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Research of infrared dim and small targets detection technology

based on SSD framework

MA Yu-ying, HUANG Cheng-zhang, HUANG Jing-ying, WANG Wei-cheng
(North China Research Institute of Electro-Optics, Beijing 100015, China)

Abstract: Aiming at the detection problem of point-like maneuvering targets in infrared sequential images, an infrared

dim and small targets detection method based on SSD framework is proposed,which can effectively perceive the differ-

ence between small and small targets and interference by taking advantage of the convolutional feature,which has a

more detailed description ability to the images. In this paper,the SSD detection framework for dim small targets is de-

signed, and it overcomes the difficulty that traditional methods lack a large amount of experimental data. Simulation

verification is carried out by using real infrared image database. Experimental results show that this method has good

detection effect and false alarm suppression ability for targets with low SNR in various scenes.
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Fig. 2 Network structure diagram of the method presented in this paper
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Fig. 3 General framework flow of detection algorithm
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