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ABSTRACT: To address the significant differences in the grayscales of infrared images in differ—
ent periods, a multi—period infrared image inversion algorithm based on an improved StarGAN
was proposed. First, the algorithm conducted a unified modeling of the mapping relationship be-
tween multiple image domains based on StarGAN. The inversion from visible light images to
multi—period infrared images was realized by constraining and selecting the corresponding conver—
sion relationships through label information. Style loss was added to the loss function to enrich
the texture details of the generated image. Accordingly, the overall quality of the generated image

was improved. Test results on a self-made visible light/infrared data set showed that the pro-
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posed algorithm can generate multi—period infrared images with clearer structure and richer texture

details. Compared to those of similar algorithms Pix2pix and CycleGAN, the Fréchet Inception

Distance and Kernel Inception Distance of the proposed algorithm is reduced by approximately

41% and 23% and 82% and 40% respectively. Therefore, the images generated by the proposed

algorithm has higher similarities with real infrared images and are of better quality. The grayscale

correlation matching accuracy of the images generated by the proposed algorithm is significantly

improved, which verifies the effectiveness of the proposed algorithm.

KEYWORDS: multi-period infrared image inversion; generative adversarial network; Star—

GAN; style loss
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Fig. 2 Two methods of multi-period infrared image inversion
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Fig. 3

IR-StarGAN-based multi- period infrared image inversion process
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