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A Ship Detection Technique for Optical Remote Sensing Images

FANG Meng-liang, HUANG Gang
(School of Computer,Nanjing University of Posts and Telecommunications, Nanjing 210023 , China)

Abstract; Remote sensing image target detection and recognition is one of the research hotspots in remote sensing image analysis and pro-
cessing , which has very important scientific research and application value. Ship detection based on optical remote sensing image is one of
the applications in the field of remote sensing image analysis and processing. The traditional remote sensing image ship target detection
method has insufficient accuracy and limited application range. Therefore, the deep learning—based Faster R—CNN is applied, which is
excellent in natural picture target detection tasks. Due to the small size of ships on the sea surface in optical remote sensing images and
the obvious difference between natural images and satellite remote sensing images, the direct application of the original Faster R—CNN
leads to the poor detection. For this,the improved strategy of combining image upsampling with feature pyramid network is proposed,
which significantly improves the ship detection performance, especially the recall rate and accuracy of small size targets. The feasibility of
transferring the deep learning target detection algorithm in natural pictures to remote sensing image processing and the advancement of the
proposed method are verified by a reasonable comparison experiment on the self-made data set.
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