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Abstract

For the indoor location, wireless fingerprinting is most favorable because fingerprinting is most accurate among the
technique for wireless network based indoor location which does not require any special equipments dedicated for
positioning. As fingerprinting method, k-nearest neighbor(KNN) has been widely applied for indoor location in wireless
location area networks(WLAN), but its performance is sensitive to number of neighbors k and positions of reference
points(RPs). So possihilistic fuzzy c-means(PFCM) clustering algorithm is applied to improve KNN, which is the
KNN/PFCM hybrid algorithm presented in this paper. In the proposed algorithm, through KNN, & RPs are firstly chosen
as the data samples of PFCM based on signal to noise ratio(SNR). Then, the k& RPs are classified into different clusters
through PFCM based on SNR. Experimental results indicate that the proposed KNN/PFCM hybrid algorithm generally
outperforms KNN and KNN/FCM algorithm when the locations error is less than 2m.
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