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High Resolution Range Profile Ship Target Recognition Based on CNN
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Abstract: For the problem that traditional target recognition method is difficult to mine the deep feature of
data, the application of convolutional neural network (CNN) to high resolution range profile (HRRP) target rec-
ognition method is proposed in this paper. It realizes the automatic extraction of deep features of data. Firstly,
the CNN model is constructed and the network parameters are set. Secondly, for the problem that HRRP data
are one-dimensional, HRRP data are reordered to transform one-dimensional data into two-dimensional data.
Then, the CNN model is trained with training data to obtain network parameters. Last. the target recognition of
test data is carried out with trained network model. The generalization performance of CNN is verified by halving
the data and adding noise. The target recognition rate of CNN can be further improved by optimizing the learning
rate. Experimental results of measured data show that CNN achieves better recognition performance.

Key words: radar target recognition; high resolution range profile(HRRP); convolutional neural network
(CNN); deep learning
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