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Approximate Ly norm constrained BP neural network equalizer for underwater

acoustic communication
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Abstract: Aiming at the problem of slow convergence speed of neural network equalizer caused by long delay
spread and gradient descent weight iterative scheme of sparse underwater acoustic channel, a BP neural network
equalizer with approximate Lo norm constraint is proposed. Firstly, the decision feedback term is added to the
traditional BP network equalizer, and then the Lo norm constraint is added to the weight from the equalizer
input layer to the hidden layer in the cost function to construct a new cost function. The Gauss family
function is used to approximate the Lo norm constraint, and the approximate parameters are set according to
the Lz norm of the hidden layer neurons. The simulation results show that, compared with the traditional BP
network equalizer, this method has faster convergence speed and lower bit error rate in sparse channel, which
can effectively improve the performance of neural network equalizer.
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Fig. 2 Simulation channel
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