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Research on combined deep neural network in acoustic helicopter

target recognition
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Abstract To improve the performance of continuous recognition of acoustic targets, a novel combined deep
neural network was proposed to extract features and recognize helicopters. In the framework of the combined
deep neural network, a modified convolutional neural network and a long short-term memory neural network
were combined primarily in a parallel manner to optimize the representation of helicopter’s acoustic charac-
teristics and implement helicopter type recognition. The optimized feature pattern extracted by the combined
deep neural network included the current spectral characteristics and time series information hidden in the
input short-term spectrum. It was designed to overcome the lack of time information of the target signal in the
conventional acoustic target recognition methods. The proposed method was tested using the real helicopter
acoustic signals from the field experiments. The results indicate that the proposed combined deep neural
network significantly improves the recognition accuracy and the robustness of the continuous acoustic target
recognition when the target is within the detection range.
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Fig. 1 Noise spectrogram of helicopter passing by
the detector
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Fig. 2 Structure of combined deep neural network
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Fig. 4 Compare of continuous recognition results
of CNN-1D+LSTM and CNN-1D
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