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Abstract . The target recognition of synthetic aperture radar (SAR) images is of great significance to the acquisition of military targets on
the ground and sea. Realizing the automatic interpretation of SAR image targets and improving the accuracy of image target recognition
have become a hot issue in SAR image research. To accurately obtain the target information in the SAR image, and solve the problem of
serious loss of detailed features in the process of deep neural network training small sample SAR images, and the network is prone to over—
fitting , we propose a neural network model based on RCF (ResNetl01 -CBAM-FPN) to extract SAR image features. ResNetl01 is used
as the backbone network model for feature extraction,and the convolutional attention module is added to the backbone network model to
guide the neural network to be targeted for extraction of key feature information of SAR images. Then,combined the feature pyramid net-
work , the fusion of high-level features and low—level features of neural network is realized to enrich feature information. Finally, the
ideas of transfer learning is fused. The RCF network model is pre—trained by simulating SAR images with relatively sufficient data. The
model parameters obtained by pre—training are transferred to the target network as the initialization parameters of the target network ,and
the target network is used to iteratively train the SAR image. The experiment shows that the proposed method can effectively improve the
recognition accuracy of SAR images with small sample data,and achieve a high recognition rate of 99.60% on the MSTAR data set.
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