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Abstract; The research of synthetic aperture radar image target recognition has special application value in military ,national defense and
other fields. In order to recognize targets in SAR images more efficiently and accurately ,convolutional neural networks are used for SAR
image training to obtain an excellent recognition model through experiments. However, SAR images with small sample sets have poor
recognition effects, which may easily lead to problems such as over—fitting of results. To this end,a target recognition method based on
convolutional neural network simulation SAR image transfer learning is researched and proposed. A simulation SAR image data set with a
large amount of data is selected to pre—train the Inception—ResNet—v2 network model to obtain the corresponding network parameters.
Combined with the transfer learning method, the network parameters obtained by the pre—training model are transferred to the target
model as the initialization parameters of the target model,and the target model is identified and trained using SAR images,and parameter
optimization and iterative training are performed simultaneously. The experiment effectively solves the problem of overfitting caused by
insufficient SAR image data,and the accuracy of model recognition is improved. The effectiveness of the algorithm is verified through the
MSTAR data set,and the recognition accuracy reaches 99.57% .
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