WSEAS TRANSACTIONS on BIOLOGY and BIOMEDICINE
DOI: 10.37394/23208.2024.21.24

Bayan Alsaaidah

COVID Pneumonia Severity Detection of Chest CT-Scan Images based
on Robust Semantic Segmentation

BAYAN ALSAAIDAH
Department of Computer Science,
Al-Balqa Applied University,
JORDAN

Abstract: - Image segmentation has steadily grown especially for clinical usage and disease recognition in
radiological research. This procedure, aimed at acquiring quantitative measurements, strives to distinguish
regions or objects of interest from adjacent body tissues. To be more specific, it entails measuring the area and
volume of segmented structures to extract more refined diagnostic information. The main hurdles encountered
by segmentation algorithms originate from challenges like variations in intensity, artifacts, and the close
juxtaposition of diverse soft tissues in the grayscale. In this paper, a robust semantic segmentation is proposed
to specify the infected regions of lung images and consider the severity degree of the pneumonia caused by
COVID-19 disease. The proposed model provides an accurate diagnosis of the chest CT scan image with
satisfied performance with 93% accuracy and the second most important metric which is the Jaccard Index with
0.746+0.09 shows higher prediction performance than most existing systems in the literature.
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1 Introduction

Since 2019, COVID-19 has caused a global
emergency of the public health, [1] and over the
whole world. Coronavirus (COVID) is an infectious
disease that hits the lung cells and spreads rapidly
from animals and easily among humans, [2].

The COVID-19 pandemic has prompted
unheard-of hazards to public fitness, the worldwide
economic system, and so on [3]. In this extreme
situation, fast control of the spread of COVID-19 is
especially crucial. Detection of the infected cells
indicates the degree of severity of this infection.

In order to stop the COVID-19 virus from
spreading, early diagnosis is essential. Chest
computed tomography (CT) imaging is easier to use
in a clinical context and provides more sensitive
COVID-19  screening than RT-PCR, [4].
Additionally, the research community has been
paying more and more attention to CT imaging, [5],
with efforts being made to investigate the
pathological alterations caused by COVID-19 from
a radiological perspective.

Conventional ~manual or semi-automatic
segmentation methods take a lot of time and need
the assistance of medical professionals.
Furthermore, there is a tendency for the
segmentation results to favor the expertise of the
expert. Thus, in a clinical situation, automatic
segmentation of lung infections is highly desired.
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Considerable efforts have been made in this
direction, [6].

In order to determine the source, location, and
severity of the illness, patients with pneumonia or
breathing problems according to an infection of the
respiratory tract should receive treatment at
hospitals where they were subjected to a variety of
diagnostic procedures, including laboratory and
non-laboratory tests.

The laboratory tests include common
procedures such as CBC test, pleural effusion, and
blood gas analysis tests, [7], which needs hospital
and laboratory procedures. On the other side, non-
laboratory testing consists of computer-aided
imagery analysis methods used for CT scans or
digital chest radiography, which are used to examine
the lung regions.

The benefit of a CT scan, a non-destructive
scanning method, it offers a highly detailed picture
of the lung's fine tissues, bone, and blood vessels,
[7]. Cost-effective, widely available, rapid frequent
scanning process, ideal spatial resolution with
contemporary multi-slice scanners, and high
sensitivity present the most significant advantages
of CT imaging. The drawbacks consist of Poorer
soft tissue contrast in comparison to radiation
exposure from MRIs and X-rays, [8].

Image segmentation has generally gained
importance in radiological and medical research for
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diagnosis purposes. Segmentation attempts to isolate
interest areas or objects from the other parts of the
image so that quantitative measurements can be
taken. More accurately, quantifying segmented
structures' volume and area to obtain more
diagnostic information. The main challenges in
using segmentation algorithms are proximity,
artifacts, and intensity heterogeneity in the grey
scale of different soft tissues.

Numerous methods have been used to segment
the lung, including hybrid, rule-based, atlas-based,
manual, and machine learning-based approaches,
[9], [10], [11]. It is tedious work and takes a long
time to segment data manually, especially when the
health system is overburdened.

Integrating Al with medical expertise can assist
the healthcare system by offering automated
COVID-19 diagnosis solutions capable of handling
numerous cases more quickly. Additionally,
utilizing Al in COVID-19 diagnosis can decrease
the need for human involvement, thereby enhancing
social distancing measures crucial for limiting the
spread of infection, [12]. Deep learning has been
actively used recently to segment COVID-19 lung
infections using different network architectures
including U-Net which is the most popular in a lot
of works ,[13], [14], [15], [16].

In addition, a noise-robust framework was
presented for COVID-19 pneumonia lesion
segmentation, utilizing a mean absolute error loss in
addition to a noise-robust Dice loss. Deep learning
models require a substantial quantity of labeled
training data, which is difficult to ensure for the
segmentation of COVID-19 infections, particularly
in the early stages of the illness. The outcomes of
this study demonstrated that the COPLE-Net
outperformed the most advanced CNNs in medical
image segmentation, and the suggested LNR-Dice
outperformed existing noise-robust loss functions,
[17].

Authors in [18], proposed a segmentation
algorithm for lung infection known as LobeNet with
the goal of predicting the regions of the left and
right lungs in the event of consolidations and diffuse
abnormalities. A Dice coefficient of 0.985 was
found to be the average for the model evaluation
performance of LobeNet on 87 patients.

One of the most popular image segmentation
architectures is the U-Net architecture, which was
used for COVID-19 lung segmentation in different
studies such as 3D U-Net for lung areas
segmentation combined with a cross-validation
scheme which is applied to avoid any expected
overfitting, [19]. The proposed study results indicate
that the proposed deep learning algorithms

E-ISSN: 2224-2902

235

Bayan Alsaaidah

performed satisfactorily, based on the false-positive
and the false-negative ratios compared with the
other published results in the literature.

The obtained segmentation performance was
0.956 and 0.761 for normal and infected. A similar
analysis was carried out by [20] where the Dice
Similarity Coefficient (DSC), sensitivity, and
specificity were 0.950, 0.920, and 0.875. According
to [21], SegNet and U-Net exceeded 90% accuracy.

Researchers in [22], demonstrated the
usefulness of an automated tool for measuring and
segmenting COVID-19 lung infections using chest
CT scan data utilizing a combination of parametric
stitching algorithms, linear and logarithmic. The

proposed methodology Dice, Sensitivity,
Specificity, and Precision were 0.714, 0.733, 0.994,
and 0.739 respectively.

COVID-19 was automatically detected using the
segmented CT slices by [23] using the Infection
Segmentation Deep Network (Inf-Net). To increase
COVID-19 prediction sensitivity, authors in [24]
created a dual-branch network that combined
segmentation and classification for defective areas
of CT chest images. A highly accurate CT image
segmentation network (COVID-SegNet) was
presented by [25] to segment COVID-19 lesions.
Enhanced features were combined with several
scales which is known as COVID-SegNet. To
segment infected regions from CT images and
identify COVID-19, authors in [26] developed a
CNN model called Anam-Net with fewer
parameters which is simpler than U-Net.

This study looked into the automated lung
segmentation from chest CT images for COVID-19
cases using deep learning. For normal and COVID-
19 datasets, the suggested method produced very
promising results, with DSC 0.980. Accurate
diagnosis of COVID-19 patients with measurable
values such as severity based on defected area will
be facilitated by dependable lung segmentation,
which will also help with lesion segmentation, [27].

A novel, two-stage cross-domain transfer
learning framework was proposed by [28] to
accurately segment lung infections of lung CT-scan
images. The proposed framework is divided into
two main innovations: a new transfer learning with
two stages and an effective deep learning model for

infection segmentation called nCoVSegNet. In
particular, nCoVSegNet aims to address the
problems associated with poor contrast at

boundaries and high variance of the infected tissues
by conducting efficient infection segmentation while
utilizing large receptive fields and attention-aware
feature fusion.
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Due to the severe abnormalities of the infected
lung, it becomes difficult to distinguish between the
lung cells and the chest bone. This is especially
evident when comparing them to normal patients.
The accurate diagnosis and monitoring of COVID-
19 pneumonia infection in CT-scan images
acquiring a substantial set of high-quality
annotations proves challenging. Addressing this
challenge, we suggest a new noise-robust
framework designed to learn from more easily
attainable, albeit noisy, training labels for the
segmentation task.

2 Materials

CT scans show great potential for offering precise, rapid,
and cost-effective screening and testing for COVID-
19. CT-based methods for COVID-19 prediction
have primarily used different methods to extract
features and combine them, while in chest X-ray
research, only a few studies have used transfer
learning for classifying CT images, [29]. The
COVID-19 dataset employed in this study was
sourced from [30] and has been confirmed by a
senior radiologist in Tongji Hospital, Wuhan, China,
encompassing a comprehensive collection of 216
patients. Data were diligently gathered over a period
spanning from January to April 2020 to capture the
evolving dynamics of the COVID-19 pandemic,
ensuring a representative snapshot during the study
duration as shown in Figure 1. Various data types
were included in the dataset, covering COVID CT,
Non-COVID CT, data split, and Clinical
information (such as patient ID, patient information,
and others).

In total, the dataset comprises 349 images, each
representing a distinct case of COVID-19, providing
a robust foundation for statistical analysis and model
development. Prior to analysis, the dataset
underwent  preprocessing  steps, addressing
challenges such as missing values and
standardization of formats. Key features encompass
patient demographics, comorbidities, symptom
onset dates, and regional attributes, offering a
comprehensive view of the COVID-19 cases under
consideration.

— ‘;4
Fig. 1: Examples of lung CT images with COVID-
19
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Ethical  considerations  were  rigorously
observed, with all patient data anonymized, and the
study protocol received approval from the Tongji
Hospital, Wuhan, China. Acknowledging potential
limitations, the dataset may be subject to reporting
biases, variations in testing rates, and incomplete
demographic information in certain cases. For
machine learning model development, the dataset
was randomly partitioned into training (80%),
validation (10%), and test (10%) sets.

3 Method

Semantic segmentation of lung images involves
classifying each pixel in the image into predefined
categories, such as normal lung tissue,
abnormalities, or specific structures. In this work, a
semantic segmentation procedure is used to segment
the infected tissues and then identify the severity
degree based on the size of the segmented area.
Figure 2 shows the general structure of the proposed
methodology.
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Fig. 2: General structure of the system

Semantic segmentation is a computer vision task
that involves classifying each pixel in an image into
a category. Unlike classification, which assigns a
single label to the entire image, semantic
segmentation labels each pixel with a corresponding
class label. This technique is commonly used in
various applications, such as object recognition,
medical image analysis, and image editing.

Semantic segmentation is typically performed
using deep learning  models, especially
convolutional neural networks (CNNs). These
models learn to map input images to pixel-wise
class labels through a process called convolution,
where the network learns features at different spatial
hierarchies.

The output of a semantic segmentation model is
a segmented image, where each pixel is assigned a
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color corresponding to its predicted class. This can
be useful in various applications. For example, in
autonomous driving, semantic segmentation can
help a vehicle understand the layout of the road and
identify obstacles and pedestrians. In medical
imaging, it can help in the detection and analysis of
tumors or other abnormalities in scans.

The training set of CT images is labeled using
the image labeler toolbox to label each pixel of the
image where every pixel in an image is given a label
by semantic segmentation. Only the infected cells
are labeled in order to compute the infected area to
identify the severity degree of pneumonia.

The input images with their labels are provided
to the convolution neural network based on dilated
convolutions. U-Net, [31], is an important deep-
learning network with a broad range of applications
that was primarily created for comprehending and
classifying medical images. Semantic segmentation
is a further application for this sort of network,
which goes by the name U-Net due to its U-shaped
encoder and decoder.

The U-Net encoder and decoder layers,
respectively, carry out up-sampling and down
sampling. The accompanying decoding layer
receives the full feature map from the encoder. By
combining the transferred feature map and the up-
sampled feature map, the final feature map is
generated. The U-Net architecture used in this study
is shown in Figure 3 which shows the multi-channel
feature map, the number of channels, and their size.

auut
SOGIMATIALoN
nap

Fig. 3: U-net architecture, [29]

In this type of network, softmax layer comprises
with the encoder and the decoder which are carried
out repeatedly. ReLU activation, and 2x2 max-
pooling2D are used two times in this network. The
U-Net encoder down sampling process results in
low-resolution feature maps, which may be
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improved to full-resolution feature maps by the U-
Net decoder upsampling process.

Ten convolutional-2D layers with 3x3 filters,
and four maxPooling2D layers with 2x2 windows
are included in the U-Net encoder. ReLU (Rectified
Linear Units) activations are also present. A ReLU
layer applies each convolutional layer's output,
element-by-element, to the function f (x) = max (0,
x). By downsampling the input by a factor of two,
the max-pooling process may be used to provide
translation invariance for tiny spatial changes. Eight
convolutional 2D layers with 3x3 filters and another
ReLU, four convolutional 2D-transpose layers with
3x3 filters followed by one convolutional 2D layer
with 1x1 filter which make up U-Net's decoder. For
pixel-wise categorization, the decoder ends with a
softmax layer.

In U-Net, the upsampling is provided by a
concatenation of the convolutional 2D-transpose
layer and convolutional 2D layers. The
appropriately clipped feature map from the decoder
is concatenated to create the upsampling layer. The
last 1x1 convolutional-2D layer assigns the
necessary number of classes to each 32-component
feature vector.

The soft-max classifier that can be trained
receives a high-dimensional representation of all
features that are provided by the decoder output.
This soft-max approach classifies each pixel
independently. For pixel-wise classification, the
decoder's high-dimensional dense feature maps are
sent to the softmax layer.

Softmax layer creates probabilities for every
class and classifies each pixel independently. The
predicted segmentation corresponds to the class that
has the highest probability at each pixel as shown
below:

P = exp(@ () /() exp(a, ()

k'=1

Where ak(X) indicates the activation in feature
channel k, and X is the pixel location inside the
image.

After identifying the infected and the non-
infected cells in the image, a simple calculation is
carried out to recognize the severity degree of the
lung pneumonia infection where the severity degree
is recognizedrecognized into three levels: mild,
moderate, and severe.
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4 Results and Discussion
In order to evaluate the proposed segmentation and
severity recognition model, several metrics have
been measured such as accuracy, sensitivity,
specificity, and dice coefficient (F). Besides the
most important metric for segmentation is the
Jaccard Index or the Mean Intersection-Over-Union
(mIOU).

The following equations (1-6) present the
metrics formulas that have been used for model
evaluation:

4 B TP +TN (1)
Couracy = TN+ TP+ FN + FP

Sensitivity = L )
Y= TP Y FN

Precision = L )
" TP+ FP

Specificity = L @)
T

Fl1= )
2TP + FP + FN

TP (6)

10U = 5 FP T FN

Where TP: True Positive, TN: True Negative, FP:
False Positive, FN: False Negative. Table 1
summarizes the evaluation metrics of the proposed
model.

Table 1. Evaluation metrics of the proposed model

Metric Proposed segmentation model
Accuracy 0.926+0.00
Sensitivity 0.91940.13
Specificity 0.938+0.15
Precision 0.842+0.08
F1 0.83940.12
[0]V] 0.74610.09

As shown in Table 1, the proposed segmentation
shows a high performance for detecting the infected
cells to recognise the level of the COVID-19
infection. The proposed model in [30] shows
performance using U-Net 0.678, 0.836, 0.265, and
0.308 of Sensitivity, Specificity, Precision, and IOU
respectively. The higher result of the proposed
method may relate to the pre steps before training
the model including clearing images, using high
quality images, and tuning the network parameters.
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Fig. 4: Visual illustration of the proposed
segmentation model (a): CT Image (b): Ground
Truth (c): Segmentation and recognition result

Figure 4 shows some cases of lung infection
recognition including the ground truth which has
been recognized by an expert clinical biologist.

Figure 4 demonstrates a strong match between
the ground truth and the proposed method result for
infected lung tissue segmentation and recognition
for COVID-19 CT-scan images testifying to the
deep learning model's promising performance in
infected cell detection and segmentation.

As shown in lung images there is a high
similarity between the infected cells and the blood
vessels, however, the model succeeded in
recognizing using a robust deep learning network.
Figure 4 depicts two cases where the model failed to
accurately highlight the infected cells exactly as the
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ground truth which has not been affected by the
severity degree of the diagnosis.

Due to the blood vessel and infection regions
having comparable intensities, it is more difficult to
accurately identify the infected cells, which makes
the miss-segmentation more obvious in mild cases
of COVID-19 patients.

Recently, an Al system aimed to develop and
enhance an automatic intelligent system for
classifying chest X-ray images to detect and identify
the COVID-19 virus using machine learning into
infected and normal, [32]. The concentration in this
work is based on infected images only.

5 Conclusions

Segmentation is necessary for an accurate diagnosis
and tracking of pneumonia lesions caused by
COVID-19 in CT images. Although deep learning
holds tremendous potential for automating this
procedure, a substantial quantity of high-quality
annotations is hard to come across. To overcome
this challenge, a novel semantic segmentation and
severity recognition framework is proposed to detect
the severity level of COVID-19 after diagnosis of
the infection. Overall, semantic segmentation is a
powerful technique in computer vision that enables
a detailed understanding of images at the pixel level,
with numerous applications across different
domains.

Adequate segmentation of the lungs is essential
for determining the infected tissues and severity of
COVID-19. Deep learning provides several types of
networks that can be trained using labeled images in
which the model detects the infected tissues to
recognize the severity degree based on the infected
area.

The proposed framework revealed encouraging
findings in the segmentation of COVID-19 images
of contaminated lung tissue. Nonetheless, there are
some challenges related to this research that need to
be addressed in further studies. One of these
limitations is the nature of the CT-scan imaging
which is carried out several times with several
angles as slices, so in some slices, the image is
recognized as mild, and in different slices for the
same patient is recognized as moderate or severe.
Moreover, to develop this work to be used in
clinical practice the model should be integrated with
another model that identifiesidentifies the image as
infected or normal before using the proposed criteria
to distinguish the level of the infection.
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