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SVM method for multi—source data fusion of sensor networks

Chen Yan', Gu Dagang', Chen Yalin®
(1.School of Mathematics and Information Science , Guiyang University , Guiyang 550002 , China ;
2.School of Management Science , Nanjing University of Finance & Economics, Nanjing 210046 , China)

Abstract: The complex nonlinear separable space is composed of multi—source sensing data and its noise. Data fusion is an im-
portant method for eliminating redundant data safely, accurately and efficiently in resource —constrained sensor networks. Because of
SVM generalization ability and its convex optimization, this paper focuses on the feasibility of transforming nonlinearly separable
multi—source data sets into high—dimensional linear separable spaces, based on the simulation experiment. The method based on the
width parameter range estimation can accurately determine the width parameter of Gaussian kernel. For the multiple classification,
the stimulation experiment show, by controlling the accumulation of errors,it is more effective to ensure the classification.
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