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1 Overview

In this supplementary material, we first analyze the high-efficiency of the pro-
posed HAN. Then we conduct two comparative trails between the proposed
HAN and state-of-the-art SR methods on the low-resolution images with BI
degradation and BD degradation in terms of model size and accuracy. Finally,
we show more visual comparisons of various datasets [1,10,8,4,9] which contain
both real-world images and down-sampled images.

2 Analysis of Model Parameters

The high-quality results of the proposed model are attributed to the global
enhanced features obtained by the holistic attention model. Although we use
RCAN as the backbone of our model, the parameters do not increase too many
as shown in Figure 1 and 2. These results demonstrate that our proposed HAN
can obtain a better trade-off between the performance and model complexity.

2.1 Analysis of the HAN Performance on BI Degradation

As shown in Figure 1, we can make a comparison of model size and performance
of different SR reconstruction networks. Among all the networks shown in the
figure, our HAN performs best and achieves 31.42 dB on the Mangal09 dataset
with 4x SR, which is 0.3 dB higher than the recent work of RCAN, and the
parameter amount is only 16.1M.
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Fig. 1. Performance and number of parameters. Results are evaluated on Mangal09

2.2  Analysis of the HAN Performance on BD Degradation

In addition to experiment on BI degradation, we further conduct a comparison
of model size and performance of different SR networks on BD degradation in
Figure 2. As shown, our method achieves best result among all of these state-of-
the-art algorithms, which demonstrate the robustness of our proposed HAN on
both BI and BD degradations.
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Fig. 2. Performance and number of parameters. are evaluated on the Mangal09 [9]
and the Urbanl00 with BD degradation model

3 More Qualitative Comparisons

In this section, we present more qualitative comparisons and compare our method
against several state-of-the-art super-resolution methods.

Specifically, we show visual comparisons of various methods on the Urban100 [4]
and BSDS100 [8] datasets for 3x and 4x SR in Figure 3-15 and Figure 16-25,
respectively. Then, Figure 26-32 show the challenging examples for 8x SR on
the Urbanl00 dataset.
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Finally, we demonstrate an application of super-resolving real-world pho-
tographs with JPEG compression artifacts of the proposed method. In these
cases, the ground-truth images are available. As shown in Figure 33-37, our
algorithm can reconstruct sharper and more accurate images than the state-of-
the-art SR approaches.
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Fig. 3. Visual comparison for 3x SR with BD model on the Urban100 dataset
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Fig. 7. Visual comparison for 3x SR with BD model on the Urban100 dataset
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Fig. 8. Visual comparison for 3x SR with BD model on the Urban100 dataset
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comparison for 3x SR with BD model on the Urban100 dataset
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Fig. 11. Visual comparison for 3x SR with BD model on the Urban100 dataset



13

Single Image Super-Resolution via a Holistic Attention Network

]

5

[

(c) VDSR

]

(g) SRFBN [6

Fig. 12. Visual comparison for 3x SR with BD model on the Urban100 dataset



Visual comparison for 3x SR with BD model on the Urban100 dataset
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Fig. 14. Visual comparison for 3x SR with BD model on the Urban100 dataset
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Fig. 15. Visual comparison for 3x SR with BD model on the Urban100 dataset
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Fig. 16. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 17. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 18. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 19. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 20. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 21. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 22. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 23. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 24. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 25. Visual comparison for 4x SR on the BSDS100 dataset
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Fig. 26. Visual comparison for 8x SR on the Urbanl00 dataset
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Fig. 27. Visual comparison for 8x SR on the Urban100 dataset
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Fig. 28. Visual comparison for 8x SR on the Urbanl00 dataset
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Fig. 29. Visual comparison for 8x SR on the Urban100 dataset
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Fig. 30. Visual comparison for 8x SR on the Urban100 dataset
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Fig. 31. Visual comparison for 8x SR on the Urbanl00 dataset
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Fig. 32. Visual comparison for 8x SR on the Urbanl00 dataset
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Fig. 33. Visual comparison for real image super-resolution
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Fig. 34. Visual comparison for 4x SR on real-world images
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Fig. 35. Visual comparison for 4x SR on real-world images
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Fig. 36. Visual comparison for 3x SR with BD degradation model on real-world images
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Fig. 37. Visual comparison for 3x SR with BD degradation model on real-world images
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