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YOLO-CMD: An Improved YOLO11 Algorithm for Anti-UAV Object Detection

Li Xiaopo, Yu Jianguo

School of Computer Science, Zhengzhou University of Aeronautics, China Henan Zhengzhou 450046

Abstract: Aiming at the problems of missed detection, false detection and low detection accuracy in traditional anti-UAV
detection methods, an improved YOLOI11 algorithm for anti-UAV object detection—YOLO-CMD—is proposed. Firstly,
the CrossMScaleB cross-scale feature fusion module is designed to replace the C3k2 module in the backbone network,
enhancing the feature capture ability for multi-scale objects. Secondly, DySample dynamic upsampling is adopted to replace
the traditional upsampling method, which strengthens the detailed feature representation of small targets and further improves
the recognition accuracy. Experimental results on the public drone dataset Anti-UAV show that compared with the original
YOLO11s model, YOLO-CMD increases precision by 1.3%, recall by 5.2%, mAP@50 by 3.6%, and mAP@50-95 by 6.3%.
Its overall performance is superior to many mainstream object detection algorithms, which fully verifies the effectiveness and
advancement of the proposed algorithm.
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Ours 94.8 82.6 89.5 60.8
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