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Recognition of 3D Rotating Ship Based on Mix-CV-CNN

ZHANG Yun,HUA Qing-long, JIANG Yi-cheng, XU Dan
(School of Electronics and Information Engineering , Harbin Institute of Technology, Harbin, Heilongjiang 150001, China)

Abstract: Because the ship targets are in a non-stationary motion state of random swing, conventional synthetic aper-
ture radar(SAR) imaging processing will make the targets defocused and azimuth blurred, resulting in the recognition accu-
racy of three-dimensional rotating ship. This paper proposes a mixed-type complex-valued convolutional neural network
(Mix-CV-CNN) and derives the Mix-CV-CNN forward propagation and backpropagation algorithms. The three-dimension-
al rotating target has residual phase information after SAR imaging processing. The Mix-CV-CNN could make full use of
the amplitude and phase information of the complex SAR image and could better complete the recognition of SAR three-di-
mensional rotating targets without target refocusing. The experimental results show that Mix-CV-CNN has improved recog-
nition performance compared with the real-valued convolutional neural network(RV-CNN) with the same degree of free-
dom. The average accuracy is increased by 3.85%.

Key words: synthetic aperture radar(SAR); complex-valued convolutional neural network(CV-CNN); three-dimen-
sional rotation; target defocus; ship target classification; mix-type complex-valued convolutional neural network(Mix-CV-
CNN)
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