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1 Results on Image SR (X 8)

We show the comparison on classical image SR (x 8, BI degradation) in Table
1.

Table 1. Quantitative results with BI degradation model. The best and second best
results are highlighted in bold and underlined

Methods Scale Setb Set14 B100 Urban100 Mangal09
PSNR|SSIM [PSNRJSSIM [PSNR|[SSIM [PSNR|SSIM [PSNR|SSIM

Bicubic x8 |24.40 (0.6580 [23.10 [0.5660 [23.67 [0.5480 [20.74 [0.5160 [21.47 [0.6500
SRCNN [3] X8 25.33 (0.6900 |23.76 |0.5910 |24.13 |0.5660 (21.29 [0.5440 |22.46 |0.6950
RCAN [8] X8 27.31 |0.7878 |25.23 [0.6511 |24.98 |0.6058 |23.00 |0.6452 [25.24 [0.8029
SAN [2] X8 |27.22(0.7829 [25.14 (0.6476 (24.88 |0.6011 |22.70 (0.6314 (24.85 |0.7906
DRLN [1] X8 |27.36 (0.7882 [25.34 (0.6531 (25.01 |0.6057 |23.06 (0.6471 |25.29 {0.8041
HAN [6] X8 |27.33(0.7884 [25.24 (0.6510 (24.98 |0.6059 |22.98 (0.6347 25.20 |0.8000
SwinlIR [4] X8 27.55|0.7941 |25.46(0.6568/25.04 [0.6092/23.17 |0.6547|25.55 [0.8132
RDRN(ours) X8 27.52 (0.7953/25.40 |0.6548 |25.10|0.6084 (23.20(0.6511 [25.66|0.8114
SwinIR+ [4] X8 27.58 (0.7949 |25.49(|0.6579|25.06 |0.6100(23.26 [0.6575/25.66 |0.8154
RDRN+ (ours) |x8 27.65|0.7971|25.48 (0.6573 [25.15(0.6100/23.38|0.6568 |25.93|0.8157|

2 Additional Visual Comparison

We provide more visual comparison for x2, x3, x4 SR with BI degradation
model in Figures 1, 2, 3 and for x3 SR with BD degradation model in Figure 4.

3 RDRB Implementation Details

To avoid any misunderstanding about the definition of the proposed RDRB, we
provide PyTorch implementation of the basic block and the recursive step.
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PyTorch Implementation of recursively defined residual block

class ConvAdaESA(nn.Module): # RDRB_O

def __init__(self, channels):
self.conv = conv(channels, channels, 3)
self.esa = ESA(channels)
self.act = activation(’lrelu’)
self.norm = BatchNorm2d(channels)
self.phi = conv(l, 1, 1)
self.level = 0

def forward(self, x):

s = torch.std(x, dim=[1,2,3], keepdim=True)

out = self.act(self.conv(self.norm(x))) # BN + Conv + Act
out = out * torch.exp(self.phi(torch.log(s))) # AdaDM

out = self.esa(out+x) # Skip + ESA

return out

def build_RDRB(block):
class RDRB_base(nn.Module):
def __init__(self, channels):
self.blockl = block(channels)
self.block2 = block(channels)

self.conv = conv(channels*2, channels, 1)
self.esa = ESA(channels)

self.act = activation(’lrelu’)
self.level = self.blockl.level + 1

if self.level ==
self .NLSA = NonLocalSparseAttention(channels=channels)

def forward(self, x):
outl = self.blockl(x)
out2 = self.block2(outl)
out = torch.cat([outl,out2],dim=1)
out = self.conv(out) + x
out = self.esa(self.act(out))
if self.level == 3:
out = self.NLSA(out)
return out
return RDRB_base
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4 Results on DIV2K validation dataset

We show results for classical SR on validation DIV2K dataset in Table 2. We
employ peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) [7]
to measure the quality of super-resolved images. All SR results are evaluated on

RGB channels and on Y channel after color space transformation from RGB to
YCbCr.

Model RDRN RDRN+-

Y channel |RGB channels| Y channel [RGB channels
PSNR|SSIM |[PSNR|SSIM |PSNR|[SSIM |[PSNR|SSIM
x2 36.98 |0.9512|35.47 |0.9437 [37.03 [0.9515(35.52 |0.9440
x3 33.16 |0.8985(31.70 |0.8855 |33.22 [0.8992(31.76 |0.8864
x4 31.11 |0.8515(29.66 |0.8344 |31.17 [0.8525(29.73 |0.8354
x8 27.32 10.7333|25.89 [0.7059 (27.42 |0.7356|25.99 |0.7083
Table 2. Quantitative results of SR with BI degradation model on DIV2K validation
dataset.

Metric
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Fig. 1. Visual comparison for 2x SR with BI model.
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Fig. 2. Visual comparison for 3x SR with BI model.
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Fig. 3. Visual comparison for 4x SR with BI model.



RDRN: Recursively Defined Residual Network for Image Super-Resolution

Bicubic RDN [9] RCAN [8]

RFANet [5] DRLN [1] HAN [6] RDRN (ours)
e 2 \\\‘\“"' ) _ ] 2

HR Bicubic RDN [9] RCAN (8]

Urbanl00: img 046 (x3) RFANet [5] DRLN [1] HAN [6] RDRN(Ours)

= 71 | =
Urbanl100: img 059 (x3) RFANet [ 1 DRLN [1] HAN [6] RDRN(ours)
[

Urbanl00: img 062 (x3) RFANet [5] DRLN [1] HAN [6] RDRN(ours)

Urban100: img_ 074 (x3) RFANet [5] DRLN [1] HAN [6] RDRN(ours)

RFNet [5] DRN 1] . HN (6]

Bicubic RDN [9] RCAN [8]

EpRty ,'_ ] Y A T
s | \@;F AV A
Mangal09: A
KyokugenCyclone (x3) RFANet [5] DRLN [1] HAN 6] RDRN (ours)
Q s Bicubic RDN [9] RCAN [8]
Mangal09: E 2 ’ E 7 ’ E z ’ E 7
TouyouKidan (x3)  RFANet [5] DRLN [1] HAN [6] RDRN (ours)

Fig. 4. Visual comparison for 3x SR with BD model.



