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Table 4 Test datasets

-+ 4 b E=N
P S (16 e IS KR ;
spge s B g e
D Number of Data Sample size
ataset charac-
classes L volume per class
teristics
Iris 3 4 150 50,50,50
Glass 6 9 214 70,17,76,13,9,29
Cancer 2 9 683 444,239
CMC 3 9 1473 629,334,510
Wine 3 13 178 59,71,48
Syntheticl 3 2 300 100,100,100
Synthetic2 3 3 300 100,100,100

3.2 EfhfERR
PEFE KHM B K580 (DL R iR N “KHM™) ™ |

5| 7148 & K #J{d (Gravitational Search Algorithm
K-Means, GSAKM) 53 k07 #EAL A6 K 98 Fi 4 B
(Particle Swarm Optimization K-Harmonic Means,
PSOKHM) # L x COOTKHM"" 5 FCOOT-
KHM #4752 50 09 B8 m) % 1, %4 KHM 19 H AR
BRI KHM(X OO PEN REHRAR T T 8 K P i
2 RRVBORH 25 T 800 X 525 50 1 B R R, T A B
BN R R, 5] AR (Accuracy) .
A B0 (Precision) « A A1 (RecalD) \F ¥ & (F-meas-
ure) A & Kappa REHAT R AL LR, (8] I ] 3l
b VT3 A R v SR 2 A A R 1 A e B
75 0 o R DFAili 58 28 S0 A WAL SICER B R L BORS FE .  T
TH 3 E 9K 1 PR 3R B2 o B30 32 AT 20 YO BOCH 25 18

L RIEAT IR,
HERR E A8 b5 X
K
Accuracy= e s (20)
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K B B A Kappa & 2040 Wl #2 F+ 1 13.88%.
12.12% 6. 49 % F1 8.20% 1. 57% .1. 98 % . BPfifi ¢
FEOE 2 B2 A T 38 In DL R AR R ) CMC #5084
L, FCOOTKHM 4K 26 31 Y 55 % AR B B 53 g 3

RARATATH . F R 0T LU T 34 45 4 o 5 0 3 [l
TR AR A ZE AR . FCOOTKHM 1) F |
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Table 5 Cluster index results of different algorithms
RER R
Bl 4 s Cluster index
Dataset Algorithm e i e F Kappa 7 41
Accuracy Precision Recall F-measure Kappa coefficient
Iris KHM 0.852 5 0. 858 5 0.880 2 0.865 4 0.698 4
GSAKM 0. 860 9 0.882 6 0.685 7 0.8711 0.703 7
PSOKHM 0.881 2 0.881 5 0.894 6 0.883 7 0.715 3
COOTKHM 0.918 4 0.918 2 0.901 1 0.890 8 0.793 7
FCOOTKHM 0.946 2 0.945 8 0.906 9 0.908 3 0.874 6
Glass KHM 0.689 2 0.713 5 0.792 4 0. 883 6 0.342 1
GSAKM 0.696 5 0.720 2 0. 805 6 0.895 3 0.359 8
PSOKHM 0.796 3 0.727 5 0.806 7 0.863 5 0.362 7
COOTKHM 0.723 1 0.7358 0.830 1 0.895 6 0.458 3
FCOOTKHM 0.794 5 0.793 7 0.857 6 0.908 7 0.473 6
Cancer KHM 0.540 9 0.557 8 0.543 8 0.576 8 0.228 4
GSAKM 0.556 7 0.522 4 0.516 7 0.523 3 0.238 5
PSOKHM 0.599 6 0.575 8 0.528 7 0.550 4 0.284 7
COOTKHM 0.586 7 0.584 9 0.587 2 0.584 6 0.302 8
FCOOTKHM 0.697 3 0.608 3 0.608 7 0.5938 0.3247
CMC KHM 0.477 2 0.487 3 0.490 4 0.478 2 0.511 2
GSAKM 0.494 6 0.515 4 0.690 8 0.490 4 0.583 2
PSOKHM 0.508 7 0.538 5 0.509 8 0.534 2 0.598 3
COOTKHM 0.519 2 0.575 4 0.5357 0.564 7 0.694 8
FCOOTKHM 0.5837 0.673 4 0.679 2 0.746 4 0.782 7
Wine KHM 0.573 6 0.526 5 0.472 4 0.503 9 0.632 2
GSAKM 0.580 9 0.534 8 0.479 8 0.527 8 0.647 0
PSOKHM 0.581 6 0.562 5 0.498 3 0.537 4 0.652 8
COOTKHM 0.603 7 0.581 2 0.500 3 0.536 7 0.660 1
FCOOTKHM 0.653 2 0.590 3 0.527 1 0.573 6 0.673 2
Syntheticl KHM 0.2857 0.284 7 0.290 8 0.308 2 0.573 6
GSAKM 0.307 5 0.311 6 0.340 2 0.349 2 0.609 8
PSOKHM 0.4152 0.373 4 0.387 3 0.395 8 0.676 3
COOTKHM 0.393 0 0.3837 0.3847 0.438 2 0.702 9
FCOOTKHM 0.402 3 0.457 2 0.394 5 0.5837 0.782 7
Synthetic2 KHM 0.453 7 0.468 7 0.431 6 0.420 9 0.7837
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Continued table
KI5 b
AR B %:(f Cluster index
Dataset Algorithm LS 5 H il & F i Kappa %%t
Accuracy Precision Recall F-measure Kappa coefficient
GSAKM 0.495 0 0.503 4 0.470 5 0.451 1 0.793 2
PSOKHM 0.501 9 0.513 4 0.490 5 0.503 8 0.805 8
COOTKHM 0.574 1 0.594 5 0.474 9 0.592 1 0.872 2
FCOOTKHM 0.604 8 0.608 2 0.573 8 0.676 3 0.8927

Note: the bolded data in the table indicate the optimal solution of the algorithm.
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Fig. 10 Algorithm convergence performance
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A Data Clustering Algorithm Based on Fuzzy COOT K-Harmonic
Means

DAT Luanyue'*,LIANG Xiaoyue' , WANG Shuai' , WANG Zhenpo®"

(1. Postdoctoral Research Station of Beijing Peony Electronic Group Co. ,Ltd. . Beijing, 100089, China;2. National Engineering La-
boratory for Electric Vehicles, Beijing Institute of Technology.Beijing,100081,China)

Abstract ; To solve the problem that the clustering algorithm K-Harmonic Means (KHM) is easy to fall into a
local optimum,a clustering algorithm Fuzzy COOT K-Harmonic Means (FCOOTKHM) combining the rapid
local development capability of KHM and the global exploration capability of Coot optimization algorithm
(COOT) is proposed. The initial clustering solution generated by KHM is input as the initial population
structure of COOT,and then iterative optimization is carried out. To further improve the search accuracy of
COOT,a fuzzy logic is designed to adaptively adjust the convergence factor and leader population proportion
of COOT,which can balance the search and development capabilities of the algorithm. The harmonic mean of
clustering is used to evaluate the fitness of individual populations and iteratively search for clustering results.
Seven datasets of University of California Irvine (UCI) were used to validate the clustering performance of
FCOOTKHM. The results showed that the improved algorithm performed better in terms of accuracy, preci-
sion,recall, F-measure, Kappa coefficient and convergence speed,which can enable more accurate data cluste-
ring.

Key words: fuzzy logic; fuzzy system; Coot optimization algorithm (COOT); K- Harmonic Means (KHM) ;

clustering; convergence
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