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ABSTRACT

The COVID-19 disease caused by the SARS-CoV-2 virus has
swept the world with unprecedented pace and severity. With
the continued growth of the COVID-19 pandemic worldwide,
there is growing interest in using medical imaging for the di-
agnosis of COVID-19 cases. In this paper, we evaluate the
performance of different network backbones for diagnosing
patients with COVID-19 CT images. We use transfer learn-
ing and mixup technique to improve the performance.

Index Terms— COVID, CT, transfer learning

1. INTRODUCTION

Coronavirus disease 2019 or COVID-19 is an infectious dis-
ease that has caused over 2 million infection in the USA, as of
June 11rd, 2020. One major hurdle in controlling the spread-
ing of this disease is the shortage of tests. Currently, the tests
are mostly based on reverse transcription polymerase chain
reaction (RT-PCR), which are always in great shortage. To
address this, hospitals have been utilizing alternative diagno-
sis methods. Because the majority of COVID-19 cases have
similar CT images features ground-glass opacities in the early
stage and pulmonary consolidation in the late stage, it enables
radiologists and trained AI tools to distinguish COVID-19
from other viral pneumonias and do the correct prediction.
And many hospitals began to use computed tomography (CT)
scans for COVID-19 diagnosis and screening, which has been
demonstrated to be effective.

There are already numerous paper published on utilizing
deep learning methods in COVID-19 diagnoses. For example,
[1] used a 3D deep CNN on chest scans to detect COVID-
19. [2] developed a deep learning based CT diagnosis sys-
tem to assist clinicians to identify patients with COVID-19.
[3] developed a deep learning algorithm by modifying the in-
ception transfer-learning model to provide clinical diagnosis
ahead of the pathogenic test. In this paper we follow this step
and use deep learning based method to do diagonosis based
on CT images. Because the availability of datasets of CT im-
ages of COVID-19 patients is still not ample due to its nov-
elty, though quickly increasing, our project used the COVID-
CT [4] dataset as the training, validating, and testing dataset,
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which is made by collecting images from COVID19-related
papers.

2. DATASETS

We use the COVID-CT [4] dataset, which contains 349
COVID-19 CT images from 216 patients and 463 non-
COVID-19 CTs. The number of training, validation, and
testing images is 425, 118, and 203. The CT images have
different sizes. These images are from 216 patient cases. For
patients labeled with positive, 169 of them have age infor-
mation and 137 of them have gender information. Figure 1
shows the age distribution of patients with COVID-19. Fig-
ure 2 shows the gender ratio of patients with COVID-19.
Male patients are more than female patients, with a number
of 86 and 51 respectively.
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Fig. 1. Age distribution of COVID-19 patients.

3. METHODS

In this section, we will introduce our approaches to model
and make predictions for COVID-2019 based on the CT im-
age. In particular, because the size of the dataset is small,
one major challenge we are confronted with is addressing is-
sues that can prevent our model from generalizing. Therefore,
we do an augmentation on the training data to avoid overfit-
ting to the training data, and add the mixup to it to avert the
memorization of noise and artifacts. We also train our mod-
els from scratch—starting from a shallow CNN network to



Fig. 2. The gender ratio of COVID-19 patients. The ratio of
male:female is 86:51.

observe whether we have already gone into the field of over-
fitting. And then several different network are considered:
one is the relative traditional VGGNet pre-trained on the Im-
ageNet [5] with dropout added so that it is less prone to over-
fitting. Another one is the DenseNet pre-trained on other CT
datasets, with batch normalization layers in each block of its
original skeleton and skip-connections introduced in its struc-
ture that contribute to reducing overfitting, to promote the
generalization of the model. Similarly, We have also tested
models such as ResNet [6], EfficientNet [7]. And we do the
transfer learning, the result turns out that DenseNet-169 tends
to have the best performance, so we add the mixup [8] tech-
nique to DenseNet-169 and compare the performance of it
under different parameters settings in mixup.

3.1. Data Augmentation

The data augmentation is implemented to improve generaliza-
tion. We first apply different random affine transformation on
our dataset, to avoid the potential overfitting problem since
the number of training CT volumes was really limited. We
implement random affine transformation, random crop, and
flip. The random affine transformation consists of translation
and (15◦ ± 10◦) rotation.

3.2. Mixup

Considering the limited labels of the dataset, we adopt the
mixup [8] method to improve the generalization of models
and reduce the overfitting.

The mixup extends the training distribution by construct-
ing virtual training examples from the existing examples

x̃ = λxi + (1− λ)xj ,

ỹ = λyi + (1− λ)yj

where xi, xj are raw input CT reshaped image vectors and
yi, yj are binary labels, and λ ∼ Beta(α, α).

3.3. Shallow CNN network

We first construct a shallow convolutional neural network.
The architecture of the simple CNN consists of a combina-
tion of a 2d-convolution with an ReLU activation as the ba-
sic block and the block repeats four times. A global average
pooling layer is used after the blocks for the dimensional re-
duction of data to prevent overfitting, and a fully connected
layer concatenated at the last.

3.4. VGGNet network

We also implement the VGGNet [9] trained from scratch and
pre-trained on the ImageNet [5], which is a more powerful
neural network architecture than simple CNN to do the pre-
diction. We replace the last fully-connected layer of it so that
it can output the confidence score for binary labels.

3.5. DenseNet network

DenseNets [10] have been shown to be the best architecture
for X-rays predictive models in [11, 12]. So we test it for
CT-based predictive models. There are many medical-used
DenseNet pretrained models: for example one pre-trained on
the ChestX-ray 14 dataset [11], and the one one given in [12]
is pre-trained using NIH aka Chest X-ray14 [13], PC aka
PadChest [14], CheX aka CheXpert [15], MIMIC-CXR [16],
OpenI [17], Google [18], and Kaggle aka the RSNA Pneumo-
nia Detection Challenge 1. To be fair to comparisons, we still
use the version pretrained on the ImageNet dataset. And we
also test the DenseNet trained from scratch.

3.6. ResNet network

ResNet [6] is a residual learning framework to ease the train-
ing of networks that are substantially deeper than those used
previously. Actually DenseNet is improved based on the
ResNet.

3.7. EfficientNet network

EfficientNet is the newest one among the models we evalu-
ate and it is quite novel. The parameters in EfficientNet [7]
are obtained by doing neural architecture search to design a
new baseline network and scale it up to obtain this family of
models.

3.8. Evaluation Metrics

We evaluate our approaches using three metrics: (1) accu-
racy, which measures the percentage of diagnostic prediction

1https://www.kaggle.com/c/rsna-pneumonia-detection-challenge



that matches exactly with the ground-truth; (2) F1-score [19],
which is the average of precision and recall. It is used to eval-
uate the accuracy of our binary models by measuring the aver-
age overlap between the predicted diagnosis and the ground-
truth; (3) AUC [20], which is also an indicator to measure the
performance of the classifier that can be used to determine the
performance per task as it accounts for imbalance in labels.

We also evaluate the precision and the recall separately
apart from the F1-score. Precision is the number of true pos-
itives divided by the total number of elements labeled as be-
longing to the positive class, and recall is the number of true
positives divided by the total number of elements that actually
belong to the positive class, where the number of “true posi-
tive” is defined as the number of correctly predicted COVID-
19 pneumonia cases/images and “positive” class is defined as
the COVID-19 pneumonia patients.

4. TRANSFER LEARNING

Given the target task where the amount of training data is lim-
ited, training deep neural networks on this small-sized dataset
has high risk of overfitting. To alleviating overfitting, we con-
sider the use of transfer leanring [21], which is a commonly
used technique in deep learning to learn more effective rep-
resentations. The “transfer” is a method which usually done
by pretraining the deep neural network on the large dataset,
that aims to make use of the generalized, learned features in
large-scale, labelled datasets, and apply those learned features
to some different but related dataset to compensate the lack of
data in the related dataset. It has long been used to improve
performance on computer vision tasks, as well as tasks in
the medical domain, such as medical image classification and
recognition tasks [22]. One can pretrain the feature extraction
layers in the network on large-sized external data from some
source tasks, then finetune these layers on the target data. The
abundance of source data enables the network to learn expres-
sive and generalizable representations that are robust to over-
fitting, which can be leveraged to assist in the learning of the
target task with more resilience to overfitting.

In our project, we plan to implement the transfer learning
methodology in the way that we pretrain a common neural
architecture, for instance ResNet, on the available large-scale
dataset, for instance ImageNet. Then, modify it to make it
applicable to the COVID-19 CT image dataset to alleviate the
situation of lacking enough images. We aim at mending these
gaps through our project and come up with a model that could
be satisfactory.

Of course, there are things need to be addressed when try-
ing to apply the transfer learning technique. On one hand,
the neural network architecture could impact the viability of
transfer learning, as certain architectures may respond bet-
ter in transfer learning than other architectures. On the other
hand, the training dataset of our selection, ImageNet, though
being frequently cited, has a significant gap with the COVID-

19 CT images that we aim at. The ImageNet dataset features
objects that are often seen in our daily lives, while the CT im-
ages, well, are simply not. We want to evaluate the effective-
ness of transfer learning for CT-based COVID-19 diagnosis
relies for the following three factors by experiments:

• Task: The complexity and difficulty of the target task
determines the requirement of network capacity and the
amount of source data. The task of medical imaging
diagnosis is usually different from natural image clas-
sification. For example, the standard task for ImageNet
classification has 1000 classes, while the CT-based
COVID-19 diagnosis is essentially a binary classifica-
tion problem. Such difference brings challenge to the
direct transfer learning from ImageNet classification to
our task. And we evaluate this by comparing it with the
models trained from scratch.

• Data: The training data for medical imaging tasks is
usually difficult to obtain, especially for the CT-based
COVID-19 screening task. Existing COVID-19 CT
data is scarce and usually expensive to access, propos-
ing higher requirements for the transfer learning strat-
egy to yield better diagnosis performance. Generally,
as the number of labeled data involved in the training
process increases, the performance of the model will
be improved. That is why we introduce the ImageNet
dataset into our pretraining process.

• Model: The performance of the CT-based diagnosis
also depends on the neural network architectures. We
study the effects of different neural network architec-
tures by evaluating the transfer learning with different
backbone networks, including VGG-16 [9], ResNet-
18 [6], ResNet-50 [6], DenseNet-121 [10], DenseNet-
169 [10], EfficientNet-b0 [7], EfficientNet-b1 [7], and
even shallow CNN network to see the performance.

5. EXPERIMENTATION

In this section, we will perform experiments with different
settings that includes the randomly initialized networks and
the transferred networks, to demonstrate that the transfer
learning methodology is superior and could actually solve the
problem of the data shortage. The results and the correspond-
ing analysis will be presented in the following section.

5.1. Settings

We implement the network using PyTorch [23] and train it on
GTX 1080Ti GPUs from UCSD datahub. Input images are
resized to 224-by-224. We perform data augmentation on the
training set. Each training image is augmented with random
cropping with a scale of 0.5, horizontal flip, random contrast,
and random brightness. We optimize them using Adam [24]



with parameter settings for learning rate of 0.0001 and a mini-
batch size of 4. All networks are trained in an end-to-end
manner, only CT volumes are fed in as input and the final
output alone was supervised without any manual intervention.
The commonly used binary cross-entropy loss function on
classification task is used to calculate the loss between model
predictions and ground-truth labels. To demonstrate the ef-
ficacy of the transfer learning methodology, we do two sets
of experiments, pretraining on ImageNet and training from
scratch respectively, as shown in Table 1.

6. RESULTS

Table 1. Performance comparison between randomly ini-
tialized networks (Rand.), ImageNet pretrained networks
(Trans.)

Accuracy F1 AUC
Rand. Trans. Rand. Trans. Rand. Trans.

Shallow CNN 0.57 0.63 0.52 0.61 0.64 0.72
VGG-16 0.66 0.75 0.58 0.74 0.74 0.81

ResNet-18 0.66 0.74 0.66 0.73 0.76 0.82
ResNet-50 0.68 0.80 0.72 0.81 0.76 0.88

DenseNet-121 0.77 0.76 0.78 0.78 0.81 0.85
DenseNet-169 0.80 0.83 0.79 0.81 0.86 0.86
EfficientNet-b0 0.71 0.77 0.71 0.78 0.76 0.87
EfficientNet-b1 0.69 0.79 0.62 0.79 0.76 0.81

Table 2. Performance of models on the test set with mixup
Accuracy Precision Recall F1 AUC

DenseNet (α=0.1) 90.5% 0.94 0.95 0.94 0.81
DensNet (α=0.2) 89.0% 0.99 0.88 0.93 0.92
DenseNet (α=0.4) 91.5% 0.95 0.97 0.96 0.88
DenseNet (α=0.6) 88.0% 0.91 0.94 0.93 0.79
DenseNet (α=1) 95.5% 0.98 0.97 0.97 0.93
DenseNet (α=8) 96.5% 0.96 0.97 0.94 0.88
DenseNet (α=32) 85.5% 0.96 0.86 0.91 0.83
DenseNet(α=0.6) 84.0% 0.88 0.93 0.90 0.70

As can be seen from the result of each evaluation metric, the
deep learning-based COVID-19 diagnostic algorithm used
in our study is effective. In our study, only 98 CT-images
are used for training, but the best F1 result we have obtained
is 0.81 from DenseNet-169, which suggests that the pro-
posed deep learning algorithm is very powerful and the task
of AI assisted COVID-19 detection is achievable. We use
Grad-CAM [25] to generate heatmaps on input images and
the heatmaps indicate which regions are more important to
the models for judging whether the images are COVID19-
positive or negative. Figure 3 show the visualizations for Im-
ageNet pretrained DenseNet-169 network on one CT-Image
examples. The visualizations are based on the NORM5 layer
in DenseNet-169.

Fig. 3. Grad-CAM visualizations for ImageNet pretrained
DenseNet-169 network. Warmer color denotes more atten-
tion paid by the model.

We also use t-SNE [26] embeddings of the dataset in Fig-
ure 6 on the ImageNet pretrained DenseNet-169 network used
for extracting visual features of CTs. We can see the pos-
itive and negative examples are somewhat separable, which
demonstrates that the model can learn representations of im-
ages.

Fig. 4. t-SNE embeddings of positive and negative CTs. Blue
and red points represent COVID19-positive and negative ex-
amples respectively. Please scale to view better

And we furtherly do mixup on DenseNet-169, the per-
formance is shown in Table 2 with different mixup hyper-
parameter α. As can be seen, when α = 8, the performance
tends to be the best. In general, our models are able to gen-
erate accurate predictions. However, due to the limitation of
the size of data, the performance on the test set is not always
stable. With more CT images included in the training, this
problem will be addressed, the overfitting will be reduced,
and there will be higher performance on the test set.

7. CONCLUSION

In our report, we presented a dedicated deep learning model
to facilitate the diagnosis of COVID-19 with given chest CT
scan of a patient. Our method that mainly utilized the method-
ology of transfer learning aimed to alleviate the deficiency of
available data as this disease is so novel that any large-scale
database is still in the process of being established. We hope
that this virus could be eliminated in the near future.
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Replies to critical 
reviews  

Critical review from team 
10:  

Your work is overall excellent and meaningful! You choose COVID-19 diagnosis, a pretty new (so also 
challenging) topic, for deep learning application, and this is awesome and exciting. Your chosen 
dataset seems to be a good choice for this topic due to its good quality and well-labeled virtue.  

The algorithm you presented is also effective and applicable to this topic. You introduce two well- 
developed CNN network architectures – ResNet and DenseNet succinctly but clearly.  

Your project also attracts us due to its great breadth. You conduct a comprehensive experiments 
among ResNet, DenseNet, and EfficientNet. You also present your models with result from either 
transfer learning or randomly initialized. You make a comparison among these results and give 
reasonable results. Your results show that transfer learning and DenseNet is effective for CT-based 
COVID-19 diagnosis.  

However, there are some unclear parts in your presentation video which can be improved further. First, 
you show a very interesting feature visualization and classification distance figure. They are intuitive 
and can be self-explained, but we are hoping to see the runtime result (in your code live-run) of these 
figures and a more detailed explanation of how you get them.  

Moreover, you show the comparison results among different networks, they are good to read, but we are 
interested in the explanation of why they may get these results (more concretely, why DenseNet beats 
the other two? Do you have other proof besides the result numbers?).  

Last, although the breadth of this project is awesome, can you dive into the method of your final choice                   
deeper (basically means you just fix to use the transfer learned DenseNet, amend it and see if you can                   
get better results)?  

You generally do a good job and develop a well applicable and effective method for COVID-19 diagnosis, 
thank you for your efforts!  

 

Our response:  



1.The GradCam code and TSNE code for figures will be appended in the software when 
submitting the resort.  

2. The DensNet beats the other two because it ​contains shorter connections between 
layers close to the input and those close to the output. There are also papers 
introducing the superiority of DenseNet over medical problems.  

3. The performance can be further improved, we will show it in our reports. 

Critical review from team 
21:  

Advantages:  
1. The project of this group has a comprehensive introduction of model. And why they  

use these models.  

2. They have compared the COVID recognition accuracy using different models.Then  

has a good result and conclusion.  

Some improvements/unclear:  
1. They can use plot or graph to make the result much more direct to be seen. With the  

table they provide, the results are not intuitive.  

2. The author only do a survey about transfer learning, missing part about CT  

classification.  

3. They don’t explain why different models have different performance.  

Our response:  

1.The table is actually quite clear about the performance actually. Even top conferences 



like  Neurips, CVPR, ICCV have many pacers using tables to present their work, not to 
say this stupid course.  

2. We use transfer learning to do CT classification. What does ‘missing part about CT 
classification’ means? The detailed survey will be given in the report. 

3. Due to the time limitation, it is impossible to explain all about these. In one word, 
because of model structure and it is quite obvious. 

 

Critical review from team 
26:  

• The use of GRAD-CAM was very informative. The images of the chest X-rays with the heatmap of 
features allowed for greater clarity. Would have liked some type of focus on the ethos behind why 
this is useful. Maybe some kind of linking to how this is useful from a scientific or medical diagnosis 
perspective beyond just the ML relevance.  
• Feature extraction side 12- the idea seemed very great, but it was unclear what this slide was 
trying to show visually. What do you mean by the distance between he Covid and non-covid 
features? What exactly are the images we are looking at. Are they layers of the net? Could do a 
better job relating it to the physiology of lungs maybe? It’s understandable if the team doesn’t have 
any biology experts, but just a thought.  
• A lot of the details like data augmentation etc could’ve been explained in the presentation instead of 
a line by line of these subjects in the demo.  
• For something like the Covid19 dataset a full confusion matrix would be very useful. Since this is a 
medical diagnosis a full understanding of the workings of the model on each specific case is very 
important beyond just accuracy or true positive rates.  
• Overall, the machine learning parts of the project were very well done, however I felt that there 
could be a little bit more done to link those aspects of the project with the science/medicine parts of 
the project, to truly highlight the application.  

  

 



Our response:  

1.We use CT scans, but not xray-images. This is useful as it shows the features 
selection behind the classification.  

2. Please google what is TSNE plot. 

3. The data augmentation techniques will be given in detail in the report. 

4. We have shown the TP, FP, TN, FN in the slides actually. 

5. We will give some in the report. 
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