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SAR Target Detection in Complex Desert Background Images
Based on Deep Learning
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(1. The 38th Research Institute of China Electronics Technology Group Corporation, Hefei 230088, China ;
2. Key Laboratory of Aperture Array and Space Application, Hefei 230088, China)

Abstract; Target detection in synthetic aperture radar (SAR) image is a challenge due to the large-scale and
complex imaging scene. The classical methods based on CFAR are sensible to imaging scene. Aiming at this
problem, we propose an end-to-end target detection method for SAR image in desert scene based on deep learn-
ing. That is, the transfer learning is employed to adjust the Faster-RCNN network for optical image to the SAR
image. Experimental results of the Dessert-SAR data set show that the proposed method can achieve faster detec-
tion speed, higher accuracy and robustness compared with the classical ones.
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