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Abstract: For the image super-resolution method from a single channel, it is difficult to achieve
both fast convergence and high-quality texture restoration. By mitigating the weaknesses of existing
methods, the present paper proposes an image super-resolution algorithm based on dual-channel
convolutional neural networks (DCCNN). The novel structure of the network model was divided
into a deep channel and a shallow channel. The deep channel was used to extract the detailed
texture information from the original image, while the shallow channel was mainly used to recover
the overall outline of the original image. Firstly, the residual block was adjusted in the feature
extraction stage, and the nonlinear mapping ability of the network was enhanced. The feature
mapping dimension was reduced, and the effective features of the image were obtained. In the
up-sampling stage, the parameters of the deconvolutional kernel were adjusted, and high-frequency
signal loss was decreased. The high-resolution feature space could be rebuilt recursively using
long-term and short-term memory blocks during the reconstruction stage, further enhancing the
recovery of texture information. Secondly, the convolutional kernel was adjusted in the shallow
channel to reduce the parameters, ensuring that the overall outline of the image was restored and
that the network converged rapidly. Finally, the dual-channel loss function was jointly optimized to
enhance the feature-fitting ability in order to obtain the final high-resolution image output. Using the
improved algorithm, the network converged more rapidly, the image edge and texture reconstruction
effect were obviously improved, and the Peak Signal-to-Noise Ratio (PSNR) and structural similarity
were also superior to those of other solutions.
Keywords: super-resolution; dual-channel; residual block; convolutional kernel parameter; long-term
and short-term memory blocks

1. Introduction
Because images are affected by both the image processing system and the transmission environment
during the process of acquisition, the resolution of the original image is typically low; moreover, since
key information is missing from these original low-resolution images, they are generally not capable of
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meeting many actual user needs. Accordingly, the use of high-resolution images is required in some
areas and fields of research. In order to solve the problems caused by low image quality, Single Image
Super Resolution (SISR) technology is used to transform a single Low-Resolution (LR) image into a
High-Resolution (HR) image containing rich high-frequency information. There are wide applications
for this technology in the research fields of object detection, satellite image, medical image and face
recognition [1–4].
Traditional SISR methods have included interpolation methods based on the sample extraction
theory, such as Bicubic Interpolation [5] and Bilinear Interpolation [6]. The image reconstruction is
based on methods including the Iterative Back Projection (IBP) method [7], the Projection Onto method
(PO) [8], the Maximum A Posteriori method (MAP) [9], and so on. Based on learning methods such
as embedded neighborhood [10], the regression or mapping relationship between HR and LR blocks
has been understood by using the concept of geometric similarity. In sparse representation based on
the interrelated approach, Yang et al. [11] and Yang et al. [12] reconstructed HR image blocks and HR
images by strengthening the similarity between LR and HR image blocks and their corresponding real
dictionaries, so that the sparse representation of the LR block and the super-completed HR dictionary
can be used to reconstruct HR image blocks and then connect HR images. A complete high-resolution
image is obtained like a block [13–16].
In recent years, deep learning has achieved remarkable results in the research field of image super
resolution, benefiting from the powerful feature characterization [17] of deep learning, which is more
effective than traditional methods. Dong et al. [18] first proposed the application of the Super Resolution
using Convolutional Neural Networks (SRCNN) algorithm to super-resolution images. Compared
with traditional methods, the simple network structure obtains the ideal super-resolution; however,
there are limitations of the simple network structure. Firstly, it is dependent on the context information
of small image blocks. Secondly, the training convergence is too slow, and the time complexity is high.
Thirdly, the simple network only can be used for a single-scale super resolution (SR) procedure. Dong
et al. [19] proposed the Fast Super-Resolution Convolutional Neural Network (FSRCNN) by reducing
the speed training of the network parameters. FSRCNN used eight layers of network structure, making
it deeper than SRCNN; moreover, instead of Bicubic Interpolation, the anti-coiling layer was used
on the last layer of the network. Finally, FSRCNN has achieved success in the convergence and
super-resolution reconstruction field. Considering the slow convergence and shallow network of
SRCNN and FSRCNN networks, Wang et al. [20] proposed an image super-resolution algorithm (EEDS)
based on end-to-end and shallow convolutional neural networks that has achieved better performance
than others. However, because the deep network cannot fully extract the features of an LR image
in the feature extraction stage, the loss of useful information and long-term memory content during
the reconstruction process becomes serious when the feature of the up-sampling process is nonlinear
mapping, as this causes the effect of super resolution to be reduced by the deep network. However,
generally speaking, the shallow network master is the main problem. Moreover, when restoring
the main components of LR images, the fast convergence of the network can be limited if too many
parameters are used. Kim et al. [21] proposed a highly accurate single-image super-resolution method
named Very Deep Networks for Super Resolution (VDSR). By using a very deep convolutional network
of VGG-net [22] in image classification, the model employs cascaded small filters in a deep-network
structure, using 20 weight-layers to efficiently utilize the context information of the large image region.
Moreover, Kim et al. [23] proposed the Deep Recursive Convolutional Network (DRCN) for image
super resolution. The network uses a very deep recursive layer (as many as 16 recursions), as increasing
the recursion depth can improve the performance without the need to introduce additional parameters
to additional convolutions. In order to prevent the explosion and disappearance of the gradient,
as well as to reduce the difficulty of training, the recursive monitoring and skipping connection
methods are far more effective than previous methods. Recently, Ke et al. [24] proposed the Gradual
Up-Sampling Network (GUN) method, which is based on a deep convolutional neural network. This
method uses a gradual process to simplify the direct SR problem into a multi-step sampling task
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that employs very small magnification at each step. The Enhanced Deep Residual Networks for
Single-Image Super Resolution (EDSR) and the Multi-Scale Deep Super-Resolution (MDSR) network
were proposed by Lim et al. [25] among others. The model is optimized by removing unnecessary
modules from the residual network to significantly enhance the performance of the model. Moreover,
by extending the size of the model to further improve the performance, MDSR can reconstruct HR
images with different magnification factors using a network model. Tai et al. [26] proposed a very
deep Memory Network (MemNet) for image restoration, which introduces memory blocks consisting
of a recursive unit and a gate control unit that mine persistent memory through an adaptive learning
process. The representation and output from previous memory blocks are connected and sent to the
gate control unit. The gate control unit is adaptive to control memory [27,28] and controls how many
previous states should be retained and how many current states should be stored to achieve superior
performance in super-resolution tasks [29,30].
By exploring the above methods and combining them with MemNet [26] and Deep Residual
Network (ResNet) [31], Nair et al. [32] proposed an enhanced algorithm of image super-resolution
based on Dual-Channel Convolution Neural Network (DCCNN), related to SRCNN and EEDS to
solve the above problems. The shallow channel is mainly used to restore the overall outline of the
original image and to achieve fast convergence performance. By adjusting the parameters of the
three-layer network from the shallow channel, it can quickly converge while ensuring the restoration
of the main components from the image. By contrast, deep channels are used to extract detailed texture
information from LR images. Deep channels are divided into three steps: feature extraction and
mapping, up-sampling, and long-term and short-term memory block reconstruction. Because there are
fewer network layers in the extraction stage of the original model, the local sensing field of the image is
too small, and the full LR image feature extraction will lead to the final SR effect. In order to avoid loss
of important high-frequency content, the proposed model increases the residual layer on the original
basis by increasing the number of network layers in the process; it also reduces the LR feature mapping
dimension, such that the residual layer can learn edge and texture information of the image better than
the common stacked convolution, and the increased network depth avoids the network. It is difficult
to train the problem, meaning that the feature can be directly transmitted to the lower level so as to
optimize the gradient vanishing problem and make it easier for the network to enhance the training
performance. During the up-sampling phase, because the sampling operation is an important part
of the model, the goal is to increase the space span to the target of the HR size. In order to get good
results, a 1 × 1 filter is used to increase the number of dimensions to 64 after the mapping is complete.
In addition, deconvolution is used to achieve the sampling rather than manual designing. During
memory block reconstruction in the long-term and short-term period, because the reconstruction stage
directly determines the HR reconstruction effect of the deep channel, the long-term and short-term
memory blocks made up of the residual block are used after up-sampling to further reduce the loss
of high-frequency information, such that the reconstructed HR image texture information is more
abundant. Finally, the deep and shallow passages are jointly optimized to obtain the final HR image.
Experimental results show that the effect of network super resolution is better than that of bicubic
interpolation, A+ [11], SRCNN [18], and EEDS [20] super-resolution reconstruction algorithms.
2. Related Works
2.1. The SCRNN Model
In the learning-based super-resolution image algorithm, SRCNN applied a convolutional neural
network to the task of image super resolution for the first time. Compared with traditional methods,
the method can directly learn the mapping relationship between LR images and HR images.
As shown in Figure 1, the process of the proposed algorithm was divided into three stages.
The data are pre-processed, the training dataset of 91 images is taken to make up the image block of 14,
and the LR image block after the bicubic interpolation pre-processing procedure is used as the input
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for the network. The first layer uses 64 filters and the convolutional core of the size of 3 channels of
image block performs feature extraction and representation; at this time, the number of channels is
expanded from 3 to 64. The second layer uses 64 filters, and the convolution nucleus (of size 1 × 1)
conducts the nonlinear mapping to extract features; at this time, the number of channels is reduced
from 64 to 3. The third layer uses a convolution nuclear size of 5 × 5 to reconstruct the HR image block
at this time; the number of channels decreases from 64 to 3. Finally, the mean squared error (MSE)
corresponding to the original image and HR output image is constructed to optimize the model’s
parameters. In SRCNN, the experimental results show that the super-resolution effect is improved by
Appl. Sci.
2019, 9,scale
x FORof
PEER
REVIEW
4 of 16
using
a large
dataset
for ImageNet.

Figure
The processing
processing procedure
procedure of
of Super
Figure 1.
1. The
Super Resolution
Resolution using
using Convolutional
Convolutional Neural
Neural Networks
Networks
(SRCNN)
(SRCNN) construction.
construction.

2.2. Image Super-Resolution Algorithm Based on Dual-Channel Convolutional Neural Networks
As shown in Figure 1, the process of the proposed algorithm was divided into three stages. The
image super-resolution
algorithm
on dual-channel
convolutional
neural
networks,
data The
are pre-processed,
the training
datasetisofbased
91 images
is taken to make
up the image
block
of 14,
such
as EEDS
[21], block
and isafter
also athe
learning-based
SISR algorithm.
The EEDS
algorithm
tothe
improve
and the
LR image
bicubic interpolation
pre-processing
procedure
is works
used as
input
SRCNN
and FSRCNN:
itslayer
structure
thanthe
those
of SRCNN and
residual
for the network.
The first
uses is
64deeper
filters and
convolutional
core FSRCNN,
of the sizeand
of 3the
channels
of
imagewith
blockjump
performs
extraction
and representation;
at this time,
of channels
is
block
layer,feature
the residual
network
because of the existence
of the number
fast connection.
Data
expanded from
3 to 64.
secondis layer
uses and
64 filters,
and theis convolution
nucleus in
(ofthe
size
1×1)
transmission
between
theThe
network
smoother,
the gradient
improved, resulting
loss
of
conducts
nonlinear
mapping
tonetwork
extract features;
at this
time,
the number
of channels
fitting
andthe
making
it easier
for the
to converge.
The
network
structure
of EEDS is
is reduced
divided
fromtwo
64 to
3. The
convolution
nuclear
5×5 to reconstruct
HR image
block
into
parts:
thethird
deeplayer
layeruses
andathe
shallow layer.
Thesize
deepofnetwork
contains 13the
layers,
including
a
at this time;
the number
of up-sampling
channels decreases
fromq64
to 3. Finally,
the mean squared
errorshallow
(MSE)
feature
extraction
layer, an
layer, and
multi-scale
reconstruction
layer. The
corresponding
to the
original
and HRidea
output
image
constructed
to model
optimize
model’s
network
contains
three
layers.image
The design
comes
fromisthe
three-layer
of the
SRCNN,
in
parameters.
In SRCNN,
the replaces
experimental
results SRCNN
show that
the super-resolution
effect
is improved
which
the anti-coiling
layer
the original
nonlinear
mapping layer.
Finally,
using a
by using
a large
scale of dataset
foroutput
ImageNet.
deep
network
combined
with the
of the shallow network, the final output of the HR image
is obtained.
2.2. Image
Algorithm
Based
on Dual-Channel
Convolutional
Networks and then
In theSuper-Resolution
training process,
91 training
images
are first scaled,
rotated, Neural
and fragmented,
sampled
to the requiredalgorithm
ratio. Theisobtained
LRdual-channel
image blocksconvolutional
are input intoneural
the double-layer
The according
image super-resolution
based on
networks,
network.
The
MSE
corresponds
to
the
original
image,
the
output
HR
image
is
constructed,
and the
such as EEDS [21], and is also a learning-based SISR algorithm. The EEDS algorithm works
to
model
parameters
are
optimized.
improve SRCNN and FSRCNN: its structure is deeper than those of SRCNN and FSRCNN, and the
The block
shortcomings
of the
network
are as network
follows: because
because of
thethe
deep
network
extract
residual
with jump
layer,
the residual
existence
of cannot
the fastfully
connection.
the
features
of
the
LR
image
in
the
feature
extraction
stage,
the
nonlinear
feature
mapping
the
Data transmission between the network is smoother, and the gradient is improved, resulting of
in the
up-sampling
leadsittoeasier
the loss
information
andThe
of long-term
memory of
content
loss of fitting process
and making
for of
theuseful
network
to converge.
network structure
EEDS in
is
the
reconstruction
process,
which
causes
the
deep
network
to
discount
the
effect
of
super-resolution.
divided into two parts: the deep layer and the shallow layer. The deep network contains 13 layers,
The
shallow
network
is mainly
used
to restore the
main
components
of reconstruction
LR images. Too
many
including
a feature
extraction
layer,
an up-sampling
layer,
and
q multi-scale
layer.
The
parameters
will
limit
the
fast
convergence
of
the
network.
shallow network contains three layers. The design idea comes from the three-layer model of SRCNN,

in which the anti-coiling layer replaces the original SRCNN nonlinear mapping layer. Finally, using
3. Dual-Channel Convolutional Neural Networks
a deep network combined with the output of the shallow network, the final output of the HR image
is obtained.
3.1.
The Improved Ideas
In the training process, 91 training images are first scaled, rotated, and fragmented, and then
Because the shallow network cannot adequately extract the features of the LR image, the effect
sampled according to the required ratio. The obtained LR image blocks are input into the doubleproduced by super resolution is not ideal. Although the deep network is superior to the shallow
layer network. The MSE corresponds to the original image, the output HR image is constructed, and
network in depth, the deepening architecture of the network will also cause the network to be difficult
the model parameters are optimized.
to train, and the gradient disappearance/explosion will affect the stability of the network. Therefore,
The shortcomings of the network are as follows: because the deep network cannot fully extract
the features of the LR image in the feature extraction stage, the nonlinear feature mapping of the upsampling process leads to the loss of useful information and of long-term memory content in the
reconstruction process, which causes the deep network to discount the effect of super-resolution. The
shallow network is mainly used to restore the main components of LR images. Too many parameters
will limit the fast convergence of the network.
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by combining with the two factors of width and depth of the network, the SRCNN and EEDS have
been improved.
The network structure of SRCNN and EEDS is that of a three-layer network, that of the DCCNN
is “deep and shallow”, using 13 tiers and 3 tiers, respectively, in a dual-channel network; the shallow
channel is used to restore the overall outline of the image, while the deep channel is used to restore
rich texture information. Therefore, the combination of these two channels can effectively improve the
efficiency of training, enhance the feature-fitting ability, and reduce the computational complexity of
the whole model. On the basis of the above factors, the present paper selects the parameters of the
shallow channel with a convolutional kernel while adjusting the depth of the deep channel network,
so that the shallow channel is mainly responsible for the convergence performance of the network
to reduce the time complexity of the model; moreover, the deep channel is mainly responsible for
more detailed texture recovery and for improving the restoration precision of the network. It is more
efficient to learn the texture information at a high level, and the feature of fitting the image is more
accurate, considering that the use of the residual block and the jump layer results in faster convergence
than a simple increase in the number of network layers and also reduces the gradient dispersion and
the loss of features.
Therefore, residual blocks and skip layers in deep channels are used in this paper. At the same
time, as the depth increases, it is more difficult for the model to achieve long-term dependence at
each stage; this leads to the reduction of dependence during the up-sampling component of the
reconstruction phase and the increased loss of the important, higher-frequency information in the
up-sampling stage. Accordingly, in this paper, three residual blocks are selected in the reconstruction
stage to grow the short-term memory blocks to the up-sampling feature. The space is rebuilt. Finally,
this paper proposes an image super-resolution algorithm based on DCCNN with a deep channel of
19 layers and a shallow channel of 3 layers.
3.2. The Network Structure of DCCNN
The image super-resolution algorithm based on DCCNN fully considers the nonlinear mapping
relationship between the low-resolution image and the super-resolution image, and the characteristics
of the dual-channel are equal to those of the proposed model. The corresponding weights for each
channel are not shared in DCCNN. The shallow channel is mainly used to restore the overall outline of
the image. The deep channel is used to extract detailed texture information of the LR image. In the
phase of feature extraction and mapping with the deep channel, the input layer of the proposed
network is the three-channel LR image, which is 48 × 48 size of units.
Figure 2 presents the dual-channel network constructed in this paper, which is divided into two
sub-channels: the deep channel and the shallow channel. Firstly, the number of channels is increased
to 64 through the convolutional kernel of 3 × 3 size, then entered into the residual block (see Figure 3).
It is composed of Conv, ReLU, and Conv, and the Conv residual block size is 3 × 3, while the step length
is one and the padding is two. After three residual blocks, the output has 16 48 × 48 characteristic
graphs. At this time, the semantic information in the feature map is richer than it was previously.
In the up-sampling phase, as the most important part of the network, the goal is to increase the spatial
span of the LR images to HR size. After the mapping, the dimension of 1 × 1 is compressed from 16
to 4. Instead of using the manual interpolation method, we used deconvolution (DeConv) to achieve
the up-sampling. The size of DeConv is 9 × 9. For two times, three times and four times, the different
scales of up-sampling by setting different steps. After deconvolution, the feature map is increased to
64. Finally, the dimension of the 1 × 1 filter is mapped from 64 to 4, the parameters of the 1 × 1 filter
are effectively reduced, and the calculation complexity is also reduced. In the stage of reconstructing
long-term and short-term memory, as the last stage of the network, the up-sampling phase is also the
most important part, as it determines the quality of the texture information recovery from the network.
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Considering that it is difficult for the model to achieve long-term dependence at each stage, we
Figure 2 presents the dual-channel network constructed in this paper, which is divided into two
used the multi-scale convolution to reconstruct the up-sampling feature space using long-term and
sub-channels: the deep channel and the shallow channel. Firstly, the number of channels is increased
short-term memory blocks at the beginning of the reconstruction. The long-term and short-term
to 64 through the convolutional kernel of 3×3 size, then entered into the residual block (see Figure 3).
memory blocks, which are shown in Figure 4, consist of three residual blocks. The dimensions of the
It is composed of Conv, ReLU, and Conv, and the Conv residual block size is 3×3, while the step length
feature map range from 64 to 32, which further reduces the dimensions and enhances the nonlinear
is one and the padding is two. After three residual blocks, the output has 16 48×48 characteristic
mapping ability. The size of Conv in the long-term and short-term memory block is 3 × 3, the step length
graphs. At this time, the semantic information in the feature map is richer than it was previously. In
is one, the padding is two, and the output is 32 feature graphs. The 1 × 1 filter is then used to compress
the up-sampling phase, as the most important part of the network, the goal is to increase the spatial
the dimensions from 32 to 16, so that the high-dimensional feature is extracted and the computational
span of the LR images to HR size. After the mapping, the dimension of 1×1 is compressed from 16 to
complexity is reduced. In order to effectively aggregate the local information of the 16 feature maps,
4. Instead of using the manual interpolation method, we used deconvolution (DeConv) to achieve the
multi-scale convolution is used for reconstruction. The multi-scale coiling layer contains four filters of
up-sampling. The size of DeConv is 9×9. For two times, three times and four times, the different scales
different sizes, namely, 1 × 1, 3 × 3, 5 × 5 and 7 × 7. The four filters’ convolutions in the layer are parallel.
of up-sampling by setting different steps. After deconvolution, the feature map is increased to 64.
Each filter has 4 outputs in the feature graph, and then the 16 feature graphs are combined. Finally,
Finally, the dimension of the 1×1 filter is mapped from 64 to 4, the parameters of the 1×1 filter are
the 1 × 1 filter is used as the weighted combination of multi-scale texture features. At this time, the
effectively reduced, and the calculation complexity is also reduced. In the stage of reconstructing
dimension of the feature map is from 16 to 1. Correspondingly, the use of deconvolutional networks to
long-term and short-term memory, as the last stage of the network, the up-sampling phase is also the
complete the up-sampling operation involves the use of a three-layer structure similar to that of SRCNN
most important part, as it determines the quality of the texture information recovery from the
in shallow channels. The specific process is as follows: the three-channel LR image input to 48 × 48 is
network.
Considering that it is difficult for the model to achieve long-term dependence at each stage, we
used the multi-scale convolution to reconstruct the up-sampling feature space using long-term and

contains four filters of different sizes, namely, 1×1, 3×3, 5×5 and 7×7. The four filters’ convolutions in
the layer are parallel. Each filter has 4 outputs in the feature graph, and then the 16 feature graphs
are combined. Finally, the 1×1 filter is used as the weighted combination of multi-scale texture
features. At this time, the dimension of the feature map is from 16 to 1. Correspondingly, the use of
Appl. Sci. 2019, 9, 2316networks to complete the up-sampling operation involves the use of a three-layer
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deconvolutional
structure similar to that of SRCNN in shallow channels. The specific process is as follows: the threechannel LR image input to 48×48 is input from the input layer to the network, and the number of
input from the input layer to the network, and the number of channels is increased to four through the
channels is increased to four through the 3×3 filter. The space span of the LR image is increased to
3 × 3 filter. The space span of the LR image is increased to the HR size by means of deconvolution.
the HR size by means of deconvolution. The size of DeConv convolutional kernel is the same as that
The size of DeConv convolutional kernel is the same as that of the 9 × 9 deep learning network, and the
of the 9×9 deep learning network, and the feature map after the deconvolution is increased to 16.
feature map after the deconvolution is increased to 16. Finally, using the convolutional kernel of 3 × 3
Finally, using the convolutional kernel of 3×3 size, the step size is one, the padding is two, and the
size, the step size is one, the padding is two, and the output is a three-channel feature graph.
output is a three-channel feature graph.
In order to avoid the problem of gradient disappearance, our proposed structure is deeper than
In order to avoid the problem of gradient disappearance, our proposed structure is deeper than
that of the improved network; moreover, the characteristics of both the feature graph and the feature
that of the improved network; moreover, the characteristics of both the feature graph and the feature
map of the lower layer are also different. Furthermore, in this paper, the ReLU [33] activation function
map of the lower layer are also different. Furthermore, in this paper, the ReLU [33] activation function
is used in all convolution operations to improve the PReLU [34] activation function. All convolutional
is used in all convolution operations to improve the PReLU [34] activation function. All convolutional
operations utilized in this paper can improve the high network’s nonlinear modeling ability. At this
operations utilized in this paper can improve the high network’s nonlinear modeling ability. At this
point, the output feature graph of the shallow and deep network is optimized, the output of the two
point, the output feature graph of the shallow and deep network is optimized, the output of the two
networks is added, the effective component is retained, and the texture information of the feature map
networks is added, the effective component is retained, and the texture information of the feature
is enriched. The feature graph is then input to a convolution layer of 1 × 1 size. Finally, the image
map is enriched. The feature graph is then input to a convolution layer of 1×1 size. Finally, the image
output of HR is obtained, with the result that the image quality has greatly improved.
output of HR is obtained, with the result that the image quality has greatly improved.
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Figure 3. The processing construction with improved residual blocks described in the paper. (a) Original
Residual Blocks; (b) Improved Residual Blocks in the Paper.

Since the original batch normalization layer (BN) [35] is used to normalize the characteristics of
the coiling output layer, this will affect the distribution of features learned by the convolution layer
and cause the loss of important information from the feature graph. Moreover, the batch positive layer
has the same number of parameters as the previous convolutional layer and thus consumes a lot of
memory. In their image deblurring task, Zeiler et al. [36] deleted the BN layer in the residual block,
with the result that the network performance was greatly improved. Therefore, in this paper, we used
the residual block to delete the batch regularization layer in order to reduce the color’s offset in the
output, while maintaining the training stability. Each residual block in the present paper contained
two 3 × 3 convolutional layers and the ReLU layer. The structure of the residual block in the present
paper is shown in Figure 3b.
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The residual block can be expressed by Equation (1):
Xl + 1 = Xl + F ( X )

(1)

Here, Xl and Xl+1 represent the input and output vectors of residual blocks, respectively.
The function F(X) denotes residual mapping. The residual block in this paper contained only the
convolutional layer and the ReLU layer. The modified linear unit (ReLU) has unilateral suppression
and sparsity. In most cases, the ReLU gradient is a constant term, avoiding the problem of gradient
disappearance to a certain extent. The relevant mathematical expression can be expressed by
Equation (2):
f (x) = max(0, xi )
Appl. Sci. 2019, 9, x FOR PEER REVIEW
9 of(2)
16

B1
32

32

⊕

B2
32

B3

⊕

32

32

⊕
32

Figure 4. The processing construction of long-term and short-term memory blocks.
Figure 4. The processing construction of long-term and short-term memory blocks.

In this paper, the activation function of the convolutional layer outside the residual block is the
In this paper, we used three residual blocks to learn recursively in the long-term and short-term
Parametric Rectified Linear Unit (PReLU) [34]. The use of PReLU is mainly designed to avoid the “dead
memory blocks. We used the eigenvector x of the up-sampling phase as input; the residual block Bi
angle” [37] caused by the zero gradient in the ReLU. It is increased by the correction of parameters to a
can be expressed by equation (5):
certain extent. It can have a regularizing effect and can also improve the generalization ability of the
model. The difference between the proposed model and ReLU is mainly reflected in the negative part,
Bi =inFEquation
( Bi −1 , wi (3):
) + Bi −1
(5)
and the mathematical expression is shown

(x) =
(0, xiB) 1+
)
max
In equation (5), i is set to one, ftwo,
and
three.
, Ba2i,min
and(xBi ,30, respectively
represent the output(3)
of
the corresponding residual block. When i = 1, Bi-1 = x. F represents the residual mapping, and wi
Here, xthe
the input
signalofofthe
theresidual
ith layer,block
and ato
the coefficient
of residual
the negative
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In Equation
i is weight
i islearn.
represents
vector
Since each
block
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(3),
the
parameter
a
is
set
to
zero,
but
the
negative
part
of
PReLU
can
be
learned.
Finally,
the
output
of
volume layers andiReLU activation functions, equation (5) can be further expressed as equation (6):
the activation function can be expressed by Equation (4):

F ( Bi −1 , wi ) = wi2 Re LU ( wi1 Re LU ( Bi −1 ) )
fl (x) = f (Wl ∗ fl−1 (x) + Bl )

(6)
(4)

Here, fReLU
represents the activation function, while w1 and w2 are the two weight vectors of the
Here,
l is the final output feature graph and Bl is the offset of the lth layer.
volume
layer, respectively.
In the interest
of simplicity,
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(1) Loss Function
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By minimizing the loss cost between
the super-resolution image and the real high-resolution
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high-resolution images X j and a group of super-resolution images, F (Y ;  ) is reconstructed by





the network. This paper uses MSE as the cost function:

1 n
L (  ) =  F j (Y ;  ) − X j
n i =1

2

(8)

where n represents the number of training samples. Because the weights of the dual-channel
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represents the weight vector of the residual block to learn. Since each residual block consists of two
volume layers and ReLU activation functions, Equation (5) can be further expressed as Equation (6):


F(Bi−1 , wi ) = w2i ReLU w1i ReLU (Bi−1 )

(6)

Here, ReLU represents the activation function, while w1 and w2 are the two weight vectors of the
volume layer, respectively. In the interest of simplicity, the bias is omitted in the above equations.
Finally, unlike the traditional leveling network, the present paper uses cascading methods to
combine the output features of the three residual blocks, which effectively avoids content loss from the
previous stage. The process of calculation is shown in Equation (7):
Bout = [B1 , B2 , B3 ]

(7)

Here, Bout represents the final output and passes to the next layer.
3.4. Loss Function and Evaluation Standard
(1) Loss Function
By minimizing the loss cost between the super-resolution image and the real high-resolution
image, the network constantly adjusts the network parameters Θ = {wi , bi }. For a group of real
high-resolution images Xj and a group of super-resolution images, Fj (Y; Θ), is reconstructed by the
network. This paper uses MSE as the cost function:
2

n

L( Θ ) =

1X j
kF (Y; Θ) − X j k
n

(8)

i=1

where n represents the number of training samples. Because the weights of the dual-channel network
are not shared, they are converted to a dual-channel cost function problem:
LEDC = min[Ld (Θ) + Ls (Θ)]

(9)

Here, Ld (Θ) and Ls (Θ) are the loss costs of the deep channel and shallow channel respectively.
The network uses the Adam optimization method and back-propagation algorithm [38] to minimize
MSE in order to adjust the network parameters, and the update process of the network weights is as in
Equation (10):
∂L
∆k+1 = 0.9 × ∆k − η ×
, Wkl +1 = Wkl + ∆k+1
(10)
∂Wkl
∆k represents the updating value of the last weight, l represents the number of layers of the
network, and k represents the number of iterations from the network; η is the learning rate, Wl k
represents the weight of the kth iteration in level l, ∂Ll represents the corresponding weight of the
∂Wk

cost function and derivation of the derivative. The weights are randomly initialized according to a
Gaussian distribution with mean value of zero and variance of 0.001. The model can automatically
adjust the learning rate in the range of training, making the learning of the parameters more stable.
(2) Evaluation Standards
In this paper, the difference between the generated image quality and the quality of the original
high-resolution image is measured by means of two common evaluation indexes, namely the Peak
Signal-to-Noise Ratio (PSNR) and the Structural Similarity Index (SSIM) [29,30].
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PSNR is used as an objective evaluation index of image quality, which is measured by calculating
the error between corresponding pixels. The PSNR’s unit is decibel (dB) [16]. The larger the value, the
smaller the image distortion. The calculating equation is Equation (11):


 (2n − 1)2 


PSNR = 10 log10 
MSE 

(11)

Here, MSE is the direct Mean Squared Error of the original image and the super-resolution image,
− 1)2 is the signal maximum square, and n is the number of bits per sampling value.
The SSIM measures image similarity in terms of three aspects: brightness, contrast ratio, and
structure. The range of SSIM is [0,1], and its value is closer to one. The distortion effect is smaller.
The calculation equations are as follows:

(2n

SSIM(X, Y) = l(X, Y) · c(X, Y) · s(X, Y)
l(X, Y) =
c(X, Y) =

2µX µY + C1
µ2X + µ2Y + C1

(12)
(13)

2σX σY + C2
σ2X + σ2Y + C2

(14)

2σXY + C3
σX σY + C3

(15)

s(X, Y) =

X is the super-resolution image of the LR image obtained through network training, Y is the
original HR image. The variances of µX and µY are represented by X and Y, respectively, while
σX and σY represent the variances of the super-resolution image and of the original high-resolution
image, respectively, and σXY represents the covariance of the super-resolution image and the original
high-resolution image. C1 , C2 , C3 are constant terms. In order to avoid a zero in the denominator, the
usual practice is to take C1 = (K1 × L)2 , C2 = (K2 × L)2 , C3 = C2 /2 and, generally, K1 = 0.01, K2 = 0.03,
L = 255.
4. Experimental Results and Analysis
4.1. Parameter Settings
The experiment used 91 pictures by Bevilacqua et al. [39] and one hundred 2K high-definition
images selected from the DIV2K dataset. In short, a total of 191 images were used as training datasets
to train the network model. Considering that dataset size directly affects network performance,
two methods of data expansion were adopted for the image, based on the original training dataset.
The image was amplified in two ways: (1) Scaling: each image was zoomed in proportion to 0.9, 0.8,
0.7, and 0.6; (2) Rotating: each image was rotated by 90 degrees, 180 degrees, and 270 degrees. Each
image was used 20 times, such that 3820 images were eventually available for the training process.
In this process, the sub-sampling size was 48 × 48, the initial learning rate of the network was set to
0.001, and the Adam optimization method was adopted to automatically adjust the learning rate so
that the network parameters could be learned smoothly. The number of images per batch was set to 64,
and the network was trained 1000 times. The testing dataset comprised the internationally common
datasets “Set5” [40,41] and “Set14” [42,43]. The GPU was NVIDIA GeForce 1080 Ti , the experimental
environment was Keras, and Python 3.5 and OpenCV 3.0 were applied to carry out the simulation
experiments. The results of the network training were compared with those of existing methods in
terms of three aspects: subjective visual effect, objective evaluation index, and efficiency comparison.

datasets "Set5" [40] [41] and "Set14" [42] [43] . The GPU was NVIDIA GeForce 1080 Ti, the
experimental environment was Keras, and Python 3.5 and OpenCV 3.0 were applied to carry out the
simulation experiments. The results of the network training were compared with those of existing
methods in terms of three aspects: subjective visual effect, objective evaluation index, and efficiency
comparison.
Appl.
Sci. 2019, 9, 2316
11 of 16
4.2. Experimental Results and Comparative Analysis
4.2. Experimental Results and Comparative Analysis
In order to verify the effectiveness of the proposed image super-resolution algorithm based on
In order
verifypaper
the effectiveness
of the
proposed
image super-resolution
on
DCCNN,
the to
present
used a trained
model
to reconstruct
the LR image atalgorithm
"2×", "3×",based
and "4×"
DCCNN,
the present
paper
a trained of
model
to reconstruct
the method
LR image
at evaluated
“2×”, “3×”,
[44] the super
resolution.
Theused
performance
the proposed
DCCNN
was
onand
the
“4×”
[44] theand
super
resolution.
Thethe
performance
the proposed
was evaluated
Set5 dataset
Set14
dataset, and
results wereofcompared
with DCCNN
the resultsmethod
of the existing
bicubic
on
the Set5 dataset
andSRCNN
Set14 dataset,
and
the results
were compared with the results of the existing
interpolation,
A+ [11],
[19], and
EEDS
[20] algorithms.
bicubic
interpolation,
A+ [11],
SRCNN [19],
and EEDS [20]
algorithms.
Because
of the different
experimental
environments
of each
algorithm, the contrast images could
of the
different
experimental
environments
of each
algorithm,
the contrast
imagesnot
could
differBecause
from the
original
ones.
However, the
overall trend
of the
comparison
results would
be
differ
from
original
ones. However,
the overall
of theofcomparison
results would
nottwo
be
affected.
Inthe
order
to ensure
the rationality
and trend
objectivity
the experimental
results,
affected.
In order
to ensure
the selected
rationality
of the
two representative
representative
datasets
were
to and
testobjectivity
and contrast
theexperimental
images withresults,
rich texture
details. The
datasets
were selected
to test and
contrast
images
with
rich texture
details.
The testing
results
are
testing results
are presented
in Figure
5, the
Figure
6, and
Figure
7, which
compare
the results
of the
presented
in Figures 5–7,
compare
the results
of thefor
bicubic
interpolation,
A+, SRCNN,
bicubic interpolation,
A+,which
SRCNN,
and EEDS
methods
different
reconstruction
times of and
the
EEDS
methods
different
reconstruction
times ofand
the select
butterfly
image,and
andmore
comic
image,
butterfly
image,forzebra
image,
and comic image,
theimage,
whole zebra
panorama
obvious
and
whole
panorama
and morethe
obvious
parts of the
texture
thecheek
butterfly,
the head
partsselect
of thethe
wing
texture
of the butterfly,
head markings
of wing
the zebra,
andofthe
and shoulder
markings
of the
zebra, andvisual
the cheek
and shoulder
of the
comic. A subjective visual evaluation was
of the comic.
A subjective
evaluation
was carried
out.
carried out.

Appl. Sci. 2019, 9, x FOR PEER REVIEW

12 of 16

original HR image. The butterfly wing edge of the image produced by the proposed method is
sharper relative to the other methods:
(a) both the edge
(b)and the image are
(c) more complete, and the texture
is also clearer.
In Figure 6 and Figure 7, from left to right, the reconfiguration of the four contrast models is also
three times that of the super-resolution effect diagram. Figure 6(e) presents the reconstruction result
of the proposed method, while Figure 6(f) is the original HR image of the Set14 testing dataset. It was
found that the reconstruction effect of the zebra image was more prominent, the reconstruction of the
(d)was sharper, the
(e) edge preservation
(f) was better, and the details of
cheek edge from the comic image
the shoulder
were more
abundant.results
The
average
PSNR
and SSIM
objective
testing
indexes
Figure 5. texture
Super-resolution
reconstruction
results
the
image
“Butterfly”
with
“×4”
scale
factor.
Super-resolution
reconstruction
ofofthe
image
“Butterfly”
with
“×4”
scale
factor.
(a)
under(a)
various
experimental
conditions
are
presented
in
Table
1.
The
best
experimental
results
in the
Bicubic
[11];
SRCNN
[18];
EEDS
[20];(e)
(e)The
TheProposed
ProposedMethod’s;
Method’s;(f)
(f)Original
Original Image.
Bicubic
[5];[5];
(b)(b)
A+A+
[11];
(c)(c)
SRCNN
[18];
(d)(d)
EEDS
[20];
table are marked in bold.
Figure 5(a) - Figure 5(d) present four super-resolution images of four contrast models from left
to right. Figure 5(e) is the result of reconfiguration. Figure 5(f) concentrates on the Set5 testing of the
(a)

(b)

(c)

(d)

(e)

(f)

Figure
results
of of
thethe
image
“Zebra”
with
“×3”“×3”
scalescale
factor.
(a)
Figure 6.
6. Super-resolution
Super-resolutionreconstruction
reconstruction
results
image
“Zebra”
with
factor.
Bicubic
[5];[5];
(b) (b)
A+ A+
[11];
(c) SRCNN
[18];
(d)(d)
EEDS
[20];
(e)(e)
The
Proposed
(a) Bicubic
[11];
(c) SRCNN
[18];
EEDS
[20];
The
ProposedMethod;
Method;(f)(f)Original
OriginalImage.
Image.

(a)

(b)

(c)

(d)

(e)

(f)

Appl. Sci.Figure
2019, 9, 2316
of 16
6. Super-resolution reconstruction results of the image “Zebra” with “×3” scale factor.12(a)

Bicubic [5]; (b) A+ [11]; (c) SRCNN [18]; (d) EEDS [20]; (e) The Proposed Method; (f) Original Image.
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7, from left to right, the reconfiguration of the four contrast models is also three
et
PSNR/SSI
PSNR/SSI
PSNR/SSI
PSNR/SSI
times that of the super-resolution
effect diagram. Figure 6e presents the reconstruction
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M
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proposed method, while Figure 6f is the original HR image of the Set14 testing dataset. It was found
×2
33.64/0.9296
36.55/0.9543
36.67/0.9541
37.30/0.9578
37.43/0.9603
that the Set5
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effect of30.38/0.8681
the zebra image
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prominent, the
reconstruction
of the cheek
×3
32.57/0.9089
33.46/0.9190
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edge from the comic image was sharper, the edge preservation was better, and the details of the
shoulder texture were more abundant. The average PSNR and SSIM objective testing indexes under
various experimental conditions are presented in Table 1. The best experimental results in the table are
marked in bold.
Table 1. Average Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM) at different
reconstruction scales on Set5 and Set14 datasets.

Dataset

Reconstruction
Multiple

Bicubic [5]

A+ [11]

SRCNN [18]

EEDS [20]

Proposed
DCCNN

PSNR/SSIM

PSNR/SSIM

PSNR/SSIM

PSNR/SSIM

PSNR/SSIM

Set5

×2
×3
×4

33.64/0.9296
30.38/0.8681
28.41/0.8106

36.55/0.9543
32.57/0.9089
30.29/0.8602

36.67/0.9541
32.76/0.9091
30.49/0.8627

37.30/0.9578
33.46/0.9190
31.15/0.8782

37.43/0.9603
33.59/0.9204
31.32/0.8842

Set14

×2
×3
×4

30.23/0.8687
27.54/0.7743
26.01/0.7028

32.29/0.9058
29.14/0.8187
27.31/0.7492

32.43/0.9062
29.29/0.8208
27.48/0.7502

32.82/0.9104
29.61/0.8283
27.81/0.7625

32.95/0.9115
29.70/0.8307
28.13/0.7696

As can be seen from the testing results presented in Table 2 below, the results of the proposed
algorithm were better than those of the improved algorithm in terms of average PSNR and SSIM,
thereby proving the effectiveness of the proposed algorithm.
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Table 2. Comparison of computational complexity with phases.
Method

Feature
Extraction/ms

Up-Sampling/ms

Reconstruction/ms

Shallow
Channel/ms

EEDS
DCCNN

38,015
19,151

4112
24,895

154,834
70,500

7265
5231

4.3. Efficiency Comparison
To further illustrate the effectiveness of the proposed algorithm and evaluate the network
performance, the paper analyzed the time complexity [45,46] of the dual channels and compared them
in turn with those of the improved network. The specific
parameters
are



 shown
 in Table 2. In the
2
2
paper, the time complexity of the shallow network is O f1 n1 + O n1 f2 n2 + O n2 f32 , while the time
complexity of the deep channel is the same as that of the shallow layer. It can be seen from Table 2
that the amount of parameter computation per iteration was smaller than that of EEDS, meaning
that a single iteration training consumed less time. With the same number of iterations, the network
training of our proposed model was better than those of SRCNN and EEDS, while the computational
complexity of our model was also greatly reduced relative to others. In summary, the efficiency of our
proposed method is better than that of the EEDS algorithm.
5. Conclusions
This paper proposed the image super-resolution algorithm based on DCCNN. The deep channel
was used to extract the detailed texture information of an image and increase the local receptive
field of the image. The shallow channel was mainly used to restore the overall outline of the image.
Experimental results showed that the simplified model parameters could not only enhance the ability
of the network model to fit the model characteristics but also enable the network model to be trained at
a higher learning rate, improving the model’s convergence speed. At the same time, the long-term
and short-term memory blocks constructed by the residual blocks in the network performed better
than the single mapping output network using only the residual blocks. The quantity of image
recovery was better, and the performance improved, which proves the necessity of using long-term
and short-term memory blocks. Improvement could be observed in both subjective visual effect
and objective evaluation parameters, as well as in efficiency, which proves the practicability of the
proposed method.
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