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Abstract

This paper presents a new Spectral clustering analysis algorithm based on the unsupervised
learning. Spectral clustering algorithm has its own unique advantage. For example, it can be
clustered in any irregular shape of the sample space, but also be obtained the optimal solution in
the global. The article prefers to use the clustering algorithm of the similarity measure as the
breakthrough point to improve the traditional similarity measure. I use the manifold distance as
the similarity measure instead of the Euclidean distance on the basis of the traditional spectral
clustering algorithm (NJW-SC). On the basis the object set and the sample clustering can be clus-
tered. After I set the experimental comparison with the new algorithm and K-means algorithm,
traditional spectral clustering algorithm (NJW-SC), the fuzzy clustering algorithm (FCM) on artifi-
cial data set, it can be concluded that the new algorithm has been achieved good results in the
convex shape of the data sets and on the global consistency. On UCI data sets, I tried to use the ar-
tificial labeling evaluation index F-measure numerical calculation to carry out on the clustering
quality. At last, I chose the aurora images and tried to use them to verify that spectral clustering
algorithm also had very good application in the aurora classification.
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Figure 1. Euclidean distance defects on reflecting global consistency
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Figure 2. Contrast of four algorithms on artificial data sets two-spiral2
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Figure 3. Contrast of four algorithms on artificial data sets smile
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Figure 4. Contrast of four algorithms on artificial data sets blobls and circle
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Figure 5. Contrast of four algorithms on artificial data set two_moons
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Table 1. The experiment selected data characteristics of the data set

7 1. KU ERAY B SR O SRS E

EAEITE S FEAAN 4L iy FH
Soybean 47 35 4
waveform 5000 21 3
Sonar_all data 208 60 2
iris 150 4 3
glass 214 9 6
Libras_movement 360 89 15
Z00 101 16 7

Table 2. The value of F-measure on 7 data sets using 4 algorithms

3% 2. 4 ThEGETE 7 N8RS EAY F-measure (&

EAE/E K-means NIW-SC FCM MDNIJW
Soybean 0.67 0.79 0.78 0.82
waveform 0.53 0.51 0.54 0.56
Sonar_all data 0.57 0.55 0.56 0.67
iris 0.88 0.87 0.89 0.93
glass 0.53 0.54 0.55 0.57
Libras_movement 0.44 0.47 0.45 0.53
200 0.88 0.86 0.81 0.87
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Table 3. The robust of the 4 algorithms on UCI data set
3. B4 MEAE UCI SRS Liasit

HusE K-means NIW-SC FCM MDNJW
Soybean 0.842 0.974 0.974 1.000
waveform 0.978 0.943 0.986 1.000
Sonar_all data 0.846 0.838 0.846 1.000
iris 0.953 0.939 0.961 1.000
glass 0.950 0.975 0.983 1.000
Libras_ movement 0.845 0.909 0.872 1.000
Z00 1.000 0.966 0.910 0.989
sum 6.414 6.545 6.531 6.989
B Soybean M waveform M sonar iris Mglass MWlibras MWzoo
80
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Figure 7. The comparison of the robust of the 4 algorithms on UCI data set
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Figure 8. The classification of the aurora images
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Table 4. The comparison of F-measure value of the aurora image classification data sets using 3 algorithms
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Table 5. The value of F-measure after adding noise using 2 algorithms

5 5.2 FhE RS F-measure {&

Ly TR T e P iR g
MDNIJW 0.3850 0.3700
NJW 0.4350 0.4150
2
1 (z —/1)
z)= exp| — 12
r(2) — p[ 5o (12)

TEEG AT, 2z FoRIEEURIIRKEE, p R RECAN M, o RRRTZE. &z IR
%ﬁﬁ%ﬁ@’%EUﬂﬂﬂﬂﬁaﬂﬁﬁW%%Eﬁ@@ﬁm%7W&%ER#JUM#HMH%EW
KA 90%.

PRER IS« ARGER M P L S B R A 1 80 5 U B XUk e 75, G 75 7 LR R B L 20 A R Sl 45 A
FERRORL, & — M= R B e BB A RS, s, BRI BSEx D iR . KoY G
MITIR], AR = A R R FE . i DATE R T SE58 N BE S 0.05 ARBER M 75 SR TPt T b 22
IR R .

AR HE b T ) 5256 45 RO I/E MDNIW 124 NIW Sk, 2 p 43 51 HC 1000 110 B3R B A (1 5R 25 4%
B, FrRLIRAE p HX 1000 F1 10 B ADNIXPIFPIE S, 45 211 5250 S 2R 45 RAVFN FE AR 1K) F-measure 414 5.

43.4. BRI

M TH TS S B0EHE ,  R R EIRI4 R F T K-means AR H%, AT M F LML T I
Mg, SRAG T AT BN RAFMIRBEE R, I0AE 7 AT IRAT IR S I R EETENOE o K — e I 1E
F o AHSR TG A2 BT HE th I SRl e A 2 YL, TEMOE 0 SR B0 AT SRR AT SR8 BR, A
U B 2 ) R RIS AR S 1 oy R ACR, I IRR ol 2= /) . 2 5 o] DAZE AN 7 4k 8245 1), —
AN RAFIEREG 5 — R REREIR G . o (AT AT AR ) B35 R BRI RO, R
TRt p (AT AW, CAHIAS B S ER R 1 R R R

5. &5RIE

H 2 T R R S 3 SRR AR AR TR AR BB 5 BN R e U, AN IR BB I SRRRCR . N
TIRERITR, BT RAT R RS AR DN B T A IR Bk h, B N THUAEM UCT Hse i
FERUNH, FRRR I RINE SRS =M AEEAT L. 25 R It 1075328 AE RO G -HR 2y
Frb, BARBABSAER I RIPCR, R4 7 —Mog e A5k, fEBAR SR A i e
JitH, BEVSRRARTI SRR, WORRESAE A H R BRSO T RIS R R, B AR R AT A
PR PEREDUE . A SN DI L

BET#k (References)

[1] Jain, A.K., Murty, M.N. and Flynn, P.J. (1999) Data Clustering: A Review. ACM Computing Surveys, 31, 264-323.
http://dx.doi.org/10.1145/331499.331504

[2] Duda, R.O., Hart, P.E. and Stork, D.G. (2001) Pattern Classification. 2nd Edition, John Wiley & Sons, New York.
[3] Che, W.F. and Feng, G.C. (2012) Spectral Clustering: A Semi-Supervised Approach. Neuro Computing, 77, 119-228.

[4] Zhao, F., Liu, H. and Jiao, L. (2011) Spectral Clustering with Fuzzy Similarity Measure. Digital Signal Processing, 21,
56-63. http://dx.doi.org/10.1016/j.dsp.2011.07.002

C2)



http://dx.doi.org/10.1145/331499.331504
http://dx.doi.org/10.1016/j.dsp.2011.07.002

INET, EH

Alzate, C., Johan, A. and Suykens, K. (2012) Hierarchical Kernel Spectral Clustering. Pattern Recognition, 35, 24-35.

Zhang, X., Jiao, L., Liu, F., et al. (2008) Spectral Clustering Ensemble Applied to SAR Image Segmentation. [EEE
Transactions on Geosciences and Remote Sensing, 46, 2126-2136.

Fiedler, M. (1975) A Property of Eigenvectors of Non-Negative Symmetric Matrices and Its Application to Graph
Theory. Czechoslovak Mathematical Journal, 25, 619-633.

PU AR, R BSIETT T M]. R REER S H AL, 2011.

Geng, X., Zhan, D.C. and Zhou, Z.H. (2005) Supervised Nonlinear Dimensionality Reduction for Visualization and

Classification. [EEE Transactions on Systems, Man, and Cybernetics, Part B: Cybernetics, 35, 1098-1107.
http://dx.doi.org/10.1109/TSMCB.2005.850151



http://dx.doi.org/10.1109/TSMCB.2005.850151

	Clustering Algorithm and Its Application in the Classification of Aurora Based on the Manifold Distance
	Abstract
	Keywords
	基于流行距离的聚类算法及其在极光分类中的应用
	摘  要
	关键词
	1. 引言
	2. 谱聚类算法
	2.1. 谱聚类算法基本思想
	2.2. 基于流行距离的谱聚类算法
	2.2.1. 流行距离
	2.2.2. 基于流行距离的谱聚类算法流程


	3. 实验及其分析
	3.1. 对人工数据集聚类
	3.2. 对UCI数据集聚类
	3.3. 鲁棒性分析

	4. 基于流行距离的谱聚类算法在极光分类中的应用
	4.1. 极光分类发展现状
	4.2. 极光图片处理
	4.3. 实验过程
	4.3.1. 图片的特征提取
	4.3.2. 实验结果
	4.3.3. 加噪处理
	4.3.4. 结果分析


	5. 结束语
	参考文献 (References)

