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Abstract: In order to meet the demand for high real-time and high generalization performance of radar
recognition, a radar High Resolution Range Profile (HRRP) recognition method based on deep multi-scale one
dimension convolutional neural network is proposed. The multi-scale convolutional layer that can represent the
complex features of HRRP is designed based on two features of the convolution kernels which are weight
sharing and extraction of different fineness features from different scales, respectively. At last, the center loss
function is used to improve the separability of features. Experimental results show that the model can greatly
improve the accuracy of the target recognition under non-ideal conditions and solve the problem of the target

aspect sensitivity, which also has good robustness and generalization performance.
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