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A Low-Dose CT Image Denoising Method Combining Multistage Network and Edge
Protection

Zhitao GUO*, Feng ZHOU, Yuging CHEN, Jinli YUAN

Abstract: Low-dose CT is an effective method to reduce the amount of radiation and the potential impact of radiation on patients. However, the reduction of radiation dose
will lead to a large amount of noise in the reconstructed image, which will blur the edge details of the internal tissues and the organizational structure, thus causing confusion
to the quantitative judgment of doctors in the diagnosis process. For this reason, a multi-stage denoising convolutional neural network emphasizing edge protection (MEP-
Net) is proposed in this paper. Firstly, to overcome the problem of fixed input feature scale in the single-stage network, a multi-stage network structure is constructed which
can extract multi-scale image noise features. Secondly, in order to protect the edge information of the image, the edge protection module is designed, which is combined
with the convolutional neural network to extract the edge features of different stages in the multichannel. Finally, the cross-stage feature fusion mechanism is adopted to
restore the edge details of the noisy image. In addition, this paper introduces a compound loss function consisting of Charbonnier loss and edge loss suitable for multi-stage
network structure as the loss function to guide the multistage network for training. Experiments are carried out on AAPM2016 public dataset to verify that the edge protection
module can effectively protect image edge details. Compared with other advanced algorithms, the proposed multilevel denoising algorithm is optimal in both subjective and
objective evaluation indexes.
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1 INTRODUCTION dose CT. Compared to the traditional method, it has both

Computed tomography (CT) technology is widely
used for medical diagnosis [1], image-guided surgery [2],
and radiotherapy [3] due to its ability to scan specific parts
of the human body rapidly and accurately. But ionizing
radiation generated during CT scan can harm the human
body and increase the risk of cancer. Currently, the
radiation dose of a single CT scan in actual clinical practice
ranges from 2-15 mSyv, such as approximately 8 mSv for a
chest CT scan and 10 mSv for an abdominal CT scan, while
the medical recommendation is to receive no more than 20
mSyv of radiation per year [4]. In clinical practice, low-dose
CT imaging with only 1/4-1/5 of the normal dose is usually
used to reduce the risk of CT radiation to humans [5].
Today, low dose has gradually become an important
reference index for the development of CT equipment.
However, the reduction in radiation dose often generates a
large amount of noise, leading to a serious decrease in CT
imaging [6] and difficulties in identifying internal tissue
structures.

There are three main types of methods available to
improve the quality of low-dose CT images (LDCT):
projection domain filtering algorithms, iterative
reconstruction algorithms, and post-processing methods
[7-9]. Different from the previous two methods, the post-
processing method can directly process reconstructed CT
images without relying on projected data. Various
algorithms currently used have excellent denoising effects.
For example, the context-based block Matching 3D
(BM3D) algorithm was adopted by Chen et al. [10] to
achieve higher quality denoising effects. The methods of
dictionary learning and sparse representation are also
widely used for LDCT image recovery. Based on sparse
representation theory, Lu et al. [11] introduced a fast
dictionary learning method to process low-dose CT
images, which effectively suppressed speckle noise and
streak artifacts in LDCT images.

In recent years, with the rapid development of neural
networks and deep learning in the field of image
processing, Chen et al. [12] applied the first applied
convolutional neural network in the postprocessing of low-

advantages in visual effect and evaluation index. The RED-
CNN network with residual encoder-decoder structure
proposed by Chen et al. [13], achieved good results in
denoising results. Wu et al. [14] proposed a cascaded CNN
denoising algorithm that obtained higher quality LDCT de-
noised images compared to conventional CNN algorithms.
Wolterink et al. [15] first applied the Generative
Adversarial Network (GAN) to denoise the LDCT image
denoising. Yang et al. [16] used the Wasserstein distance
in the GAN network to form a WGAN network for low-
dose CT image denoising. Yi et al. [17] used a sharpness
detection network to guide the network. The resulting
denoised images had very small resolution loss and
improved the imaging quality of CT images. Yin et al. [18]
proposed DP-ResNet to denoise LDCT denoising based on
an asymptotic 3D residual convolutional network.

Taking advantage of the development of convolutional
neural networks, many functional structures can be used
for image recovery, such as recursive residual learning
[19], attention mechanism [20, 21], encoder-decoder
structure [22], etc. In the field of medical image denoising,
existing denoising models are based on single-level
models, such as the encoder-decoder structure [13] and the
image generation model [15, 16]. Some work has been
done on multistage design. However, most of the models
in these works are based on single-stage designs. In
contrast to advanced vision tasks, the performance of
multistage models has been shown to be more effective
than single-stage models. The work of Zamir et al. [25]
demonstrated that multistage design which can reconstruct
the image progressively in a progressive manner through
subnets at each stage is feasible. With the development of
technology, new advances have been made in low-dose CT
denoising.

Although the above algorithms have achieved good
results in LDCT denoising, the following problems still
exist:

(1) Most existing algorithms are based on a single-
level network structure, which is not conducive to the
extraction of large-scale image features or the maintenance
of high-level context features of images. In addition, due to
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the single network structure, it is impossible to realize the
cooperative reconstruction of multi-part LDCT images.

(2) Although existing algorithms have achieved good
results in image denoising, they still have the problem of
insufficient protection of edge details. In the medical
diagnosis, the image details after denoising are too smooth,
which is not conducive to measuring internal tissues such
as nodules and lesion areas.

(3) Individual root mean square error (MSE) as a
traditional objective function is often used in many low-
dose CT denoising algorithms to achieve a higher signal-
to-noise ratio. However, this pixel-by-pixel comparison
method is found to be prone to loss of detailed information
and thus blurred recovery results.

Taking into account the special characteristics of
medical image processing, a complex and clever balance
between the pixel-by-pixel denoising effect and spatial
details needs to be maintained in denoising. We propose a
denoising method that can combine multistage network
and edge protection (MEP-Net).

This method can extract multi-scale information of
LDCT images as well as multichannel features to facilitate
feature fusion in different dimensions. Aiming at
maintenance of the spatial details in LDCT, a portable
Edge Protection Module (EPM) was constructed to extract
the edge information of the input image and generate multi-
channel edge features, which could be added to the multi-
level network structure to realize the protection of edge
details. At the same time, a loss function that combines the
Charbonnier loss of the output of different stages and the
edge loss that can constrain the edge features in the
network is introduced to train the model, so as to obtain
better output results. Finally, the AAPM dataset is used to
conduct sufficient experiments to show the effectiveness of
the network structure designed in this paper.

Our main contributions can be summarized as follows.

(1) In order to obtain better quality denoised images, a
kind of multistage network is constructed which integrates
spatial features and channel features of different
dimensions, with setting the input of each stage to different
sizes to extract multiscale features of LDCT images.

(2) An edge protection module is designed in this paper
to protect the edge structures of different organs, nodes and
lesions in LDCT images by extracting the edge features of
LDCT images and generating multi-channel features.
Feature fusion is performed from the extensive features
extracted from multilevel network structure to realize edge
recovery.

(3) An edge extractor containing Laplace operator is
introduced as the edge loss, and it is combined with
Charbonnier loss to construct a composite loss function as
the final guide to train multistage networks.

The remainder of this paper is organized as follows. In
Section 2, we present the proposed MEP-Net in detail. In
Section 3, we show our results and analysis. Finally, we
discuss some related issues and draw conclusions in
Section 4.

2 METHODS
2.1 Denoising Model

The LDCT image has a lot of noise, which is not
conducive to clinical diagnosis and quantitative analysis.
In the image field, this paper removes the noise from
LDCT images using a deep learning method to recover

high-quality CT medical images, and the problem of LDCT
image recovery problem of LDCT images can be solved by
establishing the following mathematical model. Assume

that X € R"™" is the low-dose CT image, Y € R™" is the
corresponding normal-dose CT image, and the relationship
between them can be expressed as

X =0(Y) (1)

where o denotes the denoising process. The recovery
process from the LDCT image X to the NDCT image Y can
be regarded as the inverse mapping of Eq. (1). The goal of
the image reconstruction is to find the function F that maps
the LDCT image X to the NDCT image Y, so it makes the
cost function as shown below is minimized:

argmin || F(X)-Y |3 )
F

where F is the best approximation of ¢ ! and is represented
by a learnable convolutional neural network inside deep
learning.

2.2 Network Architecture Design

Compared with the conventional single-stage network
structure with single input and output, the network
structure designed in this paper is based on a multi-stage
network structure that can perform image recovery in a
gradual manner. The designed network structure uses a
codec-based network structure to extract shallow features
in the first stage. In the second stage, deeper features are
extracted and edge protection modules are introduced to
protect edge information from loss. In the last stage of
image restoration, a network structure that can restore full-
size images is adopted to realize information interaction
between different stages through cross stage feature fusion.

What's more, in order to enable the network at each
stage to extract original features at different scales and
achieve cross-stage feature fusion, inputs at different scales
are used at each stage. The first stage divides the input
image into four parts, of which 1/4-scale part is used as
input, and 1/2-scale input is adopted in the second stage.
Finally, the original image with the full size is used as input
in the last stage.

As shown in Fig. 1, the image reconstruction
framework proposed in this paper consists of three stages
to gradually recover the image. The first two stages have
similar structures, first generating multi-channel original
image features by 3 x 3 convolution, then integrating the
extracted multi-channel features through the channel
attention mechanism (CAB), and generating a weighted
feature map by maximum mean pooling to assign weights
that mark different channel importance. The U-shaped
encoder-decoder structure is used to extract the high-
dimensional features of the image step by step through the
encoder and then gradually recover to the input feature
dimension through the decoder in reverse, so that the
network can extract more contextual information. In the
final stage, the original resolution block (ORB), which can
directly process the original image, is used to generate
features with high resolution and rich image information to
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avoid the loss of image information. The implementation
process is shown in Fig. 1b. This stage of the network
mainly consists of edge protection module, Channel
Attention Block (CAB) and convolution, and does not
contain operations on image resolution, thus preserving
more image details. At the same time, this paper also
performs cross-stage feature fusion between each stage, as

represented by the purple dashed arrows in Fig. 1, which
are the features extracted by the supervised attention
mechanism (SAM) in the previous stage. The features are
concatenated with the multidimensional features obtained
by CAB in the next stage, i.e., the "Cat" operation in Fig.
1. And the features from different stages are fused together
to connect the information between the different stages.

(a) (b)
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Figure 1 Multi-stage network architecture with emphasis on edge protection and it contains: a) Edge protection module; b) Original resolution module; ¢) Channel attention

In order to provide a supervised forecast for the output
of each stage while generating an attention map to improve
network performance the attention mechanism supervision
is introduced in the final output section of the first two
stages, as shown in Fig. 2. Firstly, this module generates
the loss of the recovered image with the normal dose image
for the corresponding stage, providing supervision for the
image recovery in each stage. Secondly, Sigmoid is used to
generate attention maps to label the features with different
levels of importance.

F Fou |
L :

HxWxC

LDCT PRF.P (Xs)

Attention Map

Loss Multiply
 pixel by pixel

Figure 2 Supervise Attention Module (SAM)

@ sigmoid

The input Fi, of SAM represents the features with H x
W x C dimensions output by the decoder, and in this paper,
the Rs image (Shown in Fig. 2) is first generated by a 1 x 1
convolution. Then the low-dose image with dimension H
x W x [ is summed with the Rs image to generate the final
prediction image at this stage. Then, the prediction image

is generated through convolution and Sigmoid function to
generate a pixel attention mask with C channel. These
masks are multiplied by the input feature Fi, refined by 1 x
1 convolution, and finally added to the input feature to
generate an attention-guided feature. The output Fy of the
supervised attention module is passed to the next stage for
use.

2.3 Edge Protection Module

There are many noises in low-dose CT images, which
seriously blur the edges of the internal tissues of LDCT
images [26]. Although the traditional edge extraction
process in the image processing field can effectively
extract the edge details of images, the corresponding
application scenarios are limited. In this paper, we propose
the edge protection module (EPM), which integrates the
traditional edge extraction process and deep learning into a
unified module so that it can be universally embedded in
the network structure and used to improve the quality of
reconstructed low-dose CT images.
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Figure 3 Edge Protection Module
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The overall design structure of the module is shown in
Fig. 3. Firstly, the gray scale weighting operation is
performed on the input image in the pixel-centered 3 X 3
neighborhood, and the horizontal and vertical gradient
approximations of the pixel point are calculated by the
corresponding operator template to obtain the gradient
value of the point, and the operation process is shown in

Eq. (3):

Gi = \, Gx (l) + Gy (l) (3)

where G; denotes the gradient value at the i-th pixel point,
G, (i), G,(i)denote the gradient values in the x and y

direction at that pixel point, respectively. Then, the
gradient value of the point is mapped to the
multidimensional channel feature by the multichannel
convolution operation in deep learning; the process is
shown in Eq. (4):

F; =Conv(G,)) 4)

F,

cout = Re LU (Convy,  (F/ + X(7))) &)
where Fr € H x W x C. H, W are the height and width of
the image respectively, and C is the number of channels.
Finally, the extracted edge features are stitched with the
input image X(7) in the channel dimension, and the final
edge feature output F, , is obtained by 1 x 1 convolution

layer and ReLU activation layer. The process is shown in
Eq. (5).

2.4 Cross-stage Feature Integration Fusion Mechanism

The multi-scale feature aggregation strategy can
integrate features of different dimensions between
different stages, and can effectively fuse the image features
extracted by the encoder-decoder structure at different
resolutions of the input and fuse them with the features
tagged by the supervised attention mechanism.

- N o
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Encoder l
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=
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Figure 4 Cross-stage feature integration fusion mechanism a) Feature fusion
process between the first and second stages; b) Feature fusion process
between the second and third stages

Fig. 4a shows the feature fusion process between the
first and second stages, which is divided into two parts, the
first part is the multi-channel features provided by SAM,
and the second part is the feature integration between the
encoder and decoder of the upper and lower stages, and the
features are refined by 1 x 1 convolution to make the
network information not easily lost. Fig. 4b shows the
feature fusion process between the second and third stages.
Compared to the first and second stages, the EPM module

is added to the output part of the second stage to extract the
edge features of the second stage output and add them to
the input part of the ORB.

The multiscale feature aggregation strategy can further
enhance detail information to suppress noise, as the
network extracts image information through the encoder-
decoder structure. Meanwhile, the multiscale features
extracted in the previous stage are added to the next stage
segment, which helps to enrich the features in the next
stage. By introducing the image edge features between
stages 2 and 3 and extracting the edge features of the
original image directly at the beginning position of stage 3,
the edge features after noise removal in the first two stages
and the original edge features are fused in the last stage to
avoid extracting the edge features of a single noisy image
and a smooth image after noise removal and to restore the
real edge features to the maximum extent.

2.5 Loss Function

Since this paper uses a multi-stage network structure,
the original input image of each stage is set as Xj, F'is the
mapping function in Eq. (6), and Y is the normal dose
image. a is the trainable parameter introduced in the edge
protection module. Charbonnier loss is introduced to
optimize the end-to-end network structure proposed in this
paper, and the Charbonnier loss formula is as follows:

Ly = \/HF(Xi,a)—Y”+52 (6)

Similarly, to the form of the MSE loss function, where
¢ denotes a very small term, usually set empirically and set
to 1073 in the experiments in this paper. ¥ denotes NDCT
as the label to calculate the value of the loss function.

We also introduce the edge loss function Ledg, defined
as:

Legge :\/HA(XS)—A(Y)”+52 7

where A denotes the Laplace operator, and for all
experiments, the constant ¢ is empirically set to 1073, At
this point, we can obtain the composite loss function
proposed in this paper.

For the multistage method proposed in this paper, the
loss of each stage is considered comprehensively in this
paper, and S is used to represent the different stages, and
edge loss is introduced, and the final loss function can be
expressed as:

n

1
LCompound = N Z I:Lchar (Xs )+ ﬂ’Ledge (Xs > Y):| (3)

s=1

3 EXPERIMENT AND RESULTS
3.1 Datasets

This section uses the clinical data set of the "2016
NIH-AAPM-Mayo Clinic Low-Dose CT Grand
Challenge", licensed by Mayo Clinics, for training and
testing the network. The dataset consists of projection data
and slice thickness of 1 mm and 3 mm reconstruction data,
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respectively. In this paper, we use 3 mm thick
reconstructed images, which contain 2378 normal-dose CT
images from 10 anonymous patients and their
corresponding low-dose (quarter-dose) CT images, each of
which is 512 x 512 pixels in size [27]. In the experiment,
267 pairs of images from 9 patients were selected as the
training set, and 211 pairs of images from another patient
were selected as the test set.

3.2 Experimental Setup

The software environment for implementation is
Windows 10, and the hardware environment is an Intel
Core i7 and Nvidia GeForce GTX 2080Ti GPU. The
programming development environment is CUDA-Toolkit
10.0. The programming language is Python 3.6, and the
deep learning framework is PyTorch.

The network in this paper is a full convolutional
network with multi-stage struct, so it can simultaneously
train image patches and test full-size images (512 x 512),
which is helpful to reduce the amount of calculation,
improve the training speed, increase the number of training
samples and avoid over-fitting.

3.3 Ablation Experiments

To investigate the contribution of different
components of MEPNet in improving recovered images,
we selected different network architectures to conduct
experiments on AAPM data sets. First, the effect of edge
protection modules on network performance is verified and
the effects of different operator templates are compared.
Secondly, the performance of different loss combinations
is verified and compared with the traditional loss function
MSEloss and the single Charbonnier loss.

In order to objectively evaluate the performance of the
method proposed in this paper, the peak signal-to-noise
ratio (PSNR), spatial structure similarity (SSIM), and root
mean square Error (RMSE) are used as evaluation indexes
for the effect of low-dose CT image recovery for image
quality assessment.

(1) The edge protection module

In order to verify the effectiveness of introducing the
edge protection module, we compared the advantages and
disadvantages of introducing the edge protection module
and different operator templates. The first and last rows of
Tab. 1 show that the introduction of the edge protection
module improves approximately 0.4 dB in PSNR and
approximately 2% in the SSIM. It can be seen that the edge
protection module is effective.

Table 1 Introduction of Edge Protection Module and comparison of different

operators
PSNR SSIM RMSE
Without EPM 26.2294 = 0.8120 + 0.0597 =
(MPR) 1.2601 0.03904 0.0094
. 26.3598 + 0.8193 + 0.04925 +
EPMwith PREWITT | "oy 0.03916 0.0106
. 264650 = 0.8202 + 0.04867 =
EPM with Kirsch 1.7063 0.03871 0.0110
EPM with SOBEL 26.6437 = 0.8313 + 0.0468 =
(proposed) 1.7924 0.3798 0.1110

Meanwhile, in order to investigate the possible effects
between different first-order differential operators, the

commonly used first-order edge detection operator
templates are selected for comparison in this paper. The
Prewitt operator, Kirsch operator and Sobel operator,
which are suitable for processing grayscale gradient
images, are selected for comparison. And the comparison
results are shown in Tab. 1, it can be seen that the Sobel
operator achieves the best objective evaluation index. The
results are shown in Tab. 1.

(2) Optimal loss function

In this part, we compare with the different selections
of the loss function. The impact of different form on the
final denoising results is considered. The results of
different loss functions are shown in Tab. 2, where the loss
function in the third row is a combination of the MSE loss
function and the edge loss function (MSEloss + ELOSS),
and the fourth row is a combination of the composite loss
function proposed in this article (Closs + Eloss). It can be
seen that introducing edge loss function can effectively
improve the spatial structure similarity between the
restored image and the normal dose image.

Table 2 Comparison of objective indicators of different loss functions

PSNR SSIM RMSE
25.7357 + 0.8025 + 0.0548 +
MSE Loss 2.7384 0.06872 0.0267
al 263412 = 0.8143 = 0.0473 =
088 2.3657 0.07453 0.0194
26.1625 = 0.8130 = 0.0426 =
MSEloss + ELOSS 2.6348 0.04527 0.0283
Closs+Eloss 26.6437 + 0.8313 = 0.0468 =
(proposed) 1.7924 0.03798 0.0111

PSNR
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Figure 5 Comparison of objective indexes under different A

We also conducted comparison experiments on the
parameter A in the compound loss function to determine the
optimal value. As can be seen in Fig. 5, the fluctuation
among the objective evaluation indicators is larger with the
increasing 4. When 4 is less than 0.03, the change trends of
the three objective evaluation indicators are inconsistent,
indicating that too small 1 weights may not effectively
balance the two different parts of the compound loss
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function, resulting in unbalanced indicators in the training
results.

When 4 is less than 0.03, the change trends of the three
objective evaluation indicators are not consistent,
indicating that too small A weights may not be able to
effectively balance two different parts of the composite
loss function. With A further increasing to 0.05, the
objective evaluation metrics reach the optimum between
PSNR, SSIM and RMSE. As the value of 4 continues to
increase, the increase of edge loss weights in the composite
loss function leads to a decrease of PSNR. In summary,
when 4 is 0.05, the composite loss function can effectively
guide the network training and obtain the best denoising
effect.

3.4 Comparative Experiments and Analysis of Results
3.4.1 Comparison of Subjective Effects

In order to compare the performance of the proposed
algorithm, two abdominal CT images with rich details were
selected as samples for comparison which are shown in
Fig. 6a and Fig. 6b.

a) Sample 1
Figure 6 Low dose CT image

b) Sample 2

The comparison algorithms selected in this paper
include BM3D algorithm, RED-CNN algorithm, WGAN-
VGG algorithm and MPRnet algorithm, all of which have
excellent denoising effects. The experimental results are
evaluated using both subjective effects and objective
metrics.

The subjective effect is used to visually highlight the
structural form of the image and then the objective metrics
are used to evaluate the degree of superiority of the
algorithms. Fig. 7 shows the general comparison of Fig. 6a,
and Fig. 8 shows the zoomed-in comparison of the ROI
region in Fig. 7. In the overall comparison of Fig. 7 and
Fig. 8, in terms of visual effect, the selected comparison
algorithms all possess a certain denoising effect. Fig. 7e is
the result of the BM3D algorithm, which can remove part
of the noise. Figs. 7c, 7d, and 7f show the results of the
MPRNet algorithm, the W-GAN algorithm, and the
REDCNN method, respectively. Compared to the LDCT
image shown in Fig. 7b, it can be seen that both images
have denoising effects, and the deep learning method has
improved visual effects. The comparison shows the
method recovery results of the proposed method in this
paper, as shown in Fig. 7g, which can present more detailed
information in the visual effect, and the image recovery
results are clearer. Noise and artifacts are eliminated while
edge details of the image are better preserved, and the
image quality is closest to that of NDCT image.

e BM3D f.W-GAN VGG g.MEP-Net

Figure 7 Overall comparison of sample 1 a) NDCT image; b) LDCT image; c)
MPRNet result image; d) REDCNN result image; €) BM3D result image; f) W-
GAN VGG result image; g) Results of the MEP-Net (Proposed)

The enlarged area of the combined ROl in Fig. 8 shows
that the edges of the area circled by the red dotted line are
too fuzzy and the clear details of the edge part are lost.
Also, we compare the ROI enlargement in Fig. 8, the
difference between the other four denoising algorithms and
the NDCT image is also larger. In terms of the overall
visual effect, the proposed method in this paper has better
results in terms of intuitive noise comparison and is closer
to the NDCT image. By comparing the ROI region
enlargements of several denoising methods in Fig. 8, the
protection of the edge of the image can be achieved.

)

d.REDCNN

e.BM3D f.W-GAN VGG g.MEP-Net

Figure 8 Enlarged comparison of ROl area of sample 1 a) Enlarged NDCT ROI;

b) LDCT ROl enlarged; c) MPRNet ROI enlarged; d) REDCNN ROl enlarged; e)

BM3D ROl enlarged; f) W-GAN VGG ROI enlarged; g) The ROI of the MEP-Net
(Proposed)

d.REDCNN

e.BM3D f.W-GAN VGG g.MEP-Net

Figure 9 Overall comparison of sample 1 a) NDCT image; b) LDCT image; c)
MPRNet result image; d) REDCNN result image; €) BM3D result image; f) W-
GAN VGG result image; g) Results of theMEP-Net (Proposed)

Fig. 9 shows an overall comparison of the selected
sample (b), and Fig. 10 shows a zoomed in comparison of
the ROI region in Fig. 9.
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a.NDCT

e.BM3D

f.W-GAN VGG

g.MEP-Net

Figure 10 Enlarged comparison of ROl area of sample 1 a) Enlarged NDCT
ROI; b) LDCT ROI enlarged; c) MPRNet ROI enlarged; d) REDCNN ROI
enlarged view; €) BM3D ROl enlarged; f) W-GAN VGG ROl enlarged; g) The
ROI of the MEP-Net (Proposed)

The comparison of the overall visual effect in Fig. 9
shows that the algorithm proposed in this paper also has a
good denoising effect on CT images with different
structures. Comparing the parts marked by the red and blue
arrows, we have the proposed algorithm in Fig. 10g is
clearer in edge details, and the contrast with the
surrounding background is also more obvious. Comparing
all the ROI zoomed region in Fig. 10, the proposed
algorithm not only retains more edge details, but also
comes closest to the NDCT image in terms of intuitive
effect, and the overall image is cleaner. The comparison
between Fig. 7 and Fig. 10 shows that the proposed
algorithm achieves the best visual effect, retains detailed

information similar to the normal dose CT images, and
removes most of the noise. Therefore, the algorithm
proposed in this paper has the best visual effect.

3.4.2 Comparison of Subjective Effects

Figs. 11 and 12 are histograms of objective evaluation
indexes of test sample (a) and test sample (b). It can be seen
that the method proposed in this paper achieves better

performance metrics in both test plots.

Table 3 Comparison of objective indexes of different algorithms in the test set

PSNR SSIM RMSE
o | o
mon | TIEE | o
o | s | s |
wowvao | Hph o oo
| 2t | o0
e el

Tab. 3 shows the comparison of the average objective
metrics of different algorithms in the test set. It can be seen
that the method proposed in this paper also obtains the best
results in terms of average evaluation metrics.
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4 CONCLUSIONS

For the low image quality of low-dose CT images, the
existing post-processing methods have the problems of too

smooth images and insufficient edge details in the
reconstruction process, and this paper proposes a low-dose
CT image denoising method that combines the edge protect
model and the deep learning. Compound loss is introduced
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under the comprehensive consideration of the impact of
each stage on the final recovered image. The proposed
method makes full use of contextual links in the network
space, effectively obtains the global information of spatial
features, achieves a comprehensive grasp of the location of
key features, and improves the richness of the information
output by the network. In the comparison of subjective
visual effects, the method can well reduce image noise and
maintain the edge details of organs while maintaining
image information. The proposed network achieves better
visual results and the best objective evaluation metrics
(PSNR, SSIM, RMSE) compared to other denoising
algorithms on the AAPM dataset. In summary, our method
is advanced in recovering normal-dose CT images from
low-dose CT images. In the future, we plan to optimize the
proposed EPM-Net to further investigate the edge features
in LDCT images for better fusion with other basic image
features to obtain better results.
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