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Abstract— Coronavirus disease 2019 (COVID-19) is a pan-
demic that is threatening the world. To indicate whether the
patient is infected by COVID-19 or not, medical imaging such
as computed tomography (CT) Scanning, X-Ray, plays an
important role. To further indicate the infection of COVID-
19, Artificial intelligence (AI) can help medical specialists to
classify and segment the appearance of COVID-19. In this
project report, we will cover the segmentation process pipeline
of medical imaging and analysis involved with COVID-19.

I. INTRODUCTION

Coronavirus disease (COVID-19) is a critical public health
emergency issue which is threatening the world from last
year. It is the biggest pandemic disease in the recent decade.
COVID-19 is caused by a new server acute respiratory
syndrome coronavirus 2 (SARS-CoV-2). The first case was
identified in Wuhan in December 2019, and it spreads around
the world at a rapid rate. The World Health Organization
(WHO) has stated that the pandemic starts in March 2020.
Until December 2020, 67 million cases have been confirmed
with around 1.54 million deaths in the world.™!

In traditional, the computed tomography (CT) plays a
critical role in observing disease. Medical specialists identify
whether the patient is infected by reading their CT scans. If
the characteristic of COVID-19 can be observed, it can help
to increase the accuracy of identifying infection of COVID-
19. This project aims to apply the imaging segmentation
method with artificial intelligence (AI) to the CT scans
of human lungs. With the help of imaging segmentation,
medical specialists will be able to identify and locate the
inflection situation. For a normal CT lung scanning, the lungs
should appear in black and clean; For a COVID CT lung
scanning, the lung should appear some gray patches and
ground-glass opacities, which only appears when the patient
is sick.[?

11. METHODOLOGY

The workload of medical specialists to give the judgment
whether the patient is infected by COVID-19 is heavy.
Therefore, applying imaging segmentation with Al deep
learning model to locate the infected tissue is one of the
ways to reduce the workload of medical specialists.

A. Environment Setup

The program for segmentation of CT scan is complied
with following setup®!:
¢ Operation System: Ubuntu 18.04
e Programming Language: Python 3.6

o Python package:
— miscnn 0.34
— numpy 1.18.2
— scikit-misc 0.1.1
— SimplelTK 1.0.0
— pandas 0.25.3
— plotnine 0.6.0
— tensorflow 2.2.1
- tqdm 4.35.0

B. Dataset

The dataset consists of 20 annotated COVID-19 CT lung
scans and publicly available from Zenodo [4. The CT images
is labelled by junior annotators at first, then fine-tuned
by radiologists with more than 5 years experience. The
annotations are finally verified by the senior radiologists.

The dataset consist of 4 classes:

« Background

o Left lung

o Right lung

e COVID-19 Infection

Fig. 1. Labelled CT scan of Lungs infected by COVID-19 (Left Lung —
Red, Right Lung — Yellow, Infected Area — Green)

C. Deep Learning Model

There are several deep learning architectures, for example,
Convolutional Neural Networks (CNN), Deep Belief Net-
works (DBN), Recurrent Neural Networks (RNN), etc. These
deep learning architectures are applied to different fields
including computer vision, voice recognition, data prediction,
etc. As this project aims to segment the COVID-19 infected



area in the CT scan, the Medical Image Segmentation
with Convolutional Neural Networks (MISCNN) model is
selected as the deep learning model. "]

CNN is one of the main deep learning architectures for
image classification and segmentation. It takes the input
data, processes, classifies, and segmenting the data under
certain labels. The CNN model is formed by the input layer,
hidden layers, and the output layer. Each input image will be
processed through the hidden layers and apply corresponding
activation functions to categorize the object with the proba-
bilities (between 0 and 1).[%

The hidden layers are combined with different layers,
such as multiple convolutional layers, pooling layers, fully
connected layers, and normalization layers. The purpose of
these layers are listed below:

o Convolutional Layer: It aims to extract the features in
the input image. The layers will obtain a convolved
map by applying different mathematical operations and
studying the features of the input image.

o Pooling Layer: It helps to reduce the number of param-
eters when the input image is too massive. This process
is called sub-sampling. This layer reduces the spatial
dimension but keeping the important information in the
image.

o Normalization Layer: It is used to increase the speed
and stabilize the artificial neural network by re-centering
and scaling the input layer.

o Fully Connected layer: It connects all the layers. The
principle of fully connected layer is the same as the
multi-layer perceptron neural network (MLP). The im-
age passes through the layer and it is classified with an
activation function.
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Fig. 2. MlIScnn Model Pipeline[3]

As the deep learning model needs to be implemented
with medical data, Medical Image Segmentation with Con-
volutional Neural Networks (MIScnn) is used to utilize the
Neuroimaging Informatics Technology Initiative (NIfTI) data
to develop the deep learning model.l”) As the medical image
contains 3D data (Z-axis), 3D U-Net has a better perfor-
mance compared to using 2D U-Net. The standard 3D U-Net
is used to encode and decode the image to label objects in CT
scans.[8] 1t has reserved the characteristic of 2D U-Net, which
are contracting path and expansive path. However, 3D U-Net
will perform an element-wise summation in which the 2D U-
Net will concatenate the feature maps.[®) The 3D U-Net uses
different 3D operations, such as 3D convolutions, 3D max

pooling, batch normalization (BN) in 3D up-convolutional
layers, to increase the speed of convergence.

D. Procedures

As the limited size of the dataset, the CT scans are varied
to increase the database. Also, the k-fold cross-validation
method is used in the model training process. In this project,
5-fold cross-validation is used, and the number of classes
of the CT scans is 4. The 20 CT scans are split in the 5-
fold cross-validation during the process of training the deep
learning model. The training and predicting the unlabelled
images are process in each fold.

E. Statistic Analysis

The result of the CT image segmentation is evaluated by
4 benchmarks:

o Dice Similarity Coefficient (DSC): It is a statistic that
shows the similarity of two labels. It compares the
labeled area of the ground truth image (denoted by T),
and the prediction image (denoted by P).!'% The higher
value implies the higher accuracy for the prediction
image. The equation is listed below!'!] :

2|T NP

T| +|P|
o Sensitivity: It measures the proportion of positives that
are correctly identified (i.e. the percentage of sick

people who are correctly identified and actually having
some illness).['2] The equation is listed below!!! :
|T N P|
2
7 (2)

o Specificity is the ability of a test to correctly identify
people without the disease.!'? There are 3 cases:

— True positive: The patient has the disease and the
test is positive.

— True negative: The patient does not have the disease
and the test is negative.

— False positive: The patient does not have the disease
and the test is positive.

The equation is listed below!'!] :

T 3)

o Accuracy: It is the index that shows the accuracy of
the prediction image compared to ground truth. The
equation is listed below!'!] :

TNP+|~TN~P
TOPl+- | W

(Where S = The size of the whole image)

Moreover, as the deep learning model is implemented with
k-fold cross-validation, it splits the training set into 5 subsets.
When one fold is tested in the model, other folds are used
as the training set in the model. The errors of the output in
each fold are evaluated by the following loss function:

o Tversky Loss (Tversky Index): It is the generalization of

Dice’s coefficient. It adds the weight to false positives



(FP) and false negatives (FN). The equations is listed

below![!1]
|T N P| (5)
ITNP|+«P—-T|+ 8T — P
(When o = 8 = 0.5, Tversky Loss is equal to Dice’s
coefficient)

o Soft Dice Loss: It is the difference function of DSC.
The range is between 0 and 1. The equation is listed
below[!1]
2|T N P|
71+ 1P|

I11. RESULTS

The MIScnn model is trained in Google CoLab. Google
CoLab provides free GPU support for training deep learning
model. The project model has been trained by 5-fold, each
fold is trained for 500 epochs with 500 iterations. The
training result is listed in the following section:

1 (6)

A. Training Result
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Fig. 4. Validation Loss of MIScnn
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Fig. 5. Tversky Loss of MIScnn

In figure 3, it shows the validation rate of the trained
MIScnn model. At epoch 200 the training set validation
accuracy is about 0.92, where the testing set validation
accuracy is also around 0.92. Both training and testing sets
are close, thus no overfitting was observed.

For figure 4 and 5, it shows the fitting curve during the
training process. The performance is settled at a loss of
around 0.383.

As the training result shows no signs of overfitting and
the validation accuracy is about 0.9. It has high efficiency in
training the MIScnn model with a limited dataset.

B. Data Score

index = score T background = lung_L = lung_R = infection =
coronacases_001 DsC 09989167189 095143868 09355691499 06291268221
coronacases_002 Dsc 09976268727 09746728436 0.8723960113 08088044233
corenacases_003 Dsc 09978762294 0.91978386829 0.9400405498  0.8900930757
coronacases_004 DsC 09978299508 09771784521 09873073138 07402623877
coronacases_005 Dsc 0997368418 09843618058 09829764565 08550023343
corenacases_008 DsC 09986786513  0.9364358944 09306692084 0.8511962648
corenacases_007 Dsc 09977458987 0.9687468979 09736739884 0.7933063338
coronacases_008 DsC 09985296308 0973033297 09715749885 08339351712
coranacases_009 Dsc 09983232485 0980962082 09694835143 07285354305
corenacases_010 Dsc 0998353132 0.9223728831 0.9416363913  0.8051043803
radiopaedia_10_85302_1 DsC 09974726519 09797347876 09740179239  0.842354301
radiopaedia_10_85%02_3 DsC 0998163339 09799051203 09706993616 0.8553118555
radiopaedia_14_85814_0 DsC 09787556098 0.7608056288 0.7309364997 0.5311049529
radiopaedia_27_56410_0 Dsc 09958390418 09396853548  0.934545652 0.6827568252
radiopaedia_29_86490_1 DsC 09981854524 08743897492 0957089031 0.00185238355
radiopaedia_29_86491_1 Dsc 09978153498 09817343062 09845226708 08639565801
radiopaedia_36_86526_0 Dsc 09976030102 0.9604875394 09720975820  0.637170583
radiopaedia_40_865625_0 DsC 09973245992 07089791363 (08035671873 08239760047

_4_85506_1 DsC 09964661314 08330461874 09355977241 05803657347
radiopaedia_7_85703_0 DsC 09979316316  0.9782011365 09355879327 0.8023814847)

Fig. 6. DSC of CT Scans

In figure 6, it is a table of the DSC of the 20 cases in the
dataset. DSC measures the similarity between the ground
truth and the prediction image. The larger the DSC value,
the higher the accuracy of predicted image segmentation
is.19 In the table, the DSC values of background, left lung,
right lung, and the COVID-19 infection area are around 0.6
to 0.9, which means that the overall prediction performance
of CT scans is quite well.



index = score T background = lung_L = lung_R = infection =
coronacases_001 Sens 0.8089735863 0.8726244401 0.8728930086 0.47706561471
coronacases_002 Sens 0.9972204214  0.9734102686  0.966270351 0.9377727464
coronacases_003 Sens 09985071337 08964603043 09465482175 08942973661
coronacases_004 Sens 08971818015 0979745917 08924895432 07455710682
coronacases_005 Sens 0.9971660778 0.9890976957 0.9863614445 0.8827255354)
coronacases_006 Sens 09985961257 09883585845 09219350424 0.8591195305)
coronacases_007 Sens 08970570456 08814529365 08701919392 08673789268
coronacases_008 Sens 0.8989758602  0.969349529 0.9750625472 0.7830841952
coronacases_009 Sens 0.9988210016  0.980559429 0.9628901908 0.6650615441
coronacases_010 Sens 09989825734  0.894999252 09413699876 08093574304
radiopaedia_10_85802_1 Sens 08989185744 09708843114 08607336331 08129608004
radiopaedia_10_85902_3 Sens 0.9979368817  0.9748039278 0.9818227247 0.8302337461
radiopaedia_14_85914_0 Sens 09965243235 07850137995 06200353479 03704381695
radiopaedia_27_86410_0 Sens 09972880318 098523812238 08121641731  0.652317415
radiopaedia_29_86490_1 Sens 0.8989794479 0.7897808516 0.8283108982 0.5134959325

1_29_86491_1 Sens 0.995748819 09934738209  0.982104125 0.8724947403
radiopaedia_36_86526_0 Sens 09991724057 09509206145 09658594226 06914556015
radiopaedia_40_86625_0 Sens 05986995801 07758411036 08187501582 07725817771
radiopaedia_4_85506_1 Sens 0.6981023062 0.8621938793 0.8701704512  0.418164701

_7_85703_0 Sens 09982716506 0.9845263116  0.9829397186 0.7020391939

Fig. 7. Sensitivity Score of CT Scans

In figure 7, it is a table of the sensitivity score of
the 20 cases in the dataset. Sensitivity score is used to
illustrate the proportion of true positive cases. The larger the
sensitivity score is, the high proportion of positives that it is
correctly identified.'?! In the table, most of the sensitivity
scores are above 0.5, which indicates that the segmentation
method performed by the MIScnn model is able to locate the
background, lungs, and the COVID-19 infected correctly.

index = score T background = lung_L = lung_R = infection =
coronacases_001 Spec 09833339567 09980599748 09965499945 09996704793
coronacases_002 Spec 09863678378 0998556396 0998555271 09979988674
coronacases_003 Spec 0.969215231 0.8987084503 0.8983029706 0.8971308317
coronacases_004 Spec 0990457219 09982936266 09985879409 09994311339
coronacases_005 Spec 09907645008 09986941457 09984162043 09995765466

coronacases_006 Spec 09877455772 08892780378 09990397756 09997561373
coronacases_007 Spec 0.9838235624 0.9981088925 0.9989379811  0.9991141839
coronacases_008 Spec 09811453835 09990728724 0998426706 09993305423
coronacases_009 Spec 0977892344 08992401871 08986872707 08994555254
coronacases_010 Spec 0.9654266517 0.0989022268 0.9982489605 0997772256
radiopaedia_10_85902_1 Spec 0.966673468 0.9993951205 0.9993545201 0.9995637972
radiopaedia_10_85902_3 Spec 09863741543 09991982333 09978137615 09996184327
radiopaedia_14_85914_0 Spec 07805470888 09845759696 09871203641 0998960821
radiopaedia_27_26410_0 Spec 0.9533181968 0.9968752923 0.9976227296 0.9970912139
radiopaedia_29_86490_1 Spec 09638919748 09994986421 09995395917 09935387915
radiopaedia_29_86491_1 Spec 09920632868 09981192825 09986868926 09998402569
radiopaedia_36_286526_0 Spec 0.9743411074 08992020913  0.993558435 0.99862018913
radiopaedia_40_86625_0 Spec 0.9462730733  0.9956882975 0.9959414415 0.9955331447
radiopaedia_4_85506_1 Spec 09645882215 09894982484 09940001058 0999504378
radiopaedia_7_85703_0 Spec 09814149877 08984030613 098950530559 09989530835

Fig. 8. Specificity Score of CT Scans

In figure 8, it is a table of the specificity scores of the
20 cases in the dataset. Specificity score is used to assess
whether the test is able to correctly identify patients are
infected or not. There are 3 testing cases, which are true
positive, true negative, and false positive. The larger the
specificity score is, the more it is truly positive.['?] In the
table, most of the specificity scores are above 0.9, which
indicates that the MIScnn model is able to identify and
segment the true positive area and the true negative area.

C. Data Visualization

In order to visualize the training result, the MIScnn model
will generate the images which show the segmentation result
of the COVID-19 infection area. The image is combined with
3 parts, which are the original CT Scan, the Ground Truth,
and the model prediction.

In figure 9 and figure 10, both images are examples of the
data visualization generated by the MIScnn model, which
are coronacase_005 and coroncase_010. All the generated

cases, it has been divided into 300 slices, and the slices are
combined into a Graphics Interchange Format (GIF) file. In
figure 9, the original CT scan is a gray scanned image of
the patient’s lungs, the Ground Truth is the standard answer
of the segmentation result, and the prediction is the result of
imaging segmentation performed by the MIScnn model. The
Ground Truth images show the COVID-19 infected area by
the CT scanning, it labels the lung tissue in red and labels
the infected area in green. For the model prediction, it labels
the lung tissue and the infected area in the same as the
Ground Truth. The model prediction of coronacase_005 and
coroncase_010 are very similar to the corresponding Ground
Truth, indicating that the model has high accuracy in the
prediction.

Case ID: coronacases_005 - Slice: 90

Prediction

Ground Truth

Fig. 9. Visualization of Case coronacase_005

When comparing coronacase 005 with coronacase_010,
coronacase_010 is more serious as the infected area is larger,
and more infected area is segmented.

Case ID: coronacases_010 - Slice: 109

CT Scan

Ground Truth Prediction
7

Fig. 10. Visualization of coronacase_010

IV. Limitations
A. Size of Sample Size

As it is only a short period since the outbreak of COVID-
19, the public data sets for citizens are in small numbers.
The data set contains 20 samples only, which leads to higher
variance estimation and may alter the accuracy of the result.
Variance is a measure of the contribution to the error of
deviations from the central tendency. It occurs when the



model is highly sensitive to the changes in the independent
variables. The model tries to fit every target, causing the
model to be too general and learn noise, which then may lead
to the result of over-fitting['3]. A higher variance estimation
as a result lowers the amount by which the prediction, over
one training set, differs from the expected value over all the
training sets. With the poor approximation, the accuracy of
the training result would be affected significantly.

B. Computational Power

The MIScnn model requires a large amount of compu-
tational power. To run this model for training, prediction
and evaluation of the performance, a high-end graphics
processing unit (GPU) and a central processing unit (CPU)
is required. Otherwise, the computer will not be responding
when executing the program. To relieve the problem, the
Google CoLab is used to execute the program in a cloud plat-
form as it provides high-performance CPU and GPU which
is suitable for machine learning. Thus, the requirement of
personal computer’s performance can be reduced. However,
as the deep learning program and the CT image files are
complicated, the training and prediction processes are still
time-consuming. At least a day is required to generate the
results even only 20 CT files are used in this project.

C. Complexity of Data

NIfTI is a common medical file format for neuroimaging.
The format specifies 3 48-bytes o f h eader d ata a nd uncom-
pressed image data. The header and image data can be
saved as separate files u sing t he fi le ex tensions ‘. hdr’ and
‘img’, or as a single file u singt he  .nii’ e xtension, with
the first3 48 b ytes d evoted t ot he h eader a nd t he image
data typically beginning at byte 352. Images can have up
to 7 dimensions: three spatial dimensions, time, and then
other dimensions such as diffusion gradient direction!**. The
file type is complicated and it takes time to understand and
implement the file type to the project.

V. CONCLUSIONS

The MIScnn model demonstrates very high accuracy in
the prediction of COVID-19 infection area when compared
with the Ground Truth image. This model is trained with the
k-fold cross-validation, which helps to relieve the problem of
the insufficient data sample. Moreover, the model follows the
batch normalization layer and the softmax activation function
to produce the probabilities between 0 to 1. The evaluated
score shows that the MIScnn model has a great performance
on the segmentation of COVID-19 infected area on the CT
scans.
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