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Fig.2 The drogue detection and overall vision task
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Fig.3 The example of drogue dataset (The pictures are from
public AAAR video)
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Table 1 Performance comparison between experimental data of four algorithms
B F1 P R mAP@0.5 mAP@0.5:0.95 fps(i/s) Params(M) MACs(G)
Faster-RCNN 0.950 0.9063 1.000 0.999 0.745 30 137.100 201.19
YOLOV3 0.873 0.855 0.893 0913 0.693 40 63.000 78.65
YOLOVS5-1 0.987 1.000 1.000 0.995 0.847 45 46.138 53.97
YOLOX-s 1.000 1.000 1.000 1.000 0.813 50 8.968 13.40
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Table 2 Experimental performance comparison and analysis of YOLOv5 and its light weight model

S F Fl P R mAP@0.5 | mAP@0.5:0.95 fps(i/s) Params(M) MACs(G)
YOLOVS-s 0.99 1.0000 0.9800 0.9979 0.752 47.55 7.060 8.19
MvI1-YOLOV5-s 0.71 0.9940 0.5567 0.8736 0.488 60.16 5.071 6.58
Mv2-YOLOV5-s 0.88 0.9916 0.7867 0.9758 0.667 53.24 3.468 3.97
Mv3-YOLOV5-s 0.89 0.9959 0.8133 0.9856 0.722 50.43 4.450 3.33
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Object Detection Technology for Autonomous Air to Air Refueling

Zhang Xilin, He Yakun, Zhang Keyi, Wang Junqiu
Chinese Aeronautical Establishment, Beijing 100029, China

Abstract: Based on the visual requirements during the process of autonomous air to air refueling, this paper conducts
a research on drogue detection technology using deep learning methods. Firstly, a dataset of drogue is constructed
and augmented, which contains different target scales and background. Secondly, the detection performance of
different detection algorithms in the refueling dorgue dataset is compared and analyzed. An adaptive confidence
filtering module is added to the Faster RCNN network to reduce its error detection probability. In order to meet the
requirements of engineering applications, the YOLOv5 network is lightened and modified to improve the detection
speed with little reduction in detection accuracy, and greatly reduce the model complexity and computing resource
consumption. This paper provides a good basis for the subsequent research on dorgue tracking and attention
solution, and can provide important information and technical references for further engineering applications of the
relevant algorithms in AAAR missions.

Key Words: autonomous air to air refueling; object detection; deep learning; hose drogue; computer vision
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