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Abstract: In order to solve the problems of the limited receptive field, low-resolution, high complexity and loss of edge
information in the super-resolution reconstruction method of residual learning, adilated residual convolution neural network is
proposed. Firstly, we design the sawtooth dilated convolution based on the ResNet network to expand the receptive field of the
network and eliminate the “zero filling” of the network, the image features are transferred to the deeper network by adding the
jump connection. Secondly, the residual image with the same size as the original image is obtained through the last convolution
layer. Finally, the input LR image and the residual image are linearly fused to output the final super-resolution image. The
experimental data on set 5 and set 14 shows that compared with the existing algorithms, the algorithm of this paper has better
reconstruction effect and better learning performance.
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0 Introduction

The idea of super-resolution image reconstruction (SRIR or SR) is to use a group of low quality and low-resolution
images (LR) to obtain single or multi frame high quality and high-resolution images through computer technology and
image processing technology!*.SR is an important research direction of digital image processing, and has a wide range
of applications in the field of computer vision, such as intelligent transportation, safety monitoring, image generation and
medical imaging™. At present, SR methods are mainly divided into 3 categories: difference-based method™, reconstruction-
based method" and learning-based method'®”. The difference-based method is to take the image as a point, and use the prior
knowledge to fit the unknown information on the plane by a predefined transformation function or interpolation, so as to
calculate the high-resolution image. The main disadvantage of this method is that it is easy to appear the phenomenon of
ladder sawtooth and edge blurring. The reconstruction-based method is one of the widely studied. This kind of method mainly
uses the under-sampling technology to fuse the multi frame information of low pixel accuracy on one or more low-resolution
image information , and reconstruct the image with higher resolution. This method has high reconstruction accuracy, but it can
only make use of the relationship between high-resolution and low-resolution images, so it is difficult to build a mathematical
model, and the texture of the reconstructed image is not clear.

In recent years, the deep learning-based method has become a research hotspot. It mainly uses the internal similarity of
the same image and a large number of training sample data to find the mapping relationship between high and low-resolution

image pair, and complete the transformation of high-resolution image features, so as to realize the SR process. This method
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requires very high centralized characteristics of modeling data. Dong et al'® firstly used the deep learning method. A total
of three-layer convolution neural network (CNN) was set up in the network to realize super-resolution reconstruction, and
achieved good results. Since then, it has opened the upsurge of deep learning to realize SR. In the process of training,
with the increase of the number of network layers, there will be problems such as too many hyper parameters, gradient
diffusion/explosion and so on. The reconstructed image is usually too smooth, losing high-frequency details, and the image
quality still needs to be improved.

Kim et al® proposed a deep residual network (VDSR) model, which uses residual learning to accelerate the convergence
speed of the network. It is proved that this method can improve the performance of super-resolution, but it will increase the
computational complexity and the gradient disappearance.Yang et al''” used the sparsity of the image to constrain the sparse
representation under the dictionary corresponding to the high and low-resolution images to realize image super-resolution
reconstruction. The reconstruction effect of this method is good, but the disadvantage is that dictionary training takes a long
time and there will be noise at the edge of the image. Tai et al''! proposed DRRN model, which uses recursive network
module with weight sharing to increase the network depth to 52 layers and reduce the parameters of the model. However,
each recursive unit is not optimized enough and the reconstruction effect is not obvious.Yu et al'? and Chen et al'"* proposed
the dilated convolution. By changing the size of convolution kernel without adding parameters in the network, we can
obtain larger receptive field and obtain more original image information, and which achieves good results in reconstruction.
However, this method will appear the phenomenon of ”gridding”, and more image information will be lost after convolution.

In this paper, we improve the above methods and propose an image super-resolution reconstruction method combining
residual network and sawtooth dilated convolution. The model uses the dilated convolution network to extract image features,
then uses residual network combined with sawtooth hole convolution to carry out image nonlinear mapping, and then applies
convolution network to obtain residual image with the same size as the input image. The final super-resolution image is
obtained by linear fusion of low-resolution image and residual image. Adaptive moment estimation (Adam) is used to speed
up the convergence of the network. Dilated convolution is used to enlarge the receptive field of image features and recover

the texture information of the image with high quality, which improves the visual effect of the reconstructed image.
1 Related work

1.1 Dilated convolution

Dilated convolution is a data sampling method on the feature map. The network expansion coeflicient is increased by
adding O pixel value between each pixel of ordinary convolution kernel, it can effectively increase the receptive field without
increasing the model parameters or calculation. Dilated convolution can be applied to image global information or voice text
which needs long sequence information dependence!'”.

For a 3 X3 convolution network, its expansion rate and receptive field are shown in Fig 1.

() General convolution rwe=1 (b) Expanding convolution rwe=2 (c) Expanding convolution rue=4

Fig 1 3 x 3 pixels convolution with different dilation rate

Fig 1(a) is a general convolution (hole convolution with expansion rate = 1), and the data represented is the convolution
of 3 X3 pixels in the original figure, and the receptive field is 3 X3, equivalent to no expansion, .= 1; Fig 1(b) is the dilated

convolution with expansion rate r.,.= 2, receptive field is 7 X7, dilation = 2; Fig 1 (c) is dilated convolution with expansion
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rate r,.= 4, receptive field is 15 x15, dilation = 4. The improvement of dilated convolution to ordinary convolution is to

obtain larger receptive field. The calculation of receptive field is expressed by formula (1).
V= ((ksize - l)(rrale - 1) + ksize)2 (1)

where kg, represents the size of convolution kernel, r,,. represents the expansion rate of dilated convolution, and v represents
the size of receptive field.

The internal feature information of the image can not only be retained, but also the loss of resolution caused by pooling
can be avoided using the dilated convolution. However, it still has some defects: the adjacent pixels are convoluted from
independent subsets in the same dilated convolution which result in a certain layer, and the “grid” effect is caused due to the

lack of mutual dependence and the information discontinuity. The specific convolution is shown in Fig 2.

® =

(a) Receptive field of 7wme=2 (b) Receptive field of rwe=2  (c) Receptive field after convolution

Fig 2 Hole convolution with the same expansion rate

In Fig 2 (a), the convolution layer with expansion rate r,.= 2, and the receptive field is 5 X 5; Fig 2(b) shows the
second convolution layer, the receptive field is 5x5. Fig 2(c) is the result of one convolution for the dilated convolution with
expansion rate r,.=2, and the receptive field is 9. If all the dilated convolutions use the same expansion rate, the calculation
method is similar to the chessboard format, and there is no dependence between large-scale data. With the further increase of
the depth of the network, the important information will be lost. To solve this problem, this paper proposes a sawtooth mixed

dilated convolution, as shown in Fig 3.

- EaEEEal =

(a) Receptive field of re=1 (b) Receptive field of rwe=2  (c) Receptive field after convolution

Fig 3 Convolution results with different expansion rates

As can be seen from Fig 3, the receptive field is increased meanwhile has no blind area covering the whole area based on
the sawtooth dilated convolution, so it can effectively extract features and improve the accuracy of reconstruction. Because

of 0 pixel value is not involved in convolution operation, and the complexity remains unchanged.

1.2 Residual network (ResNet)

For CNN, simply increasing the depth will lead to gradient dispersion or gradient explosion. He et al'#!

proposed the
residual learning network ResNet, which directly connects shallow network and deep network by adding jump connection
(identity mapping). In ResNet, there is a batch normalization(BN) after each convolution layer. It is pointed out in reference
[15] that BN layer can improve the generalization ability of the network and accelerate the convergence process of training.

However, the spatial information of the image is destroyed and the training parameters are increased in a certain extent, which

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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leads to poor network performance. Therefore, the ResNet is improved in this paper. The convolution layer in residual unit
adopts dilated convolution, and BN layer is removed, which is helpful to obtain better image super-resolution reconstruction
results.

If the same expansion rate is used for convolution, the X

convolution kernel will produce “grid” phenomenon. At the
same time, it will carry redundant information and cause un- F(x) F(x) RelU
necessary memory occupation if the convolution kernel vol-
ume is too large. Therefore, the sawtooth dilated residual
unit is designed in this paper, and the feature map with the Flx)+x pary i 1
A% ——
same structure as the standard convolution is obtained by Tretu |Rew
cyclic operation, which can increase the receptive field of (a) Original residual block (b) the hole convolution residual block
the network while retaining the detailed information of the Fig 4 Residual network unit

image, so it can better fit the target boundary and improve the image reconstruction quality. Therefore, the sawtooth dilated
residual unit is designed in this paper, and the feature map with the same structure as the standard convolution is obtained by
cyclic operation, which can increase the receptive field of the network while retaining the detailed information of the image,
so it can better fit the target boundary and improve the image reconstruction quality. The structure of serrated cavity residual

element and ResNet residual element is shown in Fig 4.

2 Network and implementation process

The idea of this algorithm is to obtain more image information using smaller convolution kernel, not increasing the
number of layers and complexity of the network, can speed up the convergence speed of the network, at the same time to
avoid the “blind area” phenomenon because of holes. Firstly, the input image of the residual network is trained by dilated
convolution with different expansion rates, and then the super-resolution image is reconstructed by linear addition of the input
low-resolution image and the output residual image from the residual network.

2.1 Network structure

With the increasing depth of the network, we find that the deeper CNN network layer, the better the performance. The
convergence speed of the network will be affected with increasing the number of layers when the network reaches a certain
depth, and the receptive field will be decreased, which can cause the reduction of context information and poor reconstruction
effect. He Kaiming et al™¥ proposed the deep residual network in 2015. In image classification of the ImageNet, the accuracy
of network classification can be improved by increasing network depth, and the problems of gradient disappearance and

network performance degradation can be solved by residual learning.
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Fig 5 Network structure of single image super-resolution reconstruction method
Based on reference [13], a residual network of sawtooth dilated convolution is constructed in this paper. The overall
structure of the network is shown in Fig 5, including 20 convolution layers. According to the function, it is divided into 5
parts: low-resolution image input part, convolution feature extraction part, the followed by which is 6 dilated residual blocks,
each residual block contains 3 residual units, and the next is the residual image feature layer. The feature map size of each

output convolution layer can be unchanged using the dilated residuals.
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2.2 Image super-resolution reconstruction process

The network input is formed by a single color channel of the image data, and is preprocessed by Bicubic difference.

The dilated residual sawtooth convolution neural network super-resolution reconstruction proposed in this paper mainly
includes the following three steps:

(1) Feature extraction layer (Conv + ReLu layer). Except that the size of convolution kernel in the last layer is 1 pixel, the
convolution feature size of the other middle layers is 3 X 3 x 64 pixels. In the feature extraction layer, the input low-resolution
image X is convoluted with a convolution kernel of 3 X 3 X 1 pixel size to obtain n, feature maps (here n, = 224), where 1
represents the number of channels. The feature extraction layer contains a convolution layer and an activation function, and
each neuron obtained from this layer is transferred to the residual unit module. The expression of feature extraction process
is as follows:

By=f(W,*X+b)) 2

where * is the convolution operation, W, is the convolution kernel of the first convolution layer; b, is the offset term, which
is consistent with that of the convolution kernel in dimension; B, is the input feature of the first residual block extracted from
the input x; f is the ReLU activation function.

In this paper, the application of ReLU in the network can accelerate the training speed and shorten the convergence
time of the model, and at the same time, it can restrain the phenomenon of gradient disappearance in a certain extent. Its
performance is better than the traditional activation function Sigmoid"® (gradient explosion and gradient loss are caused by

gradient reverse transmission in deep convolution network), the expression is as follows:

Sx) o %0 (3)
0, x;<0

where x; is the input of the ReLLU function and f(x); is the output of the ReLU function.

(2) Nonlinear mapping. For low-resolution image of the input, the sawtooth residual network proposed is used for
image training. The structure of the residual module is composed of 6 dilated residual units, each of which is composed of 3
dilated convolution layers and 3 nonlinear activation function ReLLU. Each residual cell has two parts: jump connection and
identity mapping. In this way, the residual information can be retained, and the image features can be transferred backward
by jumping connection, which helps to maintain the diversity of features.

The convolution kernel of 3 x 3 pixels is used, 3 convolution layers with 1, 2, 3 are connected in series to form a residual
block. In order to keep the size of convolution kernel unchanged, the output of 13 x 13 feature map is guaranteed at the end of
network calculation. After the dilated residual block, the receptive field is expanded and the more original image information

is obtained. The expression of each residual cell is as follows:

Hm:Gm(Hmfl):F(Hmfl’Wm)-}_Hmfl (4)

where H,,_, and H,, is the input and output of the m-th residual unit respectively, F' is the residual mapping learned, that is:

F(Hm—me):Wyi*f(W:n*Hm—l) (5)

where, Wi | i= 1, 2, 3 is the weight of the i convolution layer learned, which is a simplified formula with omitting the bias
term, f is ReLU function and * is convolution operation.
(3) Image reconstruction and output. Firstly, the out-

put feature map of the residual network is taken as the input
of the last convolution layer, which is convoluted with the

3x3 pixels convolution kernel to generate the residual im-

age of the same size as the input image, and then is linearly

LR image Residual image HR image |

superimposed with the input interpolation image to output Fig 6 TImage reconstruction phase
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the final super-resolution image. The structure of image reconstruction phase is shown in Fig 6.

2.3 Loss function

The sawtooth dilated residual is applied in the network to make the input image equal output image in size, and the
problem of network convergence is solved. x represents the input image after the double cubic difference, fi.,(x) represents
the residual image of the input image after being passed through the whole neural network, y represents the original high-

resolution image, and y* represents the super-resolution image predicted by the network, that is:

y* = x+fRes(x)

In this paper, the Mean Square Error (MSE) function is used as the loss function of the whole network. The minimum
value is achieved and the optimal solution is obtained by calculating the MSE of the image generated and the original high-

resolution image. The calculation formula of loss function is:
1 n
Loss(®) =~ 3" |lyi— f(x; O)| (©)
3

where 7 is the number of samples, y; is the high-resolution image, f(x;;®) is the prediction output image of the network,
®={W19W27“' ’bth,"'}'
3 Experiments and analysis

3.1 Experiment environment
The experiment environment of the image super-resolution reconstruction algorithm is shown in Tab 1.

Tab 1 Experiment environment

programming environment server hardware configuration server software environment
CPU: Intel(R)
programming language: MatlabR2016a  Core(TM)i7-8700k 3.7 GHz system: Windows 7 Operating System
Video card: 11 G GTX1080
GPU: NVIDIA Titan CUDA
RAM:16 G

deep learning framework: Caffe!!”!

3.2 Experiment setup and evaluation index

Because the network is relatively deep, the algorithm needs to use larger training sets to get better training results. 291
images which are the same as the reference [13] are selected as the training sets, and these images are respectively from 91
images proposed in reference [18] and 200 from BSD (Berkeley Segmentation Dataset)!'*!. In order to make full use of the
depth image, the dataset images were flipped horizontally, vertically and horizontally vertically, and scaled according to the
coefficients of 0.9 and 0.8. Then the images were saved and a total of 5 820 images were generated, and the image size was
no more than 512 x 512.

In the process of training images using this network, the training images are transformed into YCbCr space!'®. Compared
with change of color (CBCR channel information), human beings are more sensitive to the change of brightness (Y channel),
so the network designed in this paper only deals with y channel. The image convolution kernel size is 3 X 3, and the number of
characteristic image channels is 64. The optimization algorithm used in training is Adam™”. Compared with SGD (stochastic
gradient descent, SGD), Adam optimization method is more flexible and adaptive, which can control the learning rate of each
iteration within a certain range, making the parameter learning more stable. The initial learning rate of the network is set to
107*, the momentum parameter is 0.9, and the mini-batch training mode is adopted, and the batch size is 64, which is reduced
to half of the original value every 100 000 iterations.

In the experiment, set 5 and set 14 are used as test sets, the original high-resolution image is X, the magnification is set

s=2,3,4, and the preprocessed image is used for the input of the network.
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Evaluation method of image super-resolution reconstruction is to verify whether the image super-resolution recon-
struction method meets the expectation. At present, there are two methods to evaluate the quality of reconstructed images:
subjective evaluation and objective evaluation.

Subjective evaluation mainly refers to judging the sensory difference of the reconstructed image through human eye
and prior knowledge, such as the similarity between the texture, color and other features of the image and the original high-
definition image. Subjective evaluation mainly depends on the artificial aesthetic standards, and there are some errors in
image quality judgment due to various factors.

Objective evaluation is to quantitatively analyze image resolution and evaluate image quality using specific indicators.
The common objective evaluation index includes peak signal to noise ratio (PSNR) and structural similarity index (SSIM).
PSNR is to measure whether there is distortion in the reconstructed image by calculating the ratio of the maximum value of
pixels to the power of additive noise. The larger the value is, the closer the performance and authenticity of the reconstructed
image is to the original high-resolution image. This calculation method is directly related to the mean square error (MSE) of
the image. The calculation formula is as follows (7).

2

H-1W-1
MSE =4 ZO ZO (PR, )~ 13, )] @)
PSNR=101g(L*/MSE) ®)

where H, W is the size of the image, MS E is the mean square error, I°F is the reconstructed image, I is the original image, L
is usually taken as 255. The larger the PSNR value is, the smaller the distortion of the output image is, and the closer it is to
the original image.

SSIM is a comprehensive measure of the similarity in structure, brightness and contrast between two or more images.

The closer the value is to 1, the better the output image quality is. The specific formula is shown in formula (9).

(ZM[MISR + C] )(ZO'HSR + C2)
(U} + 15, + C )07 + 05, +C)

Sssm(LI°%) = €))

Where u; and usx represents the mean value of the original image I and the reconstructed image IS%; o; and o s« represents
the variance of the original image / and the reconstructed image I5%; ;s represents the covariance of the two; C, and C, are

constants.

3.3 Experiment analysis
The algorithm in this paper is compared with the representative methods in the field of single image super-resolution
reconstruction, such as Bicubic algorithm, FSRCNN algorithm and VSDR algorithm. The subjective effect comparison is

shown in Fig 7~Fig 9, and the red box is the interesting region.

(b)Reconstruction result of  (c)Reconstruction result  (d)Reconstruction result (e)Reconktruction
resolution image Bicubic algorithm of FSRCNN algorithm of VSDR algorithm result of proposed

Fig 7 Reconstruction results of different algorithms on butterfly

ib)Reconstruction result of  (¢)Reconstruction result  (d)Reconstraction resalt (e)Reconstruction
resolution image Bicubic algorithm of FSRCNN algorithm of VSDR algorithm result of proposed

=

{()High

Fig 8 Reconstruction results of different algorithms on baboon

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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(@) ligh (bpReconstruction result of (¢)Reconstruction result  (d)Reconstruction result (e)Reconstruction
resolution image Bicubic algorithm of FSROCNN algorithm of VSDR algorithm result of proposed

Fig 9 Reconstruction results of different algorithms on woman

It can be compared from Fig 7~Fig 9 and find that the local receptive field of the double Bicbuic algorithm is small,
and the available regional features are single, and the high-resolution reconstructed image still has the disadvantage of edge
definition, and the image reconstruction effect is poor. The processing effect of FSRCNN and VSDR algorithms on baboon’s
hair and mouth is worse than that of the original high-resolution image.

The algorithm of this paper has a good effect in distinguishing image edge and improving texture details, and has a good

improvement on the clarity on head ornament texture details of the woman.

Tab 2 PSNR and SSIM results of different methods on set 5 dataset (magnification = 2,3,4)

setS multiple Bicubic algorithm FSRCNN algorithm VSDR algorithm proposed algorithm
PSNR/AB  SSIM  PSNR/dB  SSIM  PSNR/AB  SSIM  PSNR/dB  SSIM

2 38.32 0.961 4 39.13 0.963 1 38.91 0.913 8 38.42 0.968 9

baby 3 34.95 0.9218 35.34 0.9228 34.96 0.923 1 36.13 0.9324
4 33.12 0.891 1 33.02 0.886 33.27 0.8917 34.13 0.890 2

2 40.71 0.968 4 41.17 0.9917 41.82 0.984 3 41.27 0.997 6

bird 3 35.21 0.949 2 36.29 0.9523 36.31 0.948 3 35.69 0.9514
4 32.13 09123 33.12 0.9132 33.37 0.897 5 33.61 09172

2 32.27 0.9514 32.79 0.967 5 32.82 0.958 9 34.03 0.978 4

butterfly 3 27.61 0.891 5 28.32 0.908 5 28.29 0.915 6 28.41 0.9318
4 25.11 0.841 26.05 0.857 3 25.98 0.8523 26.03 0.862 5

2 35.64 0.890 1 36.14 0.885 1 36.09 0.876 4 36.27 0.894 2

head 3 33.52 0.824 33.73 0.8349 33.64 0.8389 34.12 0.834 1
4 32.16 0.779 2 3225 0.784 1 3231 0.792 3 32.23 0.788 1

2 36.02 0.959 3 33.41 0.959 8 33.29 0.9526 34.59 0.962 8

woman 3 31.14 0.923 1 322 0.938 1 3231 0.9376 32.57 0.939 8
4 28.03 0.872 1 29.03 0.876 5 28.86 0.863 8 29.79 0.895 8

2 36.59 0.946 1 36.53 0.953 4 36.59 0.9372 36.92 0.960 4

average 3 32.49 0.9019 33.18 09113 33.10 09127 33.38 09179
4 30.11 0.859 1 30.69 0.863 4 30.76 0.859 5 31.16 0.870 8

PSNR and SSIM is used to evaluate the proposed algorithm objectively, and is compared with Bicubic algorithm,
FSRCNN algorithm and VSDR algorithm respectively. The scale factor of input image is magnified by 2, 3, 4 times in set 5
and set 14 test sets. After experiment comparison of different methods, the comparison results of reconstructed data are listed
in Tab 2.

It can be seen from the table 2, compared with Bicubic algorithm, FSRCNN algorithm and VSDR algorithm, the average
PSNR of proposed algorithm is increased by 0.33 dB, 0.338 dB and 0.324 dB respectively when the expansion factor is 2,
0.282 dB, 0.208 dB and 0.898 dB is increased when the expansion factor is 3, and 0.4 dB, 0.464 dB, 1.048 dB is increased
when the expansion factor is 4. SSIM is increased by 0.041 3, 0.009 6 and 0.023 2 when the expansion factor was 2, 0.016 0,
0.006 6 and 0.005 2 when the expansion factor was 3, 0.011 6, 0.007 3 and 0.011 2 when the expansion factor is 4.
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Tab 3 PSNR and SSIM results of different methods on set14 dataset (magnification = 2,3,4)

Bicubic interpolation =~ SRCNN algorithm ~ FSRCNN algorithm  The algorithm of this paper

Image multiple
PSNR/dB  SSIM  PSNR/dB SSIM PSNR/dB SSIM  PSNR/dB SSIM
2 25.58 0.806 5 2567 0.8386 2579  0.8869  25.93 0.962 4
baboon 3 23.21 0.683 2 2342 07255 2423 07283 2458 0.752 9
4 22.46 0.624 1 2254  0.6308 2269 06587 2273 0.698 4
2 30.62 0.9232 30.71 09373  30.89 09457  30.94 0.969 8
barbara 3 26.27 0.788 2 2663  0.8589 2691 0.8386  27.89 0.870 8
4 25.85 0.637 8 2592  0.6483 2605 06513 2617 0.693 7
2 25.96 0.7275 2599 07418 2608  0.7521 26.78 0.761 3
bridge 3 25.39 0.796 1 26.88 0.832 4 27.13 0.809 1 27.94 0.850 6
4 24.02 0.802 4 2584  0.8271 25.93 0.836 26.13 0.8412
2 30.6 0.798 5 3053 0.8004  30.67 08129 3091 0.8427
coast guard 3 27.01 0.698 2 2774 08312 2789 08276 288l 0.8162
4 25.29 0.593 2536 06138 2572  0.6281 26.24 0.629 3
2 26.14 0.678 5 2653  0.6812 2667 06912 2693 0.701 7
comic 3 23.09 0.792 4 25.81 0.891 2632 09125  28.84 0.908 3
4 22.83 0.738 4 2289 07456 2294 07469  24.05 0.7512
2 33.59 0.8457 3368 08576 3375 08913 3381 0.898 6
face 3 32.76 0.819 4 3423 08712 3473 08582  26.12 0.878 2
4 31.26 0.765 2 3136 07732  31.84 07805  33.94 0.789 3
2 29.46 09134 2957 09215  29.68 09307  29.83 0.9312
flowers 3 28.12 0.878 1 2905 09189  30.87 08967  34.29 09193
4 26.34 0.753 1 2647 07652 2658  0.7803  28.13 0.790 4
2 28.85 0.813 3 2895  0.8254  29.07 08444 2930 0.866 8
average 3 26.55 0.779 3 27.68  0.8470 282971 0.8387 28.3528 0.856 6
4 254357 0702 257685 0.7148 259642 07259  26.77 0.7419

It can be seen from the table 3 compared with Bicubic algorithm, FSRCNN algorithm and VSDR algorithm, the average
PSNR of proposed algorithm is increased by 0.45 dB, 0.35 dB and 0.23 dB respectively when the expansion factor is 2, 1.8
dB, 0.67 dB and 0.05 dB is increased when the expansion factor is 3, and 1.3 dB, 1.0 dB and 0.8dB is increased when the
expansion factor is 4. SSIM is increased by 0.05, 0.04 and 0.02 when the expansion factor was 2, 0.8, 0.0096 and 0.001 7
when the expansion factor was 0.039 9, 0.027 and 0.015 when the expansion factor is 4. From the quantitative data analysis,
we can see that the sawtooth dilated residual convolution can enhance the texture information and reconstruction effect of the

reconstructed image to a certain extent, reduce the operation time and improve the image reconstruction efficiency.

4 Conclusion

In this paper, an improved image super-resolution reconstruction method is proposed based on VSDR algorithm. Firstly,
the low-resolution image is interpolated processing into the network, and then the image features are extracted by one-time
convolution. Secondly, the nonlinear mapping of image features is realized by using 6 continuous sawtooth dilated residual
convolutions, and can effectively avoid the “grid” phenomenon which is caused by the same expansion rate. The receptive
field is expanded without changing the image size, and get the output residual image, and the problems of network gradient
disappearance and gradient explosion is solved. Finally, the original low-resolution image and the residual image are linearly
added to output the final high-resolution image, which improves the quality and efficiency of reconstruction. The experiment
results show that: compared with the other three methods, the proposed algorithm achieves better results in PSNR and SSIM
for a single image. Compared with the original color high-resolution image, there is still a gap in texture and clarity. In the
next research work, the sawtooth dilated convolution is applied to a better deep learning framework, and more expansion rate

combinations are tried to achieve image super-resolution reconstruction and better use of image features.
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RIS 3 S A UG I IMHAF R 22 IR, B B U BRI PR UG S 5k 22 IR MRl B 45 2 fe 28 1) 78
REMG. MY A &R 204511777 (Adaptive Moment Estimation, Adam) HIH R4S, i1 %5
BRI R T ERHIE RS2 BP0 R PR K T R SOIE S, 3271 T R EUR LSRR

1 tHxI{E
1.1 TREER

25145 (Dilated Convolution) WY SKEGIN, & —FERHE IR LA T8 RAE A 7 20, i e 45 AR
WA ME R Z B RO R, FHRIGIMN 45 094 5K R AL, AT DATE G B A R B AZ HF (1) [R) o AN 38 fin A 78
SRR R . FEERUR 2R 5 BB & U T 2K sequence (s BRI Y ] @ | HRGERCLT W FH 25
B XT3 3B AR LS, Y 5K AR FNEAZ B A [ LR

(a) HEHE e =1 (b) ¥iKE rae=2

(o) T rrae=s
1 TR HKEFA3x3 pixels EFR
E1 (a) JEMEER (BP9 Rr . = 1SR , REROEEEE R E S ST R NER, 28 23*3,
*H%:J:Z:T}L}E’ Tratezl; [gl (b) %?rgKgrrateZQBgéiﬁﬁiﬂs @%%‘:7\%7*7, dllatlonZQ; [gl (C) %%ﬁﬁ*f‘g{{
o =AY ZE AR, T 15%15, dilation —4. 25RO TSI MOIERE R4 T H075 K A2 F
BB K/ MR A (1) FR.

v:((ksize*1)(7°rate*1)+ksize)2 (1)

HP ke R BRI, rae R B TAERREY HKE , v R ESZ BRI RN,

23 BT LUGR B RSN BRSO AFAEAE R, S RE#E Spooling & MU M HER 2, (HHATAFAEGREE - AHIR]
23 T B BUS B — 2 R ZE 0, &R AR R R MAH BT 1 TAE Th B B B AY , AH B Z ) B DO, 38 A5
BN, 2B Rk 200, HAERANE 207 7R .

R

(a) rue =2 HRSZHT (b) rae=2 WKLY (o) BIRIGHYAZ T

2 AR KEM=RER
K12 (a) MR KR = 20 RUR , BB 5x5;5 K2 (b) FR 2R, BezBh5x5 , K2 (c)
Y TR e = 20T BT — B RIAER , BB 9. IR 25 S AR AR Ak, i3t
ST AL TS , IR BU A B Z M B HOBOC AR, B TR R 2% 42 Bt — 2D, SR 2E B
FA. BRI, ASCHR I — M IR A = G, EBRs.

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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RN S

(a) r. =1 MR (b) rue=2 MYESZIEF (o) BIRIAHEZE

B 3 AR KERMERER

MEISRT LA v 28 T A5 FRAE S Az BY A (Rt BE ORI TC 1 DX 3 2 DX, NI R A AT RUCPR EUREAIE
PEERMERE. B THAREASSERER, S 5B RMARRSTERE, ERE AL,

1.2 FREMZ (ResNet)

XFTONN, SR s IR B, 25 T 350hh B vR il FEJR A . He SRR T 5k 25 > I 48 ResNet , 18
IR IR (THAERLT) Sk HEGEBRRIZ M STRZ M4 . EResNet TG FZ G H#EA —HtH—1k
(Batch Normalization) , SCHR[15]"1 45 1, BNJZ AT LLEHARFIEIH—fRAR B, £85I iz Ak BE T, el 2Rl sl
R, HE—ERE LBIR TER G E, B

X

PSR, FEMPEREE 2. BT, A

X ResNet #4171 ittt , 5%22 oo BRUZ R TG Flx) F(x) ReLU

B B T BN , A B TR 00 R He inedcon=2)

AL
USRI — 1 AR TR | BB 25 i Fldex - &

T B AR K AT S B o

B R AT N . R, A SO T R b o
S IATRIE T , AR I S AT B 12 B4 EERERT

PRSI PR, (5 B VR 1515 0 TR T LB W24 FO TR T | TS bl 2 FL AT 9, S R Tt
Bt 7S AR 2 T8 2% BT 5 ResNet 7% 2 B0 T4 ) AP AT 7

2 ANXMHZREMIIE

A SCF P AR TIRBCEZ I EHMRE B, EHEB NS, BREASE IR 2 1 28OS 25, RE
IR ISR, [R) Bk A 1 R R s )t B B DX G . B S AE R 2 I 2% i R R R4 5K R 1 23 T B R
XoF 2 B A MGG TN 25, i ik 22 MG, SR i ARG 70 B 3R 5 5 ke 2 IO 4 B 14 ) ke 22 LGk o
AP AR,
2.1 MELEH

Bt P28 TR 2 N IR I, AT 4 BTR 2 ONIN IO 28 5 A 2 [ 28 T2 OB TR P RE A B -, M3k 3] — s I TR
JIEJ5 AR G T2 BT 23 50 26 W SIGA B, RS2 BT ey, BT SUE R, SRR 25 LY
ZE201 54 IR FE AR 22 2% (Deep Residual Network,ResNet ) , 7EImageNet %32 i 1=k 18 i [0 25 VR i ]
DAPR R 8 I S A VER M | A 53 25 25 > SRt JRE I 2 R o) 24 M R IR A ) .

| en | wEmwE | B R

|
:{ l.@f%ﬂl

5 ANBEEGESFHERERTEMBEEN

£ L4 it |

EERR L Rina

¥

DilatedConv(r=1j+Rely | .

DilatedCony(r=2)+Rell
=

=2
2
i
~
/| 3
a

DilatedConvir=1}+Relll

=

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



186 iR (HRRI2ED) (FR3Es0) 20214F

A SCEETSCHR 15 RE T — A AS TR AR 22 4%, IR ARZE R a5 PR, M Er20 B RUZ >R
RERI 73 R 5 RT3 e AR BERR RS AR I3 . BARAESR G 7y, B e Mk E e, Ak
UL 53R ZE 0T, SRIG IR ZEBEHIEZ | 85 23 T 5k 25 A5 AR 2 4 S B RAAE B O RO AR AE
2.2 EGBIHEERIRE

R 28 A\ F TR B — B0 €2 368 1 T U B8 28 0 — IR 2= (A Tl Ab 2.

ARSCHRE 12 T R 2 A AR 28 I 24 8 AR i R AR LA 3 A IR

(1) FEFREUZ (Conv+ReLUJZ)

bR T e — 2GRN INE RSN, HAa & EE R RS AN 3 x 3x 64 1ME R . TERHESREUZ
Hek i AR BEREUR X 5 3x 3 x MR R I BRI T B BURAE , 158 n NIRRT (X Hln,=224) , X
RN IE TR, SRR BUZE S — NGB RZF— D ROE R, T2 55 I B 2 0% 56 31 5k 22 TR
He. FHERBGI R RB AN

By=f(W,* X +0b;) (2)

Horbr: AEBURAE, WOSE— D BIRNERE; 0 8 H — N ERZ IR EI, KA 5G4 R f—
B Bo WA X PRI S — R 2R AR ASFAE 5 f W Re LU pREL.

ARSI 28 v TR e LU R AU RASE R i B 0 S A AL Bt [R] , ) inf— 2 R R BR BE T R AR, 1
REDL TG T PR &L Sigmoid ') (FETREE AR 4 st B S i) A% 36 N 3 BB BE AR RNBB R TR 2% ), IR

f(m—{ o wiz0 3)

0, 1‘1<0

Hodr, 2, AMReLUMREHIA , f(x;) WReLURREHHi .

(2) AR m it

XTHTA B BER EG, R AR A B 14 55 25 I 28 A T UGN 25 2% 55T 1 vl 6128 T 3 2 B s 4
B, B A AR 25 BT 3 2 TG AR 2 R3S SRR TG PR AR LUAL AL . B3N 5% 25 ROC I A PR 43« BkER
PR E ML . SORERE T DAAR B BR 2515 B, NRBIE o BhBR I B R ARIE ) JE A%k, A BY IR FFRRIE A 26
,@_

KHIBx3 B ZER, ¥R R, 2. sS3MNERBUZI T RSN — Mok 2, A T AR S
BRI, FEMIZE TR SS AR CRUE S o 13 x I3 RRIE ] Zead 2 AR 25 HL 2 J5 RRIE G 2 i 1) 8%z B A5 5]
Tk, FHCEZ M RRERE R B2t RIEAE -

Hm:Gm(Hm—l):F(Hm—lan)+Hm—1 (4)
AP Hy, o FH, S5 S AR 22 BT R R A S, o7 ] SR sk 22y, BI.

Hrp . wi,i=1, 2, 3R F 2 BIREANEBUZAGE. NREA, B0 TIRED, fHReLUREL, « N EFURIE.

H TAER R R 38 T AR 25 T, 2 MR, Wb T kgL " 4 P2 RS (5 BRI
SRR R

(3) EUGEAL 550

e RS 2 i I REAE B E N B R — B
ZHEA , 53x 30 BRI T B A S i A EME
KR FR 22U, SR)G S A BTG E G T4k
PEEIN, Hin R AR R UG RS BN
ShrganEe s .

G HR 1%
E 6 ERHIEBME
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2.3 KR

DR 2 A H R T s gk 2 , A ARG 5 R /NS TR] B A e X 24 s LAMCSRUR) TR . LA e
=R EEG AR, fres(x) Tt A MG o 205 5P 2 R 25 LU S i sR 22 G, o 3R R IR = PR
UG, v Forn 2 T4 AR R [RGB

y* :‘r+fRes(x)
R SCRIZ RT3 (Mean Squared Ervor , MSE) A A0S FAC . L3512k O
QR B4 H0 PRI 3K B ML ASURALAE. Bk IRA T3 A
Loss(0) = 3 Y~ Iy f(,:0) )

G n RREAKEE, o MRS AMRRIENR., f(0,:0) MIMEHHGBUMT IR, © = [y, wa, -, by boye-}.
3 LI
3.1 KW
ARSI 4 B T A B SE R A
F 1 AXERIFE

M

TR ke 55 25 AT IR 55 s R A B A5
GRS . MatlabR2016a CPU: Intel(R) Core(TM)i7-8700k 3.7 GHz
B+ 11 G GTX1080 Z%i . Windows THAEZRS:
?’%E%gﬁ;’&' Caﬂ.e[lﬂ GPU NVIDIA Titan CUDA
RAM : 16 G

3.2 KWiIgESIFMER

T IR AR AR, S Bl R R AN SR EEA BRI 2 b B A B 25 8, A9 il e L5 Sk [13) AR ] ) 29 15K (&
FAERVNGREE , B Fr 43 5k B SCER[18)42 i 915K 81 i FIBSD (Berkeley Segmentation Dataset) IlZ55E 1
192005k & 0, 201K EHR . S T e AR BE RIS, X Ecs 56 R EA T K1 B | e B B0 AL AR 1 B
¥, JFHEIR0.9 . 0.8 REA L, AN IRAEIE -, LA 5 8205k EIE , IR RS RN 512x512.

TEN HIASCI 2600 R BEA TN it B b, DI ZRIEHSR 5 B Y CoCras (] 10 AR T (CbCridli {5
B 22k, NFEXse i (YiliE) M L BERURE, It AASSCBOT A M2 b HOG Y sE b 2. R BRIV
3% 3, BRI G E SR 6. YIZEAR UL 2 Adam 29 5 SGD (Stochastic Gradient Descent, SGD)
LA . AdamfbAb ) B RG , BAT AE R, 7] DLRHR AR 27 ) 4 RITE— eSS , (2807~ 1
BAGE. BCE MBI E 31074, ShEZE0EE 709, K Hmini-batchilZh 72X, batch-size 64, 1077
UGE AR A ok ) —2F.

SE TR HSets FISet LaVE AR , JRUGE  BEREUS N X, RS RUR s=2,3,4, TALIRE i EHGAE N I 4%
UL PN

R T UE R S PR T DOR AT A TN, RSO H S B R R TR HET, SRR
005 T L e /N B 3 e B 2 1 s o VA 2 1 S =% =B B U AN UL B S st oS I R e e =g B R
JE 225, IERRYZOR | BUESFRHE S G SIS BUR R IR . PPN 2R EE N ebnift, 2207
T KRS0, WG ST i FIWT A E—E IR 22 . B PPN X UG A B i A T B4 AT , Sl AR 3R AR PP
FUG . B IR Fe b A W (E {5 M H (Peak Signal to Noise Ratio, PSNR) FIZEfJAHLIEL (Structural
Similarity Index, SSIM) . PSNRuZil i 15 ER AR R i A5 1M A5 D) 3 i U (R A i o e IR R A7
TERELIANE, FHOBCEDBOR , Ud I R R P RE AN L SR B B SR e o W R, H T i 5 R g 1Y
JriRzE (MSE) A HAZEXR, iHAEALW T (7) Prs.

MSE =225 > [I5%(i,5) — I(i,5)] (7)

i=0 ;=0
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PSNR=10lg(L?/MSE) (8)
Hr. g7 WAEBIIRSE, MSERERIRZE, ISR T EEG, THEGEIG, L(EE 5 255, PSNRAYHE

R, Fontm i BRI BN, 5 h R G
SSIMJE 237 fi it P el 22 B R (R IRV A BT | S BE RIS LU RE ROAR IR BE , HAE 5 1 EA T O, i 71,

(ZUIUISR +Cl)(20'[ISR —‘l_CQ)
(uf +uisp +C1) (07 +07sr +C3)

Sssim (4, ISR) 9)
Horbrs w il s e RN IR EUR TAE EER ISR BIE 5 oy Mo rsr 3R E G R TR B EUR TSR T 2 5 0psn
INE T2 5 O IO, =R 4K
3.3 KHh

BB A SR P00 5 5 BicubicB ¥ | FSRONNA L AIVSDRIA 145 i RS 2 R d a4l B 103
PRI AT R S , AR AT A B 7~ 7S, He P 2T (A HE Ry SRS ) [X

3 f i)
- Bivowes| o / i i B A
Wy K S04 9 S\La 9 \.'-‘! i (2] T, e e v s -9 f
)R #iEE  (b) Bicubick  (c)FSRONNFZETH (d)VSDRIFIAEE (e} h Uik Mg ss (a)FiAZE  (b) Bicubicll  (c)FSRONNEILEH (d)VSDREETR (o) 30 kRS
[ FEEEHR ZhHR L R # HEELR Eg o ]
B 7 AEEE#EDButterfly FRIERELER 8 AEEE7EBaboon FHIEELER

(a) i (b) Bicubic (c)FSRCNNEYETH  (d)VSDREVEERE ()R ik E a4
% HEBAR &R s R

9 AEEEEWoman FRIEELER

LA 7~ ] LU H M Bicbuic ik SR Eaz BFR/IN , TR XS SRR B — | i 0 B3 o el 1) R
ATSRAFAE T G5 T BE 22 il o, R R 2% . FSRONNFIVSDRA 5 %t 114 Baboon 1 6 4 1 J&] Bl b B3k
SRR = o PR R 2

AR SO AR X 3 MG G RN 5 SO 19 A B (SR , X Woman 4 B 2 Hh Sk i i SCHE A1 7 76 3 i
JE A BT, RAHPSNRAISSIM M A8 bRxt A SCRVE S T2 WIEAT , 4301 5 BicubicHk | FSRCNNHA
FIVSDRE LA THAL, 7ESet5 | Set 144 [ K ARSI R HFRK2, 3, 4ff, Gad ANy i i sE g Xt
kb, B BENT g SR an R 2.

2RI DI Y, A SO AR T Bicubiciii®: . FSRONNFIVSDREEAEY KK T h 2t , PSNREE F43
ST T0.33.0.338F10.324 dB ; KA TR 30HETF T70.282.0.208 ,0.898 ; 4" KA T 4mHE T 170.4 ,0.464 ,1.048.
TEY RIH T2t , SSIMAEIHERTE 10.041 3., 0.009 6F10.023 2; §7 KT A30HE T 170.016 0. 0.006 6. 0.005 2;
PR T NAHETE 70.011 6., 0.007 3. 0.011 2.

M3 LI Y, A SO AR T Bicubiciii . FSRONNFIVSDRE B PSNRIEAEY A T R2mf , #ME F
3 $E Tt 70.45 dB | 0.35 dBFI0.23 dB; 9K F R3it4E Tt 71.8 dB . 0.67 dBFI0.05 dB; 4 KK F A4ifH 7+
T13 dB. 10 dBF10.8 dB. SSIM{ETEY KFEFR2mf, FIH8EF 170.05. 0.4 Fl 0.02, §KEFH30HEH T0.8.
0.009 6. 0.001 7; ¥ KK FH4RHETF T70.399. 0.27. 0.015. HiE EEIE T8, A SCE LG ALK 23 5k 2%
GRVE—E R s T E AR SIS BB EACR , 40l Tis AR, e T RS EECR.

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net
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R 2 TREIAEEsetbHIBE FRIPSNRFISSIMEA R (MAEH=2,3,4)
soth fr Bicubic&ik FSRCNNH. 7 VSDR& Vs A
PSNR/dB  SSIM  PSNR/dB  SSIM PSNR/dB  SSIM  PSNR/dB  SSIM
2 38.32 0.961 4 39.13 0.963 1 38.91 0.913 8 38.42 0.968 9
baby 3 34.95 0.921 8 35.34 0.922 8 34.96 0.923 1 36.13 0.932 4
4 33.12 0.891 1 33.02 0.886 33.27 0.891 7 34.13 0.890 2
2 40.71 0.968 4 41.17 0.991 7 41.82 0.984 3 41.27 0.997 6
bird 3 35.21 0.949 2 36.29 0.952 3 36.31 0.948 3 35.69 0.951 4
4 32.13 0.912 3 33.12 0.913 2 33.37 0.897 5 33.61 0.917 2
2 32.27 0.951 4 32.79 0.967 5 32.82 0.958 9 34.03 0.978 4
butterfly 3 27.61 0.891 5 28.32 0.908 5 28.29 0.915 6 28.41 0.931 8
4 25.11 0.841 26.05 0.857 3 25.98 0.852 3 26.03 0.862 5
2 35.64 0.890 1 36.14 0.885 1 36.09 0.876 4 36.27 0.894 2
head 3 33.52 0.824 33.73 0.834 9 33.64 0.838 9 34.12 0.834 1
4 32.16 0.779 2 32.25 0.784 1 32.31 0.792 3 32.23 0.788 1
2 36.02 0.959 3 33.41 0.959 8 33.29 0.952 6 34.59 0.962 8
woman 3 31.14 0.923 1 32.2 0.938 1 32.31 0.937 6 32.57 0.939 8
4 28.03 0.872 1 29.03 0.876 5 28.86 0.863 8 29.79 0.895 8
2 36.59 0.946 1 36.53 0.953 4 36.59 0.937 2 36.92 0.960 4
average 3 32.49 0.901 9 33.18 0.911 3 33.10 0.912 7 33.38 0.917 9
4 30.11 0.859 1 30.69 0.863 4 30.76 0.859 5 31.16 0.870 8
£ 3  TREFFEset1481EE L RIPSNRIISSIMEE R (FAfEE1=2,3,4)
% o PUGERY €T I=R7S SRCNN#. FSRCNN# ARSI
PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM
2 25.58 0.806 5 25.67 0.838 6 25.79 0.886 9 25.93 0.962 4
baboon 3 23.21 0.683 2 23.42 0.725 5 24.23 0.728 3 24.58 0.752 9
4 22.46 0.624 1 292.54 0.630 8 22.69 0.658 7 22.73 0.698 4
2 30.62 0.923 2 30.71 0.937 3 30.89 0.945 7 30.94 0.969 8
barbara 3 26.27 0.788 2 26.63 0.858 9 26.91 0.838 6 27.89 0.870 8
4 25.85 0.637 8 25.92 0.648 3 26.05 0.651 3 26.17 0.693 7
2 25.96 0.727 5 25.99 0.741 8 26.08 0.752 1 26.78 0.761 3
bridge 3 25.39 0.796 1 26.88 0.832 4 27.13 0.809 1 27.94 0.850 6
4 24.02 0.802 4 25.84 0.827 1 25.93 0.836 26.13 0.841 2
2 30.6 0.798 5 30.53 0.800 4 30.67 0.812°9 30.91 0.842 7
coastguard 3 27.01 0.698 2 27.74 0.831 2 27.89 0.827 6 28.81 0.816 2
4 25.29 0.593 25.36 0.613 8 25.72 0.628 1 26.24 0.629 3
2 26.14 0.678 5 26.53 0.681 2 26.67 0.691 2 26.93 0.701 7
comic 3 23.09 0.792 4 25.81 0.891 26.32 0.912 5 28.84 0.908 3
4 22.83 0.738 4 22.89 0.745 6 22.94 0.746 9 24.05 0.7512
2 33.59 0.845 7 33.68 0.857 6 33.75 0.891 3 33.81 0.898 6
face 3 32.76 0.819 4 34.23 0.8712 34.73 0.858 2 26.12 0.878 2
4 31.26 0.765 2 31.36 0.773 2 31.84 0.780 5 33.94 0.789 3
2 29.46 0.913 4 29.57 0.9215 29.68 0.930 7 29.83 0.9312
flowers 3 28.12 0.878 1 29.05 0.918 9 30.87 0.896 7 34.29 0.919 3
4 26.34 0.753 1 26.47 0.765 2 26.58 0.780 3 28.13 0.790 4
2 28.85 0.813 3 28.95 0.825 4 29.07 0.844 4 29.30 0.866 8
average 3 26.55 0.779 3 27.68 0.8470 282971  0.8387 283528  0.856 6
4 25.435 7 0.702 257685  0.7148 259642  0.7259 26.77 0.741 9
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