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Abstract

The outbreak of coronavirus disease 2019(COVID-19) is spreading rapidly around
the world, resulting in a global pandemic. Imaging techniques such as computed
tomography (CT) play an essential role in the diagnosis and treatment of the
disease since lung infection or pneumonia is a common complication. However,
training a deep network to learn how to diagnose COVID-19 rapidly and
accurately in CT images and segment the infected regions like a radiologist is
challenging. Since the infectious area are difficult to distinguish, and manually
annotation the segmentation results is time-consuming. To tackle these problems,
we propose an efficient method based on a deep adversarial network to segment
the infection regions automatically. Then the predicted segment results can assist
the diagnosis network in identifying the COVID-19 samples from the CT images.
On the other hand, a radiologist-like segmentation network provides detailed
information of the infectious regions by separating areas of ground-glass,
consolidation, and pleural effusion, respectively. Our method can accurately
predict the COVID-19 infectious probability and provides lesion regions in CT
images with limited training data. Additionally, we have established a public
dataset for multitask learning. Extensive experiments on diagnoses and
segmentation show superior performance over state-of-the-art methods.

Keywords: deep adversarial model; CT image; COVID-19; deep learning

1 Introduction

The outbreak of coronavirus disease 2019(COVID-19) is spreading rapidly around

the world, resulting in a global pandemic. Timely and accurate detection of the

disease is crucial, which would enable the implementation of all the supportive care

required by patients affected by COVD-19. Infected patients with pneumonia may

present on medical imaging, such as chest X-ray (CXR) and computed tomography

(CT) images. Compared to X-rays, CT screening is widely preferred due to its merit,

and it already plays a significant role in confirming positive COVID-19 patients. A

quick and accurate diagnosis and infection annotation by a radiologist is needed,

since the current high-quality pixel-level annotation of lung infections in CT slices

is expensive and time-consuming.

Training a deep network to learn how to diagnose COVID-19 rapidly and ac-

curately in CT images is challenging because the infectious areas are difficult to

distinguish. To address these problems, some deep learning based methods were pro-

posed and utilized in infection detection [1, 2, 3, 4], segmentation infection regions

[5], classification [6, 7, 8], diagnosis [9, 10, 11] of COVID-19. Some semi-supervised

framework [12, 13] have demonstrated good performance due to its high capability
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of feature extraction. The segmentation methods in COVID-19 application can be

mainly grouped into lung regions [14, 15, 8], and lung-lesion regions [5, 16],In terms

of the target region of interest (RoI). Since the lesions or nodules could be small

with a variety of shapes and textures, locating them is a challenging task. But it is

important for further diagnosis.

However, almost all of these methods diagnose by feeding the entire CT image

or pre-processing patches of the region of interest (RoI). There could be two limi-

tations to this strategy. Firstly, only the classification results are given without a

proper inference process makes the judgment credibility decline. We aim to provide

a clinical diagnosis ahead of the pathogenic test to save critical time for disease con-

trol. Secondly, the deep model based on the original CT images cannot make full

use of the graphical features, leading to false positive and false negative in the data.

Thus, we argue that handling this problem using segmentation of the abnormal

areas, such as ground-glass, consolidation and pleural effusion, aiming to assist the

classification could be more convincing and effective. Concerned with the COVID-

19 radio-graphical changes in CT images, we aim to develop a model that could

not only predict COVID-19’s segmentation of the abnormality but also provide a

clinical diagnosis ahead of the pathogenic test, thus saving critical time for disease

control.

Inspired by the successful utilization of generative adversarial networks (GANs)

in images to videos, we propose a deep adversarial model. Since a standard GAN

model [17] is proposed, they have been shown to generate compelling results in a

wide variety of applications. Specifically, in the field of medical image segmentation,

various GAN-based methods [18, 19, 20, 21, 22]have been proposed recently. We try

to assist the diagnosis by the accurate segmentation of the infection areas generated

by GANs. Moreover, to address the problem of data shortage in the early stage, we

try to adopt knowledge distillation[23, 24, 25, 26] from unbalanced samples.

In summary, we propose a quick and efficient solution to overcome the above

issues. Firstly, we employ a GAN to segment the infection areas from the CT image

automatically. It is helpful to alleviate the health services by providing a faster

way of objectively evaluating the radiological CT images. Efficient segmentation

is the key point in further clinical diagnosis. Secondly, in order to separate the

COVID-19 from other diseases, the corresponding annotation can give powerful

assistance. The reason is that image segmentation is also a marking process, which

implies semantic information and detailed features. Therefore we construct a deep

adversarial network that can predict COVID-19’s segmentation of the abnormality,

and provide a clinical diagnosis ahead of the pathogenic test, thus saving critical

time for disease control.

2 Materials and methods

2.1 Datasets

As we can see in Table 1, existing public datasets are either for diagnosis or for

segmentation tasks. The COVID-19 CT segmentation dataset [27] is the first one

for segmentation, contains 100 axial CT images from 60 patients with COVID-19.

Each image is segmented by a radiologist using 3 labels: ground-glass (mask value

= 1), consolidation (mask value = 2) and pleural effusion (mask value = 3). Then,
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COVID-SemiSeg[12] dataset adds 1600 unlabeled images from the COVID-19 CT

Collection dataset[28] for augmenting the training data. It is helpful for training a

deep network to diagnose like a radiologist. Inspired by it, we collect a COVID-19

radiologist dataset for multitask learning. For the segmentation task, we employ our

network on the 100 images with segment labels from COVID-19 CT segmentation

dataset [27]. The images are resized, grey-scaled, and compiled into a single NIFTI-

file (512 x 512 x 110). We split the 100 images into 5 equal folds, using 4 of them for

training, and 1 for testing. Then we iterate over which fold is the test set, evaluate

the performance, and finally average the performance across the different folds.

For the diagnosis task, the training set consists of 100 COVID images used in the

segmentation task and another 100 non-COVID images from COVID-CT-Dataset

[29]. Further, we collect another 275 COVID images and 818 non-COVID images

for testing. In this way, we implement our deep adversarial network and verify that

the segmentation results can improve the diagnosis performance. The experimental

results demonstrate the effectiveness of the proposed approach.

For the diagnosis task, the performance of the model was evaluated by assess-

ing the classification accuracy, precision, recall, and F1 scores. The accuracy of a

method determines how correct the values are predicted. The precision determines

the reproducibility of the measurement or how many of the predictions are cor-

rect. Recall shows how many of the correct results are discovered. F1 score uses a

combination of precision and recalls to calculate a balanced average result. For the

segmentation task, we evaluate the results by pixel accuracy (PA). It is the simplest

metric defined as the ratio of the marking correct pixels to the total pixels.

2.2 Semantic segmentation network

At the very beginning, we think of using a classifier to directly diagnose whether

the sample is from COVID-19 positive patients or not. VGG [34] model is selected.

We feed the positive and negative samples into a pre-trained model, but the results

are not satisfactory. Reasons for the low accuracy are unbalanced training data

and high similarity between positive and negative samples. In clinical practice, a

radiologist can recognize infection regions and advise on the diagnosis and further

treatment. Inspired by this, we aim to train a network to segment like a radiologist

and take the segment region as a guide to improve the diagnosis results.

In Figure 1 we provide a schematic representation of the overall framework. The

input to our system is CT images waiting for diagnosing and screening. The archi-

tecture consists of two main processes: the GAN network takes the CT image as

input and segments the region of the abnormal area from the background. Further-

more, the deep neural network takes the CT scan, and the corresponding predicted

mask together as input, aiming to diagnose whether it is the COVID-19 or not.

In this way, the semantic information can assist the pathogenic test, thus saving

critical time and improving accuracy. We present the details of our framework in

the following sections.

At the first step of our method, we attempt to employ a semantic segmentation

network (SSN), a GAN-based network, to force the generated semantic segmentation

mask to be more consistent and close to the ground truth. Given image domain X

and mask domain M , the semantic segmentation aims to learn the mapping from
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a CT scan to a binary mask, GXM : X → M , i.e., segmenting target pixels around

abnormality. For generator G, it aims to generate a mask that approaches the ground

truth. For the discriminator D, it can be denoted as (M,MGT ) → [real/fake],

distinguishing the true mask from the fake ones. GANs are learned by playing a

minimax optimization game between a generator network G and a discriminator

network D. Through this adversarial process, the GANs are capable of learning

a generative distribution that matches the empirical distribution of a given data

collection. Note that our target is not only generating the mask of abnormality

but also aiding the further disease diagnosis. The network requires an accurate

segmentation to predict both in location, area, and proportion.

We express the adversarial loss as:

LA = min
θg

max
θd

Ex[log(1−D(G(x)))] + Em[logD(m)] (1)

where x is the sample of the original CT image, and m is the relevant segmentation

mask ground truth. θg and θd denote the parameters of the network layers of the G

and D, respectively. We get these parameters by minimizing the loss of G net and

maximizing the loss of D net.

To enhance the efficiency of the segmentation network, a segmentation loss is

introduced. In the training process, the MSE loss between the generated mask G(x)

(the mapping result of input CT image x obtained by the generator G) and the

ground truth mask MGT of the infectious region. The segmentation loss is defined

as following:

Lseg = MSE(G(x)−MGT ) (2)

The final objective is defined as following:

Lfinal = LA + λLseg (3)

where λ keeps the balance of the two objectives. We set λ1 = 10 in training.

The CT images feeding to the generator G are resized to 512×512. It consists

of 24 layers (3 layers for the encoder, 18layers for the transformer, and 3layers

for the decoder, respectively). In detail, nine residual blocks [35] are used in the

transformer, and instance normalization [36] is utilized in the net. Additionally,

the discriminator D contains 5 convolution layers. In G and D, the parameters are

11.37M and 2.76M, respectively. We summarize the proposed training procedure for

our method in Algorithm 1.

2.3 Segmentation assisted COVID-19 diagnosis

We fine-tune a pre-trained classifier using VGG-16[34] architecture model to classify

the COVID-19 positive patients and others. To provide the semantic information

and detailed features to assist the CT slice, we concatenate the generated mask

M and the original CT image as the input of the classifier, which is denoted as:

concat(Xi,Mi) → y, where y denotes the label [0,1]. The parameters are about
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Algorithm 1: The training algorithm

Input: Dataset D = {xi, yi,mi}
N−1

i=0
(image, label, mask GT)

Output: Parameters θg, θd, θc
Initial Gnet, Dnet, Cnet (generator net, discrimitor net, classify net)
for epoch = 0 → (max_iterations-1) do

for i=0 → (N-1) do

/ ⋆ m′ : predict mask ⋆ /
m′ = Gnet(xi);
dout = Dnet(m′);
xm=concatenate(xi,m

′);
y′ = Cnet(xm);
Lseg = MSEloss (m′,mi);
LA = MSEloss (dout, 1);
/ ⋆ LG : GnetLoss ⋆ /
LG =Lseg + λLA;
/ ⋆ LD : DnetLoss ⋆ /
LD = MSEloss (dout, 0)+MSEloss (Dnet(mi), 1);
/ ⋆ LC : CnetLoss ⋆ /
LC = CrossEntropyloss (y′, yi);
Train Gnet, Dnet, Cnet and update θg, θd, θc by descending LG, LD, LC

end

end

134.27M. In the training process, the cross-entropy loss is used as the classification

loss.

Lcls = CrossEntropy(G(x,m)− y) (4)

2.4 Segment like a radiologist

Aiming to make the network work as a radiologist and correctly annotate differ-

ent areas, we implement a parallel training strategy. COVID-19 CT segmentation

dataset contains images segmented in 3 labels: ground-glass, consolidation, and pleu-

ral effusion with mask values 1, 2, and 3, respectively. We propose the radiologist-like

segmentation network (RSN) for the segmentation and diagnosis of multi-sort CT

images which is shown in Figure 2. We feed three types of mask data into SSN, ac-

companied by the original CT image. After parallel training, each SSN can separate

different classes of the mask (ground-glass, consolidation, and pleural effusion). The

segmentation results of different classes are composited into one image, then we can

achieve the prediction of radiologist-like annotation on infectious areas. The power-

ful capability of SSN ensures the good performance of RSN, even with imbalanced

training data. On chest imaging of COVID-19, multiple small patch shadows and

interstitial changes are presented in the early stage, and then numerous ground-

glass shadows are developed in both lungs. In severe cases, lung consolidation could

occur, and pleural effusion is rare. We observed very little labeling data for the

third category (pleural effusion), leading to training failures. The experimental re-

sults show good prediction in the correct position and the correct classification. This

detailed, radiologist-like segmentation can give doctors great help in determining

the extreme severity of the disease.
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2.5 Data distillation for COVID-19 diagnosis

We propose data distillation for COVID-19 diagnosis using a deep adversarial net-

work. To address the problem of insufficient data, we leverage data distillation

on unlabeled data. Firstly, we train a teacher model on manually labeled data.

Secondly, the trained model is applied for segmentation. Then we convert the pre-

dictions on the unlabeled data into labels by assembling the multiple predictions.

Finally, the model is retrained on a new training set consisting of manually labeled

data and automatically labeled data. The aim is to mine latent information in the

data at hand, including limited labeled samples and more unlabeled samples. It is

helpful to improve the performance of the network.

3 Experimental results and discussions

3.1 Segmentation results and analysis.

The segmentation results can visually see the infection areas, which is more bene-

ficial for clinicians to diagnose the disease. So we implement the typical infection

segmentation firstly. Then, aiming to show the detailed result, we train the network

to segment like a radiologist.

Typical infection segmentation We feed the slices to SSN and train it to seg-

ment the infection region. In Figure 3, we can see the typical infection segmentation

(TIS) results of SSN, from which we achieve high-quality segmentation masks for

each pulmonary infection area. Except for the small parts on the boundary that are

error-prone, as shown in the annotated section in the bottom row. This may be due

to the network’s inadequate identification of small and fragmented targets, but it

does not affect the estimation of COVID-19. We can achieve infection segmentation

and COVID-19 classification at the same time. The comparison results of different

segmentation methods are shown in Table 2, we can see the proposed TIS can get

higher performance.

Radiologist-like segmentation Furthermore, to make the network work as a

radiologist, we train the SSN in a parallel strategy. The refined segmentation results

are shown in Figure 4. The blue part, yellow part, and green part represent ground-

glass, consolidation, and pleural effusion, respectively. Compared to the ground

truth segmentation annotated by a real radiologist, the network can provide similar

results, especially ground-glass (blue) and consolidation area (yellow).

Radiologist-like segmentation is more challenging than infection segmentation be-

cause it requires not only segmentation but also classification of the results. There-

fore, it is prone to confuse when discriminating different classes of infection regions.

Take the result on the right of the fourth row in Figure 4 as an example, consoli-

dation is misjudged as ground-glass (i.e., misjudge the blue part as yellow).

Since background accounts for a large proportion in the single CT image, it leads

to a high accuracy close to 1. So in statistics, only the segment target pixels are

considered without background. When we train the SSN and calculate the L1loss

between the real mask and the generated mask, class 1 and class 2 segment results

are acceptable. But the segmented effect of class 3 is not obvious. Then, we change

to use MSEloss for training, the class 3 segmentation results are improved, and the

other two classes are also enhanced remarkably. The results are shown in Table 3.

Also, we compare the result with Mask-RCNN, which is good at the segmentation
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task. The proposed method performs better scores in many ways, except slightly

lower PA scores in class 1. Compared to others, class 3 segmentation is more chal-

lenging. The reason for difficult training is the relatively limited amount of data

containing a very small target size. We also use parallel strategy in this case. To

increase the proportion of class 3 samples in training, we split the train set into

class 3 and non-class 3 and randomly select samples in each batch. Rotation, flip,

and crop are also used for data augmentation.

3.2 COVID-19 diagnosis results.

We show the effect of mask assistant prediction. We train and test our network on

the COVID-19 radiologist dataset and achieve a good result. Considering that the

classification does not occur simultaneously with segmentation, we select a more

robust model after segmentation to assist the classification procedure (with mask).

Compared with the direct classified (without mask), we can see that the estimated

mask from SSN can significantly improve the classification result. In addition, the

classify results with Mask-RCNN segment assistant are shown as a comparison in

Table 4, which is a little bit lower than the proposed method.

3.3 Data distillation results.

Data distillation can boost the performance of segment results, as shown in Figure

5. For clarity, we exploit a comparison experiment on radiologist-like segmentation.

The segmentation labels of class 1, which means ground glass, have obvious edges

and can distinguish the target area and non-target area after data distillation. The

reason is to Mine the information in the existing labeled data. For unlabeled data,

we also make full use of the hidden information for further prediction. Yet it has

limits. The data distillation has been proved capable of tackling the problem of

the insufficient data problem by utilizing more unlabeled samples, but incapable

of keeping the certainty in training since introducing error-prone labels, so-called

pseudo labels, as ground truth.

3.4 Discussion

As our experimental results showed, we achieve promising results in COVID-19

diagnosis, and segmentation of the infection regions such as ground glass, consoli-

dation, and pleural effusion regions. These results are helpful for clinicians to make

a rapid diagnosis and treatment plans. There are two advantages to the deep ad-

versarial model. Firstly, we conduct a cascade strategy to achieve segmentation and

diagnosis. The results generated by SSN serve as the auxiliary of the original CT

image, thus improving the performance of the diagnosis. Secondly, it is simple to

use, and no complicated techniques are introduced. The results of diagnosis and

segmentation are mutually promoted. Moreover, we can clearly see or estimate the

performance of each step.

Even though there are some limitations. Firstly, when we conduct a multi-step

strategy to solve a complex task, it is obvious that each step’s training objective

is not consistent. How to balance the relation and train the network to achieve

optimal performance is a challenge because the deviation from one step may affect

another. In the future, we will focus on constructing an end-to-end network to
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tackle this problem. Secondly, the problem of efficient learning on an unbalanced

data. Annotation data are challenging since it needs an experienced radiologist and

manually labeling different kinds of pulmonary infection areas with different labels

is time-consuming. Even though we use a parallel strategy, training the network

to learn one class each time, the very small sample size in one category is still a

challenge. We will study to optimize the model to make full use of the existing

samples in the future. Moreover, we will do much more work on 3D-CNN since it

performs better to determine or confirm lesions, particularly for the lung CT.

4 Conclusion

In this work, we present a conceptually effective and flexible framework for COVID-

19 diagnosis and radiologist-like localization of the lung’s infectious region. Our

approach efficiently detects the abnormal region in the CT images while simulta-

neously classify the COVID-19 positive patients from others. We introduce a deep

adversarial network that can generate the location of the infection region. The seg-

mentation results bring detailed and important information to the classifier, which

acts as a guide. This information effectively improves the COVID-19 diagnosis accu-

racy. The experiments have shown successful results on both of the tasks. Moreover,

we try to tackle the problem of unbalanced data in the training process. A parallel

training strategy for different classes of data achieves great improvement. Along

with enhancing artificial intelligent technology, the approaches to deal with data

shortage and imbalanced data will be more effective, which is bound to boost the

relevant processing.

In conclusion, the purpose of our deep adversarial model is to automatically screen

the infectious area in lung CT image while simultaneously diagnosing the COVID-

19 positive patients from others, reducing the burden of labor and avoiding possible

omissions. We will reduce the time it takes and try to put it to practical use.
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Figures

Figure 1 Schematic representation of the deep adversarial network structure to screen for
COVID-19 in CT image.

Figure 2 The radiologist-like segmentation network (RSN) has three SSN, which segment
different areas (ground-glass, consolidation and pleural effusion), respectively.

Figure 3 Typical infection segmentation results of CT scans of COVID-19. Columns 1-3: CT
image, CT image overlaid with segmentation, and ground truth, respectively.

Tables
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Figure 4 Radiologist-like segmentation results of CT scans of COVID-19. Columns 1-3: CT
image, CT image overlaid with segmentation, and ground truth. The blue, yellow, and green
labels indicate the ground-glass, consolidation, and pleural effusion, respectively.

Figure 5 Results comparison of segmentation on CT scans. Columns 1-4: CT images,
segmentation results before data distillation, segmentation results after data distillation, and
ground truth, respectively.

Table 1 Comparison of the open source dataset sources of COVID-19 imaging. (Diag means
diagnosis and Seg means segmentation)

Dataset Data type Size
(Cov/NonCov)

Task-Diag Task-Seg

COVID-19 X-ray Collection [28] X-rays 229 X -
COVID-19 CT Collection [28] CT volume 20 X -
COVID-CT-Dataset[29] CT image 349/1000 X -
COVID-19 Patients Lungs[30] X-rays 70/28 X -
COVID-19 Radiography[31] X-rays 1143/1314/1345

(viral pneumo-
nia)

X -

SARS-CoV-2 CT-scan[32] CT image 1252/1230 X -
COVID-19 CT Segmentation[27] CT image 110/0 - X

COVID-SemiSeg[12] CT image 1700/0 - X

COVID-19 CT Lung and Infection Segmentation[33] CT image 20/0 - X

COVID-19 Radiologist dataset CT image 100/93 X X

Table 2 Typical infection segmentation results comparison of different methods on covid-19
radiologist dataset.

Method PA IOU
Mask-RCNN 84.96% 44.8%
TIS 85.05% 58.08%

Table 3 Radiologist-like segmentation results comparison of different methods on covid-19 radiologist
dataset.

Method Class PA IOU
Mask-RCNN 1 77.08% 31.42%
L1loss 1 66.43% 46.93%
MSEloss 1 76.02% 44.15%
Mask-RCNN 2 46.74% 24.66%
L1loss 2 42.42% 26.82%
MSEloss 2 62.82% 32.10%
Mask-RCNN 3 26.35% 13.62%
L1loss 3 2.33% 0.27%
MSEloss 3 30.48% 18.12%

Table 4 Result comparison of different classify methods on covid-19 radiologist dataset: classifier
with mask, only use classifier without SSN (W/O mask), and with SSN assistant classification
(proposed), respectively.

Method Accuracy Precision Recall F1
With mask 96.04% 90.88% 94.12% 93.5%
W/O mask 95.06% 87.97% 93.09% 90.46%
Proposed 99.2% 98% 96.0% 97.96%
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Figure 1

Schematic representation of the deep adversarial network structure to screen for COVID-19 in CT image.

Figure 2



The radiologist-like segmentation network (RSN) has three SSN, which segment different areas (ground-
glass, consolidation and pleural effusion), respectively.

Figure 3

Typical infection segmentation results of CT scans of COVID-19. Columns 1-3: CT image, CT image
overlaid with segmentation, and ground truth, respectively.



Figure 4

Radiologist-like segmentation results of CT scans of COVID-19. Columns 1-3: CT image, CT image
overlaid with segmentation, and ground truth. The blue, yellow, and green labels indicate the ground-
glass, consolidation, and pleural effusion, respectively.



Figure 5

Results comparison of segmentation on CT scans. Columns 1-4: CT images, segmentation results before
data distillation, segmentation results after data distillation, and ground truth, respectively.


