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SVM- KNN Classfier —A New Method of Improving the Accuracy of SYM Classfier
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A new agorithm that combined Support Vector Machine (S/M) with K Neareg neighbour ( KNN) is presented and

it comesinto being a new clasdfier. The dassfier based on taking SYM as a 1NN classfier in which only one representative poirt is
sdected for each class. In the cdlass phase ,the dgorithm conputes the disance from the ted sanple to the optima super-plane of SYM
in festure Pace. If the didance is greater than the gven thresold ,the ted sanple would be dasdfied on S/YM ;othewise the KNN d-
gorithm will be used. In KNN agorithm we sdlect every support vector as representative point and conpare the disance between the
teging sanple and every support vector. The testing sanple can be dassed by finding the k-neares neightour of tesing sanple. The
numericad experiments show that the mixed dgorithm can not only inprove the accuracy compared to ©le SYM ,but d o better lve
the problem of sdlecting the parameter of kernd function for S/M.
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