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Ship Target Detection in SAR Image Based on RetinaNet

LIU Jieyu',ZHAO Tong'", LIU Min®
(1. College of Missile Engineering, Rocket Force University of Engineering, Xi’an 710025, China;
2. College of Electrical and Information Engineering, Hunan University ,Changsha 410082, China)

Abstract: In the detection of Synthetic Aperture Radar (SAR) image ship targets, the traditional artificial fea—
ture—based target detection method is less effective due to the complex background. Based on the single—stage target
detection algorithm RetinaNet in deep learning, this paper combined the characteristics of SAR image with less fea—
ture information,adopted the idea of multi—feature layer fusion and proposed a more appropriate loss function calcula—
tion method. Then we used the SAR ship detection dataset(SSDD ) data set to train the network ,and improve the robust—
ness and convergence speed of the algorithm through data augmentation and transfer learning. Finally,we compared the
method with other target detection algorithms based on deep learning through experiments. The results show that our
method has higher detection accuracy.
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Fig.1 Feature extraction network parameter
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Fig.2 FPN structure in ResNet
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Fig.3 New feature fusion structure
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Tab.2 Fusion structure of Fusion2
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Fig.4 Regression structure of Module2
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Tab.3 Algorithm performance comparison table
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Tab.4 Improved part comparison
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Fig.6 Visual comparison of output
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