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Statistical evaluation of the clustering results based on permutation test

GU Feiyang, TIAN Bo, ZHANG Simeng, CHEN Zheng, HE Zengyou
(Software School, Dalian University of Technology, Dalian 116621, China)

Abstract ; For the result of clustering, tranditional methods of evalution couldn’t assess the result in statistics. We

propose a new algorithm called ECP ( Statistical evaluation of Clustering based on Permutation test) which uses per-

mutation test to evaluate the result of clustering. To evaluate the performance of the algorithm, we use the data sets,

iris, wine, yeast, from UCI datasets. Experimental results show that the performance of the algorithm is good.
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p-value J-score accuracy
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Tris Clustering
DBSCAN  0.042 825  2.714 400 0.906 667
k-means 0.042 751  2.655 840 0.886 667
Random 0.559 588  1.095 420 0.410 112
Hierarchical
0.001 574  1.666 460 0.657 303
Wine Clustering
DBSCAN  1.892 991e-05 2.833 750 0.943 820
k-means  1.818 384e-05 2.832 200 0.943 820
Random 0.688 145  1.078 260 0.357 198
Hierarchical
0.003 871  0.835 371 0.360 277
Yeast Clustering
DBSCAN  0.000 711  1.304 800 0.434 950
k-means 7.544 556 e-05 1.881 950 0.480 370
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F2 AEkTH p-value
Table 2 The p -value of clusters for differentk

BE 2 3 4 5 6 7

Iris 0.108 518 0.042 742 0.020 435 0.017 261 0.006 991 0.003 208
Wine 0.001 946 1.988 773e-05 7.579 904e-07 2.381 891e-08 2.125 773e-09 1.537 855e-09
Yeast 0.006 911 0.001 040 6.937 873e-05 9.647 412e-06 1.327 582e-06 3.264 579¢-06

R3 ABEkETHR(K)
Table 3 The R(k) of clusters for differentk

EAEI 3 4 5 6 7
Tris 2.538 900 2.091 640 1.183 870 2.469 150 2.179 010
Wine 97.836 510 26.237 440 31.823 050 11.204 820 1.382 300

Yeast 6.644 860 14.991 890 7.191 430 7.266 900 0.406 660
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Table 4 The comparison of ECP and maximum entropy

method
ERTS iris wine yeast
PN ] 0.001 0.001 0.001
BN |
X 4.891 817e-05  0.370 0352  0.002 626 655
WMAES

ECP 0.042 742 13 1.988 773e-05 6.937 873e-05

%5 ECP 5 Sigclust 3Lt
Table 5 The comparison of ECP and Sigclust

p-value/Sigclust

g p-value/ECP [f-score accuracy
Sigclust
0.114 572 8 0 2 1

L 01216881 0 1.8 0.9

0.157 168 9 1 1.36 0.68

0.228 296 5 1 115865  0.58
0.001 534 783 0 1.876 81 0.938 462
©0.002878496  0.1992  1.673 66 0.838 462
" 0.006 082 356 1 1.430 74 0.715 385
0.221 656 1 1.011 64 0.546 154
0.006 761 993 0 1130 05 0.567 265
0.010 775 1 1 1.077 86 0.539 238
Vst 0012 549 87 1 1.073 48 0.536 996
0.256 406 2 1 1.044 03 0.522 422

433 ECP 5 ECP1 xt¥b

X—F Ui ECP H i i ECP1 7ER0CR
ARRPER . ECP1 ZARMEE ECP ik, A0k
XA AT TR R R, S SR Ak
6, S FH P AR SRR 100 000 I15 3 XF
MEIGEE, FTLLE H, 4T s B854, ECP 1
ECP1 T 60 15, 7 WL ECP 7E50CR A AT,

%6 ECP 5 ECP1 3 ZE5LL
Table 6 The comparison of ECP and ECP1

Bk iris wine yeast

ECP1 18 s 50 s 56s

ECP 1109 s 734 s 280 m
5 HRIE

ARSCHR M T — Tl i 5 T B Sk 4 Y SR 25
AT BCP, O TR AR R B H , FIAT DB-In-
dex FTHI AR S/ 1 X RE A oK BB T 53 110 52 4%
FE, B TRBIHERS Y p -value , HLE 2R 73 10 47
S BT DB-Index (14 o8 BRI AT A 8 30T 20 A1 19
PET AT LA B SRR A S 0 HEBR (Y p -value,
LIS EE RAT  ECP X P4k 3R 2 45 A 1R 47 1
ORI H AR S
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2016 The 9th International Conference on Machine
Vision (ICMV 2016)

Welcome to the official website for 2016 The 9th International Conference on Machine Vision (ICMV 2016). ICMV conference is ini-
tiated by School of Electronics, Si Chuan University, China, assisted by Halmstad University, Sweden, University of Barcelona, Spain.
This is the annual conference started in 2007 ( Islamabad , Pakistan) ,ICMV 2009 ( Dubai, UAE), ICMV 2010 ( Hong Kong) , ICMV 2011
(Singapore) , ICMV 2012 ( Wuhan, China), ICMV 2013 ( London, UK),ICMV 2014 (Milano, Italy), ICMV 2015 ( Barcelona,
Spain). ICMV 2016 will take place in Nice, France during November 18-20,2016, the conference chairs are Prof. Antanas Verikas,
Halmstad University, Sweden, Prof. Petia Radeva, University of Barcelona, Spain and Prof. Dmitry Nikolaev, Russian Academy of Sci-
ence, Russia.

The emergence of Machine Vision as a ubiquitous platform for innovations has laid the foundation for the rapid growth of the Informa-
tion. Side-by-side, the use of mobile and wireless devices such as PDA, laptop, and cell phones for accessing the Internet has paved the
ways for related technologies to flourish through recent developments. In addition, the Machine Vision Technology is promoting better inte-
gration of the digital world with physical environment. This conference serves to foster communication among researchers and practitioners
working in a wide variety of scientific areas with a common interest in improving Machine Vision related techniques.

High quality, original papers are solicited in all areas of Machine Vision. The final program will be the result of a highly selective re-
view process designed to include the best work of its kind in every category. The program will include invited talks as well as oral and
poster presentations of refereed papers.

Website . http://www.icmv.org/index.html



