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Deep learning underwater target classification based on
improved wavelet threshold denoising
LIU Jie, CHEN lJie, HAN Bing, MA Xufeng, AN lJie

(University of Electronic Science and Technology of China, National Key Laboratory of Communication Anti-interference Technology,
Chengdu 611731, Sichuan, China)

Abstract: Because of the complex marine ambient noise and low signal to noise ratio of the underwater targets to be
identified, it is difficult to extract target features, and the target recognition rate is low. Aiming at this problem, a deep
learning underwater target recognition method based on improved wavelet threshold is proposed in this paper. In this
method, a new wavelet threshold function based on the traditional wavelet threshold denoising method is adopted. The
specific threshold relates to the decomposition scale, so as to reduce the background noise and improve the recognition
rate of underwater targets. This method performs the wavelet decomposition of the measured ship radiated noise
signal and extracts the high-frequency wavelet coefficients of each layer for processing. The time-frequency
characteristics of the processed signal are extracted and input it into the subsequent deep learning neural network. The
experimental results find that, for the original data set, the deep learning underwater target recognition method based
on the improved wavelet threshold can bring the recognition rate of convolutional neural network (CNN) to 88.56%.
Further analysis shows that by using a generative adversarial network (GAN), the data samples can be expanded to
reach a recognition rate of 96.673%.
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Fig.1 Schematic diagram of wavelet decomposition process
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Table 3 Recognition rates of convolutional neural network based on improved wavelet threshold denoising

B/ %
H AR5 S /N R 1 25 e+ S /N R A 25 e+ ESCE /NI R A 25 e+ MECCGMM
STFT+CNN WVD+CNN WT+CNN
A 66.68 73.78 69.34 62.50
B 87.53 86.24 89.22 80
C 99.43 100 98.25 76.4
D 93.87 94.19 80.49 55.5
SFEIN % 86.877 5 88.552'5 84.325 68.6
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Table 4 Recognition rates of generative adversarial network

superimposed convolutional neural network based
on improved wavelet threshold denoising

p— PE%
STFT+GAN  WVD+GAN WT+GAN
A 90.32 95.51 89.71
B 89.35 93.57 91.51
C 100.00 100.00 99.42
D 95.35 97.61 92.68
IR /% 93.755 96.6725 93.33
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