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High resolution reconstruction of
near infrared association imaging based on CGAN

GUO Liang

(Security Department, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: Due to complex weather conditions and low visibility at night, infrared image technology is widely used, but the cost of
acquisition is high. In order to reduce the acquisition cost of infrared images, the two—dimensional Fourier single-pixel imaging
method is used to obtain infrared images with low sampling rate, and then the conditional adversarial generative network is used to
further reconstruct the clear infrared images. According to multiple experiments, the results show that at a sampling rate of 6.25%,
infrared images close to the original clear images can be reconstructed, so the method of reducing the cost of infrared image
acquisition by using associative imaging has high practical value.
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1 35.06 0.95 35.17 0.95 35.03 0.95
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3 40.19 0.97 38.70 0.96 40.00 0.97
4 33.14 0.95 33.53 0.95 33.34 0.95
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