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ABSTRACT
Benefiting from learning the residual between low resolution
(LR) image and high resolution (HR) image, image super-
resolution (SR) networks demonstrate superior reconstruction
performance in recent studies. However, for the images with
rich texture information, the residuals are complex and diffi-
cult for networks to learn. To address this problem, we pro-
pose a recurrent residual refinement network (RRRN) to grad-
ually refine the residual with a recurrent structure. Instead
of directly reconstructing the residual between LR image and
HR image, each sub-network in our framework reconstructs
the residual between SR image from previous stage and HR
image, i.e. recovers the residual of residual (RoR). Consider-
ing the domain gap between the image feature and the RoR
feature, we introduce a residual projection block to explic-
itly transform the feature from image domain to RoR domain.
The RoR feature is further optimized in an iterative up- and
down-sampling manner with a residual learning block. We
construct the structure of each block based on the optimiza-
tion methods of conventional SR and improve our network
with dense connections. Experimental results prove that our
method improves the quality of super-resolution images on
different datasets with variable scenes.

Index Terms— Super-resolution, residual of residual, re-
current convolutional neural network.

1. INTRODUCTION

Single image super-resolution (SR) is an ill-posed image
processing problem, which aims at recovering a high res-
olution (HR) image from its low resolution (LR) counter-
part. Conventional SR methods can be summarized into
three categories: interpolation-based methods [1, 2, 3, 4],
reconstruction-based methods [5, 6, 7, 8] and learning-based
methods [9, 10, 11].

Recently, deep neural networks (DNNs) demonstrate su-
perior reconstruction performance in SR problem [12, 13,
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Fig. 1. Visual results for×4 up-scale compared with the state-
of-the-art SRFBN [22] method. PSNR/SSIM: Bicubic (18.14
/0.4592), SRFBN (20.43/0.6794), Ours (21.37/0.7158).

14, 15, 16, 17, 18]. Researchers take advantage of learning
the residual [19, 20, 21] between HR image and LR image
to remove the redundancy and alleviate the gradient vanish-
ing/exploding problems of DNNs. However, when HR image
has rich texture information or the HR image is degraded
with multiply models, the residual is complex and difficult
for networks to learn.

To address this problem, we propose a novel network
for image SR called recurrent residual refinement network
(RRRN). As illustrated in Figure 2, our network iteratively
reconstructs the residual of residual (RoR), which is the resid-
ual between SR image from previous stage and HR image.
Each sub-network recovers the HR RoR image with the LR
image feature corresponding to the previous SR image. We
obtain the LR image feature of the SR image by merging
the LR image feature and LR RoR feature in the previous
sub-network with a residual fusion block. Considering the
domain gap between the image feature and the RoR feature,
we introduce a residual projection block to explicitly trans-
form the feature from image domain to RoR domain. We
design a residual learning block to iteratively optimize the
RoR feature in an up- and down-sampling manner. A resid-
ual reconstruction block is employed to reconstruct the HR
RoR image with the optimized LR RoR feature. The struc-
ture of each block is constructed based on the optimization
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Fig. 2. Framework of our recurrent residual refinement network. Our network consists of five blocks: feature extraction (FE),
residual fusion (RF), residual projection (RP), residual learning (RL) and residual reconstruction (RR).

methods in conventional image SR. To further improve the
performance of the network, we introduce dense connections
in each sub-network to facilitate feature reuse. The SR image
recovered by each sub-network is the summation of its output
HR RoR image and the previous SR image.

A state-of-the-art SR network, which takes advantage of
both residual learning and recurrent structure, is SRFBN [22].
Each sub-network in SRFBN takes LR image and the feature
from previous feedback block as input to directly reconstruct
the residual between LR image and HR image. SRFBN omits
the domain gap between LR image feature and residual fea-
ture and still faces with the complex residual problem. As
illustrated in Figure 1, our method improves the performance
of SR image compared with SRFBN.

2. THE PROPOSED METHOD

Assume that Y ∈ Rw×h is an HR image and X ∈ Rw
s ×h

s

is its LR counterpart, where s is the down-sampling scale.
Conventional reconstruction-based methods iteratively solve
the optimized objective function (1) with Eq. (2) to restore
the HR image:

min
Y

1

2

∥∥∥X −DHY ∥∥∥2
2

(1)

Yt+1 = Yt −H∗D∗ (DHYt −X) (2)

where D and H represent the down-sampling operation and
other degradation operations respectively, H∗ and D∗ denote
the inverse operators of H and D, t is the iteration step.

Reconstruction-based methods assume certain degrada-
tion operators to perform the iterative solution. In contrast,
deep neural networks can learn these operators with convo-
lutional and deconvolutional layers to adaptively perform a
more general reconstruction process.

2.1. Overall network structure

As illustrated in Figure 2, our recurrent residual refinement
network (RRRN) takes g sub-networks to refine the residual.
There are five blocks in our network: feature extraction (FE),
residual fusion (RF), residual projection (RP), residual learn-
ing (RL) and residual reconstruction (RR). The same blocks
in different sub-networks are weights-shared. For clear rep-
resentations, we use Conv(c, k, s) and DeConv(c, k, s) to
denote a convolution layer and a deconvolution layer respec-
tively, where c is the number of filters, k is the size of the filter
and s is the stride.

The structure of each block is constructed based on Eq. (2)
by taking LR image feature and HR image feature as X
and Y . The operations of D, D∗, H and H∗ are learned
with Conv(64, k, s), Deconv(64, k, s), Conv(64, 1, 1) and
Conv(64, 1, 1) respectively, where s and k are the parameters
related to the up-scale factor.

2.2. Network blocks

The FE block is used in the first sub-network to generate LR
image feature X1 with the LR input image ILR, formulated
as X1 = F(ILR), where F denotes the operations of the FE
block. Since the LR image feature is a significant interme-
diate representation in our subsequent blocks, we employ six
Convs(256, 3, 1) and one Conv(64, 1, 1) to produce a more
optimized feature.

The RP block is employed to explicitly transform the fea-
ture from the image domain to the RoR domain. Based on
Eq. (2), in i-th sub-network, the RP block firstly up-samples
the LR image featureXi into a HR image feature Y 0

i and then
down-samples Y 0

i into a LR image feature X0
i . The initial

LR RoR feature δ0i is obtained by computing the difference
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between X0
i and Xi. PReLU is employed as the activation

function following all layers. The mathematical formulation
of the RP block is:

Y 0
i = H∗D∗ (Xi) (3)

δ0i = Xi −D
(
H
(
Y 0
i

))
(4)

where H∗, D∗, H, D denote the convolutional or deconvolu-
tional layers corresponding toH∗,D∗,H andD respectively.
The output features of RP block are δ0i and Y 0

i .
The RL block iteratively optimizes the LR RoR feature

with t iterations. At j-th iteration, the LR RoR feature from
previous iteration δj−1

i is up-sampled withD∗ andH∗ to pro-
duce the HR RoR feature ζj−1

i . In order to preserve the neg-
ative residual, there is no activation function in this part. The
refined HR image feature Y j

i is the summation of the HR im-
age feature Y j−1

i and the HR RoR feature ζj−1
i . Y j

i is then
down-sampled with H and D into its corresponding LR im-
age feature and the refined LR RoR feature δji is obtained by
computing the difference between down-sampled Y j

i and LR
image feature Xi which is produced by FE block. To pro-
duce improved feature and encourage feature reuse, we em-
ploy dense connections [23] in this block when generating LR
RoR feature, HR RoR feature and HR image feature. An ad-
ditional convolutional layer Conv(64, 1, 1) is used to merge
the information of all the previous LR RoR features into a new
one δ̂j−1

i , which is formulated as δ̂j−1
i = C(δ0i , δ1i , . . . , δ

j−1
i ),

where C is the operation ofConv(64, 1, 1). The mathematical
formulation of the RL block at j-th iteration is:

ζj−1
i = H∗

(
ζ0i , ζ

1
i , . . . ,D∗

(
δ̂j−1
i

))
(5)

Y j
i = Y j−1

i + ζj−1
i (6)

δji = Xi −D
(
H
(
Y 0
i , Y

1
i , . . . , Y

j
i

))
(7)

The output features of RL block at j-th iteration are ζj−1
i , δji

and Y j
i . After t iterations, we can obtain the final optimized

LR RoR feature δti .
The RR block reconstructs HR RoR image IRes

i from the
optimized LR RoR feature δti . Same with RL, dense connec-
tions is employed in this block. We discard the LR RoR fea-
ture and HR RoR feature from the first iteration, since they
have large erroneous. The mathematical formulation of the
RR block is:

IRes
i = H∗

(
ζ0i , ζ

1
i , . . . ,D∗

(
δ̂ti

))
(8)

The RF block is used starting from the second sub-
network to obtain the LR image feature of previous SR image.
The RF block in i-th sub-network uses oneConv(128, 1, 1) to
merge the optimized LR RoR feature δti−1 and the LR image
feature Xi−1 into a new LR image feature Xi. The mathe-
matical formulation of the RF block isXi = R

(
Xi−1, δ

t
i−1

)
,

whereR denotes the operations of the RF block.

2.3. Loss function

With RF block, each sub-network can reconstruct the residual
of residual corresponding to the SR image from previous sub-
network. The output SR image ISRi in i-th sub-network can
be formulated as:

ISRi = ISRi−1 + IRes
i (9)

ISR0 is the up-sampled LR image with bilinear interpolation.
We choose L1 loss to optimize SR images recovered from

all sub-networks, which can be formulated as:

L(Θ) =
1

g

g∑
i=1

∥∥∥IHR − ISRi
∥∥∥
1

(10)

where IHR denotes the HR image and Θ denotes the weights
of our network.

3. EXPERIMENTAL RESULTS

3.1. Training and implementation settings

We use DIV2K [24] and Flick2K as our training data and
adopt data augmentation as [19] do. Five standard SR bench-
mark datasets are used for evaluation, including Set5 [25],
Set14 [26], B100 [27], Urban100 [11] and Manga109 [28].
We evaluate our method on three degradation models as [22]
do, which are BI for bicubic down-sampling, BD for bicu-
bic down-sampling and Gaussian blur, DN for bicubic down-
sampling and adding Gaussian noise. Quantitative results are
only evaluated on luminance (Y) channel.

For all the experiments, the number of iterations in RL
block t is set to 8 and the count of sub-networks g is set to 4.
We train our networks for 500 epochs with a batch-size of 64.
We employ Adam for optimization with momentum to 0.9.
Learning rate is initialized as 1e-4 and multiplied by 0.5 after
every 100 epochs. We implement our networks with Pytorch
framework and train them on NVIDIA Tesla V100s.

3.2. Results with BI degradation model

For BI degradation model, we compare the performance
of our RRRN method with seven state-of-the-art SR meth-
ods: SRCNN [13], VDSR [14], DRRN [29], MemNet [15],
EDSR [19], D-DBPN [17] and SRFBN [22]. The average
PSNR/SSIM of each benchmark on standard BI degrada-
tion model is shown in Table 1. The quantitative results of
RRRN are from our implementation, and others are from the
manuscript of [22]. It can be clearly seen that our method
outperforms all comparative methods in most cases. For ×4
scale factor on Urban100 and Manga109, our method gains
more than 0.1 PSNR improvement. This experimental result
demonstrates the superiority of reconstructing the residual
of residual, since the HR images of these two datasets have
more texture information.
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Table 1. Average PSNR/SSIM values for scale factors ×2, ×3 and ×4 with BI degradation model. The best performance is
shown in red and the second best performance is shown in blue.

DataSet Scale Bicubic SRCNN VDSR DRRN MemNet EDSR D-DBPN SRFBN RRRN

Set5
×2 33.66/0.9299 36.66/0.9542 37.53/0.9590 37.74/0.9597 37.78/0.9597 38.11/0.9602 38.09/0.9600 38.11/0.9609 38.16/0.9609
×3 30.39/0.8682 32.75/0.9090 33.67/0.9210 34.03/0.9244 34.09/0.9248 34.65/0.9248 -/- 34.70/0.9292 34.60/0.9282
×4 28.42/0.8104 30.48/0.8628 31.35/0.8830 31.68/0.8888 31.74/0.8893 32.46/0.8968 32.47/0.8980 32.47/0.8983 32.49/0.8984

Set14
×2 30.24/0.8688 32.45/0.9067 33.05/0.9130 33.23/0.9136 33.28/0.9142 33.92/0.9195 33.85/0.9190 33.82/0.9196 33.95/0.9208
×3 27.55/0.7742 29.30/0.8215 29.78/0.9320 29.96/0.8349 30.00/0.8350 30.52/0.8462 -/- 30.51/0.8461 30.57/0.8470
×4 26.00/0.7027 27.50/0.7513 28.02/0.7680 28.21/0.7721 28.26/0.7723 28.80/0.7876 28.82/0.7860 28.81/0.7868 28.87/0.7883

B100
×2 29.56/0.8431 31.36/0.8879 31.90/0.8960 32.05/0.8973 32.08/0.8978 32.32/0.9013 32.27/0.9000 32.29/0.9010 32.32/0.9018
×3 27.21/0.7385 28.41/0.7863 28.89/0.7990 28.95/0.8004 28.96/0.8001 29.25/0.8093 -/- 29.24/0.8084 29.26/0.8102
×4 25.96/0.6675 26.90/0.7101 27.29/0.7260 27.38/0.7284 27.40/0.7281 27.71/0.7420 27.72/0.7400 27.72/0.7409 27.75/0.7417

Urban100
×2 26.88/0.8403 29.50/0.8946 30.77/0.9140 31.23/0.9188 31.31/0.9195 32.93/0.9351 32.55/0.9324 32.62/0.9328 32.76/0.9378
×3 24.46/0.7349 26.24/0.7989 27.14/0.8290 27.53/0.8378 27.56/0.8376 28.80/0.8653 -/- 28.73/0.8641 28.80/0.8712
×4 23.14/0.6577 24.52/0.7221 25.18/0.7540 25.44/0.7638 25.50//0.7630 26.64/0.8033 26.38/0.7946 26.60/0.8015 26.74/0.8054

Manga109
×2 30.30/0.9339 35.60/0.9663 37.22/0.9750 37.60/0.9736 37.72/0.9740 39.10/0.9773 38.89/0.9775 39.08/0.9779 39.12/0.9780
×3 26.95/0.8556 30.48/0.9117 32.01/0.9340 32.42/0.9359 32.51/0.9369 34.17/0.9476 -/- 34.18/0.9481 34.18/0.9486
×4 24.89/0.7866 27.58/0.8555 28.83/0.8870 29.18/0.8914 29.42/0.8942 31.02/0.9148 30.91/0.9137 31.15/0.9160 31.25/0.9170

Table 2. Average PSNR/SSIM values for scale factor ×3 with BD and DN degradation model. The best performance is shown
in red and the second best performance is shown in blue.

DataSet Model Bicubic SRCNN VDSR IRCNN G IRCNN C SRMD(NF) RDN SRFBN RRRN

Set5 BD 28.34/0.8161 31.63/0.8888 33.30/0.9159 33.38/0.9182 29.55/0.8246 34.09/0.9242 34.57/0.9280 34.66/0.9283 34.74/0.9310
DN 24.14/0.5445 27.16/0.7672 27.72/0.7872 24.85/0.7205 26.18/0.7430 27.74/0.8026 28.46/0.8151 28.53/0.8182 28.52/0.8193

Set14 BD 26.12/0.7106 28.52/0.7924 29.67/0.8269 29.73/0.8292 27.33/0.7135 30.11/0.8364 30.53/0.8447 30.48/0.8439 30.60/0.8461
DN 23.14/0.4828 25.49/0.6580 25.92/0.6786 23.84/0.6091 24.68/0.6300 26.13/0.6974 26.60/0.7101 26.60/0.7144 26.72/0.7172

B100 BD 26.02/0.6733 27.76/0.7526 28.63/0.7903 28.65/0.7922 26.46/0.6572 28.98/0.8009 29.23/0.8079 29.21/0.8060 29.24/0.8080
DN 22.94/0.4461 25.11/0.6151 25.52/0.6345 23.89/0.5688 24.52/0.5850 25.64/0.6495 25.93/0.6573 25.95/0.6625 25.60/0.6708

Urban100 BD 23.20/0.6661 25.31/0.7612 26.75/0.8145 26.77/0.8154 24.89/0.7172 27.50/0.8370 28.46/0.8581 28.48/0.8581 28.56/0.8601
DN 21.63/0.4701 23.32/0.6500 23.83/0.6797 21.96/0.6018 22.63/0.6205 24.28/0.7092 24.92/0.7362 24.99/0.7424 25.10/0.7443

Manga109 BD 25.03/0.7987 28.79/0.8851 31.66/0.9260 31.15/0.9245 28.68/0.8574 32.97/0.9391 33.97/0.9465 34.07/0.9466 34.12/0.9470
DN 23.08/0.5448 25.78/0.7889 26.41/0.8130 23.18/0.7466 24.74/0.7701 26.72/0.8424 28.00/0.8590 28.02/0.8618 28.10/0.8630

‘img_073’ from Urban100 HR Bicubic SRFBN RRRN(Ours)

‘DollGun’ from Manga109 HR Bicubic SRFBN RRRN(Ours)

Fig. 3. Visualization of SR images with ×4 up-scale factor.

Figure 3 is the visualization of SR images with ×4 up-
scale factor. It can be clearly seen that our method recon-
structs a clearer structure of building and more complete letter
‘O’ compared with SRFBN.

3.3. Results with BD and DN degradation models

We compare the performance of our RRRN method with
SRCNN [13], VDSR [14], IRCNN [16], SRMD(NF) [18],
RDN [20] and SRFBN [22] on BD and DN models. The
quantitative results of each benchmark for×3 scale factor are

shown in Table 2. For multi-degradation models, the residual
is more complex. As can be seen, our method achieves the
second best PSNR on DN model of Set5 and best results on all
other cases by learning the residual of residual. Moreover, we
explicitly employ convolutional layers to learn the degrada-
tion and restoration operators ofD andD∗. The experimental
results demonstrate the superiority of this design.

4. CONCLUSION

In this paper, we propose a network for image SR called recur-
rent residual refinement network (RRRN) to refine the resid-
ual between the LR image and HR image by recovering the
residual of residual (RoR). We design a residual projection
block to explicitly transform the feature from image domain
to RoR domain and a residual learning block to iteratively
optimize the LR RoR feature. A residual fusion block is de-
signed to obtain the LR image feature of the previous SR im-
age. The structure of each block is constructed inspired by the
conventional SR methods and further improved with dense
connections. Experiment results demonstrate the superiority
of our method compared with previous SR networks.
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