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Abstract – The Invertible Rescaling Net (IRN) is modeling 

image downscaling and upscaling as a unified task to alleviate 

the ill-posed problem in the super-resolution task. However, the 

ability of potential variables of the model embedded high-

frequency information is general, which affects the 

performance of the reconstructed image. In order to improve the 

ability of embedding high-frequency information and further 

reduce the complexity of the model, the potential variables and 

feature extraction of key components of IRN are improved. 

Attention mechanism and dilated convolution are used to 

improve the feature extraction block, reduce the parameters of 

feature extraction block, and allocate more attention to the 

image details. The high frequency sub-band interpolation 

method of wavelet domain is used to improve the potential 

variables, process and save the image edge, and enhance the 

ability of embedding high frequency information. Experimental 

results show that compared with IRN model, improved model 

has less complexity and excellent performance. 

 
Keywords - Invertible network·Wavelet transform·Super 
resolution·Attention mechanism 

1. Introduction 

Single image super-resolution reconstruction (SISR) (Timofte 
et al. 2018) is to obtain enlarged or original size high-resolution 
(HR) image from a reduced single low resolution (LR) image. 
Because of the loss of many image details of LR image, ill 
posedness occurs to the reconstruction of SR image. Therefore, 
improving the ill posed problem is the focus and challenge to 
SISR. 

In 2014, Dong et al. (2014) first used convolutional neural 
network to propose SRCNN algorithm on single image super-
resolution. The algorithm reconstructs the image through three-
layer convolution layer network: image block extraction, 
feature representation and feature nonlinear mapping. The 
algorithm lays the foundation of convolution neural network 
applied to image super-resolution task. 

Since SRCNN was proposed, many scholars focus on the 
super-resolution task based on deep learning, and constantly 
propose new optimization algorithms to improve the 
performance of reconstructed image. Kim et al. (2016a; b) 
introduced residual network and recurrent neural network, and 
proposed VDSR and DRCN algorithm respectively. The 
algorithms solve the problem of gradient explosion or 
disappearance, expands the receptive field and deepens the 
network structure. Lim et al. (2017) removed the batch 
normalization operation, extracted more feature information, 
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and proposed an up-sampling structure MDSR to obtain 
different multiple output results. Inspired by the generated 
countermeasure network (Creswell et al. 2018), Ledig et al. 
(2017) proposed SRGAN algorithm by introducing generation 
adversarial network, proposed new loss functions content loss 
and countermeasure loss, and obtained more realistic texture 
reconstruction image. Inspired by invertible network, Xiao et al. 
(2020) proposed IRN algorithm, which unifies the modeling 
image downscaling and upscaling tasks, captures and embeds 
the lost high-frequency information, and is compatible with 
image downscaling operation to obtain images with good 
reconstruction visual quality. 

However, it is found that the potential variables of IRN 
model cannot save the high-frequency information on LR 
image. As a result, the effect of embedded high-frequency 
information is general, which affects the performance of SR 
image reconstruction. After studying the components of IRN 
model, we improve IRN from two parts. Firstly, the potential 
variables of the model are improved by using high frequency 
subbands interpolation in wavelet domain (Anbarjafari and 
Demirel 2010), which can save and process the edge values of 
LR image and enhance the ability of embedding high frequency 
information. Secondly, we use attention mechanism and dilated 
convolution to design feature extraction block, which can 
reduce the model parameters and improve the attention to image 
details during training. 

2. Related theory 

This section briefly introduces the main theoretical basis of 

implementation super-resolution algorithm. Parts A and B 

introduce the network structure and attention mechanism of the 

algorithm. 

2.1 Invertible neural network 

Invertible neural network is a kind of neural network of 
bijective structure, effective reversibility. The network has easy 
to handle Jacobian determinant. Neural network f : ℝD → ℝL, 
mapping data point x ∈ ℝD to a potential variable z ∈ ℝL, each z ∈ ℝL has a unique x ∈ ℝD such that f (x) = z. 

The neural network is composed of a series of building 
blocks. In this study, the affine coupling layer of reference 
(Dinh et al. 2016) is used to build the neural network, as shown 
in Fig. 1. The input is divided into two parts [J1, J2], which are 
transformed by Jacobian affine transformation of upper / lower 
triangle: 

 1 1 2( )K J J= +  (1) 
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 2 2 1 1exp( ( )) ( )K J K K = +  (2) 

Output [K1, K2] connected to the next building block, 
internal function ϕ, φ, η represents an arbitrary neural network, 
when the coupling layer is reversed: 

 1 1 2( )J K J= −  (3) 

 2 2 1 1( ( )) exp( ( ))J K K K = −  (4) 

J1

J2

K1 φ η Φ
K2

Input Output

 

Fig. 1 Invertible neural network building block.  

2.2 Attention mechanism 

Attention mechanism is a kind of signal processing mechanism, 
which obtains the focus of attention by scanning global, 
allocates more attention to the focus, pays attention to the 
details of the target, and suppress other irrelevant information. 
Attention mechanism is mainly divided into soft attention and 
hard attention. Soft attention selectively ignores part of the 
information to reweight and aggregate the rest of the 
information. Hard attention only focuses on the information of 
a certain position in the sequence and ignores the rest of the 
information. At present, neural networks usually use soft 
attention mechanism, which is widely used in deep learning 
tasks such as natural language processing (Al-Makhadmeh and 

Tolba 2020), image processing (Jumbo et al. 2021) and speech 
recognition (Li et al. 2021). 

Attention mechanism can be used in super-resolution tasks 
to focus on the high-frequency details of the image, suppress 
the image noise and improve the performance of the 
reconstructed image. (Lu et al. 2018) used channel attention to 
calibrate input elements, and aggregated multi-level features 
and shared recursive unit parameters to improve reconstruction 
quality. (Liu et al. 2018) used attention method to distinguish 
texture region and smooth region to restore high-frequency 
details effectively. (Zhang et al. 2018) used the attention 
mechanism to give different weights to the feature graph to 
increase the difference and improve the feature representation 
ability of the network. (Dai et al. 2019) uses second-order 
channels to enhance feature expression and feature learning to 
capture long-distance context space information. (Chen et al. 
2021) Propose an image super-resolution reconstruction 
method using attention mechanism with feature map to improve 
the low-frequency and high-frequency components of feature 
map. In this study, we propose a feature extraction network 
based on attention mechanism to improve the performance of 
high-frequency feature extraction. 

3. Algorithm implementation 

This section mainly introduces the core part of IRN algorithm 
improvement: feature extraction based on attention mechanism, 
potential variables based on high frequency subbands 
interpolation in wavelet domain, model framework of improved 
algorithm. 

 

   
(a) 1-dilated conv (b) 2-dilated conv (c) 4-dilated conv 

Fig. 2 Dilated convolution with 3 × 3 convolution cores, with different dilation rates of 1,2,4 

RRDB

 
(a) 

CRDB

 
(b) 

ConcatConv LRelu Dilated Conv SigmoidMax poolAverage pool  

Fig. 3 Comparison of residual dense block structure. (a) RRDB block used by IRN model. (b) We propose dense residual block

3.1 Dense residual block 

IRN model uses RRDB (Xintao Wang et al. 2018) module to 
extract image feature information. In order to improve the 

ability of neural network to extract image features, the feature 
extraction structure of RRDB is improved on two directions: 
First of all, we use dilated convolution (Yanjie Wang et al. 2020) 
instead of standard convolution, choose the convolution core 
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size of 3 × 3, and set the dilated rate of 1, 2 and 4 respectively 
to avoid the gridding effect, as shown in Fig. 2. The purpose is 
to expand the receptive field and extract the deep feature 
information of the image without increasing the model 
parameters. Secondly, the attention mechanism is added after 
the dilated convolution dense connection. We use the channel 
domain of CBAM (Woo et al. 2018) module to allocate more 
attention to the details of the image. The purpose is to pay 
attention to the details of the image and capture more high-
frequency information on the image when extracting image 
features. 

Fig. 3 shows the comparison between the feature extraction 
block of IRN module and our proposed feature extraction block.  
In Fig. 3 (b), two convolution layers with dense connection are 
reduced, and the standard convolution layer is replaced by the 
dilated convolution layer. After dense connection, CBAM 
channel domain attention mechanism is added. Compared with 
RRDB, the proposed CRDB improves the attention on attention 
to image details, effectively reduces the parameters of dense 
residual blocks, and improves the performance of image feature 
extraction. 

3.2 High frequency subbands interpolation 

In reverse process of IRN model, the potential variable 𝒵 
generates a set of data randomly using Gaussian distribution to 
simulate high-frequency information, and reconstructs SR 
image with LR image. Because of the randomness of potential 
variable 𝒵, it cannot replace the high-frequency information on 
LR image. On the contrary, it affects the quality of 

reconstructed SR image. In reference (Anbarjafari and Demirel 
2010), a super-resolution reconstruction method based on 
wavelet domain high-frequency sub-band interpolation is 
proposed. Inspired by this method, we use wavelet domain 
high-frequency sub-band interpolation to improve the potential 
variable 𝒵, as shown in Fig. 4. 
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Fig. 4 Wavelet high-frequency subbands interpolation block 

LR image is amplified by interpolation, and then the high 
frequency information on LR image is obtained by wavelet 
transform. According to the comparison between the LR image 
and the low-frequency information LL after wavelet 
transformed, the coefficients of LH, HL and HH are modified, 
and finally the high-frequency information in three directions is 
spliced as the potential variable 𝒵. Using wavelet domain high 
frequency subbands interpolation to improve potential variable 𝒵 can effectively use the high frequency information of LR 
image to obtain better SR image quality. 

J1 Downscaling

Module

LL LH

HL HH

K1 φ η Φ
K2

InvBlock

J2

Wavelet 

Transform
InvBlock InvBlock

Downscaling

Module

Potential 

variable

x
y

z

 

Fig. 5 The model frame diagram of this paper. 

 

3.3 Invertible structure 

Fig. 5 shows the model framework of this paper, which is 
composed of a wavelet transform and several reversible 
building blocks stacked into a downscaling module, and two 
downscaling modules constitute the whole invertible neural 
network model. The downscaling of each downscaling module 
is 2 times. In order to facilitate the model calculation, the three 
learning functions ϕ, φ and η of the reversible building block 
are the same, and CRDB block (Fig. 3) is selected as the 
learning function. 

In the forward process of the model, 𝒳 is downscaled to 𝒴, 
and each downscaling module is decomposed into 𝒳 by two-
dimensional wavelet transform as the first layer. The low 
frequency components LL is used as the J1 of invertible 

building block, and the high frequency components LH, HL and 
HH are used as the J2 of invertible building block. The output 
is calculated by alternating coupling on multiple invertible 
building blocks. 𝒴 embedded potential variables 𝒵 reconstruct 𝒳 through model reverse learning. 

4. Experiment analysis 

4.1 Training details 

The forward loss function and reverse loss function of the 
training model use L2 and L1 respectively. The total number of 
iterations of the model is 5×105, and the initial learning rate is 
2 ×10-4. When the number of iterations reaches [10K, 20K, 30K, 
40K], the learning rate decays, and the decay rate γ = 0.5. The 
optimizer Adam is used to update the network parameters until 
the model converges. 
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Img004 from Set5

HR

(PSNR / SSIM)

SRCNN

(29.43dB / 0.6928)

SRResNet

(29.91dB / 0.7100)

SRGAN
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EDSR
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IRN
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IIRN(ours)

(31.33dB / 0.7877)

Img001 from Set14

HR
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SRResNet
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SRGAN
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(21.99dB / 0.7085)
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(22.76dB / 0.6354)
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SRGAN
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(24.89dB / 0.6730)

IRN

(33.08dB / 0.9348)

IIRN(ours)

(33.09dB / 0.9352)

Img013 from Urban100
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(PSNR / SSIM)
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SRGAN
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Fig. 6 qualitative comparison results 
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In this paper, DIV2K (Agustsson and Timofte 2017) data set 
is used as the training set. There are 800 high-resolution images 
in DIV2K data set, which provide low resolution images with 
corresponding scale of ×4. The low-resolution images are 
generated by bicubic interpolation method. Because the number 
of pictures in DIV2K training set is too less, and it is necessary 
to maintain the consistency of all experimental training data, 
our carries out random translation, flipping, clipping et al. 
operations on the images of DIV2K training set, and expands 
the training set to 32593, and unifies them into 480×480 pixels, 
which meets the demand of training data. We use widely used 
benchmark data sets Set5 (Bevilacqua et al. 2012), Set14 
(Zeyde et al. 2010), BSD100 (Martin et al. 2001), Urban100 
(Huang et al. 2015) as test sets, and use peak signal-to-noise 
ratio (PSNR) (Tanchenko 2014) and structural similarity ratio 
(SSIM) (Sara et al. 2019) on RGB channel to qualitatively 
evaluate the model. 

4.2 Analysis 

This algorithm is compared with several advanced SISR 
methods. Fig. 6 shows the qualitative comparison results of our 
model and other super-resolution models under ×4 super-
resolution reconstruction. It can be seen from the figure that our 
SR image and IRN model have the same pleasant visual effect. 
Compared with other super-resolution models, it has more 
detailed texture (such as human skin, animal fur and building 
structure), and the PSNR and SSIM values of the image are also 
higher than other models. 

In the scale factor ×4 data set test, the values of PSNR and 
SSIM of the four benchmark data sets of our model are basically 
the same as those of IRN model, and higher than other super-
resolution models. This shows that the model has the same 
super-resolution reconstruction performance as IRN model, and 
is better than other SR models. The comparison results of 
qualitative evaluation are shown in Table 1. 

Table 1 PSRN/SSIM comparison results  

Scale Method 
Set5 

(PSNR/SSIM) 
Set14 

(PSNR/SSIM) 
BSD100 

(PSNR/SSIM) 
Urban100 

(PSNR/SSIM) 
 SRCNN 28.43/0.81 25.51/0.71 25.43/0.67 22.76/0.68 

 SRResNet 30.23/0.85 26.75/0.75 26.22/0.70 24.57/0.76 

 SRGAN 27.94/0.78 24.75/0.67 24.21/0.61 22.76/0.69 

×4 ESRGAN 30.64/0.86 27.06/0.76 26.41/0.71 25.28/0.78 

 EDSR 30.22/0.85 26.76/0.75 26.23/0.70 24.51/0.76 

 IRN 33.11/0.91 30.04/0.86 29.76/0.86 28.60/0.88 

 IIRN(our) 32.99/0.91 30.12/0.87 29.77/0.86 28.91/0.89 

 
Under the same conditions, compared with the IRN model, 

the parameters of our improved algorithm model are reduced by 
1.65k, the number of floating-point operations is reduced by 
393.19m, and the average running time of the model is reduced 
by 3ms. The comparison results are shown in Table 2. The 
experimental results show that our improved algorithm can 
greatly reduce the complexity of the algorithm model, reduce 
the computational cost of the model, speed up the 
reconstruction speed of the image, and the performance of the 
reconstructed SR image is the same as that of the IRN model. 

Table 2 Complexity comparison results of various SISR models 

Method Time Model size FLOPs 

SRCNN 130ms 20.1K 0.52G 

SRResNet 147ms 1.52M 4.07G 

SRGAN 160ms 36.4M 4.07G 

ESRGAN 262ms 16.7M 28.73G 

EDSR 139ms 1.52M 3.18G 

IRN 88ms 4.35K 936.28M 

IIRN(our) 85ms 2.71K 543.09M 

5. Conclusions 

This paper proposes an improved super-resolution 
reconstruction algorithm. On the basis of residual-in-residual 
dense block, attention mechanism is added, and dilated 
convolution replaces standard convolution. This paper proposes 
a dense residual connection block based on attention 
mechanism, which reduces the size of the model and allocates 

more attention to image details. This paper proposes a high-
frequency sub-band interpolation method based on wavelet 
domain to improve the potential variable and save the high-
frequency information of the image, which solves the problem 
that the high-frequency information cannot be saved in the 
inverse process of the model. The experimental results show 
that the improved model reduces the parameters and complexity 
by about 40% compared with the IRN model, while maintaining 
the best performance of the reconstructed image. 
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