
St 1 3 S DR B B o AP HIR E 2 AN IE A4
fi N(41,2.3%),N(2.1,0.43%) %5 3 ™N¥8#p C &
BRI BN ML T SIS E o, 5 e WRME S
{2y Yooy B )i = (o, = g)io » o, MBI
RO C 35 I8 FE 395055 A U (0. 1) A0 IR
100 AHEA g 53— LA 1 A8 R A 3R A9
B EB BB o S BKE 2 ATES S A
N(163,3.1%),N(2.3,0.25%) 25 2 3845 B X hf
CEY T Y SR E - RN T, i
N(30,3.4°),N(3.1,0.52%) .2 3 I8 hp C XF hf
15 MTEEC{x,)0m = {1,2,3,4,5) ) % B
BOMISE C 38 1 th 345950 45 U0, 1) i, %4
B B 1 K 5 5 B O 7T 51 i Al Shammary
LSRR Y RRIEHR . L f FE RO RE A
£ ERRFIEMRFINX A0 PR
Zilc‘orric,

ac_rate (D/ f) = : ‘ D‘
H, K RN RFEAR LB LBERNADEL, corr e, &
ENC IO RN T ORI =S N
|D| REERIREAR A B corr_c, MR TNUE I B8 2855
FBAT . THEEE 1 A BEAUB ISR Y SRS IR A
BACBE L, ik 1 s, PHREIER R MC =
63. 3820 . KA IEM R IR UERE SD = 6. 3628,

Table 1 25 results of the 1st random simulation

F1 F1HAMBENER 25 AHNIWER
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FeB liaﬂﬂféﬁﬁv Ea | FRE lsﬂ?&ﬁi* Eoa%
1 0.643 2 60. 5 14 0.660 3 74.5
2 0.673 9 64.0 15 0.639 1 58.0
3 0.643 7 61.5 16 0.646 9 62.0
4 0.646 7 53.0 17 0.648 2 57.5
5 0.656 7 60.0 18 0.612 9 61.0
6 0.626 5 72.0 19 0.672 3 54.5
7 0.646 9 63.5 20 0.641 2 57.5
8 0.647 4 71.0 21 0.626 5 72.0
9 0.606 3 57.0 22 0.646 9 63.5
10 0.668 9 60.5 23 0.647 4 71.0
11 0.659 7 69.5 24 0.606 3 57.0
12 0.646 3 71.5 25 0.668 9 60.5

13 0.646 3 71.5
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Figure 2 Clustering effect diagram of the

17th experiment in the 1st random simulation
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Table 2 25 results of the 2nd

random simulation
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Figure 3 Clustering effect diagram of the
6th experiment of the 2nd random simulation
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