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An Automatic Detection Method for Low=Altitude Targets Based on Dual-attribute
Classification Deep Learning

ZHONG Lijun, LIN Bin, WANG Jie, GAN Shuwei, ZHANG Xiaohu
(School of Aeronautics and Astronautics, Sun Yat-sen University, Guangzhou 510275, Guangdong, China)

Abstract: Due to the large number of images, accurate and efficient target detection is the key step to enhance the
automation of the shooting-range photometric image processing. Aiming at the problem of poor adaptability of
traditional target detection algorithms due to multiple low-altitude target images and target types and changes in target
characteristics, this paper proposes an automatic low-altitude target detection method based on dual-attribute
classification deep learning. The method is based on YOLO V3, a deep learning target detection framework, and
improves the single-attribute classification in the output layer of the network to dual-attribute classification based on the
dual-attribute features of luminance and shape of the low-altitude target; achieves automatic sample annotation based
on target region growth, and confirms the detection results using sequential image target constraints. The actual image
training and detection results in the low-altitude scenario of the range show that the initial detection success rate of the
method is higher than 90% , and 99% detection success rate and 62% average localization accuracy are achieved after
post-processing.
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Fig.4 Classifier before and after improvement
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Fig.7 Precision-recall curve of Experiment 2 after post-

process
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