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요 약

최근, 단일 이미지 초해상도 복원 기법(super-resolution)에서 컨볼루션 신경망 모델은 매우 성공적이다. 잔여 학습 기법은 컨볼루션
신경망 훈련의 안전성과 성능을 향상시킬 수 있다. 본 논문은 저해상도 입력 이미지에서 고해상도 목표 이미지로 비선형 매핑 학습을
위해 고밀도 스킵 연결(dense skip-connection)을 통한 재귀 잔차 구조를 이용한 단일 이미지 초해상도 복원 기법을 제안한다. 제안하
는 단일 이미지 초해상도 복원 기법은 고밀도 스킵 연결 방식을 통해 재귀 잔차 학습 방법을 채택해서 깊은 신경망에서 학습이 어려
운 문제를 완화하고 더 쉽게 최적화하기 위해 신경망 안에 불필요한 레이어를 제거한다. 제안하는 방법은 매우 깊은 신경망의 사라지
는 변화도(vanishing gradient) 문제를 완화할 뿐만 아니고 낮은 복잡성으로 뛰어난 성능을 얻음으로써 단일 이미지 초해상도 복원 기
법의 성능을 향상시킨다. 실험 결과를 통해 제안하는 알고리듬이 기존의 알고리듬 보다 결과가 더 우수함을 보인다.

Abstract

Recently, the convolution neural network (CNN) model at a single image super-resolution (SISR) have been very successful. The 
residual learning method can improve training stability and network performance in CNN. In this paper, we propose a SISR using 
recursive residual network architecture by introducing dense skip connections for learning nonlinear mapping from low-resolution 
input image to high-resolution target image. The proposed SISR method adopts a method of the recursive residual learning to 
mitigate the difficulty of the deep network training and remove unnecessary modules for easier to optimize in CNN layers because 
of the concise and compact recursive network via dense skip connection method. The proposed method not only alleviates the 
vanishing-gradient problem of a very deep network, but also get the outstanding performance with low complexity of neural 
network, which allows the neural network to perform training, thereby exhibiting improved performance of SISR method.
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Ⅰ. Introduction

From monochrome television broadcasting, color tele-
vision broadcasting to High-Definition television (HDTV) 
broadcasting, the development of broadcasting has under-
gone three times of evolution. In recent years, the tele-
vision broadcasting has developed into Ultra-High-Defini- 
tion television (UHDTV) with the high-resolution of 3840  
2160 so that it can provide a stereoscopic effect in the visu-
al field to satisfy the human visual system. Moreover, as 
the functions of cameras in smartphones developing rap-
idly, users can obtain high-quality pictures without digital 
cameras. However, due to the limitations of technological 
development, existing legacy video or image is mostly 
Full-HD video or low-resolution image. Therefore, an image 
processing technique that names super-resolution (SR) 
method [1,2,3] have been proposed that is used to re-
construct a high-resolution (HR) image from low-reso-
lution (LR) image. 

The single image super-resolution (SISR) aims at recov-
ering an HR image from a single LR image. SISR is a class 
of technique that enhances the resolution of an imaging 
system, and the SISR algorithm has been widely used in 
various computer vision tasks as the core technology of 
general image processing that has outstanding functions 
and performance, such as security and surveillance imag-
ing, medical imaging [4,5], satellite imaging, face recog-
nition [6,7], which more image details are required on 
demand. 

Many SISR methods have been studied in the computer 
vision community. Early methods including image inter-
polation are the process of transferring the image from a 
given resolution to high resolution. There are numerous 
classical methods such as nearest neighbor interpolation, 
bilinear interpolation, and bicubic interpolation [8]. And 
Lanczos resampling [9] method. Currently, learning meth-
ods are widely used to model a mapping from LR to HR 
patches. For example, Neighbor embedding [10,11] meth-
ods interpolate the patch subspace and external exam-
ple-based method [12] that can be formulated for generic 
image super-resolution. The sparse coding [13] method use 
a learned compact dictionary based on sparse single 
representation. Lately, the SISR based on convolution neu-
ral network (CNN) [14,15,16] successfully learns the map-
ping from LR image to HR image with large datasets. The 
SISR based on the deep learning can obtain a high-quality 
HR image from LR image, and it possesses a splendid 
performance by comparing with the traditional SISR 
methods. However, there are large numbers of limitations 
on the existing SISR based on CNN, and it will generate 
a large number of parameters, also the computational cal-
culation will be complex because the CNN model needs 
to take large dataset as the training data. For this reason, 
in this paper, we propose a new CNN model, the HR im-
age can effectively reconstruct from LR image by using 
self-learning method of the feature maps through a study 
based on propose CNN model instead of solving it by 
formulas.

The organization of this thesis is as follows. The existing 
SR algorithm that based on the CNN methods and the deep 
learning model that is used in the proposed method are de-
scribed in Section Ⅱ. The proposed algorithm which used 
the CNN model is proposed in Section Ⅲ. Section Ⅳ in-
cludes experimental results, and finally the proposed algo-
rithm will be concluded in Section Ⅴ.
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Ⅱ. Related work

1. Image super-resolution using deep 
convolution networks (SRCNN)

In recent times, the CNN methods have presented an ex-
plosive popularity partially due to its success in image 
classification. They have also been successfully applied to 
other computer vision tasks. Among them, the CNN model 
which learns a mapping from LR to HR image patches 
have been proposed. Termed SRCNN. Fig. 1 shows the 
SRCNN model structure. The HR image can be decom-
posed into a low frequency information (LR image) and 
high frequency information (residual image or image de-
tails). In SRCNN, denote the interpolated image as . The 
goal is to recover from  an image   that is as similar 
as possible to ground truth image , and learn a mapping 
. The SRCNN method is one of the representative SR 
methods which uses 3-layers CNN model: patch extraction/ 
representation, non-linear mapping and reconstruction. 
Filter of spatial sizes 9×9, 1×1, 5×5 were used res- 
pectively. The first layer is expressed as an operation :

  max ∗ B (1)

The operation of the second layer is:

  max ∗ B (2)

The operation of last layer which produces the final 
high-resolution image is: 

   ∗ B
(3)

However, as the depth of the networks increasing, the 
performance can be significantly improved. But it also 
needs more data to prevent overfitting.

 
2. Deep residual learning for image recognition

Recently, the deep convolution neural networks [17] gain 
a series of breakthroughs for image classification [17,18]. 
But the deeper neural networks are more difficult to train, 
as the depth of the network increases, the training error and 
test error are not reduced. For this reason, in this thesis, 
proposed a residual learning network [19] structure to ease 
the training of networks are substantially deeper than pre-
viously methods and prevent the gradient vanishing 
problem. The purpose of residual learning is to improve 
performance and solving image recognition problems by 
deep neural network. 

Fig. 2 shows the structure of neural network which uses 
the residual learning method. The convolution layer outputs 

그림 1. SRCNN 모델 구조
Fig. 1. SRCNN model structure
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그림 2. 잔차 학습의 구조
Fig. 2. The structure of residual learning

are added to the outputs of the stacked layers, the   
can consider as an underlying mapping to be fit by a few 
stacked layers, then the  can denote the inputs to the first 
of these layers. Let these layers approximate a residual 
function    . The input and output are of the 
same dimensions. This method added neither extra parame-
ter nor computational complexity. The residual learning 
method not only in order to prevent the loss of image de-
tails, but also helps gradient flow. Formally, in this paper, 
the building block defined as: 

    (4)

Here  and  are the input and output vectors of the 
layers considered. 

3. Densely connected convolutional networks

Huang et al. [20] proposed the dense network structure 
[20] which composed of several dense blocks, and there 
are several dense layers in one dense block. The dense con-
volutional network (DenseNet) connects each layer to ev-
ery other layer in a feed-forward fashion. The neural net-
work structure of a dense network consists of two rules. 
First, the features of the current dense layer are connected 
to the feature of the next dense layer only on the same 
dense block, consequently, the l-th layer receives the fea-
ture-maps of all preceding layers, , the operation 

of the layer defined as:

      (5)

Here,    means concatenation of features be-

fore the -th dense layer,  is the batch normalization 
[21], Leaky ReLU [17], and the operation of convolutional. 
Second, the dense layer produces features after the con-
volution operation, where the  is referred to as the growth 
rate. DenseNets have several compelling advantages: pre-
vent the vanishing-gradient problem, strengthen feature 
propagation, and reducing the number of parameters. An 
effective in very deep CNNs may potentially improve the 
SR reconstruction performance. 

In this paper, we used the recursive residual network in-
stead of the multi stacked layers in network, and by in-
troducing the dense network method which concatenation 
of layer blocks. 

Ⅲ. Proposed algorithm

1. Recursive residual block

In this section, we present the technical of our proposed 
CNN model. Recently, residual networks [19] exhibit ex-
cellent performance in computer vision problems. For this 
reason, we used the residual network in our model. 
Specifically, we adopt the global residual learning for our 
CNN model, and in our recursive residual blocks, we in-
troduce residual learning into our recursive residual blocks 
by constructing the recursive block structure, and utilize 
every recursive residual block to concatenation. Now, we 
present details about our proposed recursive residual block 
in Fig. 3. We construct convolutional layers for each re-
cursive residual block, the layers have the same number of 
64 filter size with the kernel size as 3×3. We remove the 
batch normalization layers from our proposed recursive re-
sidual block because the Nah et al. [22] presented in their 
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image deblurring task. The batch normalization layers nor-
malize features get rid of range flexibility from networks, 
so it is better to remove the batch normalization layers. 
Therefore, Formulate proposed recursive residual block as:

        (6)

Where   U U is the number of residual units in 
a recursive residual block.    and       are the 
input and output of the -th residual unit,  denotes the 
residual function. The   is the result of the first convolu-
tional layer in our recursive residual block. Different from 
residual learning network, we utilized the convolutional 
layer at the output of recursive residual block for the stabil-
ity of the network, the H  is the operation of the last con-
volutional layer.

2. Network structure

In this thesis, the proposed CNN model adopted the re-

sidual learning network and dense skip connection archi- 
tecture. As shown in Fig 4, the proposed CNN model main-
ly consists three parts: the convolution layer for learning 
low-level features, the blocks of recursive residual archi-
tecture for learning the high-level features, and the re-
construction layer for generating the high-resolution (HR) 
output. The first layer adopted the convolutional layer 
which the feature map of 64 with 3 × 3 kernel size. After 
applied a convolutional layer to the input low-resolution 
(LR) images for learning low-level features, a set of re-
cursive residual blocks are adopted for learning high-level 
features. However, as CNN become increasingly deep, the 
problem of vanishing gradient hampers the training of 
networks. Therefore, in this thesis, introduced the dense 
skip connection architecture. Fusion of every layer fea-
tures through dense skip connection architecture can fur-
ther boost the reconstruction performance. Simply stacked 
several recursive residual blocks, and followed by in-
troducing dense skip connections between the recursive 
residual blocks. In this thesis, a total of four recursive re-
sidual blocks were used. If the large number of feature 
maps are directly into the last layer, it will significantly 
increase the computational cost and the model size, for 
this reason, it is necessary to reduce the number of feature 
maps, in the proposed CNN model, set the bottleneck lay-
er that the feature maps is reduced to 256 with 1 × 1 ker-
nel size in order to keep model compactness, and improve 
the computational efficiency. The feature maps in the HR 
space are used to generate HR images via last layer. 
Finally, the last layer which is reconstruction layer with 
3 × 3 kernel size and one channel of output. Moreover, 
because the SR output is vastly similar to the input, in 
this thesis, adopted the global residual learning method in-
to the proposed CNN model to estimate residual image 
from the input and output of the neural network. In this 
thesis, every convolutional layer is followed by PReLU 
activation function layer for nonlinear mapping except the 
last layer. 

U = 1 U = 3

그림 3. 재귀 잔차 블록의 구조. U는 재귀 블록 내 잔차 단위 개수이다.
Fig. 3. Structures of our recursive residual block. U means number 
of residual units in the recursive block
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3. Training

We analyze the effective patch size and stride in the net-
work model. Finally, by considering both the performance 
and network complexities, we split input images into 41×

41 patches with the strides of 41. In image classification 
application [17,18], performance of the network can be en-
hanced by training data augmentation. The most commonly 
used methods include cropping, flipping, and rotation [23]. 
In SR, rotation and flipping of input images lead to the 
better results. Therefore, we applied rotation and flipping 
on the training image patches. Finally, we used the input 
patches that is rotated by 90º, and flipped for data 
augmentation. As the network activation function, the 
PReLU function is used. For the training, given a training 

dataset 
  

 , where  is the number of training 

patches and  is the ground truth HR patch and the  
is the LR patch, the mean squared error (MSE) is used as 
the loss function, which is defined as:

  


  

 ∥ ∥ (7)

where  denotes interpolated LR image and  means the 
corresponding HR image. Our goal is to learn a model  

 that predicts values   . We define the residual im-
age     . We train all of the CNN models during 30 
epochs. Training is carried out by using Adam optimizer, 
and we set the learning rate to   , and then decreased 
by a factor of 10 every 10 epochs. 

Ⅳ. Experiment results

We used the windows 10, 64-bit operating system, intel 
core i5-3570 in MATLAB R2018a and PyCharm Com- 
munity edition 2018 with GPU 1060 for this experiment. 
We subjectively compared the conventional interpolate 
patch subspace methods, classical SR methods based on 
CNN and our proposed method on several datasets. For the 
network training, we use 291 image set [24] as training 
data. In addition, data augmentation that is rotation and flip 
used. And Set5 [11] image set as validation dataset. 
Finally, the Set5, and Set14 [25] are used as test dataset 
to evaluate the performance of the proposed network. In 
this paper, the SISR method utilizes the proposed CNN 
model that to reconstruct the HR image from the LR image. 
In this thesis, we compare our method with four SR meth-
ods: A+ [12], SRCNN [14], FSRCNN [15], and VDSR 
[16]. In our proposed method, the number of residual units 

그림 4. 본 논문에서 제안된 CNN 모델의 구조
Fig. 4. The architecture of our proposed CNN model
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in the recursive residual block is 1, when the number of 
residual units in recursive residual block set as 3, we de-
note our method as our+. The performance of the result 
image should be evaluated qualitatively and quantitatively. 
The primary method used when qualitatively evaluating 
images is typically to evaluate directly with the human eye. 
Subjective image quality evaluates is one of the effective 
qualitative evaluation methods because the human eye is 
very sensitive to image defects. However, the result images 
evaluate directly with human eye may not be objective. 
Therefore, the quality of result images also should be eval-
uated qualitatively. The Fig. 5, and Fig. 6 shows the results 
of subjective image quality comparison when used conven-
tional methods and proposed method. Comparing the result 
in Fig. 5 and Fig. 6, it is clear that the SR using the pro-
posed method have more effective effect than which using 
the conventional method. Moreover, we adopt the peak sig-
nal-to-noise ratio (PSNR) and Structural Similarity (SSIM) 

to obtain the quantitative of the test datasets images and 
compare the result with classical method results.

In this thesis, the CNN model uses recursive residual ar-
chitecture by introducing the dense skip connections. The 
information used for reconstruction that the receptive filed 
sets as the 41  41 for our network. The training uses batch-
es of size 16. Momentum and weight decay parameters are 
set to 0.9 and 0.0001. Moreover, we used the one residual 
unit and three residual units in our recursive residual block 
of our network, and compared the results. We summarize 
the results of the super-resolution based on interpolation 
method, learning paradigms method, classical deep learning 
method, and our proposed method. in the Table Ⅰ. 
According to the experimental results, the results of our 
work have good performance in objective evaluation 
(PNSR and SSIM). Our CNN model is effective in easing 
the difficulty of training network because the model uses 
the residual learning between HR and LR image patches,

HR image
PSNR/SSIM

Bicubic
27.43/0.9154

A+
32.01/0.9645

SRCNN
32.75/0.9648

FSRCNN 
33.33/0.9689

VDSR
34.49/0.9750

Ours 
33.44/0.9708

Our+
34.53/0.9752

그림 5. Set5의 “butterfly” 영상의 2배 확대 실험 결과
Fig. 5. The result image of “butterfly” from Set5 with an upscaling factor=2
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comparing to the conventional methods, the proposed 
method also can reduce the difficulty of the training model 
and the residual learning method can carriers rich image 
details. The experimental results show that the performance 
of the proposed method is evaluated by objective compar-
ison and subjective comparison with existing methods. 
Although the objective quality comparison results still have 
some inferior performance in some cases, the proposed 
method shows that the result of image quality evaluation 
is higher than that of the existing methods in most images. 
In the subjective quality comparison, noticeable improve-
ment can visually be found in the result images.

Ⅴ. Conclusion

In this paper, in order to show the better performance of 
the super-resolution based on CNN, we propose a new net-
work structure for SISR based on CNN method. Comparing 
to the conventional SISR methods, it utilizes the recursive re-
sidual network architecture via dense skip connections into 
the CNN model for significantly boots of the model 
performance. Through experiment, the results prove that using 
our CNN model can make result images obtain more details. 
Moreover, it presents the significant impacts on the results of 
SISR with good performance results than previous methods. 

Dataset scale Bicubic
PSNR/SSIM

A+[12]

PSNR/SSIM
SRCNN[14]

PSNR/SSIM
FSRCNN[15]

PSNR/SSIM
VDSR[16]

PSNR/SSIM
Ours

PSNR/SSIM
Ours+

PSNR/SSIM

Set5[11]

 2 33.66/0.9299 36.54/0.9544 36.66/0.9542 37.00/0.9558 37.53/0.9587 37.23/0.9575 37.55/0.9590

 3 30.390.8682 32.58/0.9088 32.75/0.9090 33.16/0.9140 33.66/0.9213 33.45/0.9156 33.72/0.9222

 4 28.42/0.8104 30.28/0.8603 30.48/0.8628 30.71/0.8657 31.35/0.8838 30.89/0.8664 31.32/0.8842

Set14[25]

 2 30.240.8688 32.28/0.9056 32.42/0.9063 32.63/0.9088 33.03/0.9124 32.85/0.9098 33.02/0.9108

 3 27.55/0.7742 29.13/0.8188 29.28/0.8209 29.43/0.8242 29.77/0.8314 29.68/0.8264 29.80/0.8321

 4 26.00/0.6675 27.32/0.7491 27.49/0.7503 27.59/0.7535 28.01/0.7674 27.64/0.7541 28.04/0.7672

표 1. Set5, Set14의 2배, 3배, 4배 확대 결과 평균 PSNR
Table 1. Average PSNR for scale 2, 3, and 4 on datasets Set5, and Set14

HR image
PSNR/SSIM

Bicubic
30.63/0.9086

A+
33.62/0.9436

SRCNN
33.49/0.9429

FSRCNN
33.90/0.9438

VDSR
34.23/0.9456

Ours
33.96/0.9434

Our+
34.25/0.9464

그림 6. Set14의 “zebra” 영상의 2배 확대 실험 결과
Fig. 6. The result image of “zebra” from Set14 with an upscaling factor=2
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