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Abstract: With the advance of deep learning, the performance of single image super-resolution (SR) 
has been notably improved by convolution neural network (CNN)-based methods. However, the 
increasing depth of CNNs makes them more difficult to train, which hinders the SR networks from 
achieving greater success. To overcome this, a wide range of related mechanisms has been intro-
duced into the SR networks recently, with the aim of helping them converge more quickly and per-
form better. This has resulted in many research papers that incorporated a variety of attention mech-
anisms into the above SR baseline from different perspectives. Thus, this survey focuses on this topic 
and provides a review of these recently published works by grouping them into three major cate-
gories: channel attention, spatial attention, and non-local attention. For each of the groups in the 
taxonomy, the basic concepts are first explained, and then we delve deep into the detailed insights 
and contributions. Finally, we conclude this review by highlighting the bottlenecks of the current 
SR attention mechanisms, and propose a new perspective that can be viewed as a potential way to 
make a breakthrough. 
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1. Introduction 
Single image super-resolution, which will be abbreviated as SR hereinafter, aims at 

addressing the problem of reconstructing a high-resolution image from its given low-res-
olution counterpart, meanwhile refining the details and textures and improving the visual 
quality. SR is widely used in a variety of practical applications [1], ranging from remote 
sensing, video surveillance, medical imaging, to preconditioning of some high-level com-
puter vision tasks, such as image classification and pattern recognition [2–4]. Currently, 
SR has been receiving an increasing amount of attention from both academic and indus-
trial communities [5]. 

Although numerous methods have been proposed to push forward the SR perfor-
mance and extensive research has been conducted to explore more effective and efficient 
ones, SR is still a fundamental and long-standing problem with many aspects to be pro-
moted. This low-level vision task is challenging, since it is a severely ill-posed problem 
with a number of potential high-resolution images relating to the corresponding low-res-
olution one. Furthermore, with the increase in the scale factor, the ill-posed problem be-
comes more serious, and thus it needs more priors to determine the missing pixel values. 

Recently, neural networks and deep learning have been widely used in the field of 
computer vision and pattern recognition [6]. Due to its inherent capability of overcoming 
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the drawbacks of traditional algorithms that rely heavily on hand-crafted features [7], 
deep learning gains great popularity and achieves tremendous success in the areas of com-
puter vision [8,9], pattern recognition [10,11], speech recognition [12], etc. However, neu-
ral networks have faced some issues including their provability, stability, robustness, ad-
versarial perturbations and noisy labels. Many researchers have noticed these problems 
and accordingly put forward their own views and solutions [13–16]. 

With the development of deep learning theory [17], convolutional neural networks 
(CNNs) [18–20] have attracted considerable attention from global researchers. Since Dong 
et al. [7,8] first proposed the pioneering work in SR, called SRCNN, it has been widely 
explored to design effective SR networks. Many studies have proved that deeper and 
wider SR networks generally achieve better results as compared to plain and shallow ones 
[21–24]. However, the growing parameters in deeper CNNs [25–27] also increase their 
training difficulty dramatically, making the networks harder to converge and optimize, 
which decreases the efficiency of each feature map in them. Fortunately, in recent years, 
a novel kind of technique called attention mechanisms [28–30], which was originally pro-
posed to boost the representational power of deep networks, has been introduced to SR 
networks in order to help them perform better. 

Although there are some existing CNN-based SR surveys in the literature [31–35], 
our work differs from them in that we concentrate on the networks that utilize attention 
mechanisms. Many existing surveys focus on the performance of SR [36], while ours pays 
more attention to the architecture of SR networks and their place of insertion of attention 
mechanisms. 

As far as we are concerned, these attention mechanisms can be divided into three 
categories, and each category has an original form, then followed by its variants. The first 
class is called channel attention, which extracts the weight from each channel of the fea-
ture map to reweight itself. The second class, namely spatial attention, gains the weight 
matrix in 2D space for pixels at the same spatial position. The third class is non-local at-
tention, which aims at calculating the weight of each position from the global perspective 
of a feature map. 

In this survey, we briefly review these three kinds of mechanisms used in recent 
CNN-based SR and propose a new perspective to achieve further improvement. The rest 
of the paper is arranged as follows. In Section 2, the background of the SR, the CNN-based 
methods and the attention mechanisms used in the SR networks is presented. Section 3 
gives the detailed explanation of the existing three attention mechanisms in super-resolu-
tion. In Section 4, we conclude the bottlenecks of the existing attention mechanisms used 
in SR networks and propose a new perspective, and Section 5 concludes the survey and 
discusses the future directions. 

2. Background 
In the task of SR, if we represent a high-resolution image by x and its low-resolution 

counterpart by y, the degradation process can be described by the following formula: 

( )ηφ θ= ,y x  (1)

where φ  represents the degradation process, and ηθ  represents the parameters, includ-
ing the downscaling kernel and additive noise [37]. The SR solver tries to predict and re-
construct a high-resolution image counterpart x̂  from the input low-resolution image y 
[38], which can be denoted as: 

( )ςφ θ−= 1ˆ ,x y  (2)

where ςθ  is the parameters to make up the inverse-problem solver [39]. The complicated 
image degradation process is generally unknown and affected by various factors, such as 
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the occurrence of noise, blur, mosaic, compression, etc. In the research field, most of the 
researchers model the degradation as follows: 

( )= ⊗ ↓ +sy x k n  (3)

where ⊗  denotes the convolution operation, k denotes the convolution kernel which 
leads to blurring the images, and ↓s  is the downscaling operation which reduces the 
height and width s times. n in the symbol represents the additive white Gaussian noise 
with kernel width σ, i.e., the noise level [40]. 

With a mushroom growth of deep learning technologies for the past several years, 
deep-learning-based SR models have been actively explored and have broken the previ-
ous SR performance record constantly. Various deep-learning-based methods are applied 
to the performance improvement, including CNN-based methods (e.g., SRCNN [7,8]), 
ResNet [41] based methods (e.g., VDSR [42] and EDSR [43]), and Generative Adversarial 
Nets (GAN) [44] based methods. Nevertheless, in this survey, we mainly focus on the 
attention-mechanism-based methods, which take advantages of various attention mecha-
nisms to promote the effect of reconstruction. As mentioned previously, we divide this 
mechanism into three categories, each of which has a distinct characteristic and utilizes 
different dimensions of information from the feature map to reconstruct a more elaborate 
super-resolution image [45]. 

3. Attention Mechanisms in SR 
3.1. Channel Attention Mechanism 

In 2017, in order to boost the representational power and channel relationship, Hu et 
al. [28] proposed the SENet, which first develops the channel attention mechanism in or-
der to fully use the different importance degree of different channels and mining the chan-
nel interdependence of the model. This mechanism is of great value for improving the 
efficiency of each feature map. The CNN based on the squeeze-and-excitation network 
leads to huge improvement in the classification networks, and it is widely used in design-
ing neural networks for the down-streaming computer vision tasks [46]. 

In the image SR domain, researchers introduce this mechanism to the neural net-
works and thus promote the performance. RCAN [30] builds a CNN with the residual-
skip-connection structure combined with the channel attention mechanism. SAN [47] re-
fines the mechanism by using the covariance average pooling. DRLN [48] puts forward 
the mechanism, replacing the channel attention module with the proposed Laplacian 
module to learn features at multiple sub-band frequencies. 

3.1.1. RCAN 
The first channel-attention-based CNN model to solve the SISR problems was put 

forward by Zhang et al., namely very deep residual channel attention networks (RCAN) 
[30]. The proposed network has two contributions. The first contribution is the network 
structure RIR, which is the abbreviation of “Residual in Residual”. The RIR structure, 
which is inspired by the famous architecture ResNet [41], contains the long skip connec-
tion (LSC), from behind the first residual group (RG) to after the last residual group, in 
order to pass the low-frequency information [49] from the front to the end, thus making it 
possible for the network to learn the residual information at a coarse level. The network 
accommodates 10 RGs. In each RG are 20 residual channel attention blocks (RCABs), and 
a short skip connection from behind the first RCAB towards after the end of the last RCAB. 
The two kinds of skip connections compose the RIR structure, which makes the network 
more stable to train. 

The second highlight of the article, which is the main contribution, is the residual 
channel attention block (RCAB) that includes the channel attention operation. As shown 
in Figure 1a, each RCAB is composed of two convolution layers and one Rectified Linear 
Unit (ReLU) activation, followed by a channel attention unit. A skip connection connects 
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the front of the first convolution layer to the end of the channel attention block to pass 
forward residual features. In the channel attention block, a feature map with the shape H 
× W × C is then collapsed to the shape 1 × 1 × C, using the global average pooling operation, 
which computes the average value of each feature map. Then, a multilayer perceptron 
(MLP), which is called the gate mechanism, is used to mine the inside relation of the av-
erage value among each feature map channel. First, a convolution with kernel size 1 × 1 is 
utilized to shrink the shape to 1 × 1 × C/r, where r is the reduction ratio, the same as that 
in SENet. RCAN takes 16 as the ratio r. After a layer of ReLU activation, a 1 × 1 convolution 
is then exploited to upscale the size to the original 1 × 1 × C. After a sigmoid function, the 
weight of each channel has been completely generated. The newly generated weights have 
captured the relation and significance of each channel, so multiplying the weights with 
each corresponding channel, we obtain the final reweighted feature maps. 

Global 
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Figure 1. The detailed structure of channel attention mechanisms. (a) Channel attention in RCAN, 
(b) Second-order channel attention in SAN, (c) Laplacian pyramid attention in DRLN. 

The introduction of the channel mechanism above significantly improves the perfor-
mance and reduces the number of parameters required. The parameters of RCAN are 
about one-third of those of EDSR, which also has a Residual-in-Residual-like structure, 
but it achieves better performance.  

RCAN uses L1 loss function and an ADAM [50] optimizer to train the network. The 
training data are 800 pairs of images in the DIV2K [51] dataset with data augmentation 
including rotating and flipping. In addition, compared to temporary methods like IRCNN 
[52] and VDSR [42], it brings better performance and certifies the positive effect of the 
channel attention mechanism. 

3.1.2. SAN (Enhanced Channel Attention)  
Dai et al. [47] proposed a Second-order Attention Neural network (SAN) for image 

super-resolution. It is pointed out that because the “global average pooling” manipula-
tion, which is an import component in the channel attention in SENet [28] and RCAN [30], 
only explores the first-order statistics, while ignoring the statistics higher than the first-
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order, this will result in the model’s lack of discriminative ability. As second-order infor-
mation has been proved helpful in large-scale visual recognition [53], the second-order 
channel attention mechanism is proposed to support the convolutional neural network. 

Different from the first-order channel attention above, the second-order attention has 
more complicated steps, which are shown in Figure 1b. Denote a given feature map as 

= …[ , , , ]1 2F f f fc  with the shape H × W × C, which has C channels and the size of H × W. 

First, reshape the feature map to a 2-D feature matrix X with the shape C × S, where S = H 
× W. Then, compute the sample covariance matrix using the following formula: 

= TS XIX  (4)

where I  is a matrix, with the value of all the diagonal elements set to −
2
1s

s
, and other 

elements set to − 1
s

. It can be computed by the formula  
= − 

 
ˆ 1 1I I

s s
1 , where I is the s 

dimension identity matrix and 1 is a matrix of all ones. 
The obtained matrix Σ , which is symmetric positive semi-definite, has the following 

eigenvalue decomposition (EIG): 

Σ = Λ TU U  (5)

where U denotes an orthogonal matrix while Λ  is a diagonal matrix with eigenvalues 
λ λ λ…1 2, , ,[ ]C  in non-increasing order. 

After the above-mentioned step is the covariance normalization operated on the ob-
tained matrix Σ , which is equivalent to the power of eigenvalues: 

α= =αŶ Σ Λ TU U  (6)

The paper set α = 1
2

 to achieve the best discriminative representations. Then, fol-

lowing SENet and RCAN, channel attention weight is computed. Denoting Ŷ  as 
…1 2, , ,[ ]cy y y , Dai et al. shrank it to the channel-wise statistics z with the shape 1 × 1 × C 

using global covariance pooling as the following formula: 

( ) ( )= = 1 C

c GCP c c
i

z H y y i
C

 (7)

After this operation, all the other steps are the same as in RCAN and SENet, which 
include MLP-like layers to fully exploit feature interdependencies from the aggregated 
information. Dai et al. also took r = 16 as the reduction ratio. 

However, the second-order attention algorithm includes an EIG (eigenvalue decom-
position) [54] method, which needs extra computational resource occupation, thus mak-
ing it inefficient in training. The authors of SAN exploited the Newton–Schulz method 
[55] to solute the square root of the matrix Σ  and accelerate the computation while train-
ing. First, pre-normalize the matrix Σ  via the following equation: 

( )Σ = Σ
Σ

ˆ 1
tr

 (8)

where ( )Σtr  denotes the trace of Σ  which is the sum of all the eigenvalues. Then, given 

=0 Σ̂Y ， =0Z I , for n = 1, 2, …, N, the Newton–Schulz method [55] iterates the following 
equations alternatively: 

( )− − −= −1 1 1
1 3
2n n n nY Y I Z Y  (9)
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( )− − −= − 1 1 1
1 3
2n n n nZ I Z Y Z  (10)

After no more than five iterations, NY  and nZ  quadratically converge to Y and 
−1Y . Finally, there is the post compensation procedure, which can be expressed as: 

 = Σ( ) NY tr Y  (11)

The main backbone of the SAN network, namely Non-locally Enhanced Residual 
Group (NLRG), consists of a Share-source Residual Group (SSRG) and two Region-level 
non-local modules (RL-NL) in the start and end of the network structure, which will be 
introduced in the next section. The Share-source Residual Group (SSRG) consists of 20 
Local-source Residual Attention Groups (LSRAGs). Each LSRAG has 10 residual blocks 
and a second-order channel attention (SOCA) module behind them. SAN utilizes the L1 
loss function and ADAM optimizer with 800 HR images in DIV2K to train the network. 
The SAN network achieved state-of-the-art results over other algorithms in the year of 
2019. 

3.1.3. DRLN 
The Densely Residual Laplacian Network (DRLN) [48] for super-resolution by 

Anwar et al. introduced the Laplacian pyramid attention mechanism to the super-resolu-
tion domain, which is the most important insight of the creative work.  

The major component of the DRLN network is the Cascading Residual on Residual 
module (CRIR), which has a long skip connection (LSC) to help the information flow 
through the cascading blocks. The CRIR architecture is mainly composed of cascading 
blocks, and each has a medium skip connection (MSC) to cascade feature concatenation. 
The cascading blocks are made of three dense residual Laplacian modules (DRLM) for 
each, and one DRLM consists of a densely connected residual unit [56], compression unit 
and Laplacian pyramid attention unit. 

As shown in Figure 1c, the Laplacian pyramid attention module, which also com-
putes the weight for each channel, has several differences against the channel attention 
module of RCAN. After the global average pooling operation to obtain a feature map with 
the size × ×1  1  C , which can be denoted as x, zero is used to pad x to the size of 

× ×7  7  C , × ×11  11  C , × ×15  15  C , denoted as 1 2 3,  ,  c c c . Then, 1 2 3,  ,  c c c  pass 
the dilated convolution layers with the kernel size 3 and dilated size 3, 5, 7, respectively. 

The length of dilated convolution kernels just equals the size of the feature maps after 
padding. Same as RCAN, the reduction rate is set to 16 in the paper for each dilated con-
volution. After the three-pronged spear, the feature maps are concatenated and fed into a 
convolution layer to recover the dimension to the original × ×1  1  C . After a sigmoid 
function, the channel weights are generated to multiply each channel to obtain the final 
feature map. 

The Laplacian pyramid attention mechanism has two main advantages over others 
suggested by the authors: first is its capability to learn features at multiple sub-band fre-
quencies; second is its poser to adaptively rescale features and model feature dependen-
cies at multiple feature spaces. 

Same as RCAN, the network uses L1 loss function and an ADAM optimizer to help 
training. The well-designed architecture of the DRLN network takes the advantages of the 
residual connection, the dense concatenation, and the Laplacian attention to outperform 
to the classical network RCAN. 
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3.2. Spatial Attention Mechanism 

3.2.1. SelNet 
Choi and Kim et al. [57] proposed the super-resolution network SelNet with a novel 

selecting unit (SU). Different from the traditional ReLU activate function, which has the 
defect that it cannot back-propagate the training error through the switches while training 
the network, the proposed selecting unit works as a trainable switch. As shown in Figure 
2a, SU consists of an identity mapping and a selection module (SM). The selection module 
is composed of a ReLU activation layer, a convolution layer with kernel size 1 × 1 and a 
sigmoid function layer in turn. The selection module computes the weight in the spatial 
domain, which can be regarded as belonging to the general spatial mechanism. 
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Figure 2. The detailed structure of spatial attention mechanism. (a) SU in SelNet, (b) EFA block in 
RFANet. 

SelNet has 22 convolution layers in total, with one SU after each convolution layer. 
The authors adopted the enhanced residual connection to add the (n-2)-th feature map to 
the n-th feature map to feed forward to the next convolution layer. A sub-pixel layer is 
adopted to resize the feature map into the required height and width. Like VDSR, the 
input LR image is interpolated using the bicubic method and it adds the up-sized feature 
map to obtain the final SR image. All the manipulations are performed with the Y channel 
of the original image. 

3.2.2. RFANet 
Liu et al. [58] proposed the Residual Feature Aggregation Network for Image Super-

Resolution (RFANet), which enhances the spatial attention to make a better improvement.  
The main architecture of the network is the 30 residual feature aggregation (RFA) 

modules with a residual skip connection. The RFA module contains four residual blocks 
and a 1 × 1 convolutional layer. The residual features of the first three blocks are sent 
directly to the end of the RFA module and concatenated together with the output of the 
fourth residual block. This creative way makes the fullest use of all these residual features. 
The RFA module includes a convolution layer, a ReLU activation layer, a convolution 
layer, and an ESA block, which utilizes the enhanced spatial attention to promote the per-
formance. 

The ESA block, which is shown in Figure 2b, starts with a 1 × 1 convolution layer, 
which can decrease channel dimensions so as to lightweight the network. Then, a convo-
lution with stride = 2 is utilized to shrink the height and width of the feature map, which 
is followed by a max-pooling layer with a large receptive field with a 7 × 7 kernel and 
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taking 3 as stride. An up-sampling layer is then added, which uses bilinear interpolation 
as the strategy to recover the feature map to the original height and width. A skip connec-
tion is built from the reduced-channel feature map to after the up-sampling layer in the 
end. Finally, a 1 × 1 convolution layer helps to restore the number of channels, followed 
by a sigmoid function layer to generate the attention mask. Multiplying the mask and the 
feature map, we can obtain the reweighted value. 

The RFANet uses the L1 loss function and ADAM optimizer to help with the training. 
A lot of the ablation studies and experiments to combine the RFA blocks with other base-
lines prove the effect of the proposed method. 

3.3. Combining the Above Two Attention Mechanisms 
3.3.1. CSFM 

Hu et al. proposed the Channel-wise and Spatial Feature Modulation Network for 
Single Image Super-Resolution (CSFM) [59], which combines the channel attention and 
the spatial attention mechanism to take the advantages of both of them. 

The proposed CSFM network, which is shown in Figure 3a, consists of three blocks: 
an initial feature extraction sub-network (IFENet), a feature transformation sub-network 
(FTNet) and an upscaling sub-network (UpNet). The FTNet, which is the main part of the 
network, is composed of eight feature modulation memory modules (FMM) as a building 
module and stacks several FMM modules within a densely connected structure. An FMM 
module contains a channel-wise and spatial attention residual (CSAR) blockchain and a 
gated fusion (GF) node. The CSAR blockchain has 20 CSAR blocks. 
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Figure 3. The detailed structure of the attention blocks, which has the combination of the two 
kinds of attention mechanisms. (a) CSAR module in CSFM, (b) RAM in SRRAM. 
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In a CSAR block, in order to increase the perception of features with a higher contri-
bution and value, thus increasing the discriminating capability of the model, the authors 
designed a structure that takes channel-wise attention (CA) and spatial attention (SA) in 
a parallel position and combines them together. 

The CA unit works the same as the channel mechanism in RCAN, and has the same 
reduction ratio of 16. The SA unit is utilized concurrently to learn the diverse information 
of the feature map in the spatial domain and enable the network to discriminate the im-
portance of different regions. Let 1 2[ , , , ]cU u u u= …  be an input to the SA unit, which has 
the shape of C × H × W, and the input will pass two convolution layers. The first one 
increases the number of channels two-fold, then the next convolution layer reduces the 
number of channels to 1, i.e., the shape of the feature map has been changed to 1 × H × W. 
After a sigmoid function layer to generate the SA mask, multiply the original feature map 
with the mask and the output is generated. 

Different from the enhanced spatial attention (ESA) block in RFANet, the SA in CSAR 
only generates a 1 × H × W mask while the mask in ESA has the same number of channels 
with the feature map, i.e., every value in the feature map has its weight value to multiply 
with.  

After the parallel CA and SA unit is the concatenating manipulation to connect the 
output of both of them, and a 1 × 1 convolution layer is used to adaptively fuse two types 
of attentive features with learned weights.  

Another insight of CSFM is its gate node, which is designed to integrate the infor-
mation coming from the previous FMM modules and from the current blockchain through 
an adaptive learning process. The network uses the L1 loss function for training and is 
optimized by the ADAM optimizer. All the proposed mechanisms of CSFM have been 
proved effective through the ablation study.  

3.3.2. SRRAM 
Kim and Choi et al. [60] proposed the Residual Attention Module (RAM, shown in 

Figure 3b) for Single Image Super-Resolution. The RAM module combines the channel 
attention and the spatial attention, but with some changes that better fit the super-resolu-
tion task. 

In the Residual Attention Module, after a convolution, a ReLU activation and a con-
volution layer, the feature maps are sent into the channel attention (CA) unit and the spa-
tial attention (SA) unit, respectively. Different from the previous works, the authors pro-
posed that, since SR ultimately aims at restoring high-frequency components of images, it 
is more reasonable for attention maps to be determined using high-frequency statistics 
about the channels, so the variance pooling methods are adopted instead of the global 
average pooling. The rest of the CA is the same as that in RCAN. For the spatial attention 
(SA) unit, it is claimed that each channel represents a kind of filter and different filters are 
used to extract different features. It is of great importance to deal with each channel on its 
merits. Depth wise convolution with kernel size as 3 × 3 is chosen to generate the SA mask. 
Finally, the mask of CA and SA is added and passes a sigmoid activation function to be 
the final mask of the RAM module.  

SRRAM has an RCAN-like architecture and has 16 RAM residual blocks. The joining 
of the proposed mechanism is proved extremely successful. 

3.4. Non-Local Attention 
Wang et al. [61] first proposed the Non-local Neural Network, which is further re-

searched and used in building deep-learning networks for low-level tasks such as super-
resolution. Zhang et al. [62] proposed Residual Non-local Attention Networks for Image 
Restoration, which employ a pixel-level non-local attention mechanism to boost the per-
formance for low-level vision tasks such as super-resolution and denoising. As shown in 
Figure 4a, given image feature map X, the non-local attention is defined as: 
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where (i, j), (g, h) and (u, v) are pairs of coordinates of X. ψ(·) is the feature transformation 
function, and ϕ(·, ·) is the correlation function to measure similarity that is defined as: 

( ) ( ) ( )φ θ δ=, , , ,,
T

i j g h i j g hX X X X  (13)

where θ(·) and δ(·) are feature transformations. Note that the pixel-wise correlation is 
measured in the same scale. The SAN network utilizes the region-level non-local attention 
block. The CSNLN uses the enhanced non-local attention, which extracts cross-scale fea-
tures to help reconstruct the HR images. The PAN further uses the non-local information 
among different scales with pyramid-shaped feature maps. 

1×1 Conv2d

1×1 Conv2d

1×1 Conv2d

×

1×1 Conv2d× +

1×1 Conv2d

1×1 Conv2d

1×1 Conv2d

Downsampling 
(s)

Sampling Reshape

Sampling Reshape

Conv2d Softmax

DeConv

(a) 

(b) 
 

Figure 4. The detailed structure of non-local attention. (a) Non-local attention, (b) Cross-scale non-
local attention. 

3.4.1. SAN (Region-Level Non-Local Attention) 
Except for the second-order attention mechanism, which is the greatest contribution 

of SAN, it also first employs the Region-Level Non-Local (RL-NL) to further capture the 
correlation of long-range dependencies throughout the entire feature map, as the low-
level vision tasks prefer the non-local operations at a proper neighborhood size, which is 
proved in [62]. Therefore, the feature map is divided into a grid of regions, which is 2 × 2 
in the paper. The four patches compute their non-local maps and values, respectively, and 
then are merged to compose a whole feature map. Additionally, this manipulation re-
duces the computing burden. 

The RL-NL modules are placed at the beginning and end of the backbone network to 
exploit the spatial correlations of features. 

3.4.2. CSNLN 
Recently, Mei et al. [63] proposed an innovative design of a network which can super-

resolve images with Cross-Scale Non-Local (CS-NL) attention and exhaustive Self-Exem-
plars Mining (SEM), which enables the network to fully excavate the self-similarity [63]. 

The main architecture of the designed network is composed of the recurrent of the 
Self-Exemplars Mining (SEM) cell, which fuses the features from the cross-scale non-local 
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attention module, the in-scale non-local attention module and the local branch. All the 
fused feature maps from SEM cells are concatenated at the end of the main structure to 
reconstruct high-resolution images.  

The in-scale non-local attention module has the same operation as in [47], except for 
the deconvolution layer at the end position to upscale the feature map to match the output 
of the cross-scale non-local attention module. The cross-scale non-local attention module 
in Figure 4b, which is newly proposed by the authors, is designed to measure the correla-
tion between low-resolution pixels and larger-scale patches in the LR images. Denote the 
size of the feature map input as W × H. One of the branches of the module down-samples 
the feature map, using the bilinear method, followed by a reshape operation to transform 
the feature map to the filters with kernel size p. Another branch has a 1 × 1 convolution to 
reduce the channels to generate the input and uses the filters generated to perform the 
convolution. After a softmax layer, the weighted tensor is prepared for deconvolution. 
The last branch uses convolution and the reshape operation to transform the feature map 
to the filters with kernel size sp × sp to be the filters for deconvolution. The final operation 
is the deconvolution, and we obtain the feature map upscaled with the shape sW × sH. 

With three feature maps from the IS-NL module, the CS-NL module and the local 
branch, instead of concatenating them together, the authors creatively proposed a mutual-
projected fusion to progressively combine features together. The residual between the CS-
NL feature and the IS-NL feature after convolution is added to the IS-NL feature map, and 
the residual between the added result and the local feature is also added to calculate the 
final feature. 

3.4.3. Pyramid Attention Networks 
Mei et al. [64] recently proposed a new Pyramid Attention Network (PANet), which 

is the updated version of the cross-scale non-local network. The pyramid attention is a 
“plug and play” module. They achieved state-of-the-art performance in several image res-
toration tasks, especially when plugged into the EDSR network, and it outperformed the 
original EDSR and the SAN network, which was the best model in 2019. 

It is pointed out that recent non-local-attention-based methods show restricted per-
formance due to the simple single-scale correlations, further reduced by involving many 
ill matches during the pixel-wise feature matching in attention units. In order to make 
good use of the correlation of image patches in different sizes, a new type of non-local 
attention module is proposed, which downscales the feature map to the shape of a pyra-
mid, namely the pyramid attention module. 

Unlike the original attention module, which can be presented briefly:  

( ) ( ) ( )φ θ= 1 ,
σ

j ji i
j

y x x x
x

 (14)

where i, j are indices on the input x and output y, respectively, the Scale Agnostic Atten-
tion, which composes the pyramid attention module, can be expressed as: 

( ) ( ) ( )δ δφ θ
σ ∈

   =    
    1 , j ji i

s ss S j
y x x x

x
 (15)

where 1 2{1, , , , }nS s s s= …  is a series of given factors to downscale the feature map, and 

the δ(s) represents a 2s  neighborhood centered at index j on input x. The function ϕ com-
putes pair-wise affinity between two input features. θ is a feature transformation function 
that generates a new representation of jx . The output response iy  obtains information 

from all features by explicitly summing over all positions and is normalized by a scalar 
function σ(x).  

Built by the Scale Agnostic Attention, the pyramid attention block has the following 
expression: 
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( ) ( ) ( )φ θ
σ ∈ ∈

=  1 ,
,

j ji i
z j z

y x z z
x 

 (16)

where { }1 2, , , nF F F F= …  are generated with the scale factor series S, i.e., iF  has the 

shape ×
i i

H W
s s

.  

In the article, the pair-wise function is determined to be the embedded Gaussian 
function, which has the following formula: 

( ) ( ) ( )φ =,
T jif x g zjix z e  (17)

where )( i i
ff x W x=  and )( ji

gg z W z= . A simple linear function θθ = jW z  is chosen to 

be the feature transformation and scalar function 
 

( , ) , )( ji
z F j z

x F x zσ φ
∈ ∈

=   is set.  

When adding the module into the EDSR network, S, which is the collection of scale 
factor S, is set to {1.0, 0.9, 0.8, 0.7, 0.6}, leading to the 5-layer feature pyramid within the 
attention block. The attention block is plugged into the middle position of the backbone 
of the EDSR network, namely PA-EDSR. It is proposed that the PA-EDSR reconstructs 
more accurate image details for its excellent mechanism to utilize the features across the 
whole image from distinct scales. 

4. Bottlenecks in SR Attention Mechanisms and a New Perspective 
Although the attention mechanisms mentioned above have been proven helpful in 

the SR field, they still have some shortcomings. The traditional channel attention in SE 
and RCAN, which briefly squeezes the 2D feature map by coarsely doing the global aver-
age pooling (GAP) in order to generate the weight for each channel, only considers re-
weighing each channel by modeling channel relationships, thus ignoring the coordinate 
of the features. The spatial attention mechanism and non-local attention mechanism, 
which have been proved effective when joint to the super-resolution network, need a large 
sum of calculation, which increases the amount of the parameters and prolongs the infer-
ring time. 

We are also exploring an enhanced mechanism, which ought to have a plug-and-play 
attribute and a light-weighted structure. When plugged into the SR networks, it should 
greatly improve their performance.  

The coordinate attention, which was proposed recently by Hou et al. [65], has gained 
increasing notice due to its excellent performance when added into the neural networks 
for image classification and its down-streaming tasks such as segmentation and object 
detection [66,67]. Figure 5 shows the structure of this creative attention mechanism. As a 
new branch of the channel attention, to effectively solve the problem, the newly proposed 
method first calculates the mean value in each channel of the feature map in the x- and y- 
coordinate, that is, using the two spatial extents of pooling kernels (H, 1) and (1, W) to 
encode each channel along the horizontal coordinate and the vertical coordinate, respec-
tively, formulated by the following equations: 

( ) ( )
≤ <

= 0

1 ,h
c ci W

z h x h i
W

 (18)

( ) ( )
≤ <

= 0

1 ,w
c cj H

z w x j w
H

 (19)
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Figure 5. The detailed structure of coordinate attention mechanism. 

The two formulas aggregate the information in the height and width direction, yield-
ing a pair of direction-aware feature maps. The two feature maps, which contain the po-
sitional information, have larger capacity than only using the global average pooling. The 
proposed transformation also allows the next steps to capture the long-range dependen-
cies along one spatial direction and preserve precise positional information along the 
other spatial direction, thus helping the networks locate the features precisely while train-
ing and inferring. 

Then, the two groups of the obtained arrays are concatenated to pass a convolution 
layer with kernel size 1 × 1, which reduces the number of channels, where the transfor-
mation expression can be written as: 

( )( )δ  =  1 ,h wf F z z  (20)

where [·, ·] denotes the concatenation operation along the spatial dimension, δ is a non-

linear activation function and ( )× +∈ /C r H Wf R  is the intermediate feature map that en-
codes spatial information in both the horizontal direction and the vertical direction. r is 
the reduction ratio for controlling the block size as in the SE block. 

Then, the feature map is split into the original two groups according to the original 
proportion, which can be denoted as × ×∈ ∈/ / and h C r H w C r Wf R f R . 

Next, each group performs a convolution operation to restore the number of chan-
nels. Finally, after a sigmoid activation, the weight in the x- and y- coordinate is generated 
to reweigh the raw feature map in the two directions, whose process can be denoted as:  
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( )( )σ=h h
hg F f  (21)

( )( )σ=w w
wg F f  (22)

Thus, the calculation of the final feature map is written as: 

= × ×( , ) ( , ) ( ) ( )h w
c c c cy i j x i j g i g j  (23)

In the super-resolution field, the location information holds tremendous importance 
because the reconstruction of the image needs the pixel value of each position precisely. 
Additionally, different positions in the feature maps have different significance when con-
tributing to the reconstructed super-resolved images.  

5. Conclusions 
Attention mechanisms have been proved a very helpful method to help enhance the 

performance of convolutional neural networks for image SR. As the research of deep-
learning and super-resolution continues, many new mechanisms are proposed, which can 
be classified into three kinds: channel attention, spatial attention and non-local attention 
mechanisms. We have a comprehensive survey over these methods, introducing the de-
tailed principles and steps of them and their variants, with the accurate architecture infor-
mation of the particular neural networks. In Section 3.1, RCAN, SAN, and DRLN are ex-
plicitly introduced, which contain the raw and variant versions of channel attention mech-
anisms, and all gain great improvement beyond the baseline without attention mecha-
nisms. In Section 3.2, we introduce the spatial attention mechanism, which consists of the 
SelNet and RFANet. They utilize the spatial information inside the feature map to help 
reconstruct better high-resolution images. CSFM and SRRAM are featured in Section 3.3, 
which both have the combination of the two mechanisms. Non-local attention is exhibited 
in Section 3.4, including the SAN, CSNLN, and PA-EDSR networks. They explore the 
global correlation in the feature map, thus they perform well when there are similar pa-
tents and features in the images. We show precise analyses of their advantages and short-
comings. The performance of each network with its particular attention mechanism is 
shown in Table 1. Furthermore, we introduce a new perspective, namely the coordinate 
attention, which belongs to the channel attention mechanism but avoids the problem of 
the neglect of the position information in the primitive channel attention mechanism. With 
its distinct operating process, the newly proposed method is certain to surpass the former 
networks when integrated into a well-designed network structure. The proposed mecha-
nism can also be plugged into CNNs for other tasks in order to push forward their per-
formance. 

Table 1. The scores of different SR network on Set5 [68] and sources of all networks mentioned in the paper. The EDSR 
network is set to be the baseline without any attention mechanism. The best scores are in bold. 

SR  
Networks 

x2 x3 x4 x8 Attention 
Mechanisms Sources 

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM CA SA NLA 
EDSR [43] 38.11 0.9601 34.65 0.9282 32.46 0.8968 - -    CVPR2017(BASELINE) 
RCAN [30] 38.27 0.9614 34.74 0.9299 32.63 0.9002 27.31 0.7878 √   ECCV2018 
SAN [47] 38.31 0.9620 34.75 0.9300 32.64 0.9003 27.22 0.7829 √  √ CVPR2019 

DRNL [48] 38.27 0.9616 34.78 0.9303 32.63 0.9002 27.36 0.7882 √   TPAMI2020(Arxiv2019) 
SelNet [57] 37.98 0.9598 34.27 0.9257 32.00 0.8931 - -  √  CVPRW2017 

RFANet [58] 38.26 0.9615 34.79 0.9300 32.66 0.9004 - -  √  CVPR2020 
CSFM [59] 38.26 0.9615 34.76 0.9301 32.61 0.9000 - - √ √  TCSVT2018 
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SRRAM [60] 37.82 0.9592 34.30 0.9256 32.13 0.8932 - - √ √  
Neurocompu-

ting2020(Arxiv2018) 
CSNLN [63] 38.28 0.9616 34.74 0.9300 32.68 0.9004 - -   √ CVPR2020 

PA-EDSR 
[64] 

38.33 0.9617 34.84 0.9306 32.65 0.9006 - -   √ Arxiv2020 
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