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Abstract: The image super-resolution reconstruction method can improve the image quality in the
Internet of Things (IoT). It improves the data transmission efficiency, and is of great significance to
data transmission encryption. Aiming at the problem of low image quality in image super-resolution
using neural networks, a self-attention-based image reconstruction method is proposed for secure data
transmission in IoT environment. The network model is improved, and the residual network structure
and sub-pixel convolution are used to extract the feature of the image. The self-attention module is used
extract detailed information in the image. Using generative confrontation method and image feature
perception method to improve the image reconstruction effect. The experimental results on the public
data set show that the improved network model improves the quality of the reconstructed image and
can effectively restore the details of the image.

Keywords: image super-resolution; self-attention; generative adversarial networks; data encryption;
Internet of Things

1. Introduction

With the improvement of people’s living standard and quality, the use of smart devices in the Internet
of Things [1–4] has become more common, and it has a very broad range of application scenarios in
smart grids, telemedicine, and smart transportation [5, 6, 37]. The intelligent service of the IoT needs
data as the basis. How to effectively obtain different types of data resources and analyze them becomes
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particularly important. In addition, data transmission and data encryption among IoT devices have
also become a major challenge for IoT security [7–9, 11]. Image as an important carrier of IoT data,
can more clearly and intuitively reflect the information content. Image super-resolution reconstruction
can turn a low-resolution image into a high-resolution image [12], which improves the transmission
efficiency of data in the IoT and reduces the huge overhead of data encryption and key exchange during
data transmission [10, 13, 22, 23].

In recent years, the rapid development of global deep learning has made the research on image
super-resolution reconstruction methods become the focus of the public, which promotes the
development of image super-resolution reconstruction [58, 59]. In the research dealing with computer
vision, many tasks can not only be solved by deep learning, but the effects of deep learning-based
methods are also better than traditional methods [35]. The neural network is applied to image
super-resolution reconstruction, and the mapping relationship between input low-quality images and
output high-quality images is established through learning, so as to improve the image quality. This
method has great potential value in the application of Internet of things, such as medical images,
high-resolution images can help more accurate judgment of the disease, and can also improve the
user’s visual experience in daily life.

Low resolution images limit the accuracy of information transmission to some extent, thus
reducing the efficiency of information transmission [14, 38]. Image super-resolution reconstruction
technology can improve the resolution of the image [15], thereby obtaining richer image details. The
existing image super-resolution reconstruction methods are roughly divided into three categories :
interpolation-based methods, reconstruction-based methods and learning-based methods [16].

Image super-resolution method based on interpolation. Interpolation-based method is mainly
based on the image interpolation technology, also known as image scaling, which is to infer the value
of unknown pixels by using the known pixels through the interpolation function or interpolation kernel.
In this method, each known pixel on the image is regarded as a point on the image plane, and the
value of unknown pixels to be interpolated is determined by using each known data for interpolation
calculation. Finally, the digital image restoration technology is used to remove blur and reduce image
noise. Commonly used interpolation methods mainly include nearest neighbor interpolation [19, 20,
25], bilinear interpolation [27] and bicubic interpolation [28, 51].

Although the method based on interpolation is simple and fast, there are also some obvious technical
defects. The processing effect of image edge ( i.e. pixel mutation ) is poor, and it is prone to sawtooth
and block effect, which can not reach the ideal super-resolution.

Image super-resolution method based on reconstruction. The imaging process of the image
is inverted through the reconstruction method, and the local or global prior model of the image is
introduced to establish the observation model between the LR image and the HR image. Finally,
the optimization model of data fidelity term and image prior regularization is established to solve it.
Tsai [29] proposed a super-resolution reconstruction method for recovering additional high frequency
information from multiple images in the Fourier transform domain for the first time. However, this
method assumes that there is no motion blur and observation noise in the image, and ignores the point
spread function of the optical system, so it is only suitable for the ideal image degradation model. The
improved method uses recursive least squares, spatial blur, relative motion, discrete DCT transform
and wavelet transform to remove the image observation noise, which effectively improves the visual
effect of the reconstructed image [30, 31].

Mathematical Biosciences and Engineering Volume 18, Issue 5, 6652–6671.



6654

The spatial domain method model the spatial factors ( such as optical blur, motion blur, etc. ) that
affect the image imaging effect, so it is easier to approach the actual application. Common spatial
super-resolution reconstruction methods mainly include non-uniform sampling interpolation ( NUI ),
maximum a posteriori probability ( MAP ), iterative back projection, convex set projection [12,32,34].
The method based on reconfiguration has relatively good effect on image processing, but requiring the
image to have better prior knowledge, so it is not fully applicable to directly reconstruct the images of
the IoT with large magnification.

Image super-resolution method based on learning. Since machine learning has good application
effect in the field of computer vision, the learning-based image super-resolution reconstruction
method has obtained fruitful research results. Dong et al. [33] applied the convolutional neural
network to super-resolution reconstruction of a single image, and its reconstruction effect was far
superior to traditional methods. Kim et al. [36] proposed a VDSR method, which effectively improves
reconstruction effect by expanding the network depth. Talab et al. [42] proposed ESPCN, which
enlarges a low-resolution image into a high-resolution image through an interpolation method, and
then uses a convolutional network to get a high-resolution image to make the texture of the generated
image clearer. For making the reconstructed image meet the signal-to-noise ratio requirements, Ledig
et al. [43] proposed an SRGAN method that uses perceptual loss to enhance the effect of network
training, thereby recovering rich high-frequency detail information. Lim et al. [45] improved the
EDSR method from the perspective of data processing, replacing the batch normalization in the
residual module, making the network more versatile [39]. A single-frame character image
super-resolution reconstruction method based on wavelet neural network is proposed, which improves
the anti-interference performance of the model [48].

Although the image super-resolution method based on deep learning can improve the quality of
restored images, it can not meet the quality requirements of data transmission in the Internet of Things.
For actual IoT usage scenarios, domain knowledge, prior knowledge, and deep learning frameworks
are not fully utilized, and they cannot complement each other in practical applications, so it can not
pay more attention to the useful domain prior knowledge in image feature extraction, which leads to
the poor quality of high-resolution image. Therefore, this paper proposes an image super-resolution
method with self-attention. The main contributions of the work presented in this paper are as follows:

1) Introducing the self-attention into an image super-resolution model, which improves the model’s
attention to detail in IoT images.

2) Improving network model, extracting feature information from IoT images using residual network
structure and subpixel convolution.

The rest of this paper is organized as follows. The section 2 briefly introduces the related work of
neural networks and loss functions. Network structure and problem formulation is discussed in section
3. The section 4 displays and analyzes the experimental results. The paper is concluded in section 5.

2. Related work

2.1. Generative adversarial networks

For the high magnification factor, the image super-resolution reconstruction method is
ill-posed [53]. The reconstructed super-resolution ( SR ) images have blurred texture details, and the
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reconstruction effect is not ideal. Generative Adversarial Networks ( GAN ) [50] has strong image
generation capabilities, and well solve the above ill-posed problems. Therefore, the image
super-resolution method based on GAN is proposed [51]. This method learns the mapping
relationship of the network through large-scale IoT image training [15], and the GAN structure is
shown in Figure 1.

Figure 1. Structure of GAN.

GAN is composed of generator network G and discriminant network D. G is responsible for
generating the corresponding high-resolution image by feeding the low-resolution image x. D is
responsible for identifying its input image, judging from real data as true, judging from generated data
from generator G as false. Therefore, the image super-resolution model based on GAN can be
expressed as:

L (G,D) = Ex,y
[
ln D(x, y)

]
+ Ex,y

[
ln(1 − D(y,G(x)))

]
. (1)

Here, x represents the input low-resolution image, y represents the real high-resolution image. By
minimizing the generator network loss and maximizing the discriminator loss, the overall network
model is continuously trained through the game process between the G and the D. When GAN is
successfully trained and converged, the Nash equilibrium between the generator and the discriminator
is achieved, and the ability of the model to generate high-resolution images is improved.

Ledig et al. [43] introduced GAN into the field of image super-resolution and proposed SRGAN.
Ledig combined the deep residual network with the sub-pixel convolution model, and used the
residual network to extract the image feature and eliminate its noise. Up-sampling the extracted image
features using the sub-pixel convolution model to gradually restore the detailed information in the
image [48]. SRGAN makes the whole network pay more attention to the semantic feature difference
between the generated super-resolution image and the real image, rather than the color brightness
difference between pixels. However, this method performs super-resolution restoration of the image
from a global perspective, ignoring the details of the image. Therefore, we proposed an improved
method based on its work, adding self-attention to produce high-quality super-resolution image.
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2.2. Subpixel convolution

Subpixel convolution is a super-resolution method that uses image features for image up
sampling [41, 49, 68]. It is composed of a set of expansion filters, which continuously adjust the
parameters in the filter through learning. By establishing an image mapping relationship, the
low-resolution input image is filtered to output an enlarged high-resolution image. For each feature
image, a more complex amplification filter is trained and a sub-pixel convolutional layer is formed.
Using sub-pixel convolutional layers to replace commonly used image scale expansion methods (such
as bilinear interpolation and deconvolution operations, etc.) can improve the accuracy of image pixel
amplification while reducing the computational complexity in reconstruction operations. Compared
with the traditional methods, the parameters of the image magnification filter in subpixel convolution
can be changed adaptively through training and learning. Therefore, using this method to enlarge the
image can greatly reduce the risk and get a high-quality image with clearer structure and texture. The
sub-pixel convolution process is shown in the Figure 2.

Figure 2. The structure of subpixel convolution.

Set the zoom factor of the image to k. Subpixel convolutional layer receives low-resolution feature
images, and after convolution of two hidden layers, the feature image with the same size as the input
image is obtained. The number of feature channels is k2. Then rearrange all pixels in the channel
features. By combining the single pixels on the multi-channel feature map into the pixel values on
a feature map, the image is rearranged into one image, that is, the high-resolution image is a linear
combination of k2 feature pixels.

2.3. Loss function

The loss function is also known as the objective function, it’s often used to evaluate the
inconsistency between the actual output and the expected output of the neural network [17, 18]. In the
process of training, the neural network optimizes the model by minimizing the loss function,
narrowing the gap between the predicted image and the real image and improving the ability of model
generation.

2.3.1. Perceptual loss function

When optimizing the parameters of the neural network, loss functions such as absolute value loss
and mean square error loss are usually used to calculate the target difference value. However, these
loss functions are difficult to deal with the uncertainty of high-frequency details such as textures,
which leads to over-smooth reconstruction images and cannot produce clear image boundaries.
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Perception loss can be judged from the perspective of overall image information to increase the global
perception of the model. Mualfah et al. [54] use gray level co-occurrence matrix to extract image
feature information, and encrypt the asymmetric key through a single layer perceptron. Johnson et
al. [55] used the perceptual loss function to train the feedforward network of image conversion task to
generate high-quality images. Leading et al. [43] added the perceptual loss function in the production
resolution model, making the entire network pay more attention to differences in high-level semantic
information. The generated image and real image are input into the pre-training network model, and
the perceptual loss of the two images is obtained by extracting the image feature information and
calculating [44]:

Lp = ‖ϕ(ŷ) − ϕ(y)‖2 . (2)

Here, φ represents the pre-training network, ŷ and y epresent the generated high-resolution and real
high-resolution images, respectively. By calculating the perceptual loss between images, the expression
ability of network model on semantic information can be improved.

2.3.2. Content loss

The image super-resolution model maps the image according to the feature information provided,
and the restoration result of the model depends on the texture detail information of the image [21].
The content of the image includes brightness information, color information, structure information and
texture information. By comparing the content information of the generated and real high-resolution
images, the network can be better optimized and the quality of image generation can be improved.
Cheon et al. [57] used discrete cosine transform coefficient loss and differential content loss to solve
the trade-off problem. Lee et al. [60] used the loss of new content generated by the network to overcome
the loss of detailed information caused by the pooling operation. By calculating the mean square error
per pixel of fake image G(x) and real image y, the difference between the two images is compared. The
content loss formula is as follows:

Lc =
1

WH

W∑
i=1

H∑
j=1

(yi, j −G(x)i, j)
2. (3)

Here, W and H respectively represent the width and height of images, (i, j) represents a pixel in images
[24], x represents the input low-resolution image, y represents the ground truth, and G represents the
generator network.

3. Image super-resolution based on self-attention

3.1. Self-attention

Image super-resolution reconstruction can be seen as a process of restoring high-frequency
information of low-resolution images, that’s why so much low-frequency information can be
transmitted to the final output high-resolution image directly [40, 46, 47]. In the process of feature
extraction, low-frequency information and high-frequency information are not distinguished while
learning, which results in the network can not make full use of the high-frequency information in LR
images. By adding the self-attention, he network model can focus more on the important information
in the image and ignore the irrelevant information, which can improve these problems effectively.
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Attention in neural networks has the same function as the way the human eye observes objects,
and information with different characteristics is treated in the form of a network module differently.
The self-attention structure is visualized as shown in Figure 3. The self-attention consists of three
parts: K, Q, V [44]. Q represents the input query of the model, K represents the reference with high
similarity to Q, and V represents the output content information corresponding to K. According to
different processing tasks, the information stored in each part is different. In image processing tasks,
the inherent information of image features is used for attention interaction, and the original feature
map is usually mapped to Q, K, V. We calculate the correlation weight coefficient between Q and K
and normalizing, and finally superimposed the coefficient into V.

Figure 3. Structure of self-attention.

Most of the research work on the combination of deep learning [65–67] and visual attention focuses
on the use of masks to form the attention [61]. However, this method cannot dynamically adjust the
network’s attention to feature images, so we use the self-attention to filter image feature information,
and add a larger attention coefficient to the information of interest. The self-attention is also called the
internal attention. It is mainly an attention that calculates the correlation between different positions
in a single sequence. Vaswani et al. [62] use the full attention on machine translation tasks, it proves
that the network structure based on the attention can run in parallel and requires less training time.
The self-attention mechanism is used to pay attention to the different information in the image, and the
feature map is convolved to obtain Q, K, V. The self-attention formula is as follows:

Attention(Q,K,V) = so f t max(
QKT

√
dk

)V. (4)

Here, dk represents the output dimension of the feature image.Multiplying the self-attention feature
map with the dynamic adjustment coefficient and superimposing it on the original feature input can
realize the amplification of the detailed information of interest and suppress the irrelevant noise
information in the image.

3.2. Network structure

The self-attention-based image super-resolution network model proposed in this paper includes two
parts: a generator network and a discriminator network. The generator network consists of 16 deep
residual modules, 3 convolution modules, and 2 sub-pixel convolutions, and 2 self-attention modules.
The specific network structure is shown in Figure 4.
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Figure 4. Network structure of our method.

The low-resolution image is input into the network, the features of the image are extracted through
the convolution operation, and the high-resolution image is finally output. In order to achieve the
purpose of enabling the generator to capture the content information of the image greatly, this paper
uses 16 depth residual modules to extract the feature information. Each residual block consists of 2
convolutional layers, 2 batch normalization layers and 1 activation layer. The activation layer uses the
PReLU to perform the activation operation, so that during the network training process, the slope of
the negative part can be dynamically adjusted according to the input image data, so as to improve the
generalization and avoid over-fitting of the model. In order to enable the network to extract detailed
information in the image, this paper adds self-attention after the first and second convolution blocks.
Self attention is used to adjust the information of interest in the feature map to improve the attention of
texture details and image content, and reduce the interference of noise data and irrelevant information.
The feature map after self-attention calculation is input into the sub-pixel convolution layer, and the
resolution of the image is enlarged by 4 times by using two up-sampling convolutions, and finally the
high-resolution image is obtained through the convolution operation. All parameters of the network
are described in detail in Table 1.

Table 1. Generator network parameters.

Layer name Output size Parameter Numbers
Conv 1 24 × 24 [9 × 9, 64] × 1
SA 1 24 × 24 [1 × 1, 8] [1×1, 8] [1×1, 64] × 1

ResConv 24 × 24 [3×3, 64] [3×3, 64] × 16
Conv 2 24 × 24 [3 × 3, 64] × 1
SA 2 24 × 24 [1 × 1, 8] [1 × 1, 8] [1 × 1, 64] × 1

SubpixelConv 96 × 96 [3 × 3, 256] × 2
Conv 3 96 × 96 [9 × 9, 3] × 1

In order to improve the ability of the network to recognize the global features of the image, a larger
convolution kernel is used in the input and output parts of the generator to improve the receptive field
of vision. At the same time, in order to reduce the number of parameters and prevent the model
from being too large, a smaller convolution kernel is used in the model for feature extraction. The
discriminator model judges the real high-resolution images and the generated high-resolution images
[56]. Its essence is a classifier model, which judges the real images as true and the generated images
as false.The discriminator network structure is shown in Figure 5.

The discriminator model is composed of 8 convolutional blocks, which are used to extract the deep
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Figure 5. Discriminator structure of our method.

feature information of the image, and judge the generated image and the real image on the high-level
semantic information. To adapting to different input image sizes, an adaptive average pooling operation
is used to pool the obtained feature images, and finally the classification results are output through a
multilayer linear perceptron. The network parameters of the discriminator are described in Table 2.

Table 2. Discriminator network parameters.

Layer name Output size Parameter
Conv 1 96 × 96 [3 × 3, 64]
Conv 2 48 × 48 [3 × 3, 64]
Conv 3 48 × 48 [3 × 3, 128]
Conv 4 24 × 24 [3 × 3, 128]
Conv 5 24 × 24 [3 × 3, 256]
Conv 6 12 × 12 [3 × 3, 256]
Conv 7 12 × 12 [3 × 3, 512]
Conv 8 6 × 6 [3 × 3, 512]

AdaptiveAvgPool 6 × 6 –
FC 1 1024 –
FC 2 1 –

The image super-resolution reconstruction model designed in this paper can reconstruct the image
of any resolution. When the discriminator is used to judge the image, the adaptive pooling operation is
used to adapt to different resolutions. The convoluted feature image is pooled to get a uniform output
size, and finally the true and false images are distinguished.

3.3. Overall loss

Use loss function to optimize image super-resolution network based on neural network. The quality
of the image super-resolution model depends largely on the overall optimization goal. In this paper, the
loss function of the self-attention-based image super-resolution reconstruction model is composed of
three parts, namely, generative adversarial loss, perceptual loss, and content loss. In order to improve
the overall perception ability of the model, this paper uses the pre-trained VGG-19 network to calculate
the perception loss of the model. Input the real high-resolution image and generated high-resolution
image to the VGG-19 network respectively, obtain the corresponding feature map through feature
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extraction, and obtain the perceptual loss by calculating the difference between the feature maps. The
specific calculation is as follows:

Lp =
1
C

C∑
j=1

∥∥∥ϕ j(y) − ϕ j(G(x))
∥∥∥2
. (5)

Here, C represents the number of channels of the feature map, ϕ j represents the feature image at the j
level, y represents the ground turth image, x represents the low-resolution image, and G represents the
generator. The generative adversarial loss is used to improve the generation ability and discrimination
ability of generators and discriminators. The content loss function mainly constrains the content
information and compares content differences. The overall loss of the model can be expressed as

Ltotal = βL(G,D) + Lp + Lc. (6)

Here, β represents the generative adversarial loss coefficient , and the perceptual loss and content loss
are respectively represented as Lp and Lc . The perceptual loss function and content loss function
are used to judge the generated image and the real image. Figure 6 describes all the loss function
calculation processes.

Figure 6. Visualization of loss function calculation process.

3.4. Evaluation metric

In order to evaluate the superiority of the method more comprehensively and accurately, subjective
evaluation indicators and objective evaluation indicators are used to evaluate and analyze the
reconstruction effect of the self-attention-based image super-resolution model proposed in this paper.
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The subjective evaluation mainly evaluates and scores the satisfaction of the reconstructed image
from the perspective of visual effects, while the objective evaluation uses quantitative evaluation
indicators to compare the similarity between the reconstructed image and the real one.

3.4.1. Mean opinion score (MOS)

Average subjective opinion score usually evaluates the image quality based on the subjective
feelings [63]. In this paper, MOS is used as a subjective evaluation metric. The quality of the image is
scored by a sufficient number of observers. MOS evaluation metric are shown in Table 3.

Table 3. MOS reference.

Leval Inpairment Score
1 Very annoying 1–2
2 Annoying 3–4
3 Slightly annoying 5–6
4 Perceptible,but not annoying 7–8
5 Imperceptible 9–10

MOS evaluation metric shows the human visual evaluation of the image is good or bad, with simple
operation, intuitive results. The evaluation method based on the user’s subjective intentions has a total
of 50 participants, and used a random algorithm to select 4 pairs of images from the Bicubic model,
SRGAN model and the high-resolution images generated by the model in this article to experiment.
Each participant is shown reconstructed images generated by the three models respectively for the same
input image within 5 seconds. All participants are not informed of the image generation model after
making their own judgment. However, it is difficult to ensure the objective fairness of data, because of
the evaluation of image quality depends entirely on the aesthetic preference.

3.4.2. Objective evaluation

Different from the MOS, the objective evaluation uses a series of method formulas to analyze the
image more rigorously. PSNR and SSIM are the most basic indicators for measuring the quality of
compressed reconstructed images in image super-resolution tasks [64]. Therefore, we use these two
indicators to evaluate the improved method proposed in this article and compare it with other models.
The larger the value of PSNR and SSIM, the better the quality of the image, that is, the better the
performance of the image super-resolution method [52].

PSNR. PSNR is the ratio of the maximum power of the signal to the noise power of the signal [56].
It is used to measure the quality of the reconstructed image and is usually expressed in decibels (dB).
The higher the score obtained by the PSNR indicator, the smaller the pixel difference between the
generated image and the real image. Its calculation formula is expressed as follows:

MS E =
1

H ×W

H∑
i=1

W∑
j=1

[X(i, j) − Y(i, j)]2. (7)

PS NR = 10log10
(2n − 1)2

MS E
. (8)
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Here, X and Y respectively denote the generated super-resolution images and the real super-resolution
images, W and H respectively denotes the width and height of images, (i, j) representing each pixel,
which n is the number of bits of the pixel.

SSIM. PSNR also has its limitations, it cannot fully reflect the consistency of the image quality and
the human visual effect, so SSIM is used for further comparison. SSIM is structural similarity, which
is an evaluation index for evaluating the similarity of images in structure. Its calculation formula is as
follows:

S S IM =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
. (9)

Here, µx and µy respectively represents the average value of the real image and the generated image,
σ2

x andσ2
y respectively represents the variance of the real image and the generated image, σxy represents

the covariance of the real image and the generated image. c1 = (k1, L)2, c2 = (k2, L)2 are constants to
maintain stability and L is the dynamic range of pixel values. k1 = 0.01, k2 = 0.03.

4. Experiments and discussion

4.1. Experimental data and environment

All the experiments in this paper are done on the same lab environment, and the network model
proposed in this article is implemented using Python 3.6 and Pytorch 1.4.0 software development
environment. It runs on a 64-bit Windows 10 operating system, the processor is Intel(R) Core(TM)
i9-10900X CPU @ 3.70GHz 3.70 GHz, and the graphics card is NVIDIA GeForce RTX 2080 Ti and
CUDA 10.2.

The experiment uses COCO2014 data to train the network model proposed in this paper. In order
to restore the complex image environment in the data transmission of Internet of things, SET5, SET14
and BSD1003 public data sets are used for model testing. From the BSD100 dataset, different kinds
of images such as airplane, vase, racing car, human and animal are selected for testing; Different types
of image data, such as bird, head, baby, butterfly and woman, are selected in SET5 data set; Zebra,
pepper, flower, bridge and man are selected in SET14 dataset. Some of the test images in the dataset
are shown in Figure 7.

4.2. Experimental procedures

Firstly, we pre-processed the training dataset. The HR images are scaled using the bilinear down-
sampling method, and the resolution of the images are reduced by 4 times to obtain the LR images.
In order to reduce the interference in the image information, so we de-averaging all LR images, and
normalizing all pixels to [−1,1].

In the training phase, the pre-processed LR images are input into the generative network, and the
HR images are used as references to improve the ability of the generation through adversarial iteration.
After 50 times of training, the final image super-resolution reconstruction model is obtained.

In the testing phase, the trained network model is used for testing. We use bilinear interpolation and
SRGAN model as a comparisons.
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Figure 7. Some examples in the test image.

4.3. Experimental results and analysis

Under the same experimental conditions, we compared the reconstruction effects of the bicubic
method, the super-resolution method utilizing the generative adversarial network, and our improved
method integrated with the self-attention. The experimental results of the three models are shown in
Figure 8.

All the low-resolution images used in this paper are obtained by down sampling. The reconstructed
images obtained by traditional methods and deep learning methods can not recover the same details as
the original image, but in contrast, the reconstruction effect obtained by our method is better. It can
be seen from the Figure 3 that the reconstructed images of Bicubic can only retain the high-frequency
information such as the contour and color of the images, but reconstruction of details and texture
is poor. Compared with the super-resolution image obtained by Bicubic, the effect of the SRGAN
model has been significantly improved, and there are better results in terms of texture and contour.
Because self-attention improves the attention ability of the network, it better retains the detailed feature
information. It can be seen from Figure 3(c) that the improved method proposed in this paper produces
higher image quality and reconstructs the details of the image. The color of the reconstructed image is
richer and more natural than other methods.

4.4. Quantitative evaluation

In order to verify the effectiveness of this method, we quantitatively evaluate the super-resolution
images generated by different methods. For the 50 participants who participated in the subjective
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(a) Bicubic (b) SRGAN (c) Ours (d) Origin

Figure 8. Image super-resolution reconstruction results of different methods.

evaluation, without telling them the corresponding method of each reconstructed image, each group of
images was scored and the average value was calculated. MOS is shown in Table 4.

Table 4. MOS Result of Figure 8.

Method Group1 Group2 Group3 Group4
Bicubic 4.200 4.230 4.166 4.067
SRGAN 6.833 7.166 6.833 6.710

SA+SRGAN(Ours) 7.066 7.533 7.250 6.900

It shows that the Bicubic interpolation method has the lowest recognition for the effect of image
reconstruction, because the interpolation method only enlarges the LR image, and there are a lot of
zero-filling operations in the reconstruction process. There is no effective extraction of image feature
information. The SRGAN model and the image super-resolution reconstruction method with the self-
attention get higher scores. Compared with the reconstruction method that only uses the generative
confrontation network, because our method pays attention to the detailed features , it has a better effect
on the boundary and detail processing of images while retaining the basic texture features. The best
evaluation result was obtained on the group’s score. The results show that the method proposed in this
article is superior than the other two methods.

In order to compare the effects of different methods more objectively, we further used quantitative
indicators such as PSNR and SSIM to quantitatively compare Set5, Set14 and BSD100. The
quantitative evaluation results are shown in Table 5.

The results are summarized in Table 4 confirmed that when the scaling factor is 4, the
super-resolution reconstruction method based on self-attention we proposed has a certain
improvement in PSNR and SSIM compared with other methods. On the Set5 data set , PSNR and
SSIM increased by 0.673 and 0.011; on the Set14 data set, the PSNR and SSIM increased by 0.599
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Table 5. Quantitative results of different methods in Set5, Set14 and BSD100 data sets.

Method
Set5 Set14 BSD100

PSNR SSIM PSNR SSIM PSNR SSIM
Bicubic 27.067 0.749 24.502 0.682 23.924 0.626
SRGAN 28.072 0.843 26.057 0.731 25.490 0.686

SA+SRGAN(Ours) 28.745 0.854 26.656 0.745 26.037 0.697

and 0.014, respectively; on the BSD100 data set, the PSNR increased by 0.547, and the SSIM
increased by 0.011. The objective evaluation indicators show that our method can better recover the
detailed information and improve the quality of the super-resolution.

5. Conclusions

In order to improve the transmission efficiency of image data in the Internet and reduce the huge
overhead of data encryption during data transmission, we have propoed an image super-resolution
method based on the self-attention. By introducing the attention, the details of the images are
preserved during the reconstruction , and the images are more photo-realistic. Our method can
effectively reduce the huge overhead of image transmission and data encryption of the Internet , and
improve the efficiency of data transmission and the security of data encryption.

At present, most super-resolution reconstruction methods simulate the image degradation process
under natural conditions by down-sampling high-resolution images to obtain low-resolution images.
However, low-resolution images in practical applications usually have many problems such as motion
distortion, optical blur, and noise pollution. How to solve the problem of image degradation caused
by down-sampling is also a direction worth exploring for the image super-resolution method of the
Internet of Things.
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