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D istr ibuted SYM based on mproved cluster ing algor ithm and its
application
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Abstract: An mproved rival penalized competitive learning (IRPCL) clustering algorithm isproposed A distributed
support vector machine (DSVM ) is constructed A iming at the difficulty of computing bias of SYM , a two-phase
algorithm is proposed DS/M is goplied in soft sensing for ratio of soda to alunina (RSA) in the process of
high-pressure digestion of alumina Smulation result show s that the method possesses high precision and can meet
actual demands
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