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Abstract: An approach of estimating link quality was proposed which is based on exireme learning
machine. The index of link asymmetry, the coefficient of variation of signal to noise ratio and mean signal
to noise ratio are chosen as link quality parameters. Link quality level is classified by link packet receive
rate which is the evaluation index. Particle swarm optimization algorithm is employed to optimize input
weights and offset parameter, so that link quality model is built. In different scenarios, compared with
the support vector classification machine estimate methods, the experimental results show that the pro-
posed estimation method achieves better precision.
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