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Marine Ship Detection based on Enhanced YOLOvV7 for
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Abstract

With the advancement of unmanned technology, research on USVs(Unmanned Surface Vehicles) is actively
progressing not only in civilian sectors but also in defense. Advanced technologies such as remote control,
autonomous navigation, and autonomous control are applied to USVs for various military operations. These
technologies commonly require ship automatic detection technology. This paper proposes a marine ship detection
method for USVs using a deep learning-based object detection model. The proposed is based on the YOLOv7 model,
introducing new features such as attention modules and upsampling techniques. Additionally, for model training, a
dataset suitable for USVs is created by integrating publicly available datasets of targets. We compare the performance
of existing models on the constructed dataset, showing the improved performance of the proposed model.
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Fig. 11. Ship detection results for videos from manned/unmanned surface vehicle : Proposed(left), YOLOV7(right)
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