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Abstract: A wavelet threshold neural network (WTNN) model is proposed for denoising and prediction of cooperatively
received radar signals. This WTNN incorporates a wavelet denoising layer with optimal wavelet thresholds into the neural
network, for signal denoising and predicting. The training algorithm is simplified by the single-layer reconstruction of
wavelet coefficients, leading to a compact programming. By analyzing the training algorithm, we derive the tuning formulas
for searching optimal thresholds and network weights. The results of denoising and one-step ahead prediction for a linear
frequency modulation signal with white Gauss noise, Gauss band-limited noise or Rayleigh noise show that the WTNN
performs much better than the method of Donoho-threshold for denoising and prediction.
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