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An improved satellite image ship wake detection method based on Mask R-CNN
WU Rongfeng, TANG Xiyuan
(School of Electronic and Optical Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)
[ Abstract] In order to improve the accuracy of ship wake detection using deep learning algorithms, this paper proposes an
improved Mask R—CNN network structure. Based on the structure of the traditional Mask R—CNN, a series structure of balanced

feature pyramids is introduced to enhance the fusion and recognizability of features, and GCNet is incorporated to improve the
feature extraction ability. Comparison of detection effects on landset8 dataset show that our proposed improved method achieves

better results than the traditional Mask R—CNN.
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