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Survey on Infrared Object Detection Based on Deep Learning

ZHANG Rui,LI Yun-chen, WANG Jia-bao” ,LI Yang,MIAO Zhuang
(College of Command and Control Engineering, Army Engineering University of PLA ,Nanjing 210007 ,China)

Abstract ; Infrared images have low resolution, insufficient texture details, and lack of color information, resulting in blurred object
imaging and difficult detection. Deep learning—based infrared object detection technology uses complex neural networks to automatically
extract object features, has greatly improved detection accuracy and detection efficiency, and has been widely used in the fields of
autonomous driving, security surveillance,and military reconnaissance. We present a detailed analysis of the difficulties and challenges
facing infrared target detection,and systematically describe the improvement directions of deep learning—based infrared object detection
research in six aspects, including data enhancement, transfer learning, visual attention mechanism, multiscale feature fusion, multimodal
image fusion and lightness improvement. To address the problem of lack of infrared object detection datasets, we compose and summarize

11 infrared object detection datasets. At the same time, the future development direction of infrared object detection is prospected with the

current development status, which can provide reference for other researchers.
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