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Abstract

In this work, an automated technique for the quick and accurate detection of Ground Glass Opacities
(GGO) in chest CT images of COVID-19 pneumonia patients is presented. The method uses mathematical
morphology-based methods and Otsu's thresholding during the segmentation of GGO regions in order to
extract the lung fields. The program uses the Frangi Multiscale Vesselness Measure to identify and remove
these structures based on the anatomical features of bronchioles. Using a dataset of 155 lung CT images,
the study outperformed previous algorithms in terms of sensitivity, specificity, and accuracy, all exceeding
97.22%. Radiologists can be helped by this automated screening method to quickly find GGOs in lung CT
scans.

Keywords: Ground Glass Opacities (GGO), COVID-19 pneumonia, Chest CT scans, Mathematical
morphology, Frangi Multiscale Vesselness Measure

1. Introduction

By the end of 2019, Wuhan, China had seen multiple cases of pneumonia and the World Health
Organization (WHO) declared it a worldwide health catastrophe in December 2019 [1]. The disease-
causing virus was soon spread quickly over the world by means of human-to-human transmission.

The most common symptoms associated with COVID-19 are fever, coughing, and exhaustion. Other signs
and symptoms include headache, hemoptysis, diarrhea, dyspnea, and lymphopenia [10]. Among the best
ways to fight COVID-19, social seclusion is by far the most advised. It is recommended that individuals
who exhibit symptoms self-isolate at home for a duration of 14 days, thereby substantially mitigating the
likelihood of virus transmission to other individuals. In addition to stopping the virus's transmission, this
tactic helps to avoid an excessive number of patients overflowing hospitals. Due to the quick rise in
infections, seeking emergency medical attention at the same time for everyone who is ill may result in
overcrowding in hospitals and a greater death toll [5].

One of the most important tools for communicating important artifacts to medical specialists is computed
tomography (CT). The different patterns of COVID-19 tomographic presentations present a challenging
problem, especially for physicians who have to diagnose a lot of CT images in a day or two. In addition,
medical professionals need to make use of established guidelines and calculate the degree of pulmonary
damage brought on by COVID-19 infection in order to make a diagnosis and provide a treatment plan.
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Monitoring the disease's progression is an additional important factor to take into account. Experts need
to measure results both before and after therapy, mostly to assess how well the treatment worked.[6]
A complex and difficult situation is presented by the clinical characteristics of COVID-19, which are
marked by a high rate of transmission and odd early signs [7]. Ground Glass Opacity (GGO) is a common
lesion in COVID-19, and important diagnostic details including the size, shape, and texture of the GGO
help physicians treat patients in a timely manner [2, 3]. The variety of GGO features, such as their quantity,
kind, form, size, density, and position, differs greatly between patients [4].
When making a diagnosis, physicians encounter difficulties impacted by things like insufficient
experience, diversions, or exhaustion, which can lead to COVID-19 misdiagnoses [5, 6]. These difficulties
can be lessened by accurately segmenting GGO from CT scans in the early stages of COVID-19. If
successful, this kind of segmentation allows for the adoption of appropriate predictions and treatment
plans, which might lead to an 80% reduction in infection rates [7]. Therefore, early and reliable GGO
identification is essential for a proper COVID-19 diagnosis and course of treatment.

Interestingly, Ground Glass Opacity (GGO) can also appear in CT scans of various lung conditions,

including cancer, bacterial or viral pneumonia, and widespread respiratory disorders [4]. It is not limited

to COVID-19 pneumonia. GGO usually does not affect the texture of the bronchi or arteries, but instead

appears on CT images as an increased attenuation suspended mass with cloud-like features [3].

Determining the malignancy of non-solitary nodules requires accurate determination of the GGO growth

rate. However, because of their hazy borders or margins, different GGO forms are difficult to segment and

analyze [6].

This paper proposes an efficient and automated algorithm for rapidly segmenting GGO in chest CT

images, frequently observed in nCOVID-19 Pneumonia cases. Such an automated screening approach

would significantly benefit radiologists by facilitating quick and accurate anomaly detection in chest CT
images.

« An effective filling technique based on mathematical morphology and Otsu's thresholding are used to
segment the lung fields in chest CT scans. This method produces a mask (ROI) that precisely removes
the lung region.

« The segmentation process considers the anatomy of bronchioles and vessels to detect these structures.
Given that larger bronchioles and vessels are elongated structures, Frangi's vesselness measure is
applied to identify and eliminate them from the final result.

» Segmentation of regions containing GGO is challenging due to their lack of well-defined borders.
We addressed this challenge by focusing on the distinct pathological appearance of GGO,
characterized by intensity variation from the surrounding lung tissue. This is achieved by eliminating
structures other than GGO regions in the lung field.

The remainder of the paper is structured as follows: Section Il provides a detailed description of our
proposed algorithm, followed by a concise overview of Frangi Vesselness Filtering theory [2]. In Section
111, we showcase the results obtained by applying our algorithm to various images. We evaluate the
performance of our proposed algorithm by comparing it with other proposed algorithms, and the findings
are presented in this section.
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Figure 1: The structure of COVID-19 lung CT images including lung background (black area) and GGO
has been shown by yellow arrows as above (Source: https://images.app.goo.gl/4vDYpZdzhvNvJN1J6)
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Figure 2: Block Diagram of the proposed algorithm

2. Related Work:

The three main types of work that are most relevant to our research are discussed in this section: (1) Using
deep learning networks for segmenting Ground Glass Opacity (GGO). (2) GGO segmentation techniques
devoid of deep neural network integration. (3) Developments in artificial intelligence for COVID-19
detection.

2.1. Deep Learning in Segmentation of Lung Diseases:

A growing number of deep neural networks have been proposed for lung GGO segmentation in response
to the COVID-19 pandemic. There are three primary types for these solutions. First, deep neural networks
with an attention mechanism trained by a fundamental information constraint, such as Inf-net, which
performs network training to segment GGO areas in chest CT by extracting low-level semantic features
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earlier [7, 17]. Important strategies include segmenting infected GGO regions by joining interactive
attention-thinning and attention-rejecting networks [18]. Improved feature map segmentation, expanded
convolution residual attention blocks, and improved receptive fields are a few more effective approaches
[19]. These techniques focus on using known data as a constraint to improve network training [20], but
they have trouble segmenting contours because of fuzzy edges brought on the poor contrast between the
lung background and GGO areas.

The goal of the second class of deep segmentation techniques is to improve CT image quality. A novel
data augmentation technique based on Gabor filter and convolutional deep learning for upgrading COVID-
19 images [22], the application of multi-scale feature image fusion and enhancement networks [21], and
the employment of Dense GAN and multi-layer attention to segment GGO [23] are a few examples.

In the third category, attention mechanisms and image enhancement are combined. Sugeno fuzzy integral-
based CNN, for example, is used to detect GGO in COVID-19 [24], while Anam-net, which has been
enhanced by a lightweight CNN, is used for GGO segmentation [25, 26]. Notably, feature selection based
on ant colony and particle swarm optimization algorithms can also be used in the identification of GGO
[27]. 1t is important to recognize, nonetheless, that deep neural networks are trained under the supposition
of a small amount of prior knowledge and improved image quality [28]. Therefore, large computation to
train these dense networks may not be required when prior information is sufficient [29].

2.2. Non-network in segmentation of lung diseases:

Deep neural networks are not the only option; non-network techniques have also shown promise in the
segmentation of lung ground glass opacity (GGO). Compared to deep neural networks, which use a unified
approach, non-network models usually involve two different tasks: segmenting lung contours and GGOs.
Methods based on morphological operations [30], threshold segmentation in combination with Gabor filter
[31], and automatically segmenting abdominal CT volumes into many organs using locally linear
embedding graph segmentation [32] have demonstrated quick and precise outcomes for lung contour
segmentation.

Several techniques are used in non-network methods to segment the GGO area: (1) Local segmentation
tasks, which include acquiring and combining lung nodule regions, are separated into global tasks [33].
(2) For the purpose of lung nodule segmentation, image features are improved by raising image resolution
[34]. (3) Support vector machines are integrated with features to segment lung cancer cases [35]. In
contrast to deep learning methods, non-network methods frequently use different algorithms for the two
segmentation tasks: GGO segmentation and lung contour segmentation [36].

The difficulty of selecting the best parameters is an ongoing concern with non-network methods, despite
their benefits [37]. Difficulties arise when choosing the operator size in image preprocessing and choosing
the proper segmentation sites in threshold segmentation [33, 38]. Interestingly, non-network approaches
frequently perform well for quick pixel segmentation without requiring a lot of training [39]. When
compared to deep learning, threshold-based segmentation—which is employed in these methods—has
shown superior performance in lung contour segmentation, taking into account the modification in the
relation between shape and position.

However, the accuracy of CT image GGO segmentation using threshold approaches is limited by non-
network methods, mostly due to difficulties in parameter selection. This finding encourages research into
a novel strategy in which segmentation automatically modifies its parameters according to the quality of
the image. During the GGO segmentation of lung CT images, an extensive amount of preparatory
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information is provided, including one-dimensional CT rapid lung cavity localization [5], pneumonia
characteristic information [40], and more. By using these various parameters as initial data, a mapping
relationship between input images and segmentation parameters can be created.

2.3. Al progresses for COVID-19:

There has been significant use in COVID-19 diagnosis in the field of Al advancement, especially with
methodologies characterized by the previously mentioned automatic segmentation techniques. These
developments have shown to be successful in a number of applications, such as monitoring a patient's
condition progression, enabling follow-up therapies, and diagnosing suspicious patients [7, 41, 42]. In
order to fully understand a patient's individual circumstances, it is essential to segment the Ground Glass
Opacity (GGO) zones in CT scans. When diagnosing suspected cases, deep neural evolution algorithms
allow for direct examination of whether a patient is affected or not.

For instance, Convolutional Neural Networks (CNN) and dynamic feature selection can be used to
diagnose pneumonia based on architecture, which includes confirmed COVID-19, confirmed viral, and
confirmed bacterial cases. These strategies' predictive power for COVID-19 is in good alignment with
radiologists' diagnostic skills. Furthermore, segmentation provides quantitative findings that are useful for
determining the infection status [43, 44]. For example, a patient information cloud system and an
intelligence analytic system based on local binary patterns help physicians make more accurate diagnoses
and provide better follow-up care.

In summary, supported by efficient segmentation techniques, Al significantly enhances the diagnostic
capabilities for COVID-19 [45].

With accuracy rates of 96.09% and 98.09%, respectively, Zargari et al. [3] presented a machine learning
technique that successfully categorizes chest x-ray pictures into COVID-19 patient and non-COVID-19
person classes. The features that were retrieved utilizing novel Fractional Multichannel Exponent
Moments (FrMEMs) from the chest x-ray pictures.

Zhu et al. [4] obtained average sensitivity, specificity, and accuracy for AMAP-based GGO segmentation
results of 86.94%, 94.33%, and 94.06%, respectively. Markov assessed the performance based on the
subjective assessment of radiologists as well as quantificational analysis and diagnosis.

The Inf-Net deep network, developed by Fan DP et al. [8], overcomes the state-of-the-art models in use
today and advances the state-of-the-art in this field by efficiently detecting COVID-19 lung infections
from chest CT scans.

According to Zhou et al. [12], a deep learning-based model can accurately identify COVID-19 pneumonia
on high-resolution CT scans, increasing radiologists' productivity and cutting down on reading time by
65%.

A deep learning-based algorithm that efficiently diagnoses COVID-19 pneumonia on high-resolution CT
was presented by Song Y et al. [31], increasing radiologists' productivity and cutting down on reading
time by 65%. With the use of a deep learning-based model, radiologists can more efficiently identify
COVID-19 pneumonia on high-resolution CT scans, saving them 65% of the reading time.

In order to improve computational complexity and performance over previous techniques, Sinaga Kristina
[32] et al. created the U-k-means clustering algorithm, which automatically determines an ideal number
of clusters without initialization or parameter selection.

IJFMR240113030 Volume 6, Issue 1, January-February 2024 5



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

3. Methodology

A binary mask is made to separate the lung region from its background using mathematical morphology-
based filling approaches and Otsu's automatic thresholding. Small bronchioles and arteries are then
eliminated by using the appropriate mathematical morphology-based filters. Ground Glass Opacities
(GGO:s), vessels, and bigger bronchioles are the only remaining objects in the final image. To differentiate
GGOs from these elongated items, Frangi's vesselness measure [2] is utilized, taking into account the
tubular features of bronchioles and vessels. Frangi's filter defines a vesselness measure for each pixel by
using the eigenvalues of the Hessian matrix, making it possible to identify tubular structures in an image,
shown later. This metric shows the probability that a pixel is a portion of a GGO or bronchiole.

After applying a threshold and the Frangi filter to the image, a binary image that only includes the vessels
and bronchioles is produced. This image's inverse is used as a mask to remove the veins and bronchioles.
Lastly, to get rid of any last bits of noise and small artifacts, morphological techniques like median and
opening filters are used. Only the areas of the CT scan image that included GGOs are included in the final
image.

2.1 Extraction of Lung field:

Looking at Fig. 1, the background and lung have lower grey values than the surrounding muscles, heart,
and bones. Consequently, all that is needed to separate these entities in a CT scan slice is an Otsu's
threshold. After the binary image is inverted, the holes are filled using a morphological hole-filling
technique, which also creates a mask that may be used to extract the Region of Interest (ROI). The lung
field can then be extracted more easily by multiplying this binary mask by the original image.

2.2 Elimination of Small Bronchioles

Because of the partial volume effect, bronchioles and arteries in the lung CT scan slice frequently show
as little white spots. Disc structuring elements with a radius of three pixels are used in morphological
erosion processes that eliminate these distributed bronchioles, which appear as high-intensity oval objects.
After that, an object-enhancing White Top-Hat Transform is applied to the final image.

2.3 Elimination of Larger Bronchioles and Vessels

After removing small bronchioles, the remaining structures in the lung field include tubular-shaped
(elongated) bronchioles and vessels, along with cloud-like suspended GGOs with no defined boundaries.
To eliminate bronchioles and vessels from the lung field, they must be identified based on their anatomical
structures. Frangi's vesselness measure [2] is a well-known tool for detecting elongated tubular structures.
This research effectively segmented vessels and bronchioles using Frangi's vesselness measure. Following
this, these tubular structures were removed from the lung field, leaving behind the GGO regions and a
small amount of residual noise.

The explanation that follows goes into further detail about the Frangi filter's application in the
identification of arteries and bronchioles. The first stage involves computing a Hessian matrix at each
image pixel at a specific scale, s. The Hessian matrix for a two-dimensional input image is a two-by-two
matrix made up of second-order partial derivatives of the intensity at a point specified by the equation that
follows:
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In practice, the second-order partial derivatives of input image | at a point (X, y) is defined as a convolution
of Gaussian with the derivative at scale s as given by the equation:

al(xys) Y * 6G(Xys)
X0 §Vi(xy) * LD )
where G(x, y, s) denotes a Gaussian convolution kernel at scale s with a parameter y and is defined by the

following equation:

1 2 + 2
G(xY.8) = ez €XP ('X Zszy ) 3)

To identify the tubular structures from their background, Frangi et al. [5] proposed the following

vesselness measure:
0

vo(s) = ifA, >0 4
0 (=1 {e P(-2)(1- exp(-25)) @
where B and c are two user defined parameters to control the amount of importance affirmed on Rg and S.

Here, Rg = ;i is the blobness measure in 2D and accounts for the eccentricity of the second order ellipse,
2

where A1 and A2 the eigenvalues of the 2-D Hessian Matrix. In order to reduce the response of the
background pixels, Frangi et al. used the Frobenius norm S = \/)\§—+7\§ of the Hessian matrix in equation
(4). The eigenvalues and eigenvectors of the Hessian matrix are closely related to the intensity and
direction of the tubular structure. The relation between the eigenvalues A1 and A2 is summarized in Table
1 with the possible patterns in 2- D, depending on the value of the eigenvalues Ak (H=high, L=low, usually
small, +/- indicate the sign of the eigenvalue). The eigenvalues are ordered: |A1| < |A2|. As the bronchioles
and vessels are bright objects, A1 should take a low (L) value compared to a high negative (H-) values of
A2, therefore, equation (4) ignored the negative values of A2. The vesselness measure in Equation (4) is
calculated at a specific scale, s. The final estimate of the measure is decided on the maximum response
available at a pixel as described in Equation (5) below:

Vo(Y) = max  g(s,Y) ()

Smin =S = Smax
where smin and Smax are constant decided on the minimum and maximum scale in which the structures are
expected to be found. Frangi's vesselness measure correctly segments the bronchioles and vessels from
the lung field, and the inverse of this image is used as a mask to eliminate these structures.

Table 1: Possible Patterns in 2D

M A2 Orientation Pattern
N N Noisy
L H- Tubular Bright
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L H+ Tubular Dark
H- H- Blob like bright
H+ H+ Blob like dark

Table 1. represents possible patterns in 2D, depending on the value of the eigenvalues Ak (H=high, L=low,
usually small, +/- indicate the sign of the eigenvalue). The eigenvalues are ordered: [A1] < [A2|

2.4 Removing Noise

Only the GGOs are left in the lung field after the bronchioles and other elongated structures have been
removed. After that, this image is binarized using local Otsu thresholding to identify the locations of
GGOs. However, certain dispersed noisy objects are produced during the binarization process. This is
addressed by removing these small artifacts using a median filter. To get the segmented GGO zones,
multiply the binary mask that results with the original CT image.

3. Dataset collection

A diverse dataset of about 7000 chest CT images was compiled from Kaggle repository. This dataset
included 1500 normal lung CT scans from the LIDC dataset.

Dataset link https://www.kaggle.com/c/siim-covid19-
detection?utm_medium=email&utm_source=gammad&utm_campaign=comp-siim-covid19

4. Results and Discussions

6,594 lung CT scans from 155 COVID-19 patients make up our experimental image collection; the scans
were taken from the publicly accessible Kaggle dataset [25]. The Ground Glass Opacities (GGO) were
manually drawn by a trained radiologist for our algorithm'’s performance estimate and comparison. The
results of using our method on chest CT scans are shown in this part, along with a quantitative comparison
of its performance to recently proposed algorithms.

Here are four sample CT slices and the accompanying outputs of our algorithm from a 51-year-old
COVID-positive patient. The final images only show the GGO and have no background noise.

The original chest CT scan images are shown in Figure 3a, where the lung region is darker than the
muscles, bones, and heart. To extract the lung field (Region of Interest, or ROI), Otsu's thresholding
technique and a morphological filling algorithm first design a mask (Figure 3b). Using the mask produced
in the algorithm’s initial phase, the ROI effectively eliminates the background and highlights any bright
objects. Smaller vessels are deleted, which tend to seem darker due to the partial volume effect, by eroding
the image using a disk-shaped structural element. The resultant image is then enhanced using a white Top-
Hat transform, as described in Step 2 (section 2).

The improved image generated by the Frangi filter, which identifies vessel-like bronchioles and other
elongated features, is shown in Figure 3c. The filtered image is then thresholded using a local Otsu's
threshold to produce a binary mask. On the binary mask, morphological dilation is used to link nearby
GGO regions.
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In Figure 3d, linked structures outside of the lung regions are eliminated by combining the lung mask with
the complement of the dilated binary mask. To further lessen noise in the final GGO segmentation, a
median filter is used. Only the GGO zones are segregated in Figure 2e, which displays the final result. To
create the final GGO segmentation image, the binary GGO segmentation is multiplied by the original
clipped image.

Sample CT slices from a 51-year-old COVID-19 patient are shown in Figure 4, along with the matching
algorithm outputs. The resulting images remove all background noise and successfully extract the GGO
areas. We evaluated our algorithm under a variety of situations, including CT scans from patients with
diffuse respiratory diseases, to see how well it segmented GGO in lung CT scans.

To evaluate the performance of our segmentation algorithm, we calculated the sensitivity (SE), specificity
(SP), and accuracy (AC). These measures are defined as follows:
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(e)
Fig. 3: Experimental results of the proposed algorithm on a chest CT image; (a) Original Image; (b)
Binary Mask of Lung Region; (c) Bronchioles & Vessel Segmentation using Frangi vessel segmentation;
(d) Segmented Image with noise; (e) Binary mask ; (f) Final segmented Image

(@Input 1 (b) Output 1

(¢) Input 2 (d) Output 2
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(9) Input 4 (h) Output 4

) I

(i) Input 4 () Output 4
Fig. 4: Final inputs and outputs of 4 CT slices of a 51-year-old Covid positive patient

L TP
Sensitivity = 7

o TN
Specificity = N

_ (TP+TN)
Accuracy = AreaOfLung
Here, TP represents the number of pixels correctly classified as GGO regions, and TN represents the
number of pixels correctly classified as non-GGO regions. The area of actual GGO regions is denoted as
P, while the total area of non-GGO regions is denoted as N. To establish the ground truth for evaluation,
an expert radiologist manually marked the regions of GGO on the actual images using a digital pen. The
sum of P and N represents the total lung area. Table 2 compares the performance of the recently proposed
algorithms with our algorithm.
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Table 2: Comparison of the proposed method with the existing method

Algorithms Sensitivity % | Specificity % | Accuracy %
Yanjie Zhu et al. [4] | 89.98 97.59 97.40
Hassanien AE.et.al | 95.27 99.70 97.48
[5]

Diniz. et al. [28] 95.00 96.00 93.50
Ali RMM.et.al [30] | 90.00 70.00 80.00
Thomas.et.al [6] 94.00 92.00 93.00
Jones.et.al [7] 95.00 93.00 94.00
A Gupta et al [29] 95.00 93.00 94.00
Chen. et al [12] 96.00 94.00 95.00
Our Result 96.89 95.23 97.22

EXISTING METHOD COMPARISON RESULT ANALYSIS
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Fig. 5: Result Analysis & Comparison

5. Conclusion and Future Work

Using Frangi Multilevel Filtering and Mathematical Morphology approaches, we have developed a ro-
bust algorithm for ground-glass opacity (GGO) segmentation in lung CT scan images of COVID-19 pa-
tients. Our methodology's evaluation has shown that it is effective in both efficiently detecting regions
containing GGO and properly segmenting lungs from chest CT images. With average sensitivity, speci-
ficity, and accuracy of 96.89%, 95.23%, and 97.22%, respectively, the algorithm performs well. This
segmentation technique outperforms previous methods in terms of complexity and time consumption,
providing radiologists with a useful and workable alternative to help them detect GGO in COVID-19
pneumonia cases.

Our algorithm's success motivates more improvements and wider applications to be thought of:
Extension to Identify Consolidations: The algorithm's reach can be extended to identify consolidations
that appear in COVID-19's subsequent phases. This modification would make it easier to analyze how a
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disease develops more thoroughly, which would help identify cases that are severe and allow for quick
medical intervention. Our approach, which was first created for COVID-19, has potential for use in more
extensive medical settings. Through optimization of GGO detection, the system can be modified to
recognize analogous patterns in CT scans that are suggestive of several illnesses, such as pneumonia and
cancer. This more comprehensive approach will greatly aid in the timely and precise diagnosis of many
respiratory and lung-related illnesses.

As we advance, taking care of these issues will improve the algorithm's COVID-19 diagnosing skills as
well as its applicability to a larger spectrum of medical imaging problems. The basis for future studies and
developments in the automated processing of chest CT images for better clinical decision support is laid
by this flexible and scalable method.
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