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A Two-Stage Attentive Network for Single Image
Super-Resolution

Jiqing Zhang, Chengjiang Long, Yuxin Wang, Haiyin Piao, Haiyang Mei, Xin Yang∗, Baocai Yin

Abstract—Recently, deep convolutional neural networks
(CNNs) have been widely explored in single image super-
resolution (SISR) and contribute remarkable progress. However,
most of the existing CNNs-based SISR methods do not adequately
explore contextual information in the feature extraction stage
and pay little attention to the final high-resolution (HR) image
reconstruction step, hence hindering the desired SR performance.
To address the above two issues, in this paper, we propose a two-
stage attentive network (TSAN) for accurate SISR in a coarse-to-
fine manner. Specifically, we design a novel multi-context attentive
block (MCAB) to make the network focus on more informative
contextual features. Moreover, we present an essential refined
attention block (RAB) which could explore useful cues in HR
space for reconstructing fine-detailed HR image. Extensive eval-
uations on four benchmark datasets demonstrate the efficacy of
our proposed TSAN in terms of quantitative metrics and visual
effects. Code is available at https://github.com/Jee-King/TSAN.

Index Terms—single image super-resolution, deep learning,
attention mechanism, multi-context block, two-stage, cross-
dimension interaction.

I. INTRODUCTION

S INGLE Image Super-Resolution (SISR) refers to reconstruct-
ing a visually pleasing high-resolution (HR) image from a
low-resolution (LR) one. It is a fundamental topic in the
computer vision community and is an intense demand for
diverse applications such as medical imaging, security, and
surveillance imaging. The key to SISR problem lies in how to
effectively extract useful information from the input image
and how to leverage extracted features to reconstruct the
fine-detailed HR image. Since multiple HR images can be
downsampled to the same LR image and it is a one-to-many
mapping relation to recover HR images from one LR image,
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Ours GT
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Fig. 1. Visual comparison between different algorithms on img092 from
Urban100 [7] with scale factor ×3. Our TSAN obtains better visual quality
and recovers more image details compared with other state-of-the-art SR
methods.

SISR is an ill-posed and still challenging problem in spite that
numerous methods have been proposed.

As a cutting-edge technique, deep-learning especially con-
volutional neural networks (CNNs) have been widely used
to handle SISR [8], [9], [10], [11], [12], [13], [14], [15],
[16], [17], [18], [19], [20], [21], [22], [23], [24], [23], [25],
[26], [27]. In spite of remarkable progress achieved in SISR,
existing CNN-based methods still face with three main lim-
itations: (1) for feature extraction, early methods first apply
interpolation strategies (e.g., bicubic) to process the input
image to the desired size and then use CNNs to extract features
from the upsampled image. As the interpolation often results in
visible reconstruction artifacts, some models extract raw fea-
tures directly from the input LR image and struggle to enhance
the ability of feature extraction by simply deepening/widening
the network. These methods blindly increase the depth of the
network to enhance the performance of the network but ignore
taking full use of the contextual information. As the depth of
the network increases, the features gradually disappear in the
process of transmission; (2) all features are treated equally in
these methods, which weakens the discrimination ability of
the network to extract more informative features. Although
approaches [6], [28] retain some detailed information with
channel attention, they struggle in preserving informative
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textures and restoring natural details since they ignore to
explore the cross-dimension interaction; (3) for HR image
reconstruction process, most models reconstruct HR image
in one upsampling step at the end of the network, using
features learned only in LR space. This setting would increase
the dif�culties of training for large scaling factors and make
the network failed to explore useful cues in HR space for
reconstructing visually pleasant HR image.

To address the above limitations, we propose a two-stage
attentive network (TSAN) for accurate SISR in this paper. As
illustrated in Figure 2, TSAN consists of two stages to solve
the SISR problem in a coarse-to-�ne manner. At LR-stage,
we adopt a dilated residual block (DRB) as a fundamental
unit to ef�ciently extract contextual features and further, based
on DRB, propose a multi-context attentive block (MCAB)
to make the network focus on more informative contextual
features. Multiple MCABs are leveraged to extract attentive
contextual features used for reconstructing an initial SR result.
At HR-stage, we propose a re�ned attention block (RAB) to
re�ne the initial SR result to a more �ne-detailed one by
exploring useful cues in HR space.

Speci�cally, the DRB pushes the boundaries of conventional
cascading and parallel strategies for feature extraction, which
could simultaneously distill features with different receptive
�elds and different context characteristics. Dilated convolu-
tions are adopted in DRB to further explore more contextual
information through the larger receptive �eld. Based on the
compact yet powerful DRB, the well-designed MCAB could
distill attentive contextual features by introducing the atten-
tion mechanism. MCAB contains two branches: a contextual
feature extraction branch in which several DRBs are stacked
in a dense connection manner to enhance the capability of
the network to extract contextual features, and an attention
branch that consists of a cutting-splicing block (CSB), a1st -
order attention triplet, and a2nd -order attention triplet. The
CSB is proposed to extract abundant structure cues and self-
similarities in local and global regions simultaneously. The
purpose of the1st -order triplet and the2nd -order triplet is
to enhance the discriminative learning ability of the network
through the interaction between spatial and channel dimen-
sions. Unlike DRB and MCAB, RAB is designed to explore
available cues in HR space to reconstruct �ne-detailed HR
image. The intuition behind the RAB is that the information
in LR space is limited, and we believe features extracted in
HR space could bene�t a better recovery of images details.
As shown in Figure 1, our TSAN obtains better visual quality
and recovers more image details than other state-of-the-art SR
methods.

To sum up, the main contributions of this paper are three-
fold: (1) we propose a two-stage TSAN which could address
the SISR problem in a coarse-to-�ne manner; (2) we design
a novel multi-context attentive block (MCAB) with cross-
dimension interaction; (3) our TSAN outperforms the state-of-
the-art SISR methods in terms of accuracy and visual effects.

II. RELATED WORK

The related work can be divided into two categories,i.e.,
single image super-resolutionandattention mechanisms.

A. Single image super-resolution

Single image super-resolution has been extensively studied
in the past few decades. Numerous SISR methods have been
proposed, ranging from early conventional methods [29],
[30], [31], [32] and traditional learning-based methods [7],
[33], [25], [34], to recent deep learning-based methods. In
particular, deep learning-based methods have led to dramatic
improvements in SISR due to the powerful representational
capability of deep networks. In this section, we mainly detail
the most relevant deep learning-based SISR methods that can
be categorized into three types, depending on how the network
approaches the SR problem by either pre-upsampling, post-
upsampling, or sampling.

For pre-upsampling based methods such as SRCNN [8],
VDSR [35], and DRRN [36], the upsampling operator,i.e.,
bicubic interpolation, often results in visible reconstruction
artifacts. Moreover, as these methods only learned the mapping
in HR space, the raw features cannot be extracted from the
original LR image to enhance the representational power of
the network.

Post-upsampling based methods like FSRCNN [37], SR-
ResNet [38], EDSR [1], MSRN [39], RCAN [6], RDN [2],
CARN [40], RNAN [5], OISR [4], SAN [28], DNCL [41],
and IMSSRnet [42], directly extracted features from input
LR images and then used the features merely extracted in
LR space to construct the HR image by a transposed/sub-
pixel convolution layer. However, as these methods focused
on extracting features in LR space, a deeper or wider complex
network (e.g., EDSR [1] and RDN [2]) was required to
obtain suf�cient information, for the purpose of reconstructing
�ne-detailed HR images. Besides, the setting of one-step
upsampling at the end of the network would also increase
the dif�culties of training large scaling factors.

Regarding sampling based methods [43], [44], [45], differ-
ent sampling strategies were adopted in the network for some
speci�c purposes. For example, LapSRN [43] progressively
reconstructed the SR predictions to ease the dif�culties of
training for large scaling factors. Due to limited available
features in the LR space, DBPN [44] proposed an iterative up-
and-down sampling approach that could obtain HR features in
different depths for SR reconstruction. It is worth mentioning
that our proposed TSAN is sampling based. We leverage
well-designed MCABs to ef�ciently extract abundant attentive
contextual features with long-range dependencies from the
input image in LR space. We also distill HR features from
the initial coarse HR image through RAB, aiming at re�ning
more local details.

B. Attention mechanisms

Attention in human perception generally means that human
visual systems adaptively process visual information and focus
on salient areas. Attention mechanisms have been widely
applied in many tasks [46], [47], [48], [49], [50], [51],
[52], [53], [54], [55], [56], [57], [58], [59], [60], [61], [62],
including image super-resolution [6], [28], [63], [21], [64].
Zhang et al. [6] introduced attention mechanisms into the
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Fig. 2. (a) The overview of our proposed TSAN. TSAN is a two-stage network which reconstructs SR image in a coarse-to-�ne manner. In LR-stage, MCABs
are leveraged to extract attentive contextual features used for reconstructing an initial SR result. In HR-stage, RAB re�nes the initial SR result to a more
�ne-detailed one by exploring useful cues in HR space. (b) Our proposed Multi-Context Attentive Block (MCAB). (c) Our proposed Re�ned Attention Block
(RAB). (d) the Dilated Residual Block (DRB).

residual in residual structure to adaptively rescale channel-
wise features for image super-resolution. Dai et al. [28]
proposed a second-order channel attention module to learn
feature interdependencies by global covariance pooling for
more discriminative representations. Hu et al. [21] constructed
a set of channel-wise and spatial attention residual blocks and
stacked them in a chain structure to dynamically modulate the
multi-level features in global and local manners. Du et al. [63]
extracted orientation-aware features and combined them by a
channel-wise attention mechanism to generate more distinctive
features. Wu et al. [64] exploited the advantages of multi-scale
and attention mechanisms in SR tasks. However, the inter-
dependence between the channel dimension and the spatial di-
mension is absent in the above-mentioned SISR methods when
computing attention on these single pixel channels. Therefore,
we propose the1st -order and2nd -order triplet attention to
focus on inter-dependencies among channel dimension and
different spatial dimensions.

III. M ETHODOLOGY

A. Overview

As illustrated in Figure 2, our proposed TSAN consists
of two stages to solve the SISR problem in a coarse-to-�ne
manner. At LR-stage, several multi-context attentive blocks
(MCABs) are proposed to ef�ciently extract suf�cient con-
textual features from the input LR image and construct an
initial SR result based on the extracted features. At HR-stage, a
simple yet effective re�ned attention block (RAB) is proposed
to further re�ne the coarse SR result obtained in LR-stage to
a more �ne-detailed one.

Given an input LR imageI LR , we �rst extract shallow
featuresF s by

F s = � (C1� 1(I LR )) ; (1)

whereCk � k represents convolution operation where kernel size
is k � k; � denotes the recti�ed linear unit (ReLU) activation
function. Then,F s is fed to stacked multiple MCABs to distill
attentive contextual features of different levels,

Fd = M d(Fd� 1) = M d(M d� 1(� � � M 1(F s) � � � )) ; (2)

whereM d denotes thed-th MCAB andFd denotes the output
of thed-th MCAB. Here we embed three MCABs,i.e., d = 3 .
Later, all F i ; i 2 [1; d] are fused by applying a convolution
layer upon the concatenation,i.e.,

F fusion = C1� 1([F1; F2; � � � ; Fd]); (3)

where[�] denotes the concatenation operation. After that, we
can get an initial SR result by applying a convolution layer
upon the upsampled element-wise addition of the aggregated
hierarchical featuresF fusion and the raw featuresF s, i.e.,

I SR
1 = C1� 1(� (F fusion + F s)) ; (4)

where� denotes the sub-pixel operation.
Then we design a re�ned attention block (RAB) (denoted as

R) to re�ne the initial SR result by modeling the local details
in HR space in the form of residual:

I SR
2 = R(I SR

1 ): (5)

Finally, these two stages are optimized jointly with the loss
function de�ned as

L = w1L m (I SR
1 ; I GT ) + w2L m (I SR

2 ; I GT ); (6)

whereI GT is the ground truth image,L m is the mean absolute
error (MAE) loss, andw1 andw2 are the balancing parameters.
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B. Multi-Context Attentive Block

As not all features contribute a positive effect to the de-
sired SR result, we propose the multi-context attentive block
(MCAB) to distill attentive contextual features with long-range
dependencies for high-quality SR reconstruction. Speci�cally,
MCAB contains two branches: a contextual feature extraction
branch (the lower part of Figure 2(b)) and an attention branch
(the upper part of Figure 2(b)).

1) the contextual feature extraction branch:In the con-
textual feature extraction branch, the Dilated Residual Block
(DRB) is adopted as the fundamental unit to explore more
context cues by enlarging receptive �eld, and simultaneously
extract features with different contextual characteristics for
reconstructing visually pleasant HR image.

Cascading several convolution layers usually is an effective
way to enlarge the receptive �elds. In the cascading structure,
as shown in Figure 3(a), as a deeper layer accepts the output
of a shallower layer, large receptive �elds can be produced
ef�ciently. Then the output of each layer would be fused to
obtain features covering different scales of receptive �elds.
Mathematically,

F co = F ci + C1� 1([D1
3� 3(F 0); D2

3� 3(F 0);

D3
3� 3(F 0); D4

3� 3(F 0)]) ;

F 0 = C1� 1(F ci );

(7)

whereF ci and F co are the input and output of the cascaded
network.Dn

k � k represents dilated convolution operation where
kernel size isk� k, and n represents the number of consecutive
use of the same dilated convolution onF 0. On the other
hand, employing a parallel structure can harvest features with
different context characteristics. In the parallel structure, as
shown in Figure 3(b), as multiple different convolution layers
accept the same input and their outputs are concatenated
together, the obtained output is indeed a sampling of the input
using different contexts. Mathematically,

Fpo = Fpi + C1� 1([D1
3� 3(F 0); D1

3� 3(F 0);

D1
3� 3(F 0); D1

3� 3(F 0)]) ;

F 0 = C1� 1(Fpi );

(8)

where Fpi and Fpo are the input and output of the parallel
network.

To simultaneously distill features with different receptive
�elds and different context characteristics, we incorporate the
advantages of both the cascading and parallel strategies and
propose a novel compact structure shown in Figure 2(d). The
proposed DRB consists of two branches used for extracting
features with different contextual characteristics. Each branch
contains two cascaded convolution layers used for distilling
features with different receptive �elds. In order to obtain
a larger receptive �eld without increasing the number of
convolutions and parameters, we adopt dilated convolution.
Finally, we concatenate all features of different branches and
depths, and fuse them with input by a residual operation. For
a clear presentation, DRB can be formulated as:

Fd� o = Fd� i + C1� 1([D1
3� 3(F 0); D1

3� 3(F 0);

D2
3� 3(F 0); D2

3� 3(F 0)]) ;

F 0 = C1� 1(Fd� i );

(9)

(a)

(b)

Fig. 3. (a) the cascaded structure; (b) the parallel structure.

whereFd� i and Fd� o denote the input and output of DRB,
respectively. The number of output channels for all dilated
convolutionlayer in DRB is 64.

We further stack multiple DRBs in a dense connection
manner, so that each DRB in MCAB has access to all the
previous DRBs' output and could fully utilize them to further
distill higher-level contextual features. We then concatenate the
outputs of each DRB and integrate them by a1� 1 convolution.
The whole process can be expressed as:

F c
d = C1� 1([Fd� 1; F 0

d;1; � � � ; F 0
d;e ]); (10)

whereF c
d is the output of contextual feature extraction branch

in d-th MCAB, F 0
d;e denotes the output ofe-th DRB in d-th

MCAB. We use six DRBs in each MCAB,i.e., e = 6 , and the
dilation ratess of these six DRBs are set to 1, 2, 3, 3, 2, and
1, respectively.

2) the attention branch:The attention branch is designed
to make the network focus on more informative features and
enhance the discriminative learning ability of the network
by considering long-range feature correlations in spatial and
channel dimensions. As shown in Figure 2(b), this branch
contains three parts: a cutting-splicing block (CSB), a1st -
order triplet, and a2nd -order triplet.

CSB. To simultaneously capture the spatial dependencies
in the local patch and global diagram, we proposed a novel
cutting-splicing block (CSB) to extract local patterns and
exploit the abundant structure cues and self-similarities in
global regions. Formally, the features with a size ofC� H � W
�rst be cut into n � n cells (n = 2 in Figure 2(b)), and then
these cells are concatenated and fed into a3 � 3 convolution
to extract and aggregate local and non-local information. After
that, we splicen � n cells back intoC � H � W features.
This process can be formulated as:

F CSB
d = Os(C3� 3(Oc(Fd� 1))) ; (11)

where Os denotes splicing operation,Oc denotes cutting
operation, andF CSB

d is the output of CSB. The CSB is similar
to introduce holes in dilated convolution. The difference is that
we also consider the local neighbors. In this way, the local
patterns and global diagram are simultaneously guaranteed.

1st -order triplet. After CSB, we design a1st -order triplet
and2nd -order triplet to model inter-dependencies in different
dimensions to �nd out regions/patterns that should be em-
phasized in contextual features. As the name implies, each
attention triplet consists of three branches which are respon-
sible for capturing cross-dimension interaction between the
(C, H ), (C, W ), and (H , W ) dimensions of the input tensor,
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respectively. By exploiting the inter-dependencies between the
channel dimension and the spatial dimension, our network can
effectively focus on informative contextual features.

In the 1st -order triplet, we take channel-wise attention as
an example, we �rst aggregate spatial information of (H , W )
dimension into a channel-wise descriptor by using average-
pooling operation on each channel. Then, the descriptor is
forwarded to a shared multi-layer perception (MLP ) to
produce channel-wise attention maps,

A 1st

cha = � (MLP ( (F CSB
d ))) ; (12)

where � is the sigmoid function, denotes global average
pooling operation,A 1st

cha denotes the channel-wise attention
map. Then we can get channel-wise attentive featuresF 1st

cha
by multiplication betweenF CSB

d and A 1st

cha . Similarly, we
can obtain the row-wise attentive featuresF 1st

row from (C, H )
dimension and the column-wise attentive featuresF 1st

col from
(C, W ) dimension. Then we add1st -order triplet attentive
features andF CSB

d ,

F 1st

d = F 1st

cha + F 1st

row + F 1st

col + F CSB
d ; (13)

whereF 1st

d denotes the output of the1st -order triplet.
2nd -order triplet. Recent works [65], [28] have shown that

second-order statistics in CNNs can provide different infor-
mation for discriminative representations from the �rst-order
ones. Therefore, we also propose a2nd -order triplet to learn
feature inter-dependencies by cross-dimension interaction like
in the 1st -order triplet. In the2nd -order triplet, we still use
channel-wise attention ((H , W ) dimension) as an example.
Speci�cally, we �rst apply average-pooling operationM along
the channel axis onF 1st

d 2 RC � H � W to generate an ef�cient
feature descriptor. Based on the feature descriptor, we apply a
convolution layer and a sigmoid function to generate a spatial
attention mapA 2nd

cha which encodes where to emphasize or sup-
press. Finally, we perform an multiplication operation between
A 2nd

cha andF 1st

d to obtain spatial-wise attentive featuresF 2nd

cha .
The whole process can be expressed as:

F 2nd

cha = A 2nd

cha � F 1st

d ;

A 2nd

cha = � (C1� 1(M (F 1st

d ))) ;
(14)

where � is the sigmoid function. Similarly, we generate the
row-to-row featuresF 2nd

row from (C, H ) dimension and the
column-to-column featuresF 2nd

col from (C, W ) dimension.
Then we add2nd -order triplet attentive features andF 1st

d ,

F 2nd

d = F 2nd

cha + F 2nd

row + F 2nd

col + F 1st

d ; (15)

Finally, we can obtain the output ofd-th MCAB by,

Fd = F c
d � � (C3� 3(F 2nd

d )) + Fd� 1: (16)

By capturing the inter-dependencies in different dimensions,
the attention branch is able to focus on more informative
features and enhance discriminative learning ability.

C. Re�ned Attention Block

As shown in Figure 2(c), our re�ned attention block (RAB)
is proposed to re�ne a coarse SR result to a more �ne-detailed
one. The RAB can be simply expressed as,

I SR
2 = I SR

1 � � (C1� 1(� (C3� 3(I SR
1 )))) + I SR

1 ; (17)

Note that even though it looks very simple, RAB is essential
for reconstructing a visually pleasant SR image with �ne
details. This is because the information in LR space is limited,
and RAB can compensate for the lacked important local
information by distilling features in HR space.

D. Implementation Details

We implement our model with Pytorch and run experiments
with an NVIDIA Titan V GPU. For training, we use 48� 48
RGB patches cropped from LR image as input and its corre-
sponding HR patches as ground truth. Following [1], we pre-
process all the images by subtracting the mean RGB value of
the DIV2K dataset [66] and augment the training data with
random horizontal �ips and 90� rotations. We train our model
with ADAM optimizer [67] by setting� 1 = 0 :9, � 2 = 0 :999.
The mini-batch size is set to 16. The learning rate is initialized
as 0.0001 and decreases to half every 200 epochs. And the
number of total epochs is 1000. The balancing parametersw1

andw2 in Equation 6 are empirically set to 1.

E. Discussions

1) Difference to RDN [2]: Inspired by RDN [2], we in-
troduce dense connection into our MCAB to fully utilize the
features information from each DRB in MCAB. There are
some differences between RDN [2] and our TSAN. First,
RDN [2] mainly cascades convolution layers to enlarge the
receptive �eld, while our TSAN is built based on DRB which
can simultaneously distill features with different receptive
�elds and different context characteristics. Second, RDN [2]
focuses on how to exploit and use hierarchical features without
considering how to distinguish different feature information.
While our TSAN can learn the attention maps used for em-
phasizing informative contextual features by considering long-
range feature correlations in spatial and channel dimensions.
Third, RDN belongs to post-upsampling methods which pay
attention to exploiting the features information from LR space,
while our TSAN is designed to utilize features from LR and
HR space simultaneously.

2) Difference to RCAN [6]:We summarize the main dif-
ferences between RCAN [6] and our TSAN. First, RCAN [6]
consists of several residual groups with long skip connections.
While, TSAN stack DRBs in a dense connection manner, so
each DRB in MCAB has access to all the previous DRBs' out-
put and could fully utilize them to further distill higher-level
contextual features. Second, RCAN [6] only extract local in-
formation for reconstructing. While TSAN considers non-local
operations in CSB to learn long-range feature correlations.
Third, RCAN [6] only considers channel attention based �rst-
order feature statistics to enhance the discriminative ability
of the network. While our TSAN learns inter-dependencies
between different dimensions based on �rst-order and second-
order features.




