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Drone ship detection algorithm based on ACE-YOLOv10
LIU Chang

(College of Computer Science, Xi'an Shiyou University, Xi'an 710065, China)

Abstract; Due to its low cost, agility, flexibility, and the ability to carry high —resolution cameras and sensors, drones are
increasingly becoming indispensable tools in various industries. In environmental detection, drones can adapt to complex terrains and
harsh climates, and collect valuable data such as the atmosphere and soil. In the field of industrial exploration, drones can replace
manual exploration of dangerous areas and reduce the incidence of accidents. In terms of maritime rescue, drones can be utilized to
swiftly locate ships in distress, enhancing the rescue efficiency of rescue teams. However, the target detection tasks for drones in
such scenarios still face considerable challenges, such as targets being obscured by obstacles, variations in sunlight, etc. To enhance
the detection capabilities of drones in dealing with complex situations during maritime rescues, this paper proposes a target detection
algorithm based on the improved YOLOv10 ( You Only Look Once, YOLO) , adding the CA attention mechanism and adopting the
EloU loss function. Experimental results show that compared with the original YOLOv10 model, the experimental dataset obtains
better results in the ACE-YOLOvV10 model.
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Fig. 1 The network architecture of YOLOv8
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Table 1 The results of the ablation experiment
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