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Abstract Due to complex and variable environments, mobile communication faces serious challenges. To
process complex events,it is important to predict the outage probability(OP) performance of mobile com-
munication system.In this paper,the OP performance prediction is investigated,and an Elman neural net-
work-based OP performance prediction algorithm is proposed. The exact closed-form expressions for the
OP are derived.Compared to the radial basis [unction(RBF),locally weighted linear regression(LWLR),
and wavelet neural network(WNN) methods,the Monte-Carlo results verify the accuracy of the analytical
results,and our proposed method can consistently achieve higher OP performance prediction results than
other prediction methods.
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