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A Multi-level Network-based Method for Ship Detection in
Complex Remote Sensing Scenes

WU Yulin, CONG Longjian, HE Tao, WEI Haiping, ZHAO Yue
(Beijing Aerospace Automatic Control Institute, Beijing, 100854)

Abstract: In remote sensing images of complex scenes, ships exhibit significant scale variations. In particular, their key regions
are represented by only a few pixels, making direct detection methods susceptible to background noise interference, which results in
insufficient accuracy and robustness. To address these challenges, a hierarchical detection method based on a Multi-level Detection
Network (MDNet) is proposed. In the first stage, which is built upon Cascade R-CNN, a global context module is integrated to
enhance scene discrimination capability. Furthermore, deformable convolutional heads are employed to adapt to the geometric
variations of objects, through which precise coarse localization of ships is achieved. Following automated cropping and enhancement
via Gamma Correction, a dual attention mechanism is utilized in the second stage to focus on the weak features within local image
patches, whereby fine-grained identification of the key regions is performed. Through this method, complex background noise can be
effectively filtered, and salient features in key regions can be focused on. A significant improvement in average precision is thus
achieved compared to direct detection methods.
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