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Online live streaming has been widely used in distant teaching, online live shopping, and so on. Particularly, online teaching live
streaming breaks the time and space boundary of teaching and has better interactivity, which is a new distant education mode. As
a new online sales model, online live shopping promotes the rapid development of Internet economy. However, the quality of live
video affects the user experience. This paper studies the optimization algorithm of ultra-high-definition live streaming, focusing
on superresolution technology. Convolutional neural network (CNN) is a multilayer artificial neural network designed to
process two-dimensional input data. It takes advantage of CNN in image processing. This paper proposes an image
superresolution algorithm based on hybrid dilated convolution and Laplacian pyramid. By mixing the dilated convolution
module, the receptive field of the network can be improved more effectively to obtain more context information so that the
high-frequency features of the image can be extracted more effectively. Experiment was running on Set5, Set14, Urban100, and
BSD100 datasets, and the results reveal that the proposed algorithm outperforms baselines with respect to peak signal to noise
ratio (PSNR), structural similarity index measurement (SSIM), and image quality.

1. Introduction

At the end of 2019, the COVID-19 pandemic spread across
the world. However, with the continuous spread of the pan-
demic, the application of online live streaming is becoming
more and more extensive, such as online live streaming for
shopping and online live streaming for teaching [1, 2]. How-
ever, the quality of live video needs to be further improved.
With the continuous development of multimedia technol-
ogy, online live streaming, short video, and other video
applications have gradually become mainstream media for
people’s study, life, and entertainment due to their strong
social and interactive characteristics [3]. According to rele-
vant survey [4], video media generated 60% of Internet traf-
fic in 2016, and it will develop further. By 2020, that figure
has reached 78%. However, the video system is often limited
by various objective conditions, especially in the video send-
ing end, the video collection equipment with insufficient
accuracy, limited network bandwidth, and terminal with

insufficient processing capacity make it difficult for the video
system to provide adequate ultra-high-definition video
sources [5–7].

In order to solve the above problems, superresolution is
used in the video system so that the video application with
limited objective conditions can also provide high-quality
video presentation [8]. For example, wearable video devices
with relatively weak CPU processing capacity are often
unable to support high-resolution video and can only use
low-resolution video formats. But users of these devices still
want high-definition video content. Therefore, using super-
resolution technology to restore the video quality at the
video display end can greatly improve the visual experience
of users [9, 10]. In addition, video superresolution technol-
ogy is also used in many fields such as medical image
research, security monitoring processing, and video coding
and decoding, which has very high research value. Although
many video superresolution methods have been proposed,
due to the characteristics of video frames and the diversity
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of video scenes, their superresolution results are not
completely satisfactory. Further research is needed to
improve the performance of video superresolution.

Superresolution is the process of generating high-
resolution images from a set of low-resolution images [11].
This process supplements the spatial pixels of the image,
increases the texture details of the image, restores the high-
frequency information lost in the imaging process, and
makes the image exquisite in detail, natural in picture, and
has a better visual effect. This process can also be seen as
the reverse process from high-resolution images to multiple
low-resolution images. The simplest method of video super-
resolution is to perform single-frame superresolution on
each frame of low-resolution video directly and finally
restore all the obtained high-resolution images to high-
resolution video according to the sequence of video stream
[12]. However, such methods do not take into account the
correlation between frames in the video, and the resulting
high-resolution video may have problems such as poor
interframe transition and interframe flicker. When superre-
solution technology is used in video, not only the current
low-resolution video frame to be restored but also the tran-
sition relationship between the current frame and adjacent
frames should be considered [13, 14]. Based on the single-
frame image superresolution technology, combined with
the imaging characteristics of video sequence, video superre-
solution technology often uses the redundant information
between adjacent frames to further improve the superresolu-
tion performance.

Convolutional neural networks (CNN) imitating biolog-
ical vision mechanisms are widely used in the field of
computer vision. In superresolution reconstruction, CNN
takes advantage of its learning function to establish the
mapping relationship between low-resolution images and
high-resolution images through training [15]. Due to its
unique properties, CNN not only provides good perfor-
mance in feature perception but also can detect features
close to human visual system observation, so it has been
widely applied in the field of superresolution technology.
Accordingly, the main contribution of this paper is that a
hybrid dilated convolution and Laplacian pyramid-based
image superresolution algorithm is proposed.

The remainder of this paper is organized as follows.
Section 2 reviews related work. In Section 3, the improved
image superresolution algorithm is presented. Experimental
results are presented in Section 4. Section 5 concludes
this paper.

2. Related Work

Video is a sequence of images that are projected onto the
screen at a rate that gives it image continuity. In order to
improve the image resolution and display effect, many image
resolution enhancement algorithms have been proposed by
relevant researchers. Traditional superresolution algorithms
include image interpolation, image superresolution based
on sparse representation, and image superresolution based
on manifold learning. In [16], the authors proposed a new
single image superresolution method, which obtained the

initial high-resolution image by feature constrained polyno-
mial interpolation. In [17], a new random forest method for
image superresolution feature enhancement was proposed,
using the traditional gradient-based feature to enhance the
image superresolution feature, and formulated different fea-
ture formulas in different stages of image superresolution
processing. In [18], a new superresolution algorithm for verti-
cally guided neonatal image was proposed. In [19], a single
image recognition method combining comprehensive sparse
coding and analytical sparse coding was proposed. In [20],
the author proposed a sparse Bayesian estimation-based single
image superresolution method to reconstruct the superresolu-
tion image. In [21], a manifold learning-based improved tex-
ture image superresolution algorithm was proposed.

Many superresolution methods based on neural network
have been proposed. In [22], the authors developed a capsule
attention and reconstruction neural network (CARNN)
framework to incorporate the capsule into the image super-
resolution CNN. In [23], the authors constructed a full
deconvolution neural network (FDNN) and used FDNN to
solve the problem of single image superresolution. In order
to improve the resolution of remote sensing images, in
[24], a superresolution neural network called progressive
residual depth neural network (PRDNN) was proposed. In
[25], a new perceptual image superresolution method was
proposed to gradually generate visually high-quality results
by constructing a stage network. In [26], the authors used
CNN to generate superresolution underwater images. In
[27], the authors used the enhanced attention network to
realize the superresolution of compressed images. In [28],
an arbitrary scale superresolution method of medical image
was proposed, which combined meta learning with genera-
tive adversarial networks. In [29], the authors used gradual
strategy to train CNN and proposed an efficient superresolu-
tion model. In [30], a deformable residual convolution net-
work for image superresolution was proposed to enhance
the transformation modeling ability of CNN. The emergence
of deep learning has greatly promoted the development of
image superresolution reconstruction, motivating this paper.

3. Proposed Method

Inspired by the Laplacian pyramid structure, in this section,
a hybrid dilated convolution and Laplacian pyramid-based
image superresolution algorithm is proposed.

As shown in Figure 1, the network can be divided into
log2RT levels, and RT is the reconstruction times. Each level
can be divided into feature extraction and image reconstruc-
tion. The feature extraction of each level is composed of a
hybrid dilated convolution layer and a deconvolution layer.
The reconstruction consists of a convolution layer and an
element-wise summation layer [31]. The feature extraction
of the first level is slightly different from that of other levels.
Compared with other levels, the first level has an extra con-
volution layer for extracting shallow features and channel
transformation because of the number of channels in the
input image is different from that of each level [32, 33].
Therefore, a convolution layer with input channel 1 and out-
put channel 64 is added at the beginning of the first level to
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extract shallow features from low-resolution images with
input channel 1 and output 64 feature images. In feature
extraction, high-dimensional features are extracted, and
then, the extracted features are amplified by two times with
a deconvolution layer, which serves as the input of feature
extraction at the next level and reconstruction at this level.

The input of the image reconstruction is the output
image of the reconstruction of the upper level and the output
of the feature extraction of this level. The image goes
through a deconvolution layer with input channel 1 and out-
put channel 1, and the image is amplified by two times. The
feature image is fused by a convolution layer with input
channel 64 and output channel 1, and the original feature
image with channel number 64 is transformed into a
residual image with channel number 1. Finally, the amplifi-
cation image and residual image are added together by
element-wise summation operation to obtain the output of
the reconstruction of this level and then serve as the input
of the reconstruction of the next level. In this way, feature
extraction and reconstruction are performed level by level.
Moreover, after log2RT level feature extraction, high-
resolution images with the required amplification of RT
can be obtained.

Different from upsampling and downsampling, this
section adopts the Laplacian pyramid structure step by step
for image reconstruction to better balance the accuracy and
efficiency of reconstruction. Let input low-resolution image
from the network be ILR, and CRT is used to represent the con-
volution layer of the first layer for shallow feature extraction.

CRT ILR
� �

=max 0:3 × log wc ∗ ILR + bc
� �

,wc ∗ ILR + bc
� �

,
ð1Þ

where wc and bc are the weight and bias of the first-level
convolution kernel, ∗ is the convolution operation, the
convolution kernel size of the first-level convolution is 3 × 3,
the input channel is 1, and the output channel is 64. Among
them, max() is the activation function ReLU, and then,
CRTðILRÞ is passed into the network as the input of the
first-level feature extraction.

Let Ck
HD represent the hybrid dilated convolution mod-

ule of the kth level feature extraction, Ck represents its out-
put feature map, Ck

D represents the deconvolution layer of
the kth level feature extraction, and Ck,D is its output feature
map; then we have

C1 = C1
HD CRT ILR

� �� �
, ð2Þ

Ck,D = Ck
D Ckð Þ,  k = 1, 2,⋯, log2RT, ð3Þ

Ck = Ck
HD Ck−1,Dð Þ, k = 1, 2,⋯, log2RT: ð4Þ

As can be seen from equations (2) to (4), each level of
Laplacian pyramid structure network feature extraction is
made by hybrid dilated convolution module that is followed
by deconvolution layers. The output of the hybrid dilated
convolution module for deconvolution layer at the corre-
sponding level of input and the output of the deconvolution
layer to the next level is regarded as the input feature extrac-
tion at the next lower level hybrid dilated convolution of the
input [34]. The hybrid dilated convolution module Ck

HD is
composed of multiple hybrid dilated convolution blocks.
The deconvolution layer can be defined as follows.

Ck
D Ckð Þ = ReLU log wd ∘ Ck + bdð Þ, ð5Þ
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Figure 1: Overall network architecture of the proposed method.
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where wd and bd are the weight and bias of the deconvolu-
tion layer and ∘ is the deconvolution operation. The size of
the convolution kernel of the deconvolution layer of the
specific feature extraction is 4 × 4, and the step size is 2
(amplified twice each time). The input channel is 64, and
the output channel is 64.

At the first level in reconstruction branch, the low-
resolution image ILR is input to the deconvolution layer of
the reconstruction, Ck

O,D is used to represent the deconvolu-
tion layer of the reconstruction branch, and Ok represents its
output; then, we have

O1 = C1
O,D ILR

� �
: ð6Þ

Ck
R represents the convolution layer of the reconstruction

branch, and OR represents its output; then, we have

OR = Ck
R Ck,Rð Þ,

Ck
R Ck,Rð Þ =wk

R ∗ Ck,R + bkR,
ð7Þ

where Ck,R is the output of the feature extraction branch of

this level and wk
R and bkR are the weight and bias of the con-

volutional layer of the reconstruction branch of the kth level,
respectively. While the size of the convolutional kernel of the
convolutional layer is 3 × 3, the input channel is 64, and the
output channel is 1. The output of the reconstructed branch
at this level is defined as follows.

OR
k = ReLU Ok ⊕ORð Þ, ð8Þ

where ⊕ represents the element-wise summation layer.
The output expression of other level is defined as follows.

Ok = Ck
O,D Ok−1ð Þ,

Ck
O,D Ok−1ð Þ =wk

O,R ⊙Ok−1 + bkO,R,
ð9Þ

where wk
O,R and bkO,R are the weight and bias of the deconvo-

lution layer of the reconstruction branch of the kth level,
respectively. While the size of the convolutional kernel of
the convolutional layer is 4 × 4, the step size is 2, the input
channel is 1, and the output channel is 1.

ISR Ok
log2RT

� �
= CRT ILR

� �
∘ Ck

D Ckð Þ + Ck
R Ck,Rð Þ ⊕ Ck

O,D Ok−1ð Þ:
ð10Þ

Given the above, it can be concluded that the input of the
reconstruction network at this level is the output of the
reconstruction network at the upper level (except the first
level, which is the input low-resolution image ILR) and the
output of the feature extraction network at this level. The
whole network is extracted and reconstructed step by step.
Finally, after log2RT times of extraction and reconstruction,
high-resolution image ISR of target multiple can be obtained,
namely, Ok

log2RT
. Although the network is divided into two

parts, the whole network is trained and optimized together.
Compared with the upsampling method, the proposed
method can greatly reduce the time and space consumption
of the algorithm.

4. Experiments

4.1. Evaluation Metrics. The evaluation index of image
superresolution reconstruction algorithm can be divided
into subjective evaluation index and objective evaluation
index. The subjective evaluation index is mainly scored by
the assessor after comprehensive consideration of all aspects
of the image based on experience. This method is intuitive
and can well reflect the visual quality of the reconstructed
image. However, this method is affected by many factors.
In order to avoid the situation of different evaluation scores
for the same reconstructed quality image, we need objective
evaluation indexes that can reflect subjective evaluation and
not be transferred by subjective will. However, there is no
objective evaluation index that can completely describe sub-
jective evaluation, which can only reflect to a certain extent.
In this paper, the two most commonly used metrics are
selected for detailed introduction, respectively, peak signal
to noise ratio (PSNR) and structural similarity index mea-
surement (SSIM). Both of these two evaluation metrics use
mathematical formulas to describe the similarity of two
images, which are not interfered by subjective factors and
are more scientific than subjective impression scoring.

PSNR evaluates the image quality by calculating the ratio
of the error of the corresponding pixel point between image
X to be evaluated and the standard reference image Y to the
maximum pixel of the image. PSNR is intuitive, simple, and
easy to understand with a small amount of calculation, but it
is a pixel-by-pixel evaluation index. It is error sensitive and
often differs from human visual perception because it does
not take into account the visual characteristics of human
eyes, such as brightness structure and other information
[35]. Unlike PSNR, which only considers pixel difference
between images, SSIM describes the similarity between
image X to be evaluated and the standard reference image
Y from three aspects: brightness, contrast, and structural
information. The value range of SSIM is ð0, 1�. The larger
the value is, the better the quality of reconstructed image
is. SSIM takes into account various factors to evaluate the
quality of an image, including brightness, contrast, and
structural information of the image, so as to measure the
quality of reconstructed high-resolution images in a more
comprehensive way and the evaluation results are more con-
sistent with human vision.

4.2. Datasets. The training set used in this paper consists of
292 pictures with different resolutions, scenes, and types.
However, the data amount of 292 images is not enough to
support CNN learning, so data enhancement is needed for
the training set. The process of enhancement is as follows.
(i) The original image is image-resized using bicubic method
(to save the texture, the image is only downsampling;
upsampling will destroy the texture information of the
image), and the scaling factor is ð1, 0:9, 0:7Þ. (ii) The scaled
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image is conducted image-rotate with ð0, 90, 180, 270Þ
degree. (iii) Image-flip is performed on the rotated image
in both horizontal and vertical directions. After image
enhancement, the amount of image data (number of images)
can be 48 times as much as before (4 × 4 × 3). The test sets
used in this paper are Set5, Set14, Urban100, and BSD100.

4.3. Experiment Settings. The experiment was running on an
Intel i7-12700KF 3.6GHz CPU, 32GB of RAM (3333MHz),
and NVIDIA RTX 3080 Ti, 12GB GDDR6X GPU. wc = 0:35,
bc = 0:92, wd = 0:37, bd = 0:91, wk

R = 0:41, bkR = 0:89, wk
O,R =

0:42, and bkO,R = 0:90, where w is set randomly and b is set
according to literature [36]. The batch size is set as 64, and
initial learning rate of weight is le − 4. Every 200 epochs, the
learning rate of weights decreases by 10 times. To verity the
effectiveness of superresolution, CARNN [22], FDNN [23],
and PRDNN [24] were selected for performance comparison
and image reconstruction.

4.4. Model Analysis. Figure 2 shows that the hybrid dilated
convolution and Laplacian pyramid-based image superreso-
lution algorithm proposed in this paper was relatively high
within 150 epochs at the beginning. However, after 150
epochs, the network based on Laplacian pyramid structure
had a fast convergence speed and a high PSNR value, and
the learning was stable and forward. The results show that
the image superresolution reconstruction based on Laplacian
pyramid structure network can better learn the low-
resolution image and high-resolution imagemapping. It is also
indicated that the step-by-step upsamplingmethod adopted in

this paper can better extract features in different resolution
spaces, alleviate the learning limitations of one-layer deconvo-
lution when the amplification is too large, better learn the
mapping from low-resolution image to high-resolution image,
and obtain more high-frequency information. Moreover, a
high-resolution image with sharp edges and rich texture
details is obtained. As can be seen from Figure 3, the SSIM
of the algorithm proposed in this paper is always at a stable
level and always higher than 0.9. In contrast, the other three
baselines fluctuated frequently between 0.75 and 0.92, which
was unfavorable to the reconstruction process of superresolu-
tion images. This also confirms the validity of the algorithm in
this paper.

To more intuitively feel the quality of image reconstruc-
tion of the model, we also show the high-resolution images
reconstructed by the above compared algorithm. Four
images from Set5, Set14, Urban100, and BSD100 datasets
were selected, and the final experimental results are shown
in Figures 4–7. Set5 dataset and Set14 dataset are low-
complexity single-image superresolution datasets based on
nonnegative neighborhood embedding, and the training set
is used for single-image superresolution reconstruction, that
is, to reconstruct high-resolution images from low-resolution
images to obtain more details. Urban100 dataset has rich
texture images and is generally used as a dataset for network
testing, while BSD100 is a classical image dataset having 100
test images.

From Figures 4–7, it can be seen that the high-resolution
image reconstructed by the algorithm proposed in this paper
is more similar to the real high-resolution image, and the
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real image texture is reconstructed. Although there are flaws
in performance, compared with other baselines, the perfor-
mance of the algorithm proposed in this paper is the best.
It can also be seen from Figure 4 that, compared with other
baselines, the algorithm proposed in this paper has recon-
structed the edge contour of the font better and is closer to
the real high-resolution image. The experimental results
show that the image superresolution algorithm based on
hybrid dilated convolution and Laplacian pyramid proposed
in this chapter can extract the medium- and high-frequency
features of images more effectively, reduce the attenuation
phenomenon when features are transmitted in the network,
and reconstruct high-resolution images that are more con-
sistent with human visual perception.

5. Conclusion

In this paper, an image superresolution algorithm based on
hybrid dilated convolution and Laplacian pyramid structure
is proposed. The hybrid dilated convolution module is used
to extract image features, which can better expand the recep-
tive field of the model without introducing additional
parameters. In this way, the model can obtain more context
information and improve the feature extraction ability of the
model and will not cause grid effect. To alleviate the prob-
lems of insufficient learning ability of the upsampling layer
when the reconstruction multiple is large and the large
amount of calculation and long reconstruction time of the
front upsampling model, the step-by-step upsampling
method based on Laplacian pyramid is used to gradually

amplify the image, which balances the relationship between
reconstruction time and reconstruction quality and allows
the model to learn more high-frequency information. Exper-
iments show that the proposed algorithm effectively
improves the image quality.

This paper proposes a solution to the shortcomings of
the existing CNN-based image superresolution reconstruc-
tion algorithm and verifies the effectiveness of the proposed
method through experiments. However, there are still some
problems to be solved in this field. The follow-up work will
be carried out from the following aspects in the future.

(i) For standard low-resolution and high-resolution
image datasets, the existing image superresolution
algorithm acquires low-resolution images by down-
sampling high-resolution images from public datasets
to obtain corresponding low-resolution images.
However, low-resolution images acquired in this
way cannot completely simulate the image degrada-
tion process, and acquired low-resolution images
have similar styles. Therefore, in the future, efforts
will be made to establish a complete set of low-
resolution and high-resolution image data to make
up for this shortcoming in the field of image superre-
solution reconstruction

(ii) The existing image based on CNN superresolution
algorithm is to rebuild a multiple single algorithm.
When the reconstruction multiple is different, a new
model has to be retrained, which is extremely inflex-
ible. Moreover, the existing algorithms can only

Ours CARNN

FDNN PRDNN

Figure 7: Visual comparison of different models of BSD100.
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reconstruct high-resolution images with integer mul-
tiple and cannot achieve arbitrary amplification. The
future will be how to realize the reconstruction of
the flexible network

(iii) Natural images are rich in prior information, while
the existing CNN-based image superresolution
ignores the prior information. In the future, we will
focus on the exploration of prior information and
make full use of the prior information of images to
reconstruct high-resolution images with richer
high-frequency information
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