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ABSTRACT

The corona virus disease 2019 (COVID-19) outbreak peaked in
early 2020, posing a significant threat to human health. Computed
tomography (CT) images are one of the most important screening
tools for the diagnosis of COVID-19 today. CT images not only
have the advantage of convenience and speed, but also can show
the characteristics of lung lesions in COVID-19 patients. However,
due to the strong noise of lung CT images and the small area of
COVID-19 infection in the early stage, the traditional image
segmentation method is prone to misdiagnosis. In recent years,
with the development of deep learning technology, image
segmentation can provide a reliable diagnostic basis for practical
clinical medical applications, and improve the efficiency of
doctors and the accuracy of disease diagnosis. Therefore, this
paper proposes an Attention Gates Recurrent U-Net (AGRU-Net)
scheme for CT image segmentation of COVID-19 lung infection
region. The scheme increases the depth of the network by using
the recurrent block in the convolutional layer of U-Net, and
secondly introduces the attention gates mechanism into the U-
shaped network to improve the multi-scale generalization ability
of the U-Net model, so as to enhance the response and sensitivity
of the model to the features of COVID-19 lung region, and the
loss function of the model adopts weighted binary cross-entropy
dice loss function to solve the segmentation task in highly
unbalanced scenes and to improve the extraction accuracy of
COVID-19 lung infection regions.In the experiments on the
public dataset of COVID-19 lung CT scans, the dice coefficient of
the AGRU-Net model proposed in this paper is 0.8979 in the
infected region of COVID-19 lung, which is better than the
segmentation effect of similar models and achieves effective
segmentation of the CT images of the infected region of COVID-
19 lung.
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1 INTRODUCTION

Since December 2019, a number of cases of unexplained
pneumonia have been detected in some hospitals in Wuhan, Hubei
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Province, which were confirmed to be acute respiratory infections
with a novel 2019 coronavirus infection and subsequently began
to spread rapidly in the surrounding countries [1]. Rapid and
accurate diagnosis of COVID-19 is very important for the
prevention and control of the epidemic, and a large amount of
clinical experience has shown that pulmonary CT images play a
very critical role in the diagnosis and disease assessment of
COVID-19 and are an important part of the diagnostic criteria and
discharge criteria of patients.In the CT imaging of the lungs of
COVID-19, multiple small patchy shadows and shadows were
seen in the early stage, which were obvious in the extrapulmonary
area, and then developed into multiple ground-glass shadows in
both lungs. In severe cases, solid lung changes may appear with a
few pleural effusions [2-3]. With the recent advances in computer
vision in the past decade, deep learning is increasingly being used
for medical image analysis. Although the application of deep
learning in computer vision has seen rapid growth in many
different areas, it is still extremely challenging in the area of Al-
based segmentation of medical CT images. For example, Zhou et
al [4] proposed a Unet++ model to enhance image segmentation
by nesting dense skip connections between the encoder and
decoder to obtain more semantic information. Liu et al [5]
transferred Mask R-CNN, which performs well on natural images,
to CT images for lung nodule segmentation and trained Mask R-
CNN to predict nodule location and nodule size.Saood et al [6]
used two different deep learning techniques, SetNet and U-Net,
for semantic segmentation of infected tissue regions in CT lung
images.

Despite the great progress in COVID-19 CT image infected
region segmentation studies, there are still many problems. First,
most of the datasets used in the studies are now non-public, which
leads to small training samples, prone to overfitting, poor
generalization of the study results, and the resulting system cannot
assist in clinical diagnosis. Second, COVID-19 lung CT images
are unusually complex and easily confused with other lung-related
diseases, and it is very difficult for the encoder to extract effective
segmentation features. In addition, the infected region of new
coronary pneumonia is characterized by indeterminate location,
unclear boundary, and variable shape, which requires
segmentation models with extremely strong detail feature
extraction ability.

To solve the above problems, a segmentation scheme
combining attention Gate and recurrent U-Net is proposed in this
paper. Firstly, the network structure of U-Net is improved by
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Figure 1: Traditional U-Net model framework.

using recurrent blocks in the convolutional layers of encoder and
decoder in U-Net to increase the level of U-Net network, and the
superior learning effect is obtained by stacking the convolutional
blocks. Next, attention gates are introduced into the decoder of the
U-Net, the output features of the encoder are readjusted to
improve the multi-scale generalization ability of the network
model, and the model loss function adopts a weighted binary
cross-entropy dice loss function to solve the segmentation task in
highly unbalanced scenes in order to strengthen the segmentation
ability of the model. Finally, the automatic segmentation model
AGRU-Net is proposed for the infected region of COVID-19 CT
images.

2 RELATED WORK
2.1 U-Net Model

Traditional semantic segmentation algorithms are mainly
composed of feature extraction as well as classifiers. Most of the
commonly used methods are based on machine learning methods,
such as support vector machines, decision trees, artificial neural
networks, etc. These methods are shallow structured models,
which can only use shallow features for judgment and cannot
segment complex images well. Deep learning techniques use
high-level semantic information for segmentation.In 2014, Long
et al [7] first used a fully convolutional neural network (FCN) for
end-to-end segmentation of natural images, achieving a
breakthrough from traditional methods to deep learning
methods.In 2015 Ronneberger et al [8] proposed a U-Net structure
based on FCN.The U-Net network mainly consists of encoder,
decoder and skip connections. The encoder performs the
downsampling operation to extract the image spatial features, and
the decoder performs the upsampling operation to generate images
based on the spatial features extracted by the encoder. The

2
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Crop and concatenation
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encoder of U-Net uses two layers of 3x3 convolution, ReLu
activation function and 2x2 maximum pooling to extract the
image features, which not only reduces the feature map size but
also increases the channels in the process. The decoder part uses
2x2 deconvolution for upsampling to reduce the number of
channels and gradually recover the feature map size.The U-Net
model is shown in Fig. 1.

The U-Net model has many advantages in the field of image
segmentation, as it allows the use of both global location and
contextual information, and requires few training samples to
perform well in medical image segmentation. However, the
COVID-19 CT lung infection region image is very complex, and
U-Net uses simple convolution and pooling operations in the
encoder to extract features. Such a feature extraction method tends
to cause the model to fail to extract all the useful feature
information, and a part of the features will be lost. In addition, U-
Net uses simple convolution and deconvolution in the decoder for
image recovery, which in turn leads to a certain loss of feature
information, making the network unable to fully recover the
complex feature information of the image.

2.2 Attention Mechanism

Attention is an indispensable human cognitive function, and an
important property of perception is that humans do not tend to
process all information at once, but tend to selectively focus on a
part of information at the desired time and place while ignoring
other perceptible information. Influenced by the attention
mechanism, researchers gradually refer attention mechanism to
the field of computer vision. John et al [9] first introduced the
attention mechanism to the field of computer vision, arguing that
the attention role is to optimize traditional visual search methods
by reducing the number of samples processed and increasing the
feature matching between samples. Wang et al [10] proposed a
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Figure 3: AGRU-Net model framework.

residual attention network to use the attention mechanism for
more accurate dense prediction in semantic segmentation tasks.
Zhang et al [11] proposed an edge-attention-guided network (ET-
Net), which embeds an edge-attention representation to guide the
segmentation network. By combining the attention mechanism
with convolution,downsampling and upsampling, it can enhance
the information region in the feature map and suppress irrelevant
information, thus adding the feature extraction capability of the
network.

2.3 Recurrent Neural Network

Recurrent neural network (RNN) are a class of artificial neural
networks. RNN use back propagation to update the weights of
neurons for better network learning. During forward propagation,
the inputs move forward and through each layer to calculate the
output state. In the case of backpropagation, go back and change
the weights of the neurons to get a better way to learn. As deep
learning continues to develop, RNN are gradually introduced into
convolutional neural network (CNN) to form recurrent
convolutional neural network (RCNN) to solve the image
segmentation problem.Chen et al [12] proposed a deep learning
framework based on a combination of FCN and RNN to solve the
segmentation problem of 3D images in medical images.Vuola et
al [13] developed a U-Net and Mask-RCNN ensemble framework
with good performance in the segmentation task of cell nuclei. By
adding a cyclic structure to the network, superior segmentation
results can be obtained.

3 MATERIALS AND METHODS

3.1 Data and Preprocessing

Since most of the existing COVID-19 lung CT imaging studies
are based on large and private datasets, and it is very difficult to
obtain these data from a single institution, the COVID-19 lung CT
scan dataset provided by Ma et al [14], which contains 20 CT
scans of COVID-19 patients and expert segmentation of lungs and
infections, was used in this experiment. The dataset includes a
total of 3,520 images and corresponding ground truth with lung,
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right lung and infection tagged by two radiologists and validated
by experienced radiologists. The dataset was divided into 3,205
images for training, and 315 images for validation. Considering
that the original image size was too large compared to the
COVID-19 lung infection region image, which might not be
conducive to training, the original image containing the COVID-
19 lung infection region was rescaled to 128 x 128 pixels size as
the network input. All data were enhanced by random cropping,
scaling and rotation, and pixel values in the range of 0 to 1 were
normalized to improve the training accuracy before training. Fig.
2 shows some CT images of the dataset and their corresponding
ground truths.

3.2 Neural Network Model

3.2.1 Improved U-Net model. In order to solve the problem of
the general segmentation ability of U-Net model with fewer
network parameters, inspired by the attention mechanism and
recurrent convolutional neural network, we propose an improved
U-Net network combining recurrent block and attention gate,
which is named AGRU-Net, and the network framework is shown
in Fig. 3.The AGRU-Net model retains the encoding and The

Figure 2: Lung CT images and infection masking in patients
with COVID-19 infection. Images are from the COVID-19
lung CT scan public dataset [14] used in this article.
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AGRU-Net model retains the encoding and decoding processes in
U-Net, but differs from the U-Net network in that firstly, the
AGRU-Net model uses a recurrent convolutional layer (RCL) [15]
instead of a convolutional layer in the encoding and decoding
processes, which helps increase the depth of the model and
effectively preserves the features in the image. Secondly, attention
gates are added in the decoding process to suppress feature
responses that are not related to the background region, reducing
the number of parameters and computational burden associated
with the increase in network depth.

3.2.2  Recurrent module. The RCL unit used in this paper is
gradually evolved over discrete time steps, assuming that the
input sample in the RCL unit is located at the n’ layer, and for the
pixel unit located on the kth feature map in the RCL unit (i, j), Its

output () in step size t is as follows:
n — (w4, /D r\T L (is))
H[jk (t) - (Wk ) un + (Wk) 'xn (t - 1) + bk (1)
Here, () ang ) represent the input in the regular
convolutional layer and the n’th RCL unit, respectively, and

are the regular convolutional layer weights and the RCL
weights of the n’th feature map, respectively, and  is the bias.
The output of the RCL unit is activated by the RuLU function
with the following formula:

S (Hj (0)) = Max(0, H j (1)) @

The expanded RCL structure is shown in Fig. 4. When t = 2
time steps, a feedforward sub-network with a maximum depth of
3 and a minimum depth of 1 is formed, consisting of a
subsequence of one convolutional layer and two recurrent
convolutional layers.

" Inputs —— Conv#ReLU——> Conv+ReLU—— Outputs |
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Figure 4: Expanded recurrent convolution structure for t =2.
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Figure 5: Attention Gate module framework.

3.2.3 Attention Gate module. The structure of the attention
gate module used in this paper is shown in Fig. 5, Where n
denotes the number of layers, i denotes the spatial pixel, m is the
feature map of the encoding process extracted by the attention
gate, g denotes the gating vector, and denotes the 1x1x1
convolution, denotes the linear transform calculated for the
channel 1x1x1 convolution, ; denotes the ReLU activation
function, , denotes the Sigmoid activation function, bg and be
are the corresponding convolution bias terms, are the
network parameters, and the resampling operation resamples the
feature map to the original size of m. are the attention
coefficients in the range of [0, 1]. generally obtains larger
values in the target region and smaller values in the background
region and is the output of the attention gate model. The attention
gate module equation is as follows:

Qow =W (0, (W, m + W, g, +b,))+b, 3)

a; =0,(q,,(m’,2;:0,,) “

The application of attention gates enables the model to
automatically respond to feature areas and suppress irrelevant area
responses without localizing the features, while simulating the
global feature location relationship, so that similar features can
enhance each other and thus improve the model accuracy.

3.3 Loss Function

In order to solve the category imbalance problem in medical
images, this paper uses a weighted binary cross-entropy dice loss
function, which is shown in the following equation:

L,=L, ,+L, (5)

Here, is the weighted binary cross-entropy dice loss
function, _ is the weighted binary cross-entropy loss function,
and is the dice loss function.

The weighted binary cross-entropy loss function is a variant of
the binary cross-entropy loss function that enhances the weights at
the boundary of the segmented object, and its formula is shown
below:

Ly, 5 =-w,(B*Y log(P)+(1-Y)log(1-F)) (6
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Here, denotes the weight value of each pixel point,
denotes the predicted value of each pixel, and  denotes the label
value of each pixel, and 3 value can be used to adjust the false
positives and false negatives.

The Dice loss function is widely used in segmentation and
classification of medical images. The Dice loss function solves the
problem of positive and negative sample imbalance by comparing
the similarity between the predicted and labeled values, and its
formula is shown as follows:

25w, xR rY,
w kP tw*Y,

L,=1

D )

In this paper, the segmentation details of the model are
optimized by combining the advantages of the weighted binary
cross-entropy loss function and the dice loss function to improve
the segmentation accuracy of images.

4 Results and Evaluation

4.1 Implementation

The network framework is based on the public framework
tensorflow 2.9.1, trained and tested on a computer with an Intel
Core 17-10700 2.9 GHz CPU (with 64 GB of memory) and an
NVIDIA GeForce RTX 2060 SUPER GPU (with 8 GB of video
memory), on a CUDA 11.7 architecture platform The parallel
computation is performed on a CUDA 11.7 architecture platform
and CuDNN 8.4.1 is invoked for computational acceleration. The
proposed network uses the Adam[16] optimization algorithm with

Figure 6: COVID-19 Lung Infection Region Segmentation Results.
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default hyperparameters, where the initial learning rate is set to
1074 ,and the detailed parameters of the experiment are shown in
Table 1.

Table 1: Experimental operation parameters.

Parameter
Name :
configuration
Network framework Tensorflow2.9.1
Epoch 80
Batch size 12
Learning rate 0.0001
Optimizer Adam

4.2 Performance Indicators

The experimental results are quantitatively analyzed by
considering several performance metrics, including accuracy (AC),
Dice coefficient (DC). For this purpose, four variables are used in
this paper: True Positive (TP), True Negative (TN), False Positive
(FP), and False Negative (FN).

The accuracy is used to evaluate the precision of pixel
classification and is obtained from the following equation:

_ TP+IN
TP+TN + FP+FN

The Dice coefficient is an ensemble similarity measure function
that is used to calculate the similarity of two samples in an
experiment. The calculation formula is as follows:

(N
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Here, GT is the label of the segmented image and SR is the
network segmentation result.

4.3 Experimental results and analysis

In order to demonstrate that the AGRU-Net network model has
superior results for COVID-19 lung infection region segmentation,
three deep learning-based models, U-Net, Attention U-Net [17],
and Residual U-Net [18], were used in the COVID-19 CT scan
dataset for COVID-19 lung infection region segmentation process.
The results are shown in Table 2, the Dice coefficient and
accuracy of the AGRU-Net model were as high as 0.8979 and
0.9956, respectively, and the obtained results were higher than the
other schemes. Fig. 6 shows the segmentation results of ARGU-
Net on the COVID-19 lung CT scan dataset. The first row is the
CT scan image of COVID-19 lung, the second row is the ground
truth mask, and the third column is the segmented image of the
infected region of COVID-19 lung from ARGU-Net. It can be
seen that the segmentation results obtained by the AGRU-Net
model are already very close to the expert labeling results,
reflecting the strong segmentation capability of the AGRU-Net
model for the COVID-19 lung infection region.

Table 2: Performance comparison of ARU-Net with other

networks.

Model DC AC
U-Net 0.8878 0.9955
Attention U-Net 0.8895 0.9955
Residual U-Net 0.8882 0.9954
AGRU-Net 0.8979 0.9956

4 CONCLUSIONS

In this paper, we develop and analyze a method to segment the
COVID-19 lung infection region from CT images. Based on the
U-Net network structure, we incorporate the recurrent block and
attention gate mechanism to enhance the localization ability and
feature extraction ability of the network for the target region,
improve the overall robustness of the network with the increase of
the number of network layers, and enhance the segmentation
ability of the network. In addition, the loss function training
model combining the weighted binary cross-entropy loss function
and the dice loss function can effectively alleviate the model
instability problem caused by sample imbalance in COVID-19 CT
images, and improve the model segmentation prediction ability.
Ultimately, we outperform the currently popular semantic
segmentation methods in terms of COVID-19 lung infection
region. With the increasing status of deep learning in medical
image segmentation, we will make more changes to the model to
improve its performance in the future.
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