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Super-Resolution Using NLSA Mechanism
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Abstract With the development of deep learning, super-resolution (SR) methods have tried to use deep learning mechanism, instead
of using simple interpolation. SR methods using deep learning is generally based on convolutional neural networks (CNN), but
recently, SR researches using attention mechanism have been actively conducted. In this paper, we propose an approach of improving
SR performance using one of the attention mechanisms, non-local sparse attention (NLSA). Through experiments, we confirmed that
the performance of the existing SR models, IMDN, CARN, and OISR-LF-s can be improved by using NLSA.
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Fig. 1. Network architectures of plain ResNet and CARN
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Fig. 2. Addition of NLSA to SR models
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Table 1. Results of CARN with different attention modules

Setb Set14 BSDS100 Manga109
CARN 37.535 / 0.959 33.247 / 0914 33.653 / 0.922 37.115 / 0.974
CARN_NLSA 37589 / 0959 1 33.302 / 0914 33.710 / 0.923 37277 [ 0974 1
CARN_CA 37.498 / 0.959 33217 / 0914 33.640 / 0.922 37.019 / 0973
CARN_NLSA_CA 37511/ 0959 1 33.231 / 0914 33.658 / 0.922 37.046 / 0973 1
CARN_CA_max 37.449 / 0.959 33.171 / 0914 33.596 / 0.922 36.873 / 0.973
CARN_NLSA_CA_max 37541 / 0959 1 33.206 / 0.914 33.656 / 0.922 37.029 / 0973 1
CARN_SA 37.495 / 0.959 33.239 / 0914 33.647 | 0.922 37.103 / 0.973
CARN_NLSA_SA 37512 / 0959 1 33.200 / 0.914 33.635 / 0.922 36.925 / 0.973
CARN_SA_avg 37.449 / 0.958 33.190 / 0.914 33.600 / 0.922 36.928 / 0.973
CARN_NLSA_SA_avg 37506 / 0.959 1 33.218 / 0914 33.651 / 0.922 37.070 / 0973 1
CARN_BAM 37.417 [ 0.958 33.137 / 0913 33.563 / 0.921 36.832 / 0.972
CARN_NLSA_BAM 37465 / 0959 1 33.186 / 0.913 33.596 / 0.921 36.947 / 0973 1
CARN_BAM_ADD 37.409 / 0.958 33.147 / 0.913 33.583 / 0.921 36.820 / 0.972
CARN_NLSA_BAM_ADD 37.401 / 0.958 33.134 / 0.913 33.577 / 0.921 36.739 / 0.972
CARN_CBAM 37.438 / 0.959 33.147 / 0913 33.571 / 0.921 36.783 / 0.972
CARN_NLSA CBAM 37.436 / 0.958 33.187 / 0.913 33.611 / 0.922 36.863 / 0.972 1
Table 2. Results of IMDN with different attention modules
Setb Set14 BSDS100 Manga109

IMDN 37.586 / 0.959 33.264 / 0914 33.694 / 0.923 37.191 / 0.974
IMDN_NLSA 37614/ 0959 1 33.305 / 0.915 33.741 / 0.923 37.302 / 0974 1
IMDN_CA 37.565 / 0.959 33.249 / 0914 33.671 / 0.922 37.159 / 0.974
IMDN_NLSA_CA 37597 / 0.959 1 33.285 / 0.915 33.743 | 0.923 37.286 / 0974 1
IMDN_CA_max 37.575 / 0.959 33.233 / 0914 33.644 [ 0.922 37.030 / 0.973
IMDN_NLSA_CA_max 37.571 / 0.959 33.257 / 0914 33.692 / 0.923 37.089 / 0973 1
IMDN_SA 37.568 / 0.959 33.272 / 0915 33.707 / 0.923 37.162 / 0.974
IMDN_NLSA_SA 37590 / 0959 1 33.305 / 0.915 33.737 / 0.923 37209 / 0974 1
IMDN_SA _avg 37.618 / 0.959 33.286 / 0.915 33.716 / 0.923 37.239 / 0.974
IMDN_NLSA_SA_avg 37.580 / 0.959 33.291 / 0914 33.730 / 0.923 37.243 [ 0974 1
IMDN_BAM 37.591 / 0.959 33.275 / 0914 33.687 / 0.923 37.103 / 0.974
IMDN_NLSA_BAM 37.587 / 0.959 33.289 / 0.915 33.720 / 0.923 37229 / 0974 1
IMDN_BAM_ADD 37.537 / 0.959 33.127 / 0.913 33.597 / 0.922 36.875 / 0.973
IMDN_NLSA_BAM_ADD 37583/ 0959 1 33.275 / 0.915 33.696 / 0.923 37.058 / 0973 1
IMDN_CBAM 37.590 / 0.959 33.207 / 0.914 33.628 / 0.922 36.937 / 0.973

1

IMDN_NLSA_CBAM

37.558 / 0.959

33.224 / 0.914

33.675 / 0.922

37.062 / 0.973

Table 3. Results of OISR-LF-s with different attention modules

OISR_LF_s
OISR_LF_s_NLSA
OISR_LF_s_CA
OISR_LF_s_NLSA_CA
OISR_LF_s_CA_max
OISR_LF_s_NLSA_CA_max
OISR_LF_s_SA
OISR_LF_s_NLSA_SA
OISR_LF_s_SA_avg
OISR_LF_s_NLSA_SA_avg
OISR_LF_s_BAM
OISR_LF_s_NLSA_BAM
OISR_LF_s_BAM_ADD
OISR_LF_s_NLSA_BAM_ADD
OISR_LF_s_CBAM
OISR_LF_s_NLSA_CBAM

Setb

37.622 / 0.959
37.623 / 0.959
37.649 / 0.959
37.667 / 0.959
37.673 / 0.959
37.681 / 0.960
37.669 / 0.959
37.674 [ 0.960
37.683 / 0.960
37.645 / 0.959
37.685 / 0.960
37.679 / 0.959
37.627 [ 0.959
37.690 / 0.960
37.636 / 0.959
37.637 / 0.959

—_ S >

Setl14

33.299 / 0915
33.341 / 0915
33.343 / 0915
33.345 / 0915
33.350 / 0.915
33.368 / 0.915
33.360 / 0.915
33.361 / 0.915
33.368 / 0.915
33.362 / 0915
33.350 / 0.915
33.348 / 0.915
33.342 / 0915
33.389 / 0.916
33.345 / 0915
33.353 / 0.915

BSDS100

33.738 / 0.923
33.757 / 0.923
33.749 / 0.923
33.747 ] 0.923
33.739 / 0.923
33.760 / 0.923
33.763 / 0.923
33.762 / 0.923
33.773 / 0.923
33.758 / 0.923
33.753 / 0.923
33.757 / 0.923
33.724 / 0.923
33.775 / 0.923
33.740 / 0.923
33.745 / 0.923

Manga109

37.364 | 0.974
37.310 / 0.974
37.364 / 0.974
37.320 / 0.974
37.345 / 0.974
37.379 | 0974
37.358 / 0.974
37.414 | 0974
37.409 / 0.974
37.378 / 0.974
37.379 / 0.974
37.336 / 0.974
37.280 / 0.974
37.468 | 0.975
37.355 / 0.974
37.356 / 0.974
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