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Improved YOLOvV5 Small Drones Target Detection Algorithm

LU Qi', YU Yuangiang' . XU Daoming' and ZHANG Qi*
1 School of Radar NCO, Air Force Early Warning Academy, Wuhan 430345, China
2 Xi’an Satellite Control Center,Xi’an 710000, China

Abstract The detection of low-altitude slow-speed small targets has always been the focus and difficulty in the field of early
warning detection. At present,the mainstream target detection algorithms based on neural networks are mainly designed to be ap-
plied to VOC dataset or COCO dataset,and the detection accuracy is not ideal in specific scenarios. Aiming at the specific detec-
tion scene of small drones target detection in complex background,a small drones target detection algorithm based on improved
YOLOVS is proposed. First.a small target detection layer is added to obtain a large-sized shallow feature map.thereby improving
the detection ability of the algorithm for small targets. Secondly, for the problem of different sizes of small drones, K-means—+ +
clustering algorithm is used to detect the prior frame. The size of the inspection frame is optimized and matched with each feature
layer. Finally, the Mosaic-SOD methods of data augmentation and improved loss function are used to enhance the algorithm’s
ability to perceive small targets and improve the efficiency of network training. The improved algorithm is applied to the target
detection of small drones in complex background. Experimental results show that compared with the original YOLOvV5 algorithm,
the proposed algorithm has higher detection accuracy and characteristics in target detection of small rotor UAV. The extraction
capability, although the detection speed has decreased to a certain extent,can still meet the real-time requirements by detecting the
visible light video stream.

Keywords Low-Slow-Small target, Anti-UAV system, Deep learning, Small object detection, Small drones detection, Data aug-

mentation, Feature fusion, YOLOv5(You Only Look Only version 5)
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Table 2 Performance comparison results of YOLOvV5 algorithm
before and after improvement
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YOLOv5_4 N 0.926 38.8
YOLOv5_5 N J N/ N 0.964 31.4
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Table 3 Comparsion of experimental results

% Precision  Recall mAP FPS
Faster R-CNN 0.819 0.856 0.826 5.6
DETR 0.902 0.898 0.918 9.8
YOLOv5 0.918 0.921 0.923 42.2
AXH* 0.961 0.958 0.964 31.4
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