%34% E-H it B O I 2008 £ 3 A

Vol.34 No.5 Computer Engineering March 2008
c ATERERIRBIRA - XEHES: 1000—3428(2008)05—0188—03  AKERIRED: A FEHES. TPISL
250014

Parameter Selection Method Based on
Kernel Nearest Neighbor Classification

QIU Xiao-yu, ZHANG Hua-xiang

School of Information Science and Engineering, Shandong Normal University, Jinan 250014

Abstract This paper proposes kernel nearest neighbor to classify the data sets. The parameter of the kernel function is the most difficulty question
of this research topic, so this paper proposes a hybrid approach to use the target function to choose an adaptive parameter. Through testing the
approach on a typical classification data sets, and the preliminary results demonstrate that, the target function can provide an adaptive parameter to
optimize the kernel function for classification in various domains, especially compared with other kernel-based nearest neighbor classification
methods.
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