TS | = B AME EER
Radio Communication | B F4SEEHENELFIFIVNELIEZTNNSEMNFHRX A

BT ERERNERFEINFEIN
HEZEZANIBECLPHIMNA

Application of Online Sequence Learning Machine Algorithm
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Abstract:

With the increasing demand for indoor positioning, fingerprint—based positioning methods are widely used due to their advan—
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tages of low cost, easy implementation and high accuracy. However,the training cost of the fingerprint localization algorithm is
high in the offline stage, and the received signal strength value is easily affected by noise,and the fingerprint localization algo-
rithm lacks flexibility to the dynamic changes of the environment. It proposes an online sequence learning machine algorithm
based on feature dimension reduction (PCA-OS—ELM). The PCA algorithm can reduce the dimension of the original RSSI da—
ta,remove the interference information, and construct new features. The fast learning ability of OSELM can reduce the train—
ing cost in offline phase and adapt to the dynamic changes of the environment. Comparative experiments are carried out in
two different environments, and the results show that the proposed algorithm can adapt to the dynamic changes of the envi—
ronment and improve the positioning accuracy.
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