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A review of target detection algorithms for maritime remote sensing images based on deep
learning
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[Abstract] Target detection is a key link in the extraction of target information from marine remote sensing

2 Aerospace Engineering University

images, which is widely used in the fields of marine ship detection, environmental monitoring, and island and
reef changes. In recent years, with the rapid development of deep learning, the accuracy and real—time
performance of target detection in marine remote sensing images based on deep learning have been significantly
improved. This paper first introduces the advantages of deep learning—based object detection algorithms
compared with traditional object detection algorithms, then sorts out the development and application
characteristics of the current mainstream object detection algorithms, and then introduces the latest

achievements and future development trends of target detection. Finally, the problems faced by marine remote

sensing images in the future are summarized and corresponding solutions are proposed.
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1.1 R-CNN
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