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Abstract  

As a recent global health emergency, the quick and reliable diagnosis of COVID-19 is 

urgently needed. Thus, many artificial intelligence (AI)-base methods are proposed for 

COVID-19 chest CT (computed tomography) image analysis. However, there are very 

limited COVID-19 chest CT images publicly available to evaluate those deep neural 

networks. On the other hand, a huge amount of CT images from lung cancer are publicly 

available. To build a reliable deep learning model trained and tested with a larger scale 

dataset, we build a public COVID-19 CT dataset, containing 1186 CT images synthesized 

from lung cancer CT images using CycleGAN. Additionally, various deep learning models 

are tested with synthesized or real CT images for COVID-19 and non-COVID-19 

classification. In comparison, all models achieve excellent results (over than 90%) in 

accuracy, precision, recall and F1 score for both synthesized and real COVID-19 CT images, 

demonstrating the reliable of the synthesized dataset. The public dataset and deep learning 

models can facilitate the development of accurate and efficient diagnostic testing for COVID-

19. 
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Key points:  

• Recent advances in deep learning analysis of COVID-19 chest CT image are 

summarized and compared, particularly in classification performances.  

• The major problem of current deep learning in COVID-19 CT image analysis is the 

lack of public datasets with well-defined labels to allow comparisons of different 

models. 

• A style transferring strategy based on CycleGAN is employed to synthesize a publicly 

available COVID-19 dataset from lung cancer, containing 1186 chest CT images. 

• Various deep learning models are trained and tested on the synthesized COVID-19 

data set in order to systematically compare different deep learning models in COVID-

19 CT image analysis. 

 

Introduction  

December 2019, an outbreak of pneumonia caused by a novel coronavirus occurred and has 

spread rapidly throughout world, with an ongoing risk of a pandemic. As of July 2020, 

coronavirus disease 2019 (COVID-19) has been confirmed around 11 million people 

worldwide and caused over 520 thousand deaths as reported. In absence of specific 

therapeutic drugs or vaccines for COVID-19, it is essential to diagnose this disease 

effectively, and immediately isolate the infected person from the healthy population. With 

currently reported cases and published papers, lung CT (computed tomography) imaging has 

been recommended as one of effective screening tool for COVID-19 pneumonia.1,2,3,4 

 

CT images can be examined to identify the COVID-19 pneumonia regions with specific 

pattern by naked human eyes, which is easy to miss those small and lightly infective regions 

especially in the early stage. Therefore, the sufficiently training is necessary for radiologists 

to achieve an early-accurate diagnosis, which is essential not only for the prompt 

implementation of treatment but also the population screening and response. However, the 

time-consuming and difficulty in professional training leads to the lack of qualified 

radiologists, which makes the accurate diagnosis particularly challenging with the 

dramatically increasing cases nowadays.5 



 

To improve the reliability and speed of CT-based COVID-19 diagnosis, a more automatically 

and higher efficiency method is urgently demanded. Many researchers have noticed the 

Artificial Intelligence (AI), which already show great performance in other disease 

diagnosing cases, should also have same feasibility in this novel pneumonia detection.6,7 Lots 

of substantial evidences supporting the potential for deep learning in chest CT image analysis, 

particular in lung cancer analysis.8,9,10,11 Thus, various deep learning-aided COVID-19 chest 

image analysis models were proposed showing high accuracy and efficacy in disease 

diagnosis. There are already hundreds of deep learning papers proposed for COVID-19 chest 

CT or X-ray images, and some of results have been shown to be quite promising in terms of 

accuracy. Top cited deep learning studies using chest CT images of COVID-19 are 

summarized and listed in Table 1. 

 

As shown in table 1, Gozes et al proposed a deep learning-based automated CT image 

analysis tools for detection, quantification, and tracking of COVID-19 and demonstrated that 

they can differentiate patients from healthy ones12. In the segmentation step, they train U-net 

to extract the lung region of interest (ROI) using 6,150 CT slices of cases with lung 

abnormalities (non-COVID-19) taken from a U.S based hospital. Then, a ResNet-50 deep 

convolutional neural network pretrained on ImageNet is trained with suspected COVID-19 

cases from several Chinese hospitals, which were annotated per slice as normal (n=1036) vs 

abnormal (n=829). They achieved an AUC of 0.996 (95%CI: 0.989-1.00) for classify 

COVID-19 confirmed cases from 56 patients vs normal thoracic CT scans from 51 patients 

without any abnormal lung findings in the radiologist’s report. This study used a manually 

labeled dataset which limited the size of training samples. Although they used over thousand 

patches for training, these patches are from small amount patients’ cases.  

 

Similarly, another high-cited paper also used a ResNet_50 based framework for the detection 

of COVID-19, referred to COVNet.13 It is able to extract both 2D local and 3D global 

representative features. They also used the U-net for segmentation to extract the lung region 

as the region of interest (ROI). The preprocessed image is then passed to COVNet for the 

predictions. The newly developed method achieved high sensitivity and high specificity in 

detecting COVID-19, with the ability to differentiate COVID-19 and community-acquired 

pneumonia (CAP) from chest CT images. This study used a larger chest CT dataset, which 



contains 4356 chest CT images (i.e., 1296 COVID-19, 1735 community-acquired pneumonia 

(CAP), and 1325 non-pneumonia) from 3322 patients. But the dataset is not open for public 

access. One disadvantage of this study mentioned by the authors is impossible to determine 

what imaging features used by this model to distinguish between COVID-19 and CAP. 

 

Besides, Xu et al. established a deep learning model to distinguish COVID-19 pneumonia 

from Influenza-A viral pneumonia and healthy cases with pulmonary CT images using a 

location-attention classification model.14 The study collected a total of 618 CT samples, 

including 219 from 110 patients with COVID-19, 224 from 224 patients with Influenza-A 

viral pneumonia and 175 healthy cases. In this proposed system, effective pulmonary regions 

were extracted firstly, then a 3D CNN model was used to segment multiple image cube 

candidates. Next a location-attention classification model based on ResNet is followed to 

categorize image patches to COVID-19, Influenza-A viral pneumonia or irrelevant-to-

infection. Each image patch from the same cube voted to represent the entire candidate region. 

Finally, the overall analysis report for one CT sample was calculated using the Noisy-or 

Bayesian function.  

 

Ying et al. designed a Details Relation Extraction Neural Network (DRE-Net) based on 

pretrained ResNet_50, on which the Feature Pyramid Network (FPN) was added to extract 

the top-K details in the CT images. An attention module is coupled to learn the importance of 

each detail. By using the FPN and attention modules, DRE-Net achieved better performance 

in pneumonia classification and diagnosis, compared to ResNet, DenseNet and VGG16.15  

 

In another way, Shan et al. introduced a VB-Net based deep learning framework with human-

in-the-loop (HITL) strategy for segmentation of COVID-19 infection regions from chest CT 

scans.16 The HITL strategy is adopted to assist radiologists to refine automatic annotation of 

each case. The system is trained using 249 COVID-19 patients, and validated using 300 new 

COVID-19 patients, yielding high accuracy for automatic infection region delineation. 

Moreover, compared with the cases of fully manual delineation that often takes hours, the 

proposed human-in-the-loop strategy can dramatically reduce the delineation time to several 

minutes after 3 iterations of model updating. 

 

In generally, most of listed highly cited works are based on ResNet to realize a patches 

classification, insufficient CT images are used to train deep learning models, which affects 



the generalization ability of the model. Notably, barely founded open-source codes and 

datasets of proposed deep learning methods limited the deeper understanding and 

improvement for the research community to help more patients in this special pandemic 

period. 

 

Besides, building a reliable deep learning model always have the challenging in requirement 

of vast amounts of data for training. Since the sudden happening and short research of 

COVID-19, only limited amount of lung CT images of COVID-19 are available and open 

source. This badly hindered the development and evaluation of deep learning model for 

COVID-19 detection. To relieve this predicament, Zhao et al. build an open-sourced dataset, 

which contains 349 COVID-19 CT images from 216 patients and 463 non-COVID-19 CTs. 

Those CT images of COVID-19 and non-COVID-19 are extracted and collected from 

publications and on line databases. Using this dataset, DenseNet-169 model was used for 

binary classification of COVID-19 or non-COVID-19, achieving an F1 of 0.85, an AUC of 

0.95, and an accuracy of 0.83.17 However, the scale of this dataset is not enough to train a 

reliable deep learning model. On the other hand, a huge amount of public lung CT images are 

accumulated because of the very well-study in lung cancer in past few years. These chest CT 

images are public and can be developed to aid the deep learning model training, especially 

paying more attention to the lesion-containing regions.  

 

Inspired by the work of deep learning in lung cancer, we try to leverage the rich label 

information and the large number of images from lung cancer datasets by incorporating them 

into developing deep learning model for COVID-19 detection. With the guidance this prior 

knowledge from radiologist that chest imaging showing extensive consolidation and ground-

glass opacity (GGO) in COVID-19 patients,18 the GGO pattern can be seen in Figure 1A. Our 

algorithm also utilizes labelled information from the lung cancer images. We propose a deep-

learning-based method to generate synthesized pneumonia CT images of COVID-19 from 

lung cancer, which might provide an alternative solution for the reliable COVID-19 

automatic diagnosis. Our previous work shows that a Cycle Generative Adversarial Network 

(CycleGAN) based deep learning method can transfer knowledge of expert for microscopic 

images recognition.19 CycleGAN is an unsupervised learning model for image-to-image 

translation, which learns the image style through the competitive strategies. CycleGAN is 

based on GAN,20 which is widely used in medical image processing, including reconstruction, 

classification, detection and segmentation.21,22,23,24 The mutual generation of unpaired images 



is an important feature for CycleGAN that is different from other GAN derivatives. Therefore, 

the CycleCAN is utilized in this paper to generate the chest CT images of COVID-19 

pneumonia by image-to-image translation, which learns the style and pattern of ground class 

image and applies this pattern to CT lung cancer images. In detail, the model learns the GGO 

knowledge from COVID-19 images allowing the lung nodule image with labelled 

information to adapt this feature. To evaluate the efficacy of generated COVID-19 dataset on 

automatically AI diagnosis, we test various deep learning models for classification and 

demonstrate its excellent performance in COVID-19 CT image analysis. 

 

Materials and Methods 

Dataset 

Publicly available CT images of COVID-19 pneumonia and lung cancer are used in this 

study (Figure 1A). This COVID-19 dataset includes a total of 349 COVID-19 CT images and 

397 Non-COVID-19 CT images. These CT images are extracted from 760 preprints reporting 

COVID-19 on medRxiv and bioRxiv. This dataset is used as priori knowledge domain to 

learn the ground-glass opacity (GGO) pattern in the CT image. And LUNA16 dataset (lung 

cancer dataset) is used in the experiment to synthesize COVID-19 images for detection. This 

LUNA16 contains 888 lung cancer CT scans from 888 patients with pulmonary nodules 

annotated. And 1186 patches, containing lung nodules, are segmented according to the 

annotations.25 For the further research, the codes and data sets that support the findings of this 

study are available on https://github.com/jiangdat/COVID-19. 

 

Generation of COVID-19 CT images from lung cancer based on style transfer 

We propose a dataset-driven deep learning strategy based on style transfer for generating 

COVID-19 CT images (Figure 1B). By using the large-scale lung cancer CT dataset with rich 

label information, the model learns the GGO style of COVID-19 to synthesize a COVID-19 

dataset using a CycleGAN model. The synthetic COVID-19 dataset with the location label of 

the infected area is used to train deep learning models for classification. In comparison, the 

real COVID-19 is also tested to verify and validate the generated COVID-19 images. 

 

An unpaired mapping-based approach is used for generating COVID-19 CT images. Usually, 

a chest CT slice image contains the entire lung structure, part of which is lesion or infected, 



and the rest are normal regions. Their sizes, positions and shapes vary significantly, thus this 

study applied the unpaired strategy. 

 

The architecture of COVID-19 generation in Figure 1C briefly illustrates that we use 

CycleGAN to generate COVID-19 CT images for training the COVID-19 detection and 

classification models. The CycleGAN framework can randomly learn a mapping between 

COVID-19 CT images and unpaired lung nodule CT images. In another words, the GGO 

styles is combined in COVID-19 pneumonia domain (C). And the deep learning is applied to 

take the advantages of annotations and data richness in lung nodule domain (N). Also, the 

adversarial loss and cycle consistency are used in a dual-GAN architecture to transfer 

between domain (C) and domain (N). This setup learns a reverse mapping from COVID-19 

images to lung nodule images. The detailed explanation is followed in below paragraphs. 

 

As shown in Figure 1C, our dual-GAN architecture consists of  two domains (COVID-19 

domain (C) and lung nodule domain (N)), and four networks including two generations (
C

G  

and 
N

G ) and two discriminators(
N

D  and 
C

D ). 
C

G  is from random COVID-19 to lung nodule 

CT image and 
N

G  is from lung nodule to COVID-19 CT image, 
N

D  and 
C

D  are 

corresponding to 
N

G  and 
 C
G

 
separately.  

 

As mentioned above, the loss of training is joint of adversarial loss 
GAN

L
 
and cycle 

consistency loss 
cyc

L , where the adversarial loss is applied in both generators. For the 

mapping function 
C

G : C N→  and its discriminator 
N

D , the adversarial loss is expressed as: 

( ) ( )( , ) [log ( )] [log(1- ( ( )))]
data dataGAN C N n p n N c p c N C

L G D E D n E D G c= +: :  

in which 
C

G  aims to generate lung nodule images ( )
C

G C  that are similar to real lung nodule 

images, while 
N

D  aims to distinguish the generated images ( )
C

G C  from real images. And 

( , )
GAN C N

L G D  is a binary cross entropy (BCE) loss of 
N

D  in classifying real or fake. 
N

D  and 

C
G  play a min-max game to maximize and minimize this loss term respectively. And for the 

reverse N C→ generation with a similar objective, its adversarial loss can be denoted as: 

( ) ( )( , ) [log ( )] [log(1- ( ( )))]
data dataGAN N C c p c C n p n C N

L G D E D C E D G N= +: :  



The cycle consistency loss 
cycL  term ensures that the forward and back translations between 

the COVID-19 images and lung nodule images are lossless and cycle consistent, i.e., 

C( ( ))
N

G G C C
 
(forward) and 

N( ( ))
C

G G N N
 
(backwards). 

cycL  is defined as below: 

( ) C ( )1 1
( , ) [ ( ( )) ] [ ( ( )) ]

data datacyc C N C c p c N N n p n C NL G G E G G C C E G G N N = − + −: :  

where C
  and N

  control the relative importance of the two objectives, and the full objective 

for synthetic data generation can thus be written as: 

, ,

arg min arg max[ ( , ) ( , ) ( , )
C N C N

GAN C N GAN N N cyc C N
G G D D

L G D L G D L G G+ +
 

During the training, the deep network iterates and optimizes the parameters based on the 

above objective to obtain a reliable COVID-19 synthesizer. 

 

Deep learning-guided classifiers for COVID-19 CT images 

In this study, the data and knowledge-driven high-precision classifiers to distinguish between 

COVID-19 and NonCOVID-19 are established and compared which takes the advantages of 

larger-size synthetic COVID-19 CT images dataset. To evaluate the generated COVID-19 

dataset, some of best performing CNNs, including VGG, ResNet, Inception and DenseNet, 

are deployed in the classification experiments. 

 

VGG 

VGG is a deep convolutional neural network proposed by Oxford University and Google 

DeepMind.26 Compared with the earlier network, it has a smaller size convolution kernel 

( 3 3 ) and pooling layer ( 2 2 ). In addition, it has more layers and a wider feature map 

which facilitates feature extraction. In the test phase, three full connections were replaced 

with three convolutions. 

 

ResNet 

Compared with the previous deep networks like VGG, ResNet solved the gradient dispersion 

or gradient explosion problem in the process of deepening the network.27 It proposed a model 

of combination of multiple residual blocks to deep the network for a better performance. The 

strategy of residual block achieves the fusion of multi-level features, which greatly improves 

the classification accuracy. In residual learning, the output of the network is:  

2( )l l
y g z a

+= +
 



Where 
2l

z
+

 represents the output of the layer 2l +  linear activation function, it can be 

denoted as follows:
 

2 2 1 2l l l l
z W a b

+ + + += +  

 

Inception Network 

Inception Network was proposed to solve the overfitting and gradient disappearance 

problem.28 It utilized the multiple different-size convolution kernels to capture receptive 

fields of different sizes. And a bottleneck layer (1x1 convolution) is used to reduce the 

amount of calculation. The improved version Inception_v3 has made considerable progress in 

classification speed and accuracy. In addition, another subsequent improved version, 

Inception_ResNet_v2, was also proposed as a high-performance classification model, its core 

idea is to merge the jump connection in ResNet into the Inception Network to further 

improve the performance of the network.29 This model is also used in classification 

experiments. 

 

DenseNet 

The basic idea of DenseNet is the same as ResNet, however, it established a dense connection 

between all the front and back layer. This network reuses features by connecting the features 

on channels and each layer will accept all previous layers as its additional input. The process 

can be defined as: 

0 1 1([ , ,..., ])l

l
x H x x x −=  

Where l  is the number of layers, and ( )H   is a non-linear transformer, it is a combined 

operation, which includes a series of BN (Batch Normalization), ReLU, Pooling and Conv. In 

this study, DenseNet is considered as an improved CNN model (compared with ResNet) 

applied in the experiments.30  

 

Training and performance evaluation 

 

The implementation of all networks is deployed on the TensorFlow framework in Ubuntu 

16.04.31 And the training hardware configure is one Tesla K40C GPU and 128-GB memory. 

During training COVID-19 synthesizer, we generally follow the settings in original 

CycleGAN: the general data pre-processing (Augmentation + Resize) is applied.19 In order to 

get a more generalized model, data augmentation is used in our data processing including 



scaling, flipping, cropping, and rotating, and the two input datasets are expanded to 3000 

images. And then, all images are resized to 256×256 as input of the network. The network is 

optimized by Adam with batch size of 4, and the learning rate is set as -42 10 .32 

 

To measure the performance of classification, accuracy and F1 score are presented as the 

metrics. F1 is a measure of a test's accuracy. It considers both the Precision and the Recall of 

the test to compute the score. It is defined as: 

1

2
2

2

P R TP
F

P R TP FP FN


= =

+ + +  

 

Where P , R  are Precision and Recall, TP , FP ,  FN  are True Positive, False Positive and 

False Negative. 

 

Additionally, the ROC (Receiver Operating Characteristic) curve is also plotted to show the 

performance of each model. The vertical axis of the ROC curve is True Positive Rate (TPR), 

and the horizontal axis is False Positive Rate (FPR), and AUC (Area Under Curve) is defined 

as the area under the ROC curve and the coordinate axis, the ROC curve is connected by 

1 2 2 2{( , ), ( , ), , ( , )}
m m

x y x y x y… , AUC is expressed as: 

1

1 11

1
( ) ( )

2

m

i i i ii
AUC x x y y

−

+ +=
= −  +  

ROC curve and AUC are used to evaluate the performance of the model. 

 

Results  

Generation of synthetic COVID-19 CT images from lung cancer 

To construct COVID-19 synthetic images, style transfer strategy is applied to transfer the 

GGO features of COVID-19 into the lung cancer CT image. And a GAN-based deep learning 

model is trained to achieve an optimal result. The training dataset contains 349 COVID-19 

and 1186 lung cancer CT images. Each image patch has a size of 512 512  pixels, and the 

raw input lung cancer CT images to the network are collected from LUAN16. The results of 

the network are compared against the ground truth (real COVID-19 images). An example of 

the network input image is shown in Figure 2A, where the generated CT images of COVID-

19 have GGO pattern similar to ground truth, but also with annotations of nodule regions. 

Figure 2B, C show some zoomed-in regions of interest (ROIs) revealing further details of 

GGO pattern. A pretrained CycleGAN based deep neural network is applied to these input 

images (lung cancer and COVID-19), and the output is the GGO pattern enabled COVID-19 



CT images with annotations, where GGO features of COVID-19 are clearly resolved. The 

model provides a very good agreement with the ground truth images (COVID-19) shown in 

Figure 2C. Moreover, the generated image shows more GGO patterns compared to the 

ground truth image. This result is in line with the fact that the generated whole COVID-19 

images containing GOO patterns, therefore generates more GOO pattern regions besides only 

lung nodule region. This factor does not affect the further networks evaluation for COVID-19 

analysis as much, because the real COVID-19 CT image to the network is similar to this with 

a much boarder infected GOO region. Note that all the network output images shown in this 

article are blindly generated by the deep network, that is, the input images are not previously 

seen by the network. 

 

Classification performance on synthetic COVID-19 CT images 

In this study, the deep learning-based COVID-19 classification methods are evaluated on this 

newly synthesized COVID-19 CT image dataset. Specifically, VGG16, ResNet-50, 

Inception_ResNet_v2, Inception_v3, and DenseNet-169 models are trained in the generated 

dataset, which is consisted of 1000 synthesized COVID-19 like CT images and 1000 non-

COVID-19 CT images. To compare, various classification models are trained on the 

synthetic COVID-19, and tested with synthetic COVID-19 dataset and real COVID-19 

dataset and the two test sets are named as Synthetic Test and Real Test respectively. Here, the 

synthetic COVID-19 dataset contains 300 generative COVID-19 images and 300 non-

COVID-19 images. While, the real COVID-19 dataset includes 300 real COVID-19 images 

and 300 non-COVID-19 images. The performance metrices of above mentioned 5 

classification models, including accuracy, precision, recall and F1 score, are summarized in 

Table 2. And the ROC curves are also plotted in Figure 3 to help the performance evaluation. 

 

According to the results (Table 2), all models achieve the excellent results (all the average 

metrices are greater than 90%), which means that the reliable model for diagnosing COVID-

19 can be trained by the synthesized dataset. In the Synthetic Test, the general performance is 

slightly better than the Real Test: the average accuracy is around 96% and the average 

precision even over 99%. This is an acceptable phenomenon because the models are trained 

by the synthetic data and the synthetic test data has more similarity with the train data. For 

the Real Test, all average metrices are over the 90%, which reflects that the classification 

models still can recognize COVID-19 cases, even though the models are only trained by 

generated data without one real COVID-19 images. The Real Test has achieved a 95.80% 

average accuracy and 94.62% F1 score which are very closed to Synthetic Test. This result is 

already better than the performances reported by other AI-based diagnosis methods.  



 

In detail, the simplest VGG16 model has relatively worse performance in synthetic set and 

ResNet_50 in the real set, but their F1 score are still over 90%. This may be in result of its 

shallower structure as the basic model. Furthermore, the DenseNet model has showed the 

great capacity in the COVID-19 recognition in both Real and Synthetic Tests. It has obtained 

approximate 98% accuracy in Real Test, which can be totally believed in real-world 

application. 

 

From the Figure 3, the ROC curves generally show the coincident result with numeric metrics. 

The DenseNet has the largest AUC area in both Synthetic and Real Tests. Besides, the AUC 

It can be summarized from the AUC results of the two test sets that we synthesized a large-

scale and high-quality COVID-19 dataset and constructed a reliable COVID-19 automated 

diagnostic model. 

 

This experiment demonstrates that CycleGAN-synthesized COVID-19 CT images trained 

deep learning-based COVID-19 classification models are reliable approaches. Therefore, the 

generated dataset can be used to enlarge the data for deep learning training in the COVID-19 

classification. Instead of collecting large clinically relevant data, a small amount real data is 

enough to build a large synthesize COVID-19 chest CT images dataset for the deep learning 

to realize the diagnosis. This shows the potentials to solve the biomedical data-lacking 

problem in many deep learning trainings. The further research can focus on the fine tuning 

the classification model by a mixture dataset, including small amount real data and large 

amount synthetic data, to improve the diagnosis performance further. 

 

Conclusions  

This work illustrates the feasibility of the synthetic data in solving the lack of data in deep 

learning-based COVID-19 analysis. Recent advances in deep learning-based COVID-19 

analysis are systematically reviewed, including the CT-images based classification, detection, 

and segmentation. These earlier researches reveal that one of the most important factors, 

hindering the advancement of deep learning in COVID-19 analysis, is lacking a large number 

of clinical COVID-19 CT images. The more data used in training the networks, the more 

reliable deep learning model can be obtained. Thus, big dataset preparation is fatal in 

intelligent automatic diagnosis implementation in COVID-19. Using the strategy of 

CycleGAN style learning, this study establishes a public COVID-19 CT image dataset from 

lung cancer CT image, comprising 1186 synthetic COVID-19 CT images. The combination 

of those converted CT images with additional annotations and labels turns the dataset into a 



rich resource for the development and the evaluation of deep learning algorithms for COVID-

19 CT image analysis. 

 

By using this generated COVID-19 CT dataset, five widely used deep learning models, 

including VGG16, ResNet-50, Inception_ResNet_v2, Inception_v3, and DenseNet-169 are 

trained, and their performances are compared with the synthetic or real COVID-19 CT 

images. All models achieve the excellent results with over than 90% classification accuracy 

in both synthetic and real dataset. Although the classification models have never been learned 

on the real COVID-19 CT images, synthetic and real test set have similar results, which 

demonstrate they have similar features and the real COVID-19 can be replaced by our 

generated dataset.  Among those models, DenseNet_169 model achieve best performance 

with all the metrices beyond 97% in both test datasets, which is much better than previously 

reported deep learning-based classification models. This also proves that the GGO 

characteristics can be learned very well in CycleGAN model. 

 

Besides, CycleGAN-based image convert model learns the characteristics of the entire lung 

and generates a large infection area with GGO pattern. Although this is unexpectable, the 

phenomenon has not affected the results in evaluation of deep learning models for 

classification. Nevertheless, the further research is worth to conduct in order to identify the 

clinically relevant regions while ignoring the unrelated ones. One possible improvement is to 

establish attention and localization-based conversion models for lesion regions. 

 

In summary, recent progresses in deep learning for COVID-19 chest CT image analysis are 

reviewed and compared. To address the major obstacles of current deep learning in COVID-

19 CT image analysis, CycleGAN is utilized to generate a public COVID-19 CT image 

dataset from lung cancer.  The proposed model can synthesize large amount of COVID-19 

data from a small amount of publicly available data, which can assist the development of 

deep learning-based COVID-19 diagnostic method. The lesson learned from the work of deep 

learning in lung cancer will reduce data curation and model development time dramatically 

for COVID-19, by relieving the shortness of high-quality labelled data and well-established 

model. 
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Tables and Figures  

 

Table 1. Summary of top cited studies of deep learning-based COVID-19 analysis. 

 

 

Ref Backbone Task Dataset Results 
12 U-Net Segmentation  6,150 CT slices of cases with lung 

abnormalities and their corresponding lung 

masks 

AUC of 

0.996, 

sensitivity of 

98.2%, and 

specificity of 

92.2% 

ResNet50 Classification 50 abnormal thoracic CT scans (slice 

thickness, {5,7,8,9,10}mm) of patients that 

were diagnosed by a radiologist as 

suspicious for COVID-19. Cases were 

annotated for each slice as normal 

(n=1036) vs abnormal (n=829) 
13 U-Net Classification 4356 3D chest CT exams from 3,322 

patients, consisting of 1,296 COVID-19, 

1,735 community-acquired pneumonia 

(CAP), 1,325 non-pneumonia 

AUC of 0.96, 

sensitivity of 

90%, and 

specificity of 

96% 

ResNet50 

14 Location-

attention 

ResNet 

 

Classification 618 CT samples (219 COVID-19, 224 

Influenza-A-viral-pneumonia, and 175 

healthy case). 

11,871 image patches (2,634 COVID-19, 

2,661 Influenza-A viral pneumonia, and 

6,576 healthy case).  

Accuracy of 

86.7% 

15 Details 

Relation 

Extraction 

neural 

network 

(DRE-Net) 

based on 

ResNet50 

Classification 88 COVID-19 patients with 777 CT 

images, 100 bacterial pneumonia patients 

with 505 slices, and 86 healthy people with 

708 slices.  

AUC of 0.99 

and recall 

(sensitivity) 

of 0.93 

16 VB-Net 

with 

human-in-

the-loop 

(HITL) 

strategy 

 

Segmentation 300 CT images from 300 COVID-19 

patients were collected for validation. 249 

CT images of 249 COVID-19 patients were 

collected from other centers for training. 

 

Accuracy 

(Dice 

similarity 

coefficients 

between 

automatic 

and manual 

segmentation

s): 

91.6%±10.0

% 
17 DenseNet-

169 

 

Classification The 349 CT images of COVID-19 are 

extracted from 760 preprints about 

COVID-19 from medRxiv and bioRxiv.  

463 non-COVID-19 CT images were 

collected, consisting of 36 from LUNA, 

195 from MedPix, 202 from PMC, and 30 

from Radiopaedia.  

F1 of 0.85, 

AUC of 0.95, 

and accuracy 

of 0.83. 

 

 



Table 2. Test result of different classification models on real and synthetic COVID-19 

CT images. 
 

Model 
Synthetic Test Real Test 

Accuracy Recall Precision F1 Accuracy Recall Precision F1 

VGG16 94.19  88.15  100.00  93.70  94.80  88.15  98.52  93.05  

ResNet_50 94.83  89.47  100.00  94.44  94.10  89.47  95.32  92.30  

Inception_v3 96.55  96.05  96.90  96.47  95.32  96.05  92.40  94.19  

Inception_ResNet_v2 95.91  91.67  100.00  95.65  96.70  91.67  100.00  95.65  

DenseNet_169 98.92  97.80  100.00  98.89  98.09  97.80  97.37  97.92  

Average 96.08  92.63  99.38  95.83  95.80  92.63  96.72  94.62  

 

 

 



 

Figure 1. Overview of CycleGAN-base deep learning for COVID-19. (A) Representative 

chest CT images. Publicly available COVID-19 pneumonia images have infected areas with 

GGO pattern, and images of lung cancer with distinct nodules source from LUNA16.  (B) 

COVID-19 analysis model based on style transfer. The COVID-19 dataset synthesized from 

lung cancer images is used to train classifiers, and synthesized or real COVID-19 chest CT 

images are used for testing. (C) A graphical illustration of CycleGAN based deep learning for 



COVID-19 CT image construction. This structure is divided into two symmetrical parts, for 

domain C, Generator C tries to transform the GGO style of COVID-19 into the nodule style 

of lung cancer. The Discriminator C is used to compare the real COVID-19 with fake 

COVID-19 learned from domain N. Cycle loss is used for supervising the continuity of the 

input and the image circulated after two generations. 

 

 

 

 

 

Figure 2. Deep-learning enabled CT image transformation from lung cancer to COVID-

19. (A) Input lung cancer CT image. (B) Reconstructed image obtained using the CycleGAN 

based deep learning method. (C) Input COVID-19 CT image. Zoomed-in regions of lesion in 

COVID-19 and lung cancer, highlighting the success of generation of GOO pattern. 

Experiments are repeated through the whole lung cancer dataset, achieving similar results. 

 

 

 

 

 

 

 



 

 

Figure 3. ROC curves of five classification models on real or synthetic dataset. The lines 

colored by red, green, blue, yellow, pink are the ROC curves of DenseNet_169, 

Inception_ResNet_v2, Inception_v3, ResNet_50 and VGG16 respectively. 
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Figure 1

Overview of CycleGAN-base deep learning for COVID-19. (A) Representative chest CT images. Publicly
available COVID-19 pneumonia images have infected areas with GGO pattern, and images of lung cancer
with distinct nodules source from LUNA16. (B) COVID-19 analysis model based on style transfer. The



COVID-19 dataset synthesized from lung cancer images is used to train classi�ers, and synthesized or
real COVID-19 chest CT images are used for testing. (C) A graphical illustration of CycleGAN based deep
learning for COVID-19 CT image construction. This structure is divided into two symmetrical parts, for
domain C, Generator C tries to transform the GGO style of COVID-19 into the nodule style of lung cancer.
The Discriminator C is used to compare the real COVID-19 with fake COVID-19 learned from domain N.
Cycle loss is used for supervising the continuity of the input and the image circulated after two
generations.

Figure 2

Deep-learning enabled CT image transformation from lung cancer to COVID-19. (A) Input lung cancer CT
image. (B) Reconstructed image obtained using the CycleGAN based deep learning method. (C) Input
COVID-19 CT image. Zoomed-in regions of lesion in COVID-19 and lung cancer, highlighting the success
of generation of GOO pattern. Experiments are repeated through the whole lung cancer dataset, achieving
similar results.

Figure 3



ROC curves of �ve classi�cation models on real or synthetic dataset. The lines colored by red, green, blue,
yellow, pink are the ROC curves of DenseNet_169, Inception_ResNet_v2, Inception_v3, ResNet_50 and
VGG16 respectively.


