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Target Detection Technology for SAR Ship Images Based on Improved YOLOV3

JIANG Haofeng, ZHANG Shun, MEI Shaohui

(School of Electronics and Information, Northwestern Polytechnical University, Xi’an 710072, Shaanxi, China)

Abstract: Automatic target recognition (ATR) of synthetic aperture radar (SAR) images is one of the key
techniques for artificial image interpretation. However, traditional SAR ship target detection algorithms are mostly
limited to the scene and poor generalization ability. In view of this, a detection model based on the improved YOLOV3
is designed. The YOLOv3 is fused with the DenseNet. The dense network block is used to replace the residual block
so as to improve the feature extraction ability, and the optimal weight of the model is obtained through training so as to
achieve end-to-end target detection. The GIoU loss is used to replace the IoU loss so as to provide more accurate
boundary box location information and improve the detection accuracy. The detection dataset of SAR ship images
produced by Aerospace Information Research Institute, Chinese Academy of Sciences are used for testing. The test
results show that, compared with the original YOLOv3 algorithm, the detection accuracy of the improved YOLOvV3
increases by 1.4%.
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