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Near-infrared Image Colorization Method Based on
a Dilated Global Attention Mechanism

GAO Meiling, DUAN Jin, ZHAO Weigiang, HU Qi

(College of Electronic and Information Engineering, Changchun University of Science and Technology, Changchun 130012, China)

Abstract: A new generative adversarial network method is proposed for colorization of near-infrared (NIR)
images, because current convolutional neural networks fail to fully extract the shallow feature information of
images. This failure leads to miscoloring of the local area of the resultant image and blurring due to unstable
network training. First, a self-designed dilated global attention module was introduced into the generator
residual block to identify each position of the NIR image accurately and improve the local region miscoloring
problem. Second, in the discriminative network, the batch normalization layer was replaced with a gradient
normalization layer to enhance the network discriminative performance and improve the blurring problem
caused by the colorized image generation process. Finally, the algorithms used in this study are compared
qualitatively and quantitatively using the RGB_NIR dataset. Experiments show that the proposed algorithm
can fully extract the shallow information features of NIR images and improve the structural similarity by 0.044,
PSNR by 0.835, and LPILS by 0.021 compared to other colorization algorithms.
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Table 1 Comparison of indicators

Ranch image Mountain image Statue image

Algorithm
SSIM PSNR/dB LPIPS SSIM

PSNR/dB LPIPS SSIM PSNR/dB LPIPS

Deoldify®?ll  0.718 17.088 0.447  0.781
Weil?3] 0.743 17.533 0.419  0.699
n2il?4 0.823 16.987 0.371  0.703
CycleGAN'  0.715 19.787 0341 0.867
Our method  0.832 21.531 0.324  0.904

16.682 0.451 0.844 17.397 0.450
16.054 0.354 0.705 17.316 0.377
18.271 0.435  0.759 17.746 0.362
20.738 0.326  0.831 17.681 0.222
20.271 0.310 0.835 18.974 0.219

(a) (b) (c)

KO JHRSEI X HEEAS R (a) IEZLAMEIR: (b) SEBR 450 (o) Sin a5,
(d) K =ER; (o) KWPULER; () W IHBEE

Fig.9 Results of ablation exp.1 comparison algorithm: (a) NIR images; (b) Exp.1 results;

(d (e ®

(c) Exp.2 results; (d) Exp.3 results; (¢) Exp.4 results and (f) Visible images

®2 HRLSER—fRAR X

Table 2 Comparison of ablation experiment 1 metrics

Street Football Building
IS FID IS FID IS FID
Exp.1 8.263 14.824 7.263 10.942 9.823 14.234
Exp.2 9.072 13.495 8.752 10.234 9.102 11.293
Exp.3 8.273 11.293 9.528 11.293 10.583 14.245
Exp.4 9.210 10.056 9.473 9.351 11.973 10.248
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