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Autonomous vehicle target detection and recognition from
airborne infrared imagery

YANG Xue'? ,XIU Ji-hong' , LIU Xiao-jia'* ,LUO Ning'"’
(1. Changchun Institute of Optics,Fine Mechanics and Physics, Chinese Academy of Sciences,Changchun 130031, China;
2. University of Chinese Academy of Sciences, Beijing 100190, China)

Abstract ; Infrared optical imaging payloads make use of the thermal radiation intensity characteristics of the target for
imaging, which has a certain degree of falsification capability and can circumvent the limitations of visible light ima-
ging equipment that cannot be imaged at night and under adverse meteorological conditions. However, the infrared im-
age has low contrast and unclear edges, which greatly reduces the accuracy of imaging target recognition. In this pa-
per,an infrared vehicle target detection method is proposed based on YOLOVS. Firstly,,the RFBs module in the shallow
feature layer is introduced to improve the receptive field and detection effect of small targets. Secondly, the BiFPN
structure is used to realize the re-use of the underlying features in order to fuse more features,and the CBAM attention
mechanism is added to improve the detection accuracy in the neck network ( Neck ) part. The experimental results show
that the detection effect on the Drone Vehicle dataset is better than that of the original network , the precision rate ( Pre-
cision) is improved by 2. 8 % ,the recall rate (Recall ) is increased by 16 % ,and the average precision( mAP)is in-
creased by 2.3 %. It is concluded that it can be effectively applied to the autonomous detection and recognition of ve-
hicles in aerial infrared images.
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R P R mAP@O. 5
YOLOVS 0.824 | 0.82 0.818
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YOLOV5 + RFBs + CBAM 0.824 | 0.96 0. 835
YOLOvS + RFBs + CBAM + BiFPN| 0.852 | 0.98 0. 841
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Fig. 9 Test result
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Fig. 10 Airbornelnfrared Image Inspection Results
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