Replies to critical reviews

Critical review from team 10:

The presentation mentioned that for ResNet50 and Inception_V3 architecture, the models fail to achieve high
classification accuracy. You mentioned the possible reason might be the dataset is not large enough to support
such comprehensive.

Our response: We used some methods such as flip to do the data augmentation. But since the chest x-ray
images are generated under a specific requirement of position and the patient’s situation, we think that only by
general data augmentation methods such as rotating the images etc. might not be so helpful and meaning for
this specific input data. We would try to realize the complicated models when we get more data from COVID-19

soon since it is still updating these days.

Critical review from team 26:
It is interesting to note that the validation accuracy of the ResNet18 model is coming higher than the training

accuracy throughout the sample

Our response: If the distribution of the training set and the test set is not uniform, the model might correctly
capture the internal distribution pattern of the data, which may cause the internal variance of the training set to
be greater than the validation set, and cause a greater error in the training set. We'll try to better divide our

dataset when we get more data from COVID-19.

Critical review from team 32:
It's kind of hard to get the big picture of the work for someone without a biology background. | could understand
why they wanted to use ML and how they used ML, but not the subject they are talking about. But | guess that

this is not the point of the course?

Our response: Our project basically is to classify patients’ chest x-ray images and tell whether they have

pneumonia or COVID-19. We'll try to explain more clearly about the project subject next time.
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ABSTRACT

Due to the outbreak of Covid-19 and the possible shortage of
test kits, an alternative method for rapid and accurate diagno-
sis is needed. Chest X-ray is a direct and useful method for di-
agnosing pneumonia and other lung diseases. In this project,
we try to use deep learning method and chest x-ray dataset
to train a classifier to help diagnose Covid-19 and compare
the performance of different models. The result shows with
proper model, using deep learning method can achieve good
accuracy.

Index Terms— deep learning, convolutional neural net-
work, Covid-19, computer aided diagnosis

1. INTRODUCTION

The coronavirus has affected more than 6.3 million people
globally, with the U.S. experiencing the most Covid-19 cases
at over 1.8 million so far. The rapid spread of Covid-19 poses
serious threats to the public health and economies of nations.
The mainly used method to diagnose Covid-19 is to use RT-
PCR test and Antibody test. But as is known many countries
have faced shortage of test kit when it outbreaked. So we
believe it is important to have an alternative method for rapid
and accurate diagnosis of patients with Covid-19.

Chest X-ray is a direct and useful method for diagnosing
pneumonia and other lung diseases. In January, a Chinese
team published a paper reporting the epidemiological, clini-
cal, laboratory, and radiological characteristics and treatment
and clinical outcomes of these patients. [1]. The typical find-
ings of chest CT images of ICU patients on admission were
bilateral multiple lobular and subsegmental areas of consol-
idation.The representative chest CT findings of non-ICU pa-
tients showed bilateral groundglass opacity and subsegmental
areas of consolidation.Later chest CT images showed bilat-
eral ground-glass opacity, whereas the consolidation had been
resolved. All the patients present abnormalities in chest CT
images [1].

But traditionally, even for an experienced doctor on ra-
diology, it take time and effort to analyze the images, which

makes it not efficient enough given the rapid spread of Covid-
19 and limited hospital resources.

Using machine learning method to help detect abnormali-
ties has been investigated. So in this project we try to use deep
learning method and chest x-ray dataset to train a classifier to
help diagnose Covid-19.

1.1. Convolutional neural network

Due to the development of deep learning (DL), many fields
are trying to use DL methods to solve tasks [2]. Convolu-
tional Neural Networks (CNNG5) is a widely used deep learn-
ing algorithms and the most prominent category of neural
networks[3]. It has a multi-layer neural network architecture.
Bascially it contains convolutional layer(s) pursued by fully
connected layer(s) and subsampling layers may or may not
exist. Using the convolution layer and filters, CNN can ob-
tain the features of input data and meanwhile reducing the
number of parameters. This makes it perform good espicially
on high dimensional data, like images and videos[3].

1.2. Chest X-Ray Projection

The chest x-ray is anecdotally thought to be the most frequently-
performed radiological investigation globally. There are sev-
eral different projection methods, including: a) PA Views,
which is the standard frontal chest projection and also the
best general radiographic technique to examine the lungs.
The x-ray beam traverses the patient from posterior to ante-
rior and patients must be able to stand during the projection,
b)AP Views, which is an alternative frontal projection to the
PA projection with the beam traversing the patient from ante-
rior to posterior. It is more convenient for sick patients who
will not be able to stand since it can be performed with the
patient sitting up on the bed, but has worse visualization. And
there’s also supine AP views which is used for patients who
are not able to sit up.[4]

2. RELATED WORK

Although Covid-19 is new to us. There are already some
works on computer aided diagnosis using machine learning.



Fig. 1. Different Projection Methods for Chest X-Ray Im-
ages(a) PA Views (b) AP Views (c) Supine AP Views.

Many works using deep learning on medical image tasks has
proved to achieve good performance, including skin canver
classification [5], diabetic retinopathy detection [6] and so on.

For using machine learning on chest X-ray images,
[7]applied the general image feature extraction method using
quasi-Gabor filter on the radiographs then use a k-NN classi-
fier to detect abnormal texture in chest X-rays. [8] segments
image and uses Local binary pattern (LBP) features to classify
normal and pathology on chest X-rays. [9] employed a cas-
cade of CNN and RNN to classify abnormalities. CheXNet
in [10] builds a 121-layer CNN to classify among 14 diseases
using chest xrays. It is trained on ChestX-ray14, chest Xray
dataset containing over 100,000 frontal view X-ray images
with 14 diseases.

3. DATASETS AND FEATURES

3.1. Datasets

In our project, we aim at classifying chest X-ray images from
different kinds of cases, which are normal, pheumonia and
COVID-19. Thus we collected data from two different existed
datasets and merged them.

The first dataset we choose is the chest x-ray dataset from
Kaggle, which contains thousands of images for both nor-
mal and pheumonia cases. And the second one we use is a
new dataset about covid19 chest x-ray images, which con-
tains 182 images of confirmed covid19 cases of PA Views. In
this project, since all of the chest x-ray images from Kaggle
are of PA views, so in the COVID-19 dataset, we filtered out
all of the images of other projection methods to ensure that
our input data of the training process is of the same type and
thus better classification precision.

Our task is to classify these images into the right classes.
We firstly do the binary classification to classify if it’s a nor-
mal case or not(pheumonia and COVID-19). In this part,
since we have large amount of data from Kaggle, we sam-
pled 1500 images from both classes and merged images of
pheomonia with all 182 images from COVID-19. Thus, our
dataset is of 3182 images for binary classification. Then to
further classify images from pheomonia and COVID19, we
did the multiple classification too. Since the size of COVID-
19 dataset is currently relatively small, in order to keep the
balance of data for these three classes, we reduce the images

for both normal and pheomonia classes to 500 images, so our
dataset is of 1182 images for multiple classification.

3.2. Features

Since all of our data are images. To further be used as input of
CNNs, we resized them to size of 224%224. And we further
randomly flip the images to realize general data augmentation
and normalized them to [0.485, 0.456, 0.406] as the input fea-
tures for CNNss.

4. METHODS

We have used several famous and effective models which
achieve very good performance in other situation. More
specifically, we used VGG16, ResNet18, ResNet50 and In-
ception_V3 as our network to be trained to diagnosis with
chest X-ray.

4.1. VGG16

VGG is a convolutional neural network model proposed
by Simonyan and Zisserman in the document ”Very Deep
Convolutional Networks for Large Scale Image Recogni-
tion”, whose name comes from the abbreviation of the Visual
Geometry Group of Oxford University where the author is
located. The model participated in the 2014 ImageNet image
classification and positioning challenge and achieved excel-
lent results: it ranked second in the classification task and
ranked first in the positioning task. The fig.2 shows the six
structural configurations of VGG: In the figure above, each
column corresponds to a structural configuration. The green
part in the figure indicates the structure adopted by VGG16.
We conducted a specific analysis of VGG16 and found that
VGG16 contains a total of 13 convolutional layers, 3 fully
connected layers and 5 pool layers. VGG has the following
features: (1) All convolutional layers use 3*3 convolution
kernels. (2) The model is composed of a stack of convolu-
tional layers and pooling layers, and it is relatively easy to
form a deep network structure. (3) The convolutional layers
and pooling layers form a block structure. Each block con-
tains several convolutional layers and a pooling layer. VGG16
has a very simple network structure but will consume more
computing resources.

4.2. ResNetl8 & ResNet50

Within a certain range, increasing the depth of the network
will improve the accuracy of the network. However, when
the network depth is too large, there will be a degradation
problem, that is, as the depth increases, the performance of
the network will become worse and worse, directly reflected
in the accuracy of the training set will decline. The ResNet
network solves this problem, and after the problem is solved,
the depth of the network has increased by several orders of
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Fig. 2. Structure of VGG Network[11]

magnitude.The core of ResNet is the residual learning mod-
ule. The structure of this module is shown in the Fig.3. The
residual module can make the network in the forward process,
when the output of the shallow layer has been optimized, so
that the layers behind the deep network can achieve the role of
identity mapping. In addition, the redidual module will sig-
nificantly reduce the value of the parameters in the module, so
that the parameters in the network have a more sensitive re-
sponse to the value of the reverse conduction loss. Although
the problem of return loss is not fundamentally solved, the
parameter Decreasing, relatively speaking, increases the ef-
fect of return loss, and also produces a certain regularization
effect. The configuration pf ResNet network is shown in the
Fig.4.
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Figure 2. Residual learning: a building block.

Fig. 3. Structure of Residual Module[12]
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Fig. 4. Structure of ResNet Network[12]
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4.3. Inception_V3

After 2014, the increase in model size became the main
research method to improve model performance (VGG,
GoogLeNet). Although VGG has achieved good perfor-
mance, it is too computationally intensive; GoogLeNet’s
Inception architecture can achieve very good performance
under strict constraints on memory and computational bud-
get. In addition, GoogLeNet has only 5 million parameters
(1/12 AlexNet parameter amount). The parameter amount of
VGG is 3 times that of AlexNet. Inception is less compu-
tationally intensive than VGG, but has higher performance.
This makes it possible to use Inception in the context of big
data or mobile environments.The design criteria of inception
is (1) to avoid representation bottlenecks, especially the layers
in front of the network. The representation is the activations,
and the size of the activations should gradually decrease.
(2) Higher-dimensional representations are easier to handle
and easier to train (converge). (3) Spatial aggregation on
the low-dimensional embedding space (Spatial aggregation)
hardly affects the representation ability. The explanation is
that there is a strong correlation between connected neurons,
and the information is redundant. (4) Balance of network
width and depth. The balance of the two can bring better
performance.

5. EXPERIMENTS & DISCUSSION

We have conducted two set of experiments with VGG16,
ResNet18, ResNet50 and Inception_V3 network mentioned
above. The experiments are binary classification task and
mutiple classification task. For binary classification task,
We try to tell whether the person had pneumonia from the
chest X-ray (COVID-19 and other pneumonia). For mul-
tiple classification task, We try to tell whether the person
had pneumonia from the chest X-ray and the specific type of
pneumonia(COVID-19 or other pneumonia). Our experiment
environment is UCSD datahub with python3, 1 GPU, 8§ CPU
and 16G RAM. The results of experiments are as follows:

5.1. VGG16

From the results in Fig.5, we an see that the performance of
VGG16 is pretty well. The classification correctness can be
more than 90%. And the loss is also very low.

5.2. ResNetl8

From the results in Fig.6 , we can see that the performance
of ResNetl8 is even better than VGG16. The classification
correctness can reach 95%, which is a great success.
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Fig. 5. Results of VGG16 experiments

Two Class Chest X-ray Classification Three Class Chest X-ray Classification

[ 0 2 EY EY EY [ 0 B
Epoch Epoch

Two Class Chest X-ray Classification Three Class Chest X-ray Classification

— train_loss — train_loss

val_loss 07 val loss

Fig. 6. Results of ResNet18 experiments

5.3. ResNet50

But for ResNet50, as Fig.7 showing, things are going bad. We
can see the validation_accuracy is very low and validation loss
is large while training result is opposite.
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Fig. 7. Results of ResNet50 experiments

5.4. Inception_V3

For Inception_V3, result in Fig.8, it is not very good and the
plots fluctuate very much. Clearly, overfitting occurs when
we use ResNet50 and Inception version3.
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Fig. 8. Results of Inception_V3 experiments

5.5. Discussion

From the results above, we can see that when using VGG16
and ResNet18, the classification accuracy can be more than
90%, which verifies the feasibility of distinguishing COVID-
19 and common pneumonia with deep learning. But when
using ResNet50 and Inception_V3, the results are bad. This
is because ResNet50 has 50 layers and Inception_V3 has 47
layers while our dataset is not large enough to support such
complicated models. So overfitting happens, then our classi-
fication tasks failed.

6. CONCLUSION & FUTURE WORK

In this project, we tried different CNN models to classify
chest x-ray images. Results of VGG16 and ResNet18 show
that CNN does well in classifying images. But when the mod-
els become more complicated, it will need more input data to
support the training or the result will be relatively worse. Our
future work is to find ways to extend our data, like collecting
more covid-19 chest x-ray data as it is still updating, to further
see how complicated models perform. And we want also tune
our parameters more carefully to get the best performance for
each model.
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