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The Research on a Complex Network Analysis Method
for Constructing Waveform Modes

PENG Yali YANG Yuxin ZENG Xinyi DENG Jiangang
( College of Software Jiangxi Normal University Nanchang Jiangxi 330000 China)

Abstract: Based on the actual data of public bicycles the stock time series data of the distribution points is trans—
formed into finite modal sequences to further analyze the time series volatility and extract the key features of the se—
quence and the complex network of the fluctuating modal group is constructed. Based on the analysis of sliding win—
dow and modal parameters the stock collection of public bicycle is taken to provide the basis for system optimiza—
tion. The empirical study shows that the network characteristics are related to the size of the sliding window the de-
gree of the network and the weighted clustering coefficient. By choosing the optimal parameters a feasible and effi—
cient solution for optimizing the scheduling time of the common bicycle system is proposed.

Key words: complex network; time series; stock fluctuation; modal; dynamic scheduling
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The Approximation Method of the Belief Function Based on
the Sub Focal Elements of the Large Focal Elements

XU Hongfu WU Genxiu~ XU Cai
( College of Mathematics and Information Science Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: For the problem that the number of focal elements is too much in the process of evidence synthesis so as
to have large computational complexity a belief function approximation method considering the size of the cardinal
number and the belief value of focal elements is presented. This method can control the number of focal elements
and speed up the calculation. The validity of the conclusion is verified by the analysis of examples.

Key words: evidence theory; probability theory; belief function



