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Abstract

We propose a noise injection-based deep neural network channel prediction method for
single-input single-output time-varying channels, motivated by service environments that require
reliable wireless transmission, such as mobile generative-Al-based media services. The proposed
method injects noise corresponding to the signal-to—noise ratio of the test environment into the
training input, enabling robust channel prediction even in the presence of pilot-based channel
estimation errors. Simulation results demonstrate that the proposed method achieves lower
normalized mean squared error and bit error rate compared with a baseline deep neural
network-based channel predictor. The results also indicate that the proposed method provides more

pronounced performance gains in high-Doppler environments.
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