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Improved kernel extreme learning machine localization algorithm

YANG Jinsheng, GUO Xueliang, CHEN Weigang
(School of Microelectronics, Tianjin University, Tianjin 300072, P.R. China)

Abstract: Aiming at the problems of neural networks wireless location, such as large training time consumption and positio-
ning results easily interfered by noise, this paper presents an improved kernel extreme learning machine wireless positioning
algorithm. Firstly, the training data is obtained by the method of multiple measurements at the same location. Then, the da-
ta obtained at the same position is divided into a sample subspace and the characteristics of the sample subspace are extrac-
ted to replace the original training data. At the same time, the kernel extreme learning machine algorithm is improved by u-
sing the matrix approximation and matrix extension theory. Finally, the processed training data is trained by the improved
kernel extreme learning machine, and the positioning prediction model is obtained. The simulation results show that the im-
proved kernel extreme learning machine has shorter training time and the positioning speed is faster under the same data set.
In the case of the same noise interference, the algorithm makes less prediction errors. It has been proved that the algorithm
can not only improve the training speed and positioning speed of the network , but also reduce the interference of noise and
improve the positioning accuracy.
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