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Residual Structure Neural Network
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Abstract: The depth of neural network is positively correlated with the recognition effect in a certain range. In
order to solve the problem that model recognition accuracy decreases when the number of network layers
increases after exceeding the range. A neural network model with efficient micro internal blocks structure and
residual network structure is proposed, which is used for recognition of ship targets based on High Range
Resolution Profile (HRRP) data. In this method, the convolution module with a small scale convolution kernel
is used to extract automatically the stable and separable features of target. And the intra-class distance of the
target is constrained by the joint loss function to improve the recognition ability. Simulation results show that
compared with other common network structures, this model has better recognition performance and stronger

noise robustness with fewer model parameters.
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