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Research on infrared super-resolution based on criterion of
subjectivity and objectivity joint evaluation

SHAO Bao-Tai'*?, TANG Xin-Yi"*", ZHANG Ning

(1. Shanghai Institute of Technical Physics, Chinese Academy of Sciences, Shanghai 200083, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China;
3. Key Laboratory of Intelligent Infrared Perception, Chinese Academy of Sciences, Shanghai 200083, China)

Abstract: In the application of infrared super-resolution imaging, it is actually necessary to improve the
subjective visual effects of images. At present, most image super-resolution reconstruction methods
based on deep learning are trained and optimized with objective evaluation index as loss function. The
subjective evaluation methods are difficult to apply due to the difficulty of quantification. Therefore,
this paper focuses on the correlation between subjective evaluation and quantifiable objective evalua-
tion indexes, and finds that the characteristics of phase consistency are highly correlated with subjec-
tive evaluation results. Based on this, a loss function based on subjective and objective joint evaluation
is designed and applied to the super-resolution reconstruction algorithm of infrared image. Experiments
show that this method can improve the subjective visual effect of image while maintaining the objective
evaluation score.

Key words: super-resolution reconstruction, infrared image, subjective and objective joint evaluation,
loss function
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Fig. 1 Examples of infrared images
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Table 1 Quality evaluation score of infrared image

ToRE EAHER EW

KT - % PSNR SSIM FSIM
1 4 Bicubic 1.26 23.29 0.6241 0.5461
2 4 SRCNN 1.63 25.89 0.6866 0.6268
3 4 SRResnet  2.19 25.72  0.7286 0.7008
4 2 Bicubic 2.57 29.24 0.8484 0.7526
5 2 SRCNN 3.98 30.98  0.9092 0.8870
6 2 SRResnet  4.50 30.22 0.9261 0.9218
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Table 2 Results of the correlation between subjective
and objective evaluation

PSNR SSIM FSIM
SROCC 0.9072 0. 9409 0.9726
KROCC 0. 8282 0. 8604 0. 9004
PLCC 0. 8920 0.9327 0.9576
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Fig. 2 Scatter plots of the subjective and objective evaluation scores
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Fig. 4 Architecture of multi-scale dense residual block
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Table 3 Objective evaluation score of infrared super—resolution images
Bl gE P A Bicubic SRCNN!#) SRResnet!" SRGAN' Proposed
PSNR 26. 15 27.39 28.97 27.89 29. 48
[z SSIM 0. 6549 0. 7045 0. 7581 0. 7849 0. 8009
FSIM 0. 5437 0.5911 0. 6297 0. 6844 0.7516
PSNR 28.10 29. 66 31.29 31.05 32.10
FLIR SSIM 0. 6859 0. 7457 0. 7895 0. 8205 0. 8543
FSIM 0.5553 0. 6265 0.7780 0.7834 0. 8425
PSNR 21.80 22.82 24.28 23.84 25.21
CVC-14 SSIM 0. 8543 0. 8852 0.9315 0.9196 0. 9407
FSIM 0. 6461 0. 7055 0. 7586 0. 7809 0. 8532
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Table 4 Evaluation results of infrared super-resolu-

tion images
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Infrared super-resolution images (1)
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MSE
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Fig. 6 Infrared super-resolution images (2)
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