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Doppler Channel Series Prediction
Using Recurrent Neural Networks
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ABSTRACT

In fast time-varying channel environments, pilot resources should be used frequently to track the channel
variation, which leads to lower time-efficiency. In this paper, we propose a recurrent-neural-network (RNN)-based
channel prediction method to improve both time-efficiency and system performance compared to the conventional
pilot-based channel estimator. During the channel training period, the channels are estimated based on the pilot
resources, and the estimated channels are used to train the RNN. In the actual channel prediction period, only
the RNN (not the pilots) is used to predict the channel series. Our proposed method can be easily applied to the
conventional pilot-based channel estimator and improves time-efficiency by achieving lower bit-error rate (BER)

performance within a certain prediction period.
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