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Abstract

Clinical diagnosis has high requirements for the resolution of medical images, but most
existing medical images super- resolution (SR) methods are performed under a known or
specific degradation kernel. However, the difference between the actual degradations and
their assumed degradation kernels results in a severe performance drop for the advanced
SR methods in real applications. This paper proposes a medical image blind super-
resolution model (Med-BSR) based on an improved degradation process to handle this
issue. The model makes each of the degradation factors in medical image blind SR, such as
blur, noise, and downsampling, more complex and practical. Specifically, the authors use
the random select/combine strategy to randomly arrange and combine the type and order
of each degradation factor, which significantly expands the degradation space. The authors
also improved the loss function of the primary enhanced super-resolution generative adver-
sarial networks (ESRGAN) network. The extensive experimental results demonstrate that
the authors’ designed model can accurately restore the natural degradation process, which
can reconstruct high-quality SR medical images. It also has a good generalization ability to
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1 | INTRODUCTION

Medical image has gained importance as a diagnostic, therapeu-
tic, and regenerative medicine tool [1-3]. The most commonly
used imaging techniques include magnetic resonance imag-
ing (MRI) [4, 5], computed tomography (CT) [6, 7], and
positron emission computed tomography [8, 9]. Although high-
resolution (HR) medical images are of great help in clinical
diagnosis, their resolution is limited by factors such as the preci-
sion of the machining, the performance of the detector material,
and the radiation dose that the patient can withstand. Thus,
it is valuable to use super-resolution methods to improve the
resolution of medical images.

Nowadays, the learning-based methods [10—17] are the dom-
inant approach to medical image supet-resolution (SR) task. Its
essence is to obtain a mapping relationship between HR and low
resolution (LR) images [12]. However, this is a typical ill-posed
problem, because the mapping relationship between the LR and
HR images is one-to-many. An LR image can be degraded from

realistic images simultaneously.

different HR images. Therefore, an accurate degradation model
is crucial for medical image SR tasks.

The non-blind SR methods [16, 25] usually only consider the
degradation of bicubic downsampling. While these networks are
simple and easy to implement, their performance drops sig-
nificantly when dealing with arbitrary images, such as medical
images with complex degradation types. As shown in Figure 1, if
a predefined non-blind SR model is used on arbitrary LR images
of unknown degradation type, this leads to a large domain gap,
which in turn produces poor reconstruction results. To avoid
the domain gap, some works try to research blind SR meth-
ods [21-26] with unknown degradation kernel. These methods
introduce noise or blur kernel estimation modules. Compared
with the traditional non-blind SR methods, this model is more
practical. However, it cannot accurately predict the real noise
level and blur degree, and the performance deterioration is more
serious when the input image is MRI or CT image.

To overcome the above problems, this paper proposes a med-
ical image blind super-resolution model (Med-BSR) based on
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FIGURE 1 The main distinction between non-blind SR and blind SR
methods. SR, super-resolution.
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the improved degradation process, which can achieve a better
medical image SR performance. Where the image degrada-
tion parameters are unknown, Med-BSR introduces all types of
degradation factors and aligns them as closely as possible with
the real degradation. Then we use the random select/combine
strategy to combine the types and order of blur, noise, and
downsampling. The degradation space is expanded, and the
matching degree between the model and the real degradation
process is further improved. Based on the enhanced super-
resolution generative adversarial networks (ESRGAN) model,
we used the enhanced visual geometry group (VGG) loss func-
tion to optimize the SR effect of medical images. The main
contributions of our Med-BSR are as follows:

1. To testore the real degradation process of medical images,
we take into account the diversity of degradation factors. Our
model introduces two kinds of blur, one kind of noise, and
three kinds of downsampling,

2. Use the random select/combine strategy to arrange and
combine degradation factors to enlarge degradation space.

3. The VGG perceptual loss function also been adopted with
the aim of increasing the quality of the SR medical images.

2 | RELATED WORK

2.1 | Non-blind SR

These methods are carried out on the assumption that the
degradation kernel is known. Dong et al. designed a three-layer
convolutional network (SRCNN) containing feature extraction,
non-linear mapping, and image reconstruction functions, which
pioneered the application of deep learning in the field of image
SR [12]. SRCNN achieves better reconstruction results than
traditional methods, and subsequently convolutional neural net-
works are widely used for image SR tasks. Enhanced deep
residual networks for single image supetr-resolution (EDSR)
[18] expands the model scale by removing unnecessary mod-
ules from traditional residual networks and solves the network
degradation problem in SRCNN, but the complex network
structure is inconvenient to train. To maintain the image texture
details, the generative adversarial network (GAN) is introduced
into the image SR training task. SRGAN [19] consists of a gen-
erator network and a discriminator network. The former can
generate images with both high- and low-frequency informa-
tion, and the latter is used to judge the effects of the generated
images. Enhanced super-resolution generative adversatial net-

works (ESRGAN) [20] introduces a novel Residual-in-Residual
Dense Block (RRDB) and uses a pre-activation feature expres-
sion to constrain the perceptual loss function. A series of
GAN-based SR methods effectively improve the visual effect of
reconstructed images. However, the degradation kernel of the
above methods are all known or specific (e.g. bicubic downsam-
pling), which is still different from the real degradation process
of the LR image.

2.2 | Blind SR

The degradation kernel of this method is unknown. Kligler et al.
[22] first estimated the degradation parameters of the input
LR image, and then used the non-blind SR methods [27] to
obtain the HR image. It can generate kernels based on the char-
acteristics of the input image, but the non-blind SR methods
are insensitive to changes in the degraded kernels resulting in
overly smooth SR images. To solve this problem, Gu et al. [23]
proposed an iterative kernel correction approach (IKC), which
utilizes the intermediate SR reconstruction results to correct the
blur kernel and repeats for several times until convergence. Luo
et al. [21] proposed a deep alternating network (DAN) consist-
ing of kernel estimator and HR image restorer module. They
aim to jointly estimate blur kernel and HR images, improving
the sensory quality of the generated images to some extent.
However, these methods do not take into account all noise
types and still suffer from inconsistency with the true degrada-
tion model. As such, they cannot be used as an accurate priori
information to constrain the solution space.

3 | METHOD

3.1 | Problem formulation

In general, the traditional non-blind SR degradation models [16]
assume that only downsampling of the HR image is requited to
obtain the LR image, expressed mathematically as follows:

1= (11 ©)

where 778 and "7 denote respectively the LR image and the
HR image, |, represents downsampling operation, and s is the
amplification factor. In practical training, bicubic interpolation
is the most commonly used downsampling method, so the
deformation of Equation (1) is

[1 R ( [[ [R) l ?z‘m/ﬂ'f (2)

The blind SR methods [24, 30] atgue that the process of
degradation from a HR image to an LR image is influenced by
a variety of factors. The above two formulas cannot be totally
generalized. Mathematically, the complete degradation model is

IR = (k@ I ] +n 3)
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where @ is the convolution operation, £ denotes the blur ker-
nel, and # represents the noise. Blur, noise, and downsampling
are three key elements in the HR image degradation model.
The degradation of a HR image requires these three steps: con-
volution with a blur kernel, the addition of a certain level of
noise, and a corresponding downsampling operation. In order
to follow the real degradation process of medical images, our
approach is based on Equation (3) and delves into the three key
degradation factors.

3.2 | Proposed method

321 | Blur

Whether it is a natural image or a medical image, there are vary-
ing degrees of blurring. We use two Gaussian blur kernels [23],
one is an isotropic Gaussian blur kernel, denoted as 5;,, and
the other is an anisotropic Gaussian blur kernel, denoted as

B

uiso- Two Gaussian blurring kernels are chosen because it is

possible to model blurring not only from the HR space but
also from the LR space. On the one hand, the blurring oper-
ation is performed on the HR medical images first, so that
more image detail information can be retained in the downsam-
pling operation. On the other hand, as some original medical
images are not clear, it can expand the space of blur degra-
dation and provide more options for subsequent degradation
operations.

For details, the values of the two blur kernel sizes range from
(7X7,9%X09,...,21 X 21). The scale factor s determines the
width of the isotropic Gaussian kernel. When the scale factor
is 2, the width is (0.1-2.4), and when the magnification scale is
4, the width is (0.1-2.8). The rotation angle of the anisotropic
Gaussian blur kernel is (0—7). When the scale factor is 2 and
4, the length of each axis is (0.5-6) and (0.5-8), respectively.
We chose all values in equal proportions for the experiments
to avoid randomness results.

3.22 | Noise

Noise is inevitable, all medical images contain some noise more
or less. It may come from the process of image acquisition or
the image signal transmission process. MRI images have Rician
noise, Gaussian noise, and other noise, and the noise within the
CT image projection data approximately follows a Gaussian dis-
tribution [29]. To facilitate training, we combine the common
noise types of the two images and use Gaussian noise to unify
the noise model, denoted as N, . The mathematical model is as
follows:

y=x+un “)
where x and y represent respectively the clear and noise images,

#n denotes additive Gaussian noise. We employ a 3D zero-mean
Gaussian noise model [31]. Here » ~ N (0, X) , X is the covari-
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FIGURE 2  The schematic diagram of bilinear interpolation. Suppose we
know the value of the function f at the four p()ints:Q11 = (x1,02),

0% = (32,05), O°' = (31,01), 0% = (32,71)-The value of the unknown
function f at point p = (x, ) can be obtained by doing two linear
interpolations in the x and y directions, respectively

ance matrix. When £ = 021 adding greyscale additive Gaussian
noise; when T = 021 , additive Gaussian noise is adopted; in
other cases, generalized Gaussian noise is added. Here 1 and I
are the 1 X 1 and 3 X 3 identity matrixes, respectively. The selec-
tion probabilities of the above three types of Gaussian noise are
2/5,2/5, and 1/5, respectively; as for the value of ¢, randomly
selected from (1,/255,2/255, ..., 25/255).

3.23 | Downsampling

Downsampling is used to reduce the size of the medical image.
The nearest neighbour, bilinear, and bicubic interpolation [32]
are the most common downsampling methods. Due to the
many-to-one relationship between the HR and LR images,
artificially LR images can be obtained if the downsampling
method does not match the actual degradation of image. Such
lossy images have a detrimental effect on subsequent expeti-
ments. To avoid this error and improve the match to the true
degradation, we introduce the following three downsampling
methods.

Nearest-neighbour interpolation (D/“"*"). Selecting the near-
est pixel as the pixel value of the unknown point is the most
direct downsampling method without a calculation. The gen-
erated images ate discontinuous in greyscale and have obvious
jagged edges.

Bilinear interpolation (Df”””‘”

). As depicted in Figure 2, the
linear interpolation [33] is performed twice for the four adjacent
pixel points along the plane coordinate axis to obtain the pixel
value of the unknown point 2. The output images do not have
greyscale discontinuities and look smoother.

Bicubic interpolation (D"
interpolated cubically along the direction of the spatial coor-

). Sixteen adjacent pixels are

dinate axis to calculate the pixel of the unknown point. It
considers the influence of four direct adjacent points and takes
the greyscale change rate of each adjacent point into considet-
ation. It is a widely used downsampling method with the best
performance but an extensive computation. According to the
approximate bicubic kernel estimation with different magnifi-
cation scale factors, the bicubic interpolation method selects
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FIGURE 3  Schematic diagram of the improved degradation model

the upper left pixel block for each different s X 5 pixel block
by default [21]. When the s is 2 or 4, the degraded LR images
are shifted to the upper left by 0.5 or 1.5 pixels, respectively.
Therefore, we use the two-dimensional (2D) linear grid inter-
polation method for correction. When s is 2, the Gaussian
kernel is moved 0.5 pixels to the lower-right; if s is 4, the
Gaussian kernel is moved to the lower-right by 1.5 pixels. Per-
forming the bicubic interpolation operation after the above
correction.

The above three methods introduce different degrees of blur-
ring in practice, which is not mentioned in Section 3.2.1 because
they are coupled during the actual operation. We randomly
choose one of these three interpolation methods to change the
size of the input MRI and CT images, and the probability of
each method being chosen is 1/3.

3.3 | Random select/combine strategy
Combining the above degradation settings, we reformulate
Equation (3,5) as

]HR — (K* ®]LR) l:—k +]\];;
K* C {Bi:o’ Baﬂim} (5)
l*c { Dneam‘t Dbirﬂ/ﬂif Dbi/z'near}

s 5 s Ly s L

From this it is known that there are many kinds of blur,
noise, and downsampling in practical applications, and their
order is also different in the actual degradation process. An LR
image can be degraded from an HR image by blur, Gaussian
noise, bicubic interpolation downsampling or bilinear interpo-
lation downsampling, blur, Gaussian noise. The previous image
degradation models are convenient but too simple. It only con-
siders single degradation types and cannot completely include
all degradation types of real images. Therefore, we adopt a ran-
dom select/combine strategy to arrange and combine the types
and order of these degradation factors. It substantially enlarges
the degradation space, which can improve the matching degree
between the designed and actual degradation models.

Degraded LR

As shown in Figure 3, we first randomly select the types
of blur, noise, and downsampling, then combine the three
selected degradation factors in a random order. In this way,
36 degradation methods are formed, and the training can no
longer be limited to the previous single degradation model. A
model closest to the actual degradation process can be selected
through training. After the designed degradation operation in
this paper, we can be obtain the alignhed LR/HR medical image
pairs. Medical images are inconvenient to obtain due to the
privacy of patients, and there are fewer paired datasets. It is
possible to effectively solve the problem of unpaired image
datasets by using this method. At the same time, the ran-
dom select/combine strategy can combine more degradation
types, so the proposed degradation model can restore the
uncommon degradation process in natural scenes. It is suit-
able not only for medical images but also for natural images,
which improves the generalization ability of our proposed
model.

3.4 | Loss function and network structure

The mean squared error (MSE) loss [19] is an optimization
scheme for obtaining higher peak signal-to-noise ratio (PSNR)
in generative adversarial SR networks. It reflects the mean
square error of the original image and the reconstructed image
in terms of pixels. The loss is smaller when the reconstructed
image is more similar to the original image. Equation () is the
mathematical definition of MSE loss.

W rH
1 2
SR _ HR LR
Lt = =7 Z; Z; W = Gt ©
==

where /7% represents the LR image of size H X W X C, IR
is the HR image of size 7/ X W X rC,G stands for gener-
ator network, and x,y denote the pixel coordinates. We can
get a relatively high PSNR value by calculating the mean
square pixel error, but the output image is very blurred due to
insufficient high-frequency information. Therefore, we use the
VGG perceptual loss to avoid this problem [27]. As shown in
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FIGURE 4  The structure of Med-BSR. Med-BSR, medical image blind super-resolution.

Equation (7), by calculating the Euclidean distance between
the features of high- and low-resolution images, it can effec-
tively maintain the perception quality of the reconstructed
images.

SR Wy 1R) LRYY)?
LR = T X:U; b1 (1) = ¢1, (G (1))
)

where @; ;(x) represents the activation value obtained by the
Jth convolution before the 7th maxpooling layer within the fine-
tuned VGG network, G(I'%) denotes the reconstructed image,

W, ; and £ ; describe the respective feature maps size in the
VGG network

Therefore, we train two models in this paper. One is an
objective evaluation model, which uses the MSE loss function
to increase the objective evaluation value of the reconstructed
image. The other is a sensory evaluation model using a com-
bined loss function, which optimizes the L1, VGG perceptual
and PatchGAN loss [25] with a loss combination coeffi-
cient of 1, 1, and 0.1. In practical applications, we prefer to
use the VGG perceptual loss that can obtain a better visual
experience.

The designed degradation model is added before the basic
ESRGAN structure to form a medical image Med-BSR as
demonstrated in Figure 4. The Dense Block (DB) can improve
the image reconstruction quality by obtaining richer detailed
information. The part inside the dotted frame is its internal
structure. DB removes the most commonly used batch nor-
malization layer [35], reducing computational complexity but
not degrading network performance. We first degrade the input
medical image through the model designed in Section 3.2.
The generated LR image and the original HR image form an
aligned HR /LR image pair input to the GAN. Finally, the recon-

structed SR image is obtained after an upsampling layer and two
convolutional layers.

4 | EXPERIMENTS

4.1 | Experimental setup

4.1.1 | Data and trainging details

We chose two different types of medical image datasets to test
our model. One is a public dataset of brain tumour MRI images
provided by the International Association for Medical Image
Computing and Computer-Assisted Intervention [36], denoted
as Datasetl. We selected 3000 MRI images with a transparent
texture of 240 X 240 pixels, 2500 as the training set, and 500 as
the test set. The other group is a lung CT image dataset contain-
ing 216 COVID-19 cases, marked as Dataset 2. We selected 300
images with 287 X 202 pixels as the training set and 50 images
with 287 X 202 pixels as the test set.

We used the Adam optimizer to train our model, where
the first-order momentum term 3; = 0.9 and the second-order
momentum term [, = 0.99. Training is performed in mini-
batches with a batch_size of 32. Our model was trained for
200 epochs and the initial learning rate is set to 1X 107,
then decreased to half every 1X 10° iterations. The expet-
iments are carried out on a computer equipped with two
NVIDIA GeForce RTX3090 graphics processing unit by using
the PyTorch1.6 deep learning framework.

4.1.2 | Evaluation metric

To objectively and directly compare the differences between dif-
ferent SR methods, this paper uses the PSNR and structural
similarity (SSIM) [37] as evaluation metrics, which are the most
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commonly used in the medical image SR field. PSNR is an
image evaluation metric based on the sensitivity of inter pixel
errors. The higher the value, the lower the distortion of the
super-resolution image. The SSIM compares the similarity of
two images in terms of structure, contrast, and brightness. The
value range of SSIM is O to 1. The more significant the SSIM
value, the better the super-resolution image quality. Here are
their definitions

2557
Rpsne = 101g < mL) ®)

where R¢ is the mean squate error between the original and
the SR image. The lower the MSE, the higher the PSNR.

WM
1
Rysp = ——— =1 SR 9
MSE WXH;; ©)
where 7*7 represents the reconstructed SR image, 1; ; is the pixel

value of point (7, 7).

Ragy ooy = CHo + CDCO5 + G )
Ssim (X)) = - -
W+ 1+ GO+ 07 + )

where (1, and U, represent the mean value of the input images
x and y, respectively; 0. and 0, are the standard deviation of
x and y, respectively; 0,
image y; C; and C) are constants, we set them to be 0.01 and

w18 the covariance of the image x and

0.03, respectively.

4.2 | Compared with SOTA

In order to verify the effect of our Med-BSR model, we
carry out extensively comparative experiments with some
state-of-the-art algorithms, such as Bicubic, SRCNN [12], fast
super-resolution convolutional neural network (FSRCNN) [13],
SRGAN [19], ESRGAN [20], DSRGAN [34], EDSR [1§],
SRMD [28], and IKC [23]. These methods are representative in
the task of medical image SR and have strong correlation with
our proposed method. SRCNN and FSRCNN adopt simple
convolution neural networks.

SRGAN, ESRGAN, and DSRGAN are SR methods based on
GAN. EDSR utilizes the residual structure without BN layers.
SRMD and IKC are blind SR methods proposed in recent yeats,
the former feeds both noise and blur to the network and the
latter focuses on predicting blur kernels. As mentioned in Sec-
tion 3.4, we designed two models based on ESRGAN. One is
Med-BSR1 for objective evaluation and the other is Med-BSR2
aiming at perceptual quality. We set each network parameter
optimal under the same experimental configuration to ensute
the validity of the comparative experiments.

Table 1 shows the comparison results between our algo-
rithm and other algorithms on Dataset]l and Dataset2. The
experimental results with scale factors of X2 and X4 are given

respectively. Whether MRI or CT images are input, the Med-
BSR1 model exhibits a significant improvement. Compared
with the traditional interpolation method Bicubic, the improve-
ment of Med-BSR1 is particulatly obvious. Because it has more
parameters to learn, which is able to better capture the map-
ping of HR and LR images. At the same time, it can be found
that the objective evaluation value of the three GAN-based
methods SRGAN, ESRGAN, DSRGAN, and our designed
Med-BSR2 is not very high. This is because these methods
are not trained based on PSNR and SSIM but on percep-
tual loss and focus primarily on the recovery of detail in the
image.

To demonstrate the perceptual quality intuitively, we selected
some texture-rich images from the MRI and CT reconstructed
images for partial magnification, and the magnified position has
been marked with a white or black box. Figures 5, 6, 7, and 8
show the visual comparison of our algorithm with some other
state-of-the-arts when the magnification factor is X2 and X4.
As shown, the Med-BSR2 method exhibits an excellent visual
effect, recovering edge texture and details very well. In terms of
overall quality, Bicubic and SRCNN are of poor quality, which
may be due to an insufficient network depth. Three GAN-based
methods, SRGAN, ESRGAN, and DSRGAN, all have good

TABLE 1 The average objective evaluation of different SR algorithms on
Dataset1 and Dataset2. The best result is in bold and the second best result is

underlined.
Dataset1 Dataset2

Method Scale PSNR SSIM PSNR SSIM
Bicubic X2 333956  0.8814 29.3061  0.7937
SRCNN [12] X2 35.4572  0.9081 31.5942  0.8089
FSRCNN [13] X2 35.8735  0.9143 31.7834  0.8127
SRGAN [19] X2 35.0125  0.9156 30.5438  0.8043
ESRGAN [20] X2 34.6189  0.8966 29.8953  0.7968
DSRGAN [34] X2 34.8357  0.9032 30.3596  0.8058
EDSR [18] X2 36.8936  0.9352 327362 0.8268
SRMD [28] X2 36.5402  0.9251 324017  0.8169
IKC [23] X2 37.0824 09416  33.1747 0.8221
Med-BSR1 (ours) X2 37.5794  0.9501 33.2375 0.8341
Med-BSR2 (ours) X2 36.8096  0.9335 32.6592  0.8194
Bicubic X4 31.6437  0.8651 26.8745  0.7180
SRCNN [12] X4 33.5248  0.8874 28.1047  0.7489
FSRCNN [13] X4 33.7904  0.8903 28.4872  0.7517
SRGAN [19] X4 32.8575  0.8846 27.7626  0.7354
ESRGAN [20] X4 32.2951  0.8716 26.2904  0.7205
DSRGAN [34] X4 32.5076  0.8787 27.5591  0.7276
EDSR [18] X4 349335  0.9072 29.2023  0.7695
SRMD [28] X4 343841  0.8942 29.1794  0.7586
IKC [23] X4 34.8947 09057 303217  0.77 62
Med-BSR1 (ours) X4 35.0916  0.9223 30.7985  0.7855
Med-BSR2 (ours) X4 34,7381 0.9017 29.6734  0.7724
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FIGURE 5

FIGURE 6

FIGURE 7

ESRGAN DSRGAN Med-BSR1 Med-BSR2

Comparison of X2 reconstruction results of brain MRI images by different SR methods. MRI, magnetic resonance imaging.

GT Bicubic SRCNN SRGAN
~ i

ESRGAN DSRGAN Med-BSR1 Med-BSR2

Comparison of X2 reconstruction results of lung CT images by different SR methods. CT, computed tomography.

ESRGAN DSRGAN Med-BSR1 Med-BSR2

Comparison of X4 reconstruction results of brain MRI images by different SR methods
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FIGURE 8 Comparison of X4 reconstruction results of lung CT images by different SR methods

visual effects. The images reconstructed by our model Med-BSR
2 have precise contour and a pleasing visual experience. As for
the details, take the 4X lung CT image shown in Figure 8 as an
example. The SR images of Bicubic and SRCNN have many fic-
tional artefacts that make people look very unpleasing. Although
the images reconstructed by SRGAN and ESRGAN are less
blurry, there are problems such as details loss and edge sharp-
ening, The HR image reconstructed by DSRGAN is relatively
more transparent but lacks texture information. Med-BSR2 out-
performed the previous methods, and the obtained images have
reasonable sharpness and rich texture, which is closest to the
actual image.

Those above results illustrate that the model proposed by
us can restore the actual degradation process of the HR image
more accurately and is able to increase the objective index and
perceptual quality of the reconstructed image significantly.

4.3 | Ablation study

We separately removed some components from the complete
model and developed some vatiants of our degradation model
Med-BSR for a better examination of the influences of each
factor.

1. The degradation model A does not consider blur and the
type of noise and downsampling remain the same.

2. The degradation model B does not introduce noise.

3. The degradation model C does not use multiple downsam-
pling methods, and the other two degradation factors remain
unchanged. We need to train with paired data, but Dataset]
and Dateset2 are both unpaired images. Moteover, paired
datasets are rare in real life. So we must use the downsam-
ple operation to get aligned HR /LR image pairs, this section
cannot remove the downsampling operation completely, and
the degradation model C only uses the most commonly used
bicubic interpolation method.

The training environment of the above three model vari-
ants is the same as that of the original model Med-BSR2.

Table 2 shows the objective evaluation results, and the overall
visual comparison is shown in Figures 9 and 10. Combined
with the graph content, it can be seen that the objective and
sensory performance of SR medical images decreases severely
when the degradation model does not contain blur or noise.
This phenomenon is more pronounced when the input is a
CT image. The reconstruction results of the degradation model
C with single downsampling are also not very satisfactory.
Finally, our proposed Med-BSR2 with a triple degradation fac-
tor achieves the best reconstruction results, producing clear and
detailed images. Thus, we can conclude that blur, noise, and
downsampling can significantly impact the quality of medical
super-resolution images, and any lack of one will deteriorate
the reconstruction effect. Our designed degradation model con-
tains rich degradation types and is beneficial for medical image
SR tasks.

4.4 | Generalization analysis

To further test the generalization ability of the our designed
Med-BSR model, we also selected 20 images of 160 X 160 pixels
(denoted as Dataset3) from the natural image super-resolution
dataset [26] for the network generalization test. The SR recon-
struction results are shown in Table 3 and Figure 11. We can
see from Table 3 that the Med-BSR1 model obtained the high-
est PSNR and SSIM values and achieved different degrees of
improvement compared with other SR methods. As can be seen
from the comparison of reconstruction effects in Figure 11, the
SR natural image obtained by Med-BSR2 has accurate details,
uniform brightness without blurring artefacts, which is the clos-
est to the real image. This indicates that our Med-BSR model
has good generalization ability, which is not only suitable for the
MRI and CT images, but also has good performance in natural
image SR tasks. Although we did not simulate the degrada-
tion process of natural images, the designed degradation model
contains rich degradation forms. It can simulate the natural
degradation process with a high probability and reconstruct
SR natural images with an excellent objective and perceptual
performance.
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TABLE 2 The ablation study in our experiments. We used the Med-BSR2 for training, its relatively low objective performance and high sensory quality better

reflect the accuracy and validity of the ablation experiment, where ‘\/ ” means the factor is active and ‘X’ indicates to eliminate it. The best result is in bold and the

second best result is underlined.

PSNR/SSIM
Multiple
Method Blur Noise Downsampling Datasetl Dataset2
A x v v 32.5237/0.8753 24.4083/0.7012
B Vv X v 32.2045,/0.8710 24.6958,/0.7081
C Vv v x 33.6144/ 0.888 2 261628/ 0.7 245
Ours Vv v v 34.1451,/0.9025 28.4537,/0.7784

FIGURE 9  The SR visual comparisons of brain MRI image

FIGURE 10 The SR visual comparisons of lung CT image

5 | CONCLUSION

In this paper, we propose a blind SR model based on an
improved degradation process for medical images. Different
from the existing SR methods, the proposed degradation model
takes blur, noise, and downsampling as input. Specifically, the

ESRGAN DSRGAN

(8] Ours

B C Ours

random select/combine strategy is used to arrange and combine
each degradation factor, which greatly expands the degradation
space. We also introduced VGG loss to further improve the
overall perceived quality of SR images. Extensive experiments
on brain MRI and lung CT images demonstrate the superiority
of our designed Med-BSR model over the state-of-the-arts in

2 ESRNE
Med-BSR1 Med-BSR2

FIGURE 11 Comparison of X4 reconstruction results of natural images by different SR methods
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TABLE 3  The average objective evaluation of different SR algorithms on
Datasets3. The best result is in bold and the second best result is undetlined.

X2 x4

Method PSNR SSIM PSNR SSIM

Bicubic 30.0894 0.8554 27.5761 0.8346
SRCNN [12] 32.0926 0.8986 29.4573 0.8658
FSRCNN [13] 32.3407 0.8757 29.7832 0.8712
SRGAN [19] 31.7483 0.8721 28.9685 0.8654
ESRGAN [20] 31.1457 0.8647 28.0438 0.8527
DSRGAN [34] 31.4583 0.8695 28.4783 0.8635
EDSR [18] 33.7512 0.8915 30.6295 0.8836
SRMD [28] 32.5793 0.8823 29.9861 0.8772
IKC [23] 33.8916 0.9 032 3 1.6265 0.8 938
Med-BSR1 (ours) 34.1278 0.9067 31.8654 0.8985
Med-BSR2 (ours) 32.6729 0.8853 30.4071 0.8814

terms of objective evaluation and visual quality. In addition, the
experimental results on natural images show that the Med-BSR
model also has good generalization performance on different
types of datasets. To sum up, the proposed method can restore
the actual degradation process of medical image and provides a
feasible solution for the complex degradation types in the actual
scene.
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