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Abstract: Object detection is the core issue in the interpretation of optical remote sensing images, and it is widely used in
fields such as intelligence reconnaissance, target monitoring, and disaster rescue. Firstly, combined with the research
progress of deep learning optical remote sensing image object detection algorithms, the two types of algorithms based on
candidate regions and regression analysis were reviewed. Secondly, the improvement of object detection algorithms for
four types of common task-specific scenes were summarized, including rotating objects, small objects, multi-scales, and
dense objects. Then, combined with commonly used remote sensing image data sets, the performance of different algo-
rithms was compared and analyzed. Finally, the issues worthy of attention in remote sensing image object detection in the
future were prospected, and ideas for follow-up related research were provided.
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