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Abstract

In the traditional NJW spectral clustering algorithm, similarity measurement between samples is
determined by Euclidean distance and Gaussian kernel function. Euclidean distance is based on
the whole sample set, ignoring the correlation between local samples. Moreover, the value of Gaus-
sian kernel function is also obtained through multiple experiments, which is easy to fall into local
optimization and greatly affects the clustering results. Aiming at the above problems, a new spec-
tral clustering algorithm is proposed, which introduces the concepts of K neighborhood, shortest
path and standard deviation. The parameters of similarity measurement between samples are re-
constructed, and the relationship between samples is reconstructed with sample standard devia-
tion, so as to modify the value of Gaussian kernel function and make it closer to the characteristics
of samples. Through the experimental analysis, the algorithm not only inherits the convergence of
spectral clustering algorithm to the whole world, and is applicable to data of various shapes, but
also overcomes the limitations of similarity measurement caused by Euclidean distance and Gaus-
sian kernel function, improves the accuracy of the algorithm, and enhances the reliability of clus-
tering results.
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Figure 1. Artificial data set information graph: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles; (e) Checker-board,
(f) Three-cluster
B 1. ATLBIEEEEE: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles; (e) Checker-board; (f) Three-cluster
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Figure 2. K-Mean clustering result graph of artificial data set: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles;
(e) Checker-board; (f) Three-cluster

2. ANIBURER K HERELRE : (a) Two-cluster; (b) Two moons; (c) Spiral ; (d) Three-circles; (¢) Checker-board;
(f) Three-cluster
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Figure 3. Spectral clustering (NJW) result graph of artificial data set: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles;

(e) Checker-board; (f) Three-cluster

3. AILEIRERIEER A SC £ R E: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles; (e) Checker-board;

(f) Three-cluster
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Figure 4. NP-SC clustering result graph of artificial data set: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles; (e)

Checker-board; (f) Three-cluster

4. NITHIEER NP-SC iEEBE LR E: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles; (e) Checker-board;

(f) Three-cluster
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Figure 6. NEW-SC clustering result graph of artificial data set: (a) Two-cluster; (b) Two moons; (c) Spiral; (d) Three-circles; (e)
Checker-board; (f) Three-cluster

6. ALBUEER NEW-SC BB45R & : (a) Two-cluster; (b) Two moons; (c)Spiral; (d) Three-circles; (e) Checker-board;
(f) Three-cluster
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Table 2. Accuracy rates of artificial data sets (ACC)

= 2. AIBIEERERRACC)

g K-means SC(NJW) NP-SC PGK-SC NEW-SC
Checker-board 0.5710 0.5710 0.5740 0.5790 0.5980
Spiral 0.5890 0.6610 1 1 1
Two-cluster 0.9975 0.9975 1 1 1
Two moons 0.7337 0.7250 1 1 1
Three-cluster 1 1 1 1 1
Three-circles 0.3372 0.3369 1 1 1
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Figure 7. Accuracy histogram of artificial data sets
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Table 3. Accuracy rates of UCI data set (ACC)
3. BRMEHREACO)

RIS . FEARYEECRI RS, 42 3 & LR AT £l
£E7E K YME A1 SC. NP-SC. PGK-SC., NEW-SC %K 515 3| i) B0k e 2 (ACC)

g K-means SC(NJW) NP-SC PGK-SC NEW-SC
Tris 0.8933 0.9000 0.6800 0.9067 0.9267
Wine 0.7022 0.6292 0.4270 0.6573 0.7416
Seeds 0.8905 0.8905 03714 0.8857 0.9095
Heart 0.5926 0.5444 0.5519 0.5556 0.6259
Fertility-Diagnose 0.6700 0.6600 0.6200 0.7000 0.8900
Four-gauss 0.9800 0.9800 0.8800 0.9800 0.9900
Haberman 04739 0.7353 0.7386 0.7320 0.7386
Bupa 0.5536 0.5623 0.5652 0.5652 0.5826
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