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Robust DOA estimation of coherent sources based on neural network

ZHONG Dong-Qiang » HE Pei-Yu, YU Wei-Chuang
(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: Most neural network-based DOA estimation methods are designed for the uniform linear array
with a few incident signals which are uncoherent under ideal situation. To tackle the case that the array
is imperfect and its signals are coherent, this paper designs a multi-channel CNN-DNN network and an
objective function generation by introducing the errors of mutual coupling, amplitude, phase, and loca-
tion with coherent signals. The input signals of the proposed nerual network are constructed by extrac-
ting the real part, imaginary part and phase angle from the covariance matrix of the array output. The
DOA estimation results of the MUSIC algorithm under ideal conditions are fitted and the fitting result is
used to generate the target of the network. The DOA estimation networks proposed in this paper and
other literature are trained and tested using the same data set. The results show that the robustness and
decoherence ability of the proposed network are better in terms of different signal-to-noise ratios, array
errors and numbers of signal sources, compared to the previous neural network-based DOA methods.
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