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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.[1]

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.[2]

II. 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 AI 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[3]:
• Operation System: Ubuntu 18.04
• Programming Language: Python 3.6

• Python package:
– miscnn 0.34
– numpy 1.18.2
– scikit-misc 0.1.1
– SimpleITK 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
• Left lung
• Right lung
• 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
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area in the CT scan, the Medical Image Segmentation
with Convolutional Neural Networks (MISCNN) model is
selected as the deep learning model.[5]

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).[6]

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:

• 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.

• 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.

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

• 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.

Fig. 2. MIScnn 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.[7] 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] It 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.[9] 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:
• 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).[10] The higher
value implies the higher accuracy for the prediction
image. The equation is listed below[11] :

2 |T ∩ P |
|T |+ |P |

(1)

• 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).[12] The equation is listed below[11] :

|T ∩ P |
|T |

(2)

• Specificity is the ability of a test to correctly identify
people without the disease.[12] 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[11] :

| ∼ T ∩ ∼ P |
| ∼ T |

(3)

• Accuracy: It is the index that shows the accuracy of
the prediction image compared to ground truth. The
equation is listed below[11] :

|T ∩ P |+ | ∼ T ∩ ∼ P |
S

(4)

(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:

• Tversky Loss (Tversky Index): It is the generalization of
Dice’s coefficient. It adds the weight to false positives
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(FP) and false negatives (FN). The equations is listed
below[11] :

|T ∩ P |
|T ∩ P |+ α|P − T |+ β|T − P |

(5)

(When α = β = 0.5, Tversky Loss is equal to Dice’s
coefficient)

• Soft Dice Loss: It is the difference function of DSC.
The range is between 0 and 1. The equation is listed
below[11] :

1− 2 |T ∩ P |
|T |+ |P |

(6)

III. 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:

A. Training Result

Fig. 3. Dice Soft of MIScnn

Fig. 4. Validation Loss of MIScnn

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

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.[10] 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.
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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.[12] 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.

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.[12] 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.

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.

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
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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[13]. 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 sing t he ‘ .nii’ e xtension, with 
the first 3 48 b ytes d evoted t o t 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[14]. The 
file t ype i s c omplicated a nd i t t akes t ime t o u nderstand and 
implement the file t ype t o t he 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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