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LIBSVM
Wine Data Set RBF 2.674 3 3
(178 x 13) 1.434 2 3
Balance Scale RBF 3.1422 )
Data Set( 625 x 4) 1.700 5
Statlog ( Heart) RBF 3.156 2
Data Set( 270 x 13) 1.511 6 :
User Knowledge Modeling Data RBF 2.095 8 Wine Data Se( 178 x 13) 2.900 5 RBF
Set( 403 x 5) 1543 6 Balance Scale Data Set( 625 x 4) 1.545 8
Australian Credit Approval Data  RBF 3.125 8 Statlog ( Heart) Data Set( 20x13)  2.6439  RBF
Js i ats
Set( 690 x 14) 0.969 2 User Knowledge Modeling Data Set L9226
Tic-Tac-Toe Endgame Data Set  RBF 2.4203 (403 x3) .
(958 x9) 1.359 0 Australian Credit Approval Data 42352 RBF
Liver Disorders Data Set( 345 x RBF 2.459 9 Set( 690 x 14)
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ate ot X
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User Knowledge Modeling Data Set RBF RBF 92.59 93.83 96.30 94.24 2.68
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Australian Credit Approval Data Set RBF RBF 100. 00 100. 00 100. 00 100. 00 2.69
(690 x 14) 98.55 100. 00 99.28 99.28 2.77
RBF RBF 86.46 84.38 84.90 85.25 2.71
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but not amount of ingested plastic particles in short-tailed

The Analysis on Composition and Source of
Typical Coastal Litter Belt in Poyang Lake

LI Na' ZHOU Hui' FU Wenchang' NI Caiying'~ JIAN Minfei’
(1. College of Geography and Environment Jiangxi Normal University Nanchang Jiangxi 330022 China; 2. College of Life Science Jian—
gxi Provincial Key Lab of Protection and Utilization of Subtropical Plant Resources Jiangxi Normal University Nanchang Jiangxi
330022 China)
Abstract: In order to understand the sources and composition of the litter in Poyang Lake rubbish belts on the em—
bankments of Poyang Lake are surveyed. Through the investigation on 20 garbage belts sample plot the result finds
that plastic garbage is the maxmum then followed by woven garbage wood garbage glass supplies metal garbage
smoking articles and others. By composition analysis the main source of sampled rubbish is fishing activities the
second sources of sampled rubbish are shoreline activities and other disposals of resident. These results can provide
a scientific basis for the prevention and control of garbage in Poyang Lake as well as decision-making basis for the
water resources protection and regional socio-economic development planning of Poyang Lake.

Key words: Poyang Lake; coastal litter belt; plastic; source analysis

( 313 )
The Selection of SVM Kernel Function Based on Fractal Theory

LIANG Liming CHEN Mingli LIU Bowen WU Jian
( School of Electrical Engineering and Automation Jiangxi University of Science and Technology Ganzhou Jiangxi 341000 China)

Abstract: As one of the research focuses in machine learning Kernel method has been widely applied in classifica—
tion regression and some other fields due to its a great deal of advantages in dealing with nonlinear and high-dimen—
sional data problems. Support Vector Machine ( SVM) is the most representative method and different kernel func—
tions have different measurement features. Therefore the selection of kernel function has an important influence on
the generalization capability of SVM. However kernel function selection is still an open problem at present and
there exists the contingency and limitations which the process reveals. In order to improve the generalization ability
of SVM the kernel function is selected by using the adjustment information of fractal geometry analysis data and the
simulation results show that the method is effective and feasible.

Key words: kernel method; SVM; kernel function; fractal geometry; fractal dimension



