514 %5 5 W OB R & v M Vol.14 No.5
2019 4 9 A CAAI Transactions on Intelligent Systems Sep. 2019

DOI: 10.11992/tis.201810002
[ £& H AR B 3k : http://kns.cnki.net/kems/detail/23.1538.tp.20190527.1407.010.html

NEUEMEZIESBENIEREE X

151508, B % F
(THRXF DHERERE AT R TEFR TS, L L4 214122)

W OE S GEATE R IER I H R A R B S AR R B, B2 L S e A B N B TR A R I
JEUR B TP [ AT ORI E AR e, REOCRZEMEREREARI 8, 2 T — A A BRI L IR 4R B
I T R, HRA A A LB R FIS SR D T — RO AR UM B Ok, R BRI R A TR A IE Y
B B AR AL, AR5 SR LTI A K T 1k R B A X R AR A A B S A R B (S B, IF HAR SR A A T A
LR AR B B AT S o, AR TR BRI SR R R, i — D4R m R MER R, LR W], M TR
B R HN E IE  A R I bR AT T IR 2, TR AR B R R

SRR : HLAR 2 2 s B2 SRS AT s BRI SR 2 35 2R 28 ST ASOR AR B s L R i 4T RUE S8k
FESES: TPI8 XHEIREL: A XEHS:1673-4785(2019)05-0897-08

5 AR R, BT AU RME SRS RERERLEE J). BRRFKEH, 2019, 14(5): 897-904.
F 5| A1&3K: CHU Derun, ZHOU Zhiping. Shared nearest neighbor adaptive spectral clustering algorithm based on axiomatic
fuzzy set theory[J]. CAAI transactions on intelligent systems, 2019, 14(5): 897-904.

Shared nearest neighbor adaptive spectral clustering algorithm based on
axiomatic fuzzy set theory

CHU Derun, ZHOU Zhiping

(Engineering Research Center of Internet of Things Technology Applications Ministry of Education, Jiangnan University, Wuxi
214122, China)

Abstract: For the traditional spectral clustering algorithm, the Gaussian kernel function is usually used as the similarity
measure. However, the similarity of distance cannot fully express the ambiguity, uncertainty, and complexity inherent in
the original data, resulting in the reduction of clustering performance. To solve this problem, we propose an axiomatic
fuzzy set shared nearest neighbor adaptive spectral clustering algorithm. First, the proposed algorithm uses a fuzzy sim-
ilarity measurement method based on axiomatic fuzzy set theory to measure more suitable data pairwise similarity by
identifying features. Then, the structure and density information of sample point distribution in a dense area is obtained
using the method of sharing the nearest neighbor, and the parameter o is automatically adjusted according to the density
degree of each point in the domain, thereby generating a more powerful affinity matrix to further increase the accuracy
rate of clustering. Experimental results show that the proposed algorithm has better clustering performance than dis-

tance spectral clustering, adaptive spectral clustering, fuzzy clustering, and landmark spectral clustering.
Keywords: machine learning; data mining; clustering analysis; fuzzy clustering; spectral clustering; axiomatic fuzzy set

theory; shared nearest neighbor; scale parameter
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Table 1 Characteristics of the UCI experimental datasets
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Table2 Comparison of CE on the UCI datasets %

itk KASP SC STSC AFS Nystrom LSC-R LSC-K A
Heart 19.47 19.63 21.14 29.62 21.64 17.18 16.25 15.27
Hepatitis 37.48 29.72 38.77 44.18 36.74 31.36 29.43 27.14
Sonar 40.25 42.38 42.85 37.24 40.57 39.26 38.27 35.61
Wobc 3.31 3.45 3.37 2.78 3.24 3.12 2.84 2.72
Wdbc 8.58 9.54 7.27 18.13 8.32 6.85 6.53 6.03
Iris 9.57 10.05 7.31 9.66 9.34 8.78 8.62 7.42
Wine 3.62 3.46 2.82 3.47 3.74 3.36 3.15 2.89
Protein 56.53 53.74 56.28 64.65 56.35 54.37 53.58 51.12
Libras 57.56 55.46 53.48 62.76 58.82 56.27 55.63 52.31
LetterRec 45.42 47.83 46.56 48.35 4527 43.85 43.26 41.37
Covertype 53.81 54.76 54.36 52.25 53.68 52.85 52.24 51.15
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Table 3 Comparison of NMI on the UCI datasets %

Ve KASP SC STSC AFS Nystrom LSC-R LSC-K AR
Heart 32.61 28.51 25.83 17.62 30.37 3545 37.11 38.18
Hepatitis 14.84 14.55 4.84 3.23 14.68 15.16 1533 15.86
Sonar 14.53 7.56 1.67 17.22 12.15 16.48 17.23 19.09
Wobc 78.57 77.12 80.04 73.86 78.34 80.49 81.13 81.76
Wdbc 65.69 63.33 61.45 60.31 64.57 67.14 67.62 68.97
Iris 79.73 77.85 79.21 78.57 78.67 80.24 80.75 81.46
Wine 87.59 87.32 86.93 85.56 87.46 87.61 87.69 87.86
Protein 56.17 54.42 46.25 35.63 56.83 59.43 60.85 62.18
Libras 65.48 63.72 64.91 38.14 64.63 66.37 66.88 68.07
LetterRec 40.16 35.19 37.67 34.53 39.12 37.34 39.63 41.27
Covertype 7.44 6.87 7.19 6.54 7.42 8.31 9.02 9.83
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