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Study on One— class Classification with Multi Hyper—spheres Based on
Maximal Tree Clustering and Its Applications
Liu Lijuan Chen Guo
Nanjing University of Aeronautics and Astronautics, Nanjing, 210016
Abstract: An one— class Classification with multi hyper — spheres based on maximal tree cluste-
ring algorithm was presented herein. The training samples were firstly clustered into several sub—
classes by the maximal tree clustering algorithm, and then, the sub—classes data were trained sepa-
rately using one—class SVM(OC—SVM) and the multi hyper — spheres classifying models were es-
tablished. The new method was applied to the instances of the simulation data set, UCI data sets and
the rotor faults diagnosis, and the results show the effectiveness of the new method.
Key words: one—class classification; maximal tree clustering; multi hyper—sphere; rotor; fault
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Analysis and Comparison of Grinding Forces between Plunge Grinding and Traverse Grinding
Li Sha Li Haolin
University of Shanghai for Science and Technology, Shanghai, 200093

Abstract: Complex cylindrical grinding processes including both plunge grinding and traverse
grinding were investigated. According to the traverse grinding characteristics, the grinding wheel was
equivalent to a number of small wheels,a parabolic model for wheel wear was built based on the tradi-
tional steps model. The comparision formula of tangential grinding force was derived based on two
tangential grinding forces of plunge grinding and traverse grinding the ratio of the tangential grinding
force reflected tangential grinding varieties from the plunge grinding to the traverse grinding and was
concerned with grinding coefficient, the wheel width and the traverse feed rate. The tangential grind-
ing force was analyzed by the grinding wheel spindle power signals in experiments and the parabolic
model is more realistic. Using force signals and power signals to monitor the complex grinding proces-
ses provides a reference method.

Key words: plunge grinding; traverse grinding; grinding force; power signal
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