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Abstract: Background & Objective: This study aims to develop a simple and low-cost approach in identifying the
Regions of Interest (ROI) inside the lung fields and accessory structures in the respiratory system. Methods: To achieve
this goal, Marker Based Watershedding (MBW) segmentation operation has been applied on ten Chest X-Ray (CXR)
images of COVID-19 patients. CXR is economic compared to CT images and MBW is computationally simple
compared to the Deep Learning (DL) techniques. Raw images have been tested for inherent noise by computing Noise
Variance (NV) and Signal-to-Noise ratio (SNR). Then, ‘Simple Median Filter (SMF)’ was used to denoise raw images
before MBW operation and the denoising performance was checked by estimating the Mean Squared Errors (MSE), and
Peak Signal-to-Noise Ratio (PSNR). Regions of Interest (ROI), thus obtained, are then validated by radiologists and then
clinically correlated with the symptoms. Results: The study shows that the SMF is an efficient filter for CXR images and
MBW can identify the ROIs, which are supported by the symptoms. Conclusion: The paper presents a simple, low-cost
(both financially and computationally), and reliable method to get a complete clinical picture of COVID-19 cases by
applying the MBW segmentation technique on CXRs that is further validated with radiologists. The social implication
of this work is that it can be used by general physicians and nurses in remote areas as a ready reference to important
regions of the lungs, where, radiologists are unavailable. The approach can be incorporated in telemedicine during a
pandemic period.

Keywords: medical image processing, medical diagnosis, telemedicine, COVID-19, watershedding image segmentation,
simple median filter

1. Introduction

Coronavirus Disease 2019 (COVID-19) has been an ongoing pandemic that started in Wuhan, China in 2019
[1]. Since then, it has affected many countries irrespective of their socioeconomic status. According to World Health
Organization (WHO) data, in India, from 3 January 2020 to 12:20 pm CEST, 14 May 2021, there have been 24,046,809
confirmed COVID cases and 262,317 demises, reported to WHO [2]. As per the data available on the WHO website,
until 3 May 2021, a population size of 175,171,482 has vaccinated [2], which is approximately 1% of the total
population at the initial time midst public dilemma [3]. Despite the best effort by the local administration, however,
people are still getting infected rapidly as presently during its second wave, the virus has been mutated (double mutant
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variety namely, B.1.617, with two mutations, such as the E484Q and L452R) to become more virulent, i.e., faster
transmission, greater reproducibility, and higher infectivity even with lower viral load [4] and due to such mutation,
it has reduced its weight and therefore developed aerosol (in-air) mode of transmission abreast contact mode of
transmission [5]. Assuming the morbidity load, the Indian government, in 2020, legalized telemedicine practice in the
country with guidelines for healthcare professionals [6]. Among several signs and symptoms, the most common sign of
COVID-19 infection is the lung involvement leading to Ground Glass Opacity (GGO) in its lobes (40-83%) [7], which
is presented with the symptoms, such as high fever, continuously wheezing type of cough, respiratory distress of various
grades, severe fatigue, and fluctuating SpO2 level [8]. Therefore, Chest X-Ray or CT Chest to visualize the extent of
lung involvement remains one of the mainstay investigations abreast several pathological tests, e.g., RTPCR swab test,
D-Dimer, CRP, LDH, Ferritin, Procalcitonin, Neutrophil-to-Lymphocyte Ratio (NLR), etc. in blood [9].

In a medical image, anatomical structures are grossly overlapped on each other, especially in low-end
modalities, such as X-Rays. Image processing is gaining its popularity in analyzing medical images and it is a popular
multidisciplinary field where computer algorithms are used to compartmentalize an image in identifying the interesting
regions/compartments and the anatomical structures (objects) inside and in turn segregate from its background for
clinical decision making. Such compartments are called the ‘Regions of Interest (ROI)’ and the operation is called
‘Segmentation’. ROIs, in turn, may help medical doctors to focus on these areas in addition to the other relevant areas,
known as accessory regions for screening and diagnosis, determining treatment regime, and or evaluating the prognosis
of any underlying illness. Due to the overlapping nature of the anatomical structures, segmentation is a challenging
research area to identify the ROIs efficiently among many possibilities. Segmentation operation can be applied in
various imaging modalities, such as X-Rays, Computerized Tomogram (CT), Ultra Sonogram (USG), Magnetic
Resonance Imaging (MRI), functional Magnetic Resonance Imaging (fMRI), Doppler study, Fluoroscopy, Positron
Emission Tomogram (PET), Single Photon Emission Computerized Tomogram (SPECT) and so forth. This work
focuses on Chest X-Ray (CXR) images.

There are six classes of segmentation operations, such as a) Classical (Thresholding, Region-based and Edge-
based), b) Pattern recognition-based, c) Wavelet-based, d) Deformable models, ¢) Artificial Neural Network (ANN)
or Deep Learning (DL), and f) Atlas-based techniques in medical image processing [10, 11]. This work focuses on the
Classical technique of segmentation instead of DL-based techniques, which are computationally complex [12].

Two-Dimensional Chest X-Ray (2D-CXR) is the commonest and most economical imaging modality with
immense clinical significance in screening, diagnostic, therapeutic, and prognostic evaluations of any clinical condition,
compared to other imaging modalities, such as CT and MRI, which are much costlier. Moreover, CXRs cause fewer
radiation hazards when compared to CT and MRI and have better availability. Earlier, CXRs were developed as a film
inside darkrooms, which was not only time-consuming but also artifact-prone. In the current time, digital CXRs are
available at less time and with appreciable visual clarity and with fewer artifacts. COVID-19 cases are steadily rising in
the population and hence the volume of radiological images is growing proportionally. On the other hand, the number
of radiologists scores less compared to the catering population, especially in the developing nations and their remote
areas. This is an inherent challenge in any healthcare sector to manage this rising volume of CXR images by timely and
accurately interpreting its findings. This responsibility is now mostly on the General Physicians (GPs), who do not have
any formal training as radiologists; however, can read X-Ray plates with variable confidence. Given some assistance,
the GPs would read these plates with higher confidence and better accuracies. To address this shortfall, technology
has been brought as the assistive tool to them in the current imaging research. Summarily, such assistance is aimed to
prevent ‘under’ or ‘over’ diagnosis.

In the following section, a summary of the relevant literature shows how various segmentation techniques are
applied in various medical imaging modalities, such as mammograms, CT, MRI, X-Rays, PET, USG, Nuclear Imaging,
etc. Due to space constraints, all studies cannot be cited in this work.

2. Literature review

For four decades, active research is going on for efficient segmentation operations in image analysis [13, 14].
Medical image segmentation is a continuously evolving research field [15, 16] as a potential sub-field of medical image
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processing [17, 18]. Various studies showcase several types of segmentation operations applied on different X-Ray
modalities. Below, Table 1 depicts a list of studies and provides the intensity and depth of the research in this area.
It is important to note that this is not an exhaustive list. Many other relevant studies are reported in various journals,
conferences, and chapters in books of international repute, which could not be cited here due to the space constraint.

Table 1. Summary Literature survey on the segmentation operations in medical images

Author and Year

(citation) Image modality Segmentation technique Observation

cient in detecting tumorous and normal

Efficient in d i d 1

. breast tissue. However, as most medical images
[19] Mammogram Global Thresholding are not bimodal, thresholding is rarely used in
medical image processing.

Efficient when used with an Insight Toolkit,
CT, Nuclear imaging, . . comprising of statistical pattern mapping,

(201 USG, MRI Adaptive Thresholding Hidden Markov Model,

PDE-based non-linear image filtering, etc.
Several segmentation methods, Applying a single segmentation technique
[21] CT, PET, MRI such as Thresholding, Contour detection, p %y gb g d %1 f q
ROL and so on might not be a good idea for segmentation.
Region-based seementation A useful technique to identify ROIs. However,
[22] Bone X-Ray g(Watershe d rr%etho d) over-segmentation and being influenced
by noise are two drawbacks of this technique.
-Ray Hand and Wrist egion-based segmentation e to identify conjugated bones in the wrist.
[23] X-Ray Hand and Wri Region-based i Able to identify j d b in the wri
. - Edge detection techniques (including Sobel, .

[24] Various medical Images Prewitt, Roberts, or Canny detectors) All are found efficient.

[25] Various medical images Edg?iiitliiitilr?g éi)cbhe rgques All are found efficient.

[26] X-Ray Eg%?u?i?rtfgcgggetf c}},l;g‘%?g)s Efficient in detecting fractures in the bone.
Edee detection techniques Able to evaluate the prognosis of total hip
el ! a replacement by locating the prosthetic

[27] X-Ray (including Sobel and Roberts ial and the b Th d

or Canny detectors) material and the bone. The canny detector
was found most efficient.
Appropriate for the multi-brand images and
pprop: g

[28] X-Ray Pattern recognition-based (clustering) the color images, although detecting an

optimum number of clusters is a tedious task.

[29] X-Ray Pattern recognition-based (classification) Adaptive fuzzy index measure is a

useful approach for image segmentation.
Able to detect the fracture line in low contrast X-Ra
Deformable models Y
[30] X-Ra; f images efficiently. Does not work well where the
Y (Active contour or snakes) g Y ) .
curves and bends are sharper in the image.
Able to handle noise, intensity inh it
[31] X-Ray and MRI Deformable models (level set method) ¢ Oi nznl ojvflc;)liz?it;/n n?elcsii 3;11 rl}m()ar;lggenel y
A combination of Canny edge detection, Harris
[32] X-Ray (vertebrae) Deformable models (active shape model) corner detection, and filtering techniques
performs very well in detecting the corners
of the vertebrae under examination.
Able to identify the residue caries post Root Canal

[33] X-Ray (dental caries) Wavel{:}\t]—at‘)[z;sl:?%?gqggiigzh%gmplex Treatment (RCT) to evaluate the accuracy of the

RCT procedure done by the dentist.
Robust with an accuracy of about 95% in the

[34] X-Ray (Chest) Atlas-based method automatic diagnosis of images.

The algorithm was able to detect lung

[35] X-Ray (Chest) Knowledge-based technique boundaries and abnormalities with 88%

sensitivity and 95% specificity.
U-Net and VB-Net methods performed well in

[36] CT;&?&?& Cgi\érll?s_w Artificial neural nets image segmentation for automatic detection of

p ground-glass opacity in lung fields.
Bio-inspired hybrid methods (Chaotic Salp . . .
[37] X-Ray (Chest) COVID-19 Swarm algorithm, Deep learning methods, Diagnosis of COVID-19 was highly

affected patients

and 2D Curvelet Transform)

rapid and accurate.
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Research gap & Objective: To date, to the best of the knowledge, no research has been reported that has pursued
the development of a low-cost, simple segmentation operation to identify the ROIs of CXR pictures, which is economic
compared to CT scanning of COVID-19 patients, then radiologically validated and in turn, clinically correlated the
ROIs, thus obtained, to obtain the complete clinical picture.

The rest of the paper is organized as follows. Section III describes the Material and Methods; Results are shown in
Section 1V, while in Section V a detailed discussion has been made on the results; Section VI concludes the paper and
shows some research areas as the extension of this work in the future.

3. Materials and methods

In this section, the material under study (here adult CXR images) and various methods, under which there are
various approaches and techniques, applied in this work, are discussed.

3.1 Material

The material under this study is as follows:

« COVID-19 (RTPCR +ve) CXRs (.png, .jpg)

« Adult males and females, 5 each

« Steroid and Antibiotics-naive

« Symptoms recorded for clinical correlations

« Variable comorbidities (all under medication and controlled)

Table 3 under Section IV has showcased each complete case (i.c., validated and clinically correlated ROIs).

3.2 Method

Step-1: Noise estimation of raw images by computing

« Noise Variance (NV)

« Signal-to-Noise Ratio (SNR)

Step-2: Denoising images using Simple Median Filter (SMF)

Step-3: Comparing the quality of original and denoised images by measuring

» Mean Squared Error (MSE)

« Peak Signal to Noise Ratio (PSNR)

Step-4: Applying Marker-based Watershed (MBW) thresholding operations on denoised images to Identify ROIs,
and

Step-5: Validating ROIs radiologically and corroborated clinically to get a complete picture of a COVID-19 case.

Below, the working principles and theoretical foundations of the approaches and techniques, mentioned under
‘Method’ are discussed briefly.

3.2.1 Step-1 Noise estimation in raw images

Noise estimation in raw images is one the most important steps in image processing, as all images are naturally
noisy. Noise occurs during acquisition, coding, transmission, and processing in the imaging technique [38]. In this work,
two popular estimators of noise, such as the Noise Variance (NV) and Signal-to-Noise Ratio (SNR) are applied [38].
Their working principles are explained below.

Noise Variance (NV)

If an image f(i, /) is scaled by additive terms ‘a’ and ‘b’, to give

g(i.j)=af (i,7)+bf (i.]) (M
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If an image f(i, ) is scaled by multiplicative factor ‘a’ and ‘b’, to give
g(i.)=af (i.7)xbf (i.)) &

In this study, an additive term have been used as follows,

g(i.j)=af (i,j)+b A3)
then, mean of g(, j) is given by,
g=af +b @)
then, the variance of g(i, j) is given by,
o, =da’c) )

Where, O'j is the noise variance of image f(i, j ). Therefore, the value decreases with a low noise level.
After computing the noise variance, Signal-to-Noise Ratio (SNR) has been computed, as follows.

Signal-to-Noise Ratio (SNR)

i, j)=s(i, j)+n(i, j) (6)

then, variances of s(7, j) and n(i, j) can be written as

o7 ={lsti, )= s(i, I’} and )
o) ={n(i.j)}, ®)
and then SNR can be written as,
SNR=25. ©9)
o

n

Therefore, SNR is a ratio of true signal (s) and additive noise (n). The value increases with retention of signal
against low noise level.

3.2.2 Step-2: Denoising with SMF (kernel 5 x 5)

SMF (type: non-linear filter, under the class Spatial filter) is a ‘canonical image processing operation’ and is
useful in many practical applications [39]. Here the output value is calculated based on the median value of the input
sample and then sorted across the data. It is a popular preprocessing step for later processing of the image, such as edge
detection, segmentation, and so on. In this technique, the gray level of each pixel is at first computed and then replaced
by the median value obtained from the neighborhood pixels for a given size of the kernel. The robustness of the Median
filter lies in the fact that any single unrepresentative pixel in the neighborhood cannot affect the median value, but can
affect the mean value. The study showed that the Median filter is much useful to reduce the Poisson type of noise that
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occurs due to random bit error in a communication channel and is commonly found in medical X-Ray images [40]. For
all pixels in a neighborhood of ‘w’, the following equation can express the working principle as,

I(k,l):median{x(i,j),(l,j)fw} (10)

‘I(k, I)’ represents the image obtained after filtering; “x(i, j)’ are the pixels with (i, /)’ coordinates; ‘w’ is the location,
which is centered around location (k, /) of the image.

3.2.3 Step-3 Denoising performance check

Measuring the performance of a denoising technique is another important step in image processing. An
appropriately denoised image leads to accurate processing. In this work, two popular denoising performance checkers,
such as Mean Squared Error (MSE) and Peak Signal-to-Noise Ratio (PSNR) has been applied [41]. Below, their
working principle is explained.

Mean Squared Error (MSE)

It represents the cumulative squared error between the denoised and original image (refer to equation 11). Hence,
lower values are appreciated.

2

MSE =3 S (1)K (1) “”

mxn

where, ‘m, n’ represents image matrix ‘/(/, j)’ (original image) and ‘K (7, j)’ (denoised image).

Peak Signal-to-Noise Ratio (PSNR)

It represents the peak error of an image and is expressed as a ratio of peak or maximum signal value and the power
of the distorting noise effect. Therefore, higher values are appreciated.

PSNR = 20xlog,, (MAX /\/MSE ) (12)

where MAX is the peak/maximum value of any pixel and MSE is the Mean Squared Error among pixels of original and
denoised images. As we will see later in Section 4, Table 2 demonstrates the performance of the denoising techniques on
original images by estimating MSE and PSNR.

3.2.4 Step-4 Image segmentation with Marker-Based Watershed (MBW) Operations to obtain ROI

The Watershed method of segmentation is a region-based method that follows the principles of Mathematical
Morphology and exploits the virtue of the suitable combinations of two popular operations, such as ‘erosions’ and
‘dilations’ for filtering binary images [13]. Such combinations can eliminate a few objects within the image and at the
same time, can retrieve some without much data loss by utilizing the property of shape of the objects within the image
[42]. The original concept was introduced by Digabel and Lantuejoul in the year 1978 [14]. The practical application of
the algorithm had been implemented by Vincent and Soille in 1991 [43]. Post this work, the Watershed algorithm has
been used widely in medical image segmentation tasks [44]. According to Preim and Botha [44], an image is regarded
as a topographic landscape with valleys and ridges (refer to Figure 1). The elevation values in the landscape refer to
gray value pixels and their gradient scale. Watershed transform segments an image into catchment basins. A catchment
basin comprises all points whose path of gradient descent terminates into the local minima. Watershed can decompose
an image completely and assign each pixel as either a watershed or a region. Hence, in the case of noisy or raw medical
data, it can generate a large number of small regions, which is popularly called the ‘problem of over-segmentation.
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Gradient image is the most widely used approach as the variant of Watershed transform. It is highly sensitive to the
image noise and hence appropriate denoising of the image is required. MBW operations efficiently mark the Region of
Interest (ROI) in any image, even more accurately than various popular classifiers and Deep Learning (DL) techniques,
such as Convolutional Neural Network (CNN) or Fuzzy c-means clustering techniques [12]. Another major advantage
of MBW over other current sophisticated segmentation techniques is that it has minimum computational complexity
[12].

3.2.5 Step-5 ROIs: its radiological validation and clinical correlation

COVID-19 virus predominantly infects the lungs, causing inflammation called Pneumonitis and its various sequels
[8]. Hence, lung fields and their accessories that are responsible for the respiratory system are the principal areas under
a CXR examination. The lung field can be divided into two sides, such as the Left (Lt) lung which has two lobes, one
Upper Lobe (UL) and the other one is the Lower Lobe (LL); while the Right (Rt) lung possesses three lobes, e.g.,
Upper Lobe (UL), Middle Lobe (ML) and Lower Lobe (LL). Under accessory structures, the important issues are (i)
the lymphatic system (called Hilar lymphatics, through which the virus spreads), (ii) trachea (air tube through which
air enters into the lungs) and its position, (iii) diaphragm, which is a robust muscular structure under the lungs that
moves up and down and thus allows lungs to deflate and inflate, respectively during respiration and acts as a mechanical
ventilator. The shape of the diaphragm called the (iv) dome of the diaphragm is another radiologically important feature
as it gives the idea of its muscular tone. Next is the (v) angle between the LLs of the lungs and diaphragm, called the
Costophrenic (CP) angles, which is ideally an acute angle and is obliterated in various pathological conditions of the
lungs. Thus, these structures along with the lung fields are the key ROIs, which are assessed during the radiological
examination of a CXR image to screen, diagnose and make the prognosis of the respiratory system (refer to Figure 1).
All these mentioned regions have a high degree of radiological importance in the screening and grading of a COVID-19
infection [45]. It is important to mention here that for getting a clearer view of these structures, Postero-Anterior (PA)
views are taken during X-Ray exposure.

Trachea

Lt Lung-UL
Rt Lung-UL
Rt Lung-ML
Hilar lymphatics

Rt Lung-LL

Lt Lung-LL

CP angle

Dome of Diaphragm

Figure 1. ROIs in a CXR for COVID-19 cases

Here, ROIs thus obtained after segmentation operation on denoised images, are clinically validated by experienced
radiologists and corroborated with the symptoms of the patients, they presented with, for obtaining an overview of the
cases. It is important to note that the radiologists, who took part in this study, were divided into two groups. Group, I
consisted of two radiologists (average experience of 21.6 years), who were not told that the CXRs belong to COVID-19
patients to avoid possible ‘over-diagnosis’. This is called as ‘blind’ approach. On the other hand, to prevent ‘under-

B

diagnosis’, another set of radiologists (Group II) were consulted, who were divulged the fact. This is called the ‘open
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approach. Put together, this sampling method called as ‘blind and open’ approach was able to reduce the diagnostic
bias. Clinical correlation of the radiological findings has been conducted with the help of a senior Internal Medicine
specialist.

4. Results

In this section, results obtained from experiments are shown. Detail discussion of the results is made in the next
section.

The raw CXRs have been estimated for noise within by computing Noise Variance (NV) and Signal-to-Noise Ratio
(SNR). Following that, an attempt has been made to reduce the noise using a Simple Median Filter (SMF). The filtered
images are then compared with their respective raw images by measuring Mean Squared Errors (MSE) and Peak Signal-
to-Noise Ratio (PSNR). The combined results can be seen in Table 2.

Table 2. The noise calculation in original images and denoising performance of SMF

Original SMF Applied
NV (?V\I;) MSE PSNR
CXR-1 (226, 223) 0.0991 3.1646 3.0708 42.9548
CXR-2 (417, 500) 0.0988 3.2435 5.9408 35.5003
CXR-3 (248, 203) 0.0994 2.1749 17.6307 33.0715
CXR-4 (240, 198) 0.0998 3.0861 18.4365 34.1557
CXR-5 (248, 203) 0.0995 4218 14.0514 35.598
CXR-6 (225, 225) 0.0999 3.0824 18.4365 34.1557
CXR-7 (194, 259) 0.0991 4.8114 6.1133 39.4771
CXR-8 (193, 261) 0.0993 4.762 14.9938 34.5796
CXR-9 (138, 130) 0.0985 3.8901 10.9929 34.1479
CXR-10 (135, 144) 0.0981 3.9011 11.934 33.7625
Mean 0.0991 3.6334 12.1600 35.7403
Standard deviation (o) 0.0005 0.8328 5.5736 3.0917

Table 3 shows denoised CXRs (PA view) and the corresponding MBW-based ROIs, case-wise. The ROIs were
in turn radiologically validated (Rad val), the abnormal or pathological regions, which have been mentioned by the
radiologists during validation, are marked with arrows in the MBW-based ROIs. These are then Clinically (Symptom-
wise) correlated (Symp_corr) to obtain complete pictures of each COVID-19 case. The ‘day’ mentioned in the
table refers to the number of days of the illness when the CXRs are taken. The findings of each case have also been
corroborated with current literature.
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Table 3. Validation of the CXRs

Denoised CXR & MBW-based ROI Rad_val

Symp_corr

Case 1

ROI

Findings: Diffuse consolidation
(white patches) can be seen in
Rt lung (all lobes) and Lt lung

(mid-lower zone).
Impression: COVID-19
pneumonitis [45].

Impression: No Abnormality
Detected (NAD)

Case 3 ROI

Findings: Emphysematous changes
in both lungs; Domes of the
diaphragm are flattened on
both sides.
Impression: Emphysema
due to COVID-19 [46].

Female; 50 yrs.; T2DM & HTN; 4" day

Case 4 ROI

Impression: No Abnormality
Detected (NAD)

Male; 48 yrs.; No Comorbidity; 6™ day

Volume 3 Issue 1/2022| 49

Findings: Continuous high fever
x 7 days; Productive cough x 3
days; Respiratory distress
x 2 days.
Impression: Moderate to
severe COVID-19.

Findings: mild fever x 2 days;
Generalized malaise; Weakness;
Occasional dry cough x 3 days.

Fully recovered.

Impression: Mild COVID-19.

Findings: Severe dry cough
x 3 days; Respiratory distress
x 4 days.
Impression:
Moderate-to-severe COVID-19.

Findings: mild fever x 3 days;
Generalized malaise; Weakness.
Fully recovered.
Impression: Mild COVID-19.
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Case 5 ROI

Female; 47 yrs.; T2DM; 10" day

Case 7 ROI

Male; 51 yrs.; T2DM & HTN; 1" day

Case 8 ROI

Male; 46 yrs.; HTN; 9" day

Artificial Intelligence Evolution

Findings: Prominent hilar shadow
(most probably due to underlying

hilar lymphadenopathy)
noted on both sides.

Impression: This could be due to
COVID-19 lymphadenitis [47].

Findings: Bilateral accentuation

of bronchovascular markings;
Hilar vessels are prominent.
Impression: This could be an
early sign of COVID-19
induced pneumonitis,
which is not yet established.

Findings: Prominent bilateral
Hilar soft tissue shadows.
Impression: This could be
due to COVID-19 induced

hilar lymphadenopathy [48].

Findings: Mild dilatation of
Azygous vein; Prominent
superior mediastinal shadow
at Rt upper region.
Impression: anatomical
anomaly and may not be
related to COVID-19.

Findings: No symptoms.
Impression:
asymptomatic COVID-19.

Findings: No symptoms.
Impression:
asymptomatic COVID-19.

Findings: No symptoms.
Impression:
asymptomatic COVID-19.

Findings: No symptoms.
Impression:
asymptomatic COVID-19.
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Case 9 ROI

Findings: Continuous high

Findings: bilateral mild pleural fever x 7 days; Dry cough
effusions; collapsed-consolidation % 7 days; Respiratory distress x 7
basal segments of both lungs. days; Chest pain on
Impression: moderate-to-severe both sides x 4 days.
COVID-19 pneumonia [49]. Impression:

Moderate-to-severe COVID-19.

Female; 58 yrs.; HTN, T2DM & COPD; 10" day

Case 10 ROI

Findings: High fever x 3 days;
. Dry cough x 7 days;

pleural effusion. - - .

Impression: severe Respiratory distress x 3 days;

; Chest pain X 4 days.
COVID-19 pneumonia [49]. Impression: Severe COVID-19.

Findings: Lt-sided moderate

Male; 56 yrs.; T2DM & COPD; 10" day

In the next section, the findings are discussed. Supporting studies have been cited for the credibility of the findings
and interpretations.

5. Discussions

The essence of this work is to develop a low-cost, simple but reliable, and replicable approach to obtain the
complete clinical picture of a COVID-19 case through radiological validations and clinical correlation, especially in
the developing nations where CT scanning facility is not ubiquitous and unaffordable by the common men. It would
be a potential extension of the aim of telemedicine that is to cater healthcare to the maximum population without much
mobility, i.e., pervasively. The terms low-cost and simple are referred to the use of CXR, instead of CT scan, which
is multiple times costlier than CXR. A high-quality digital CXR costs approximately INR 200/- to 300/- to the patient
and is available in Indian suburbs [50]. On contrary, a CT Scan of the Chest (CTC) costs around INR 3000/- to 3500/-,
which is costly to afford by the common people and also not readily available in all the suburban radiology centers [51].
Low cost also refers to the tool’s computational cost, which is quite high in Deep Learning (DL)-based segmentation
operations due to its complex architecture and the computational time [52]. Compared to the DL-based segmentation
approach, ROI-based segmentation using MBW is simple and easier to implement [53]. It may be noted that both
the accuracy and processing time are superior to the currently used sophisticated DL-based techniques due to less
cumbersome architecture and computational time complexity [12].

The reliability of a system/tool depends on its (i) user-friendly structure, (ii) easy implementation, (iii) free from
clinical bias, and (iv) accuracy, which can provide a 360-degree picture of a given case. In this work, the reliability
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largely depends on the quality of denoising by SMF technique, which is used in the raw images, which are inherently
noisy due to error in exposure, the posture of the patient, conductivity, possible defects in the sensors, and many other
conditions. It is worth noting that SMF works best on Poisson type of noise, which is predominantly found in X-Ray
images [40]. Table 2 shows the noise levels in the raw images by estimating NV (average = 0.09915 and ¢ = 0.000562)
and SNR (average = 3.63341 and ¢ = 0.8328594) and after SMF has been applied by computing the corresponding
MSE and PSNR. Results show that SMF is able to denoise these images efficiently (MSE: average = 12.16007 and ¢
=5.573679; PSNR: average = 35.74031 and ¢ = 3.091738). Further, the reliability has been examined while validating
the ROIs by the radiologists. The quality of the ROIs depends on the accurate implementation of MBW operations
on the images. The findings, thus identified through ROIs, are then radiologically validated using a ‘blind and open’
sampling approach, mentioned in Section III under Step-5. The radiological findings are then clinically correlated
with the symptoms with which the patients presented. It is important to note that MBW can mark the ROIs of each
CXR (refer to Table 3); however, it is not working as a typical classifier, which differentiates abnormalities within
the structures. Table 3 showcases the comprehensive picture, ranging from MBW operations on denoised images to
clinical correlations through radiological validations. In Table 3, it may be noted that all COVID-19 patients are not
been presented with abnormal radiological findings, e.g., in cases 2 and 4. Many, on the other hand, are asymptomatic
though had radiological pathologies, as found in cases 6 to 8. Associated comorbidities make patients more vulnerable
to developing moderate to severe COVID in a short time, as found in cases 1, 3, 9, and 10. Hence, from these findings, it
may be stated that the severity of the illness has got no direct relationship with the radiological findings at all times. The
variations are due to the degrees of viral loading during transmission, its replication rate inside the cells, and the innate
immunity of the infected person that pauses or stops further viral replication [54]. In the given non-linear scenario of
COVID-19, the MBW-based ROIs are simple identifiers, quite informative in showing the lung fields and the accessory
structures of the respiratory system by marking these. The algorithm is easy-implementable with low computational
cost and also accurate in marking the ROIs in the CXR images, as validated by the radiologists. It throws useful light on
the structures, which could be interesting to the radiologists and GPs or nurses for its validation and in turn, the clinical
correlation for connecting the dots by assessing the symptomatic loads in COVID-19 morbidity.

The replicability of a tool depends on the technical simplicity and generic nature, which are also two salient
features of this proposed approach. A user-friendly interface, which is in progress, could be useful in this aspect. The
said tool can be much helpful for novice doctors, GPs, nurses where radiologists are unavailable. In this case, a classifier
can be developed and used for automatic detection of abnormal structures, which MBW-based ROIs provide after
analyzing an X-Ray image.

6. Conclusions and future research

The work proposes a low-cost, simple, reliable, user-friendly approach to finding interesting regions in the CXRs
of a set of COVID-19 patients in the Indian scenario. MBW-based segmentation operation has been successfully
applied to obtain the marked ROIs in the lung fields and the accessory structures of the respiratory systems as guidance
to radiological validation and clinical correlation of each case to get a complete picture of lung infection due to the
coronavirus. Before MBW application, necessary pre-processing has been done to reduce the noise in the raw images
by applying the SMF and the image quality has been appreciated by the radiologists who can diagnose the pathology
without difficulties; rather, MBW-based ROIs are the ready-reckoner to them. High PSNR and low MSE values
corroborate the efficiency of the SMF technique. The ‘Blind and open’ sampling approach has reduced the validation
bias of the study. The future work comprises of developing a GUI, where MBW-based ROIs can be predicted for
any abnormalities by a classifier to completely automate the process, which could be useful to GPs, nurses, novice
radiologists, especially in the developing nations and its remotest parts.
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