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Analysis of Stress Distribution and Length on the Mass
Spring without Load in Rotating System

YU Xiao-ming
( Department of Fundamental Sciences Teaching, Yancheng Institute of Technology,Jiangsu Yancheng 224051, China)

Abstract; When considering the mass of spring in rotating system the spring will not uniformly stretches, which makes the stress
distribution point — to — point changes. In this article the author theoretically deduces the formulas for stress distribution and
spring length without load in uniform rotating system when the angle which is made by the plane of rotating system and horizontal
plane is arbitrary. According to the formulas the author writes out the programs and respectively maps out both the stress distribu-
tion under the circumstances of three angular velocity and three inclined angels and spring length in the conditions of three in-
clined angels. In engineering design one can both easily and quickly selects spring and accurately determine the stress distribution
or forecast the length of the spring so as to protect springs.

Keywords ; rotating system; mass spring without load; linear density of mass; stress distribution; spring length
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An Introdution to Dimensionality Reduction
Algorithms in Intelligent Recognition

GAO Jun
(School of Information Engineering, Yancheng Institute of Technology, Jiangsu Yancheng 224051, China)

Abstract ; Dimensionality reduction algorithms, as the key technologies of data preprocessing in intelligent recognition, have been
used successfully recently. On the basis of the comparison of the classical dimensionality reduction algorithms, the characteristics
and advantages of each algorithm are formulated from the perspectives of feature — selection and feature — extraction separately and
the corresponding problems and challenges about each of them are pointed out to certain extent.

Keywords : feature dimensionality reduction; feature selection; feature extraction; intelligent recognition
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