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Abstract. Image super-resolution reconstruction (SR) has always been a research hotspot in the
computer vision community, whose purpose is to convert low-resolution (LR) images into high-
resolution (HR) images by algorithms without changing the hardware. Early SR works were mainly
based on manual features and mathematical statistical models, relying on interpolation to achieve
high-resolution image reconstruction. Thanks to the rapid development of convolutional neural
networks, SR based on deep learning has achieved breakthroughs in both accuracy and speed. This
paper first introduces the basic principles of image super-resolution reconstruction, including the
basic framework and loss function of SR. Then, we introduce the representative super-resolution
reconstruction methods such as SRCNN, SRGAN, and TTSR. We also introduce the common public
datasets and evaluation indexes, and compare the performance of several SR methods to analyze
their advantages and disadvantages. Finally, we summarize the existing challenges in the image
super-resolution reconstruction, and give a look out for the future development direction of SR.
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1. Introduction

Image super-resolution reconstruction (SR) is a technology that converts low-resolution (LR)
images into high-resolution (HR) images. Its purpose is to solve the problem of blurred image and
low quality. The SR is widely used in remote sensing images [1], security monitoring [2], medical
imaging [3] and other fields.

Before the emergence of deep learning, traditional SR methods are mainly divided into the
following three types: methods based on interpolation, methods based on degradation model, and
methods based on learning. The traditional methods mainly depend on the construction of constraint
terms and the accuracy of image registration to achieve the reconstruction effect, but they are not
suitable for the SR with large magnification. With the wide application of deep learning in various
fields, it has also been introduced into SR, and achieved remarkable results.

This paper consists of follows: Section 2 introduces the basic fundamentals of SR. Section 3 briefly
describes some deep learning models of SR. Section 4 introduces some datasets and evaluation
methods of SR. Section 5 compares some models. Section 6 is a summary of this paper.

2. Fundamentals

This section introduces the basic theory of SR from three aspects: definition, frame and loss
function.

2.1 SR Definition

In real life, due to the influence of equipment, environment and other degradation factors, the
images we get are usually LR images. Equation (1) is the definition of LR image, where D (-)
represents the degradation function, and 6 represents the degradation factor.

ILr=D(lr, 6) R ey

Then, the reconstruction function is shown in (2), where |,z stands for reconstructed image, F(-)
stands for super resolution reconstruction model, € stands for parameters in the model.

1301



Highlights in Science, Engineering and Technology CMLAI 2023
Volume 39 (2023)

THR = F(lr €) ()
2.2 SR Framework

Depending on the location of the up-sampling module, the SR method can be summarized into
four frameworks, which will be introduced in detail in the following subsections.

(1) Pre-up-sampling framework. As shown in Fig 1(a), The pre-up-sampling uses a traditional up-
sampling algorithm to obtain a higher resolution image, and then uses a deep neural network to refine
it.

(2) Post-up-sampling framework. As shown in Fig 1(b), the framework will place the up-sampling
module in the back part of the network, which improves the utilization efficiency of computing
resources. At the same time, most convolution calculations under this framework are carried out in
low-dimensional space, and the end-to-end learnable upper sampling layer is used for amplification,
which further releases the computational power of convolution and reduces the complexity of the
model.

Nonlinear mapping Nonlinear mapping Up-sampling

learning module learning modu\ei module
Up-sampling
module

(a) Framework of Pre-up-sampling (b) Framework of Post-up-sampling
Fig 1. Comparison of the Pre-up and Post-up sampling framework
(3) Progressive up-sampling framework. Fig 2 is the structure of Progressive up-sampling
framework. In this framework, image amplification is carried out step by step, and the generated
images continue to be input until the target resolution is reached.

Up-sampling
Manlinear mapping Up-sampling  Monlinear mapping  module
learning module module learning module

Fig 2. Progressive up-sampling framework

(4) Iterative up-and-down sampling framework. In this framework, through repeated LR-HR
mapping study, the model can fully learn the mapping relationship (See Fig. 3). However, due to the
complex structure and unclear design standards of this kind of framework, further exploration is
needed.

Progressive up- Ionlinear mapping Progressive up- Up-sampling
sampling madule learning module sampling module  module

Fig 3. Iterative up-and-down sampling framework
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2.3 Loss Function

In SR, the loss function measures the reconstruction quality of HR images by calculating errors.
The effect of reconstruction can be improved by reasonable use of multiple loss functions. Several
common loss functions are described next.

(1) Pixel loss function. Pixel loss functions include L1 and L2 loss functions, including L1 and L2
loss functions, whose formulas are shown in Equations (1) and (2) respectively. The pixel loss
function can improve the convergence speed of the model, but it lacks the consideration of the image,
so the reconstructed image is often excessively smooth.

1
Ly (Isg, Iyg) = mzm“?ra — IRl (3)

L, (Isg, Ihr) = ,%Wch(IE‘R - IWR)Z 4)

(2) Content loss function. The content loss function is to evaluate the image quality in the pursuit

of human perception and experience. The pre-trained classification network is usually used to

evaluate the difference between two images, so as to enhance the visual reality of the reconstructed
image. Equation (5) is the calculation formula of content loss function.

Leont (Isrs Inrs @) = ﬁZm (@r(T)USR) - Q??)(IHR)) Q)

(3) Texture loss function. Texture losses are mainly from the area of style transfer and are therefore

also known as common style losses. It uses the correlation between different channels of the

reconstructed image and the original image to measure the similarity of two images. Equation (6) is
the calculation formula of texture loss function.

1 2
Ll I, G) = C—Iz\/zm (6% Us) = 63 (1)) (6)
(4) Adversarial loss function. Adversarial losses come from generative adversarial networks, as

shown in Equation (7). The counter loss function can enhance the counter between discriminator and
generator and make the generated picture more realistic.

Lad(Iir, G, D) = ¥N_; —log D(G(Ir)) (7

3. Deep Learning Model in SR

In this section, several popular SR methods based on deep learning will be introduced, because
many subsequent SR algorithms are to improve these methods or a reasonable combination of use.

3.1 SRCNN

SRCNN [4] is the first work to apply convolutional neural networks to the field of SR, which was
proposed by Dong in 2014. Fig.4 is the structure of SRCNN. The structure can be divided into three
modules. The following is a brief analysis of these three modules.

ny feature maps ny feature maps
of low-resolution image ol high-resolution image

o
Low-resolution [
image (input)

i —

1

Patch extraction
and representation

Fig 4. The framework of SRCNN

Non-linear mapping Reconstruetion

(1) Patch extraction and representation. The purpose of this process is to obtain a series of feature
maps by input image y. This convolutional layer is shown in Equation (8):
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f1(y) = max(0,w; *y + by) 3
where w;and b; represent the weight and bias of the filter respectively. This is actually a
convolution and activation operation.
(2) Non-linear mapping. This operation fits the nonlinear mapping between LR -HR image, and is
shown in the Equation (9):
f,(y) = max(0, w, * f1(Y) + b,) ©
(3) Reconstruction. This operation consolidates the results of the previous operations to produce
the most realistic HR image, which is shown in the following equation:

f(y) = wy *fo(y) + bs (10)
3.2 SRGAN

With the development of SR, researchers have found that although the evaluation index of the
reconstructed HR image is getting higher and higher, the generated image is too smooth and loses
more information. The reconstructed image lacks the sense of reality of the human eye, and the actual
application effect is not good.

In order to solve these problems, researchers proposed SRGAN [5]. The framework of generative
network part of SRGAN is shown in Fig.5. The generative network part of SRGAN network is a deep
network composed of B Resnet blocks. The main purpose of Resnet is to use skip connection to
enhance the flow of information across layers and to prevent gradient disappearance as the network

deepens. The discriminant network part of SRGAN is a CNN network.

High feature

Generator Network B residual blocks extraction layer
A
"k3n64s1  k3neds1 ' k3n64s1  k3n256s1 k9n3s1

k9n64s1

i

Low feature

PixelShuffler x2

i

extraction layer tion layer

skip connection Deconvelu

Fig 5. The framework of generative network part of SRGAN

SRGAN is pioneering of shifting attention from quantitative index to image perceptual quality and
proposed the perceptual loss function. The loss function is expressed by Equation (11), where the
content loss is represented by I3%, and the adversarial loss is represented by 1073I2%,,. The content
loss function is the feature vector of the preformed VGG network. The main purpose is to use the
VGG network to extract the features of HR images and the images generated by the generator, and
compare the differences of the corresponding feature maps. The content loss function is shown in
Equation (12). Equation (13) is the expression of the adversarial loss function. The purpose is to make
the results of the generated network produce higher discriminant value to deceive the discriminant

network.

PR = I} + 10731, (11)

SR 1 Wi «Hij
IVGG/i.j= WijHij X=J1 Zy=11((")i,j(ll-m)x,y — @i (GGG(ILR))X,\/)Z (12)
[Zen= =1 — 108 Dep(Ges (1)) (13)

33TTSR

The structure of the texture transformer [6] is shown in Fig.6. Texture transformer consists of four
structures: the learnable texture extractor implemented, the relevance embedding module, the hard-
attention module for texture conversion, and the soft-attention module for texture synthesis. In
addition, the entire module can be further stacked on multiple ladders, which enables texture recovery
from different scales. TTSR makes the best use of the information of the reference image. It can
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effectively search and transfer high-resolution texture features to low-resolution images, and solve
the problem of texture blur and texture distortion.
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Fig 6. TTSR network structure

In addition, the texture converter can be stacked across scales with the CSFI module to achieve
more accurate feature representation. At present, the qualitative and quantitative evaluation results of
TTSR are superior to other methods. TTSR have a broad space for development in image generation
tasks in the future.

4. Experiments and Performance Comparison

4.1 Common Dataset

Dataset is one of the essential basic elements of deep learning algorithm modeling, and the amount
of data and the quality of data will directly affect the effectiveness of the target model. At present,
there are a variety of data sets for the training and testing of SR models, which are different in the
number of images, the quality of images, the resolution of images, the diversity of images and the
imaging environment of images.

Table.1 shows the data sets commonly used in the SR field, and lists the number of images, image
format, image type, image average resolution, and category information contained in the images.
Urban100[7], BSDS100[8] and Mangal09[9] are often used as benchmark datasets for model
reconstruction effect evaluation. At the same time, researchers often use multiple data sets to
participate in the training and testing of the model to pursue better reconstruction results.

Table 1. Details of common SR datasets
Image Image

Dataset number  format Image type usage Image category information
BSDS100[10] 100 PNG  Unpaired Val Animals, people, buildings, etc.
BSDS500[8] 500 JPG Unpaired  Train/ Val  Animals, people, buildings, etc.
General-100[11] 100 PNG Unpaired Train Animals, food, plants, etc.
CelebA-HQJ[12] 30000 PNG Unpaired Train HD face
DIV2K][13] 1000 PNG Paired Train/ Val ~ People, animals, scenery, etc.
Mangal09[9] 109 PNG  Unpaired Val Cartoon image
Urban100[7] 100 PNG  Unpaired Val urban buildings
Flickr2K[14] 2650 PNG  Unpaired Train People, animals, scenery, etc.

4.2 Evaluation Methods

Using image quality assessment indicators can better evaluate the results of image super-resolution
reconstruction. At present, there are two main types of evaluation: objective evaluation and subjective
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evaluation. The results of subjective evaluation and objective evaluation are often different. Objective
evaluation is from the mathematical point of view. The image quality can be directly obtained from
the data but does not take into account human sensory feelings. Subjective evaluation is based on
human subjects to compare and evaluate the quality of the reconstructed images. This evaluation
method can reflect the visual experience of the human eye. Therefore, in the actual use process, it
should be based on the situation.

(1) PSNR. The PSNR [15] is one of the most commonly used objective indicators of evaluation in
the field of scientific research. In SR, it is defined by the mean square error between the maximum
pixel value and the two images. The larger the PSNR is, the better the image quality is. Equation.14
is the calculation formula of PSNR, where M, is the maximum pixel value, M, is the mean square
of the corresponding pixel difference between two images.

2
PSNR = 10 log (“:A—l) (14)
2

Because PSNR is related to MSE and does not take into account the visual perception of human
beings, although some models can achieve relatively high PSNR indicators, the actual effect in the
real scene is still not satisfactory.

(2) SSMI. SSMI [16] is a similarity index for comparing brightness, contrast and structural details
between images. The value range of SSMI is [0,1]. The larger the structural similarity of the image
is, the better the image quality is. SSMI is expressed by the following equation:

_ 2|J.X|JV+C1
L(X,Y) = T (15)
2 tG
Cxv) = M2t 2+C) (16)
_ oxy+Cs3
S(X,Y) = P (17)
SSIM(X,Y) = L(X, Y)6 X C(X,Y)¢ X S(X, Y)P (18)

Among them, p, and p, denote the pixel mean of X and Y, ox and oy denote the pixel
standard deviation of X and Y, oyy denotes the covariance of X and Y. C;, C,, C; are constants.

(3) MOS. MOS [17] is a commonly used method of subjective image quality assessment. It
performs visual perception and scoring on the clarity, contrast, color, and appearance details of the
image by participating in the evaluation. However, this method depends on people 's subjective
feelings, so there will be human bias and some limitations.

4.3 Performance Comparison

In this section, we will compare the PSNR and SSMI of some typical SR methods in Mangal09,
Urban100 and Sun80 datasets on a 4-fold magnification factor, and analyze them quantitatively.
ESRGAN [18] is an improvement of SRGAN. It improves the network architecture and loss function,
so that the recovery effect at the detail texture is better.

Table 2. Performance comparison of different methods on various datasets

Methods Mangal(09 Urbani00 Sun80
PSNR SSMI PSNR SSMI PSNR SSMI
SRCNN/[4] 27.12 0.850 24.41 0.738 28.26 0.810
SRGAN/5] 25.12 0.802 24.07 0.729 26.76 0.725
ESRGAN/[18] 23.53 0.797 20.91 0.620 24.18 0.651
TTSR/6] 30.09 0.907 25.87 0.784 30.02 0.814

We can see from the data in Table 2 that TTSR has the best performance on both PSNR and SSMI
data, indicating that the TTSR method has the best image reconstruction effect from a quantitative
perspective. The performance of SRGAN and ESRGAN on both data is not ideal, because SRGAN
and ESRGAN more focus on the human eye perception of image. This also shows that the
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reconstruction effect of the SR method cannot be completely quantitatively judged, and the visual
experience of the human eye should also be paid attention to.

5. Discussion

Although SR has made great progress., there are still a large number of problems in this field.
Based on the research on SR, the future improvement and development directions of SR include:

(1) Improve loss function. At the beginning, SRCNN only used pixel loss function and L1 loss
function. However, with the continuous development of the SR field, more and more loss functions
are added to the model, the loss function is becoming more and more complex, and the quality of the
reconstructed image is getting better and better. If the complexity of the loss function can be improved,
the training effect of the model will be better and better, and the quality of the reconstructed image
will be greatly improved.

(2) Effective combination of multiple network modules. When deep learning was first applied to
SR, only three convolutional layers were used. Subsequently, more and more network models are
used in SR, the depth of the model is increasing, and the network performance is also greatly
improved. Therefore, the reasonable combination of multiple networks can make the reconstruction
effect better and better.

(3) Rational use of evaluation methods. Generally, PSNR / SSMI can reflect the quality of image
reconstruction. However, it can be seen from SRGAN and ESRGAN that quantitative indicators do
not fully explain the quality of reconstructed images. Therefore, finding a reasonable way to use the
evaluation index can be of great help to image reconstruction.

(4) Improved up-sampling method. At present, the up-sampling method used by SR will have
problems such as uneven amplification and color error, and the magnification is also limited.
Therefore, designing an efficient and appropriate up-sampling method can improve the effect of
model reconstruction.

6. Conclusion

This paper reviews SR based on deep learning. Firstly, the basic framework and loss function of
SR are introduced. Then, SRCNN, SRGAN and TTSR are briefly described respectively. Then, some
datasets of SR and three evaluation methods of PSNR, SSMI and MOS are introduced. Then the
PSNR and SSMI of some models are compared, and the TTSR is the best. Finally, some
improvements are proposed for the SR method of deep learning. At present, there are still some
problems in SR. In the future, the application field of SR will be more and more extensive, and the
challenges will be more and more. Look forward to the excellent performance of SR in various fields
in the future.
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