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Abstract— Aim: Objective of this study is to analyze the
efficiency of Pseudo Zernike Moment in differentiating COVID
subjects from controls compared to Minkowski Functionals.
Materials and Methods: The data for this study is obtained from
a publicly available dataset. By fixing predefined values to the
parameters such as effect size and algorithm power as 0.3 and
0.80 in G power tool provides the required sample size as 176.
Pseudo Zernike moments and Minkowski features are extracted
from the binary lung CT scans. Result: Pseudo Zernike moment
feature (M2) is found to have a mean value of 0.63 for normal
subjects and 0.56 for COVID subjects. Minkowski area feature
is found to have the ability to differentiate COVID subject
compared to its other features. Pseudo Zernike features exhibit
better statistical significance (p<0.05) in differentiating normal
and COVID subjects. Neural network classifier shows better
classification ability with 91% classification accuracy in
separating COVID subjects from normal controls. Conclusion:
Compared to Minkowski features, pseudo-Zernike moments
has better classification ability to differentiate normal and
COVID subjects.

Keywords— COVID, CT images, Medical Image Processing,
Minkowski functionals, Novel shape descriptor, Pseudo Zernike
moments

L. INTRODUCTION

The severe acute respiratory syndrome coronavirus 2
(SARSCoV-2) resulting in coronavirus disease 2019
(COVID-19) pandemic presents diagnostic evaluation
challenges [1]. Symptoms of some COVID patients include
fever, fatigue, cold, cough, runny nose, sore throat, myalgia,
etc. whereas a large number of others are asymptomatic [2].
Global statistics provided the number of confirmed cases as
on March 2021 as 109,594,835 including 2,424,060 deaths
[3]. Non-invasive imaging modalities including X-ray,
Computed Tomography (CT) and ultrasound provide
valuable information about the changes in human body.
However, due to involvement of high radiation X-ray
modality is not widely used for the diagnosis of COVID. CT
is widely used to detect the changes in soft tissues due to
incidence of COVID [4]. This analysis can be used in early
diagnosis and treatment planning of COVID.
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Around 1124 and 147 articles dealt with COVID and also
analysis based on Minkowski features and pseudo-Zernike
features were published in google scholar and science direct
online repositories over recent years. The two algorithms
proposed by Papakostas [5] extracted Zernike and pseudo-
Zernike moments faster with 70% less computation time than
the direct feature extraction method. Pseudo Zernike
moments used by Hosny [6] was extracted at 75% efficient
time compared to direct method and provided better results in
classification and diagnosis. Arns considered dust, noise of
some complexity as random models for the study of
Minkowski functionals [7]. David had developed a method
for approximating 2D and 3D Minkowski measures. He
approached a new method in implementing Minkowski
functionals in Matlab software and obtained the final result
which was represented in the form of grey level image [8].
Our Teams have previously published in a variety of topics
[9]-[30] , To add to this rich experience we have worked on
the current study.

Due to the lack of significant classification methods and there
exists no unified method for efficient diagnosis and
classification of COVID. The aforementioned problems were
identified from the literature. The purpose of the study is to
evaluate the lung deformation due to incidence of COVID-19
using pseudo-Zernike moments and Minkowski functionals.

II. MATERIALS AND METHODS

The proposed analysis is carried out in the image processing
laboratory at Saveetha School of Engineering. Number of
samples required for the study is calculated using G-power
software tool [31], [32]. The values such as 0.3, 0.05 and 0.8
are fixed for the parameters such as effect size, allowable
error and base power of the algorithm. Also, equal number of
samples are calculated by fixing the allocation rate as 1.
Based on the parameters given a sum of 176 samples are
required for better analysis.

CT scans are obtained from Kaggle [33] an open access
public repository. A total of 200 images are finalized
considering 10 CT scan images from 20 subjects. The images
are categorized into normal and COVID subjects.
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Softwares such as SPSS and MATLAB are used for efficient
analysis [34], [32] and [35]. The proposed workflow is shown
in Fig. 1. Lung regions are extracted using the level set
method [36]. Pseudo Zernike and Minkowski features are
extracted from binary lung image and neural network
classifier is used to classify normal from COVID subjects
[37].

Input Dataset  ——»  Sample Selection ~ [———*  Segmentation  —

MLP Classifier

fe—|

Data Analysis Feature Extraction [«

Fig. 1. Workflow of the proposed study to analyze shape alteration of
lung using shape features.

A. Pseudo Zernike moments

Pseudo Zernike moments reduce the computation complexity
using pseudo Zernike polynomials (Al-Rawi et al. 2010).
Pseudo Zernike moments found to be robust to noise
compared to traditional Zernike moments hence widely used
in image processing applications (Chong et al. 2003).
(Tahmasbi et al. 2010).

B. Minkowski Functionals

Minkowski functionals are used as shape measures. They
provide robust quantitative measures for orientation.
Minkowski measures are structure probe sensitive and high
image resolution [38].

C. Statistical Analysis

Extracted feature values are considered to be independent
variables. Based on the independent variables the evaluation
performance of the classifiers including accuracy and F1
score are derived to estimate the performance of feature
values in differentiating COVID subjects from normal
controls [34]. Sample t-test is conducted to analyze the
statistical significance of feature values between normal and
COVID subjects using feature values of p-ZM and
Minkowski functionals separately.

II1. RESULTS

The typical CT scan images of normal and COVID subjects
are represented in Fig. 2 (a-b). Segmented lung binary CT
scan images of normal subjects are represented in Fig. 2 (c-
d). Fig. 2 (e-f) represent the lung regions of COVID subjects.

Feature values of Minkowski functionals are represented in
Table 1. Statistical significance is observed between normal
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and COVID subjects. Area, area density, euler, euler density,
perimeter and perimeter density are considered for the feature
extraction. Mean difference between subject groups indicates
the shape and texture loss in infected lungs. The mean area of
normal and COVID subjects are 614.95, 587.10 respectively.
In such a way significant deduction of mean values can be
observed in the remaining features of COVID subjects from

Table 3.
CT scan images Sezmeated infected mmage:
®©
®) ®

Fig. 2. Representation of (a-b) normal CT scan images, segmented lung
regions (c-d) normal subjects, (e-f) COVID subjects
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Table 1. Independent sample test is performed using Minkowski features.
Area feature obtained, mean difference and standard error difference as 0.508
and 0.02 with p-value 0.01 respectively.

Levene’s Test for
Equality of

T-test for Equality of means

Variances

95% Confidence

Mean Sig t dif Sig (2- Mean Std Error Interval of the

tailed) Difference | Difference Difference

Lower | Upper

Equal

3 N 2 2
variances | 1186 | 027 | 24 398 016 0508 020 0009 09
assumed

Area

Equal
0.009 092
variances

2423 396.8 016 0/20 021
not

assumed

Table 2. Independent sample test is performed using pseudo-Zernike
moments.

Levene’s Test for
Equality of T-test for Equality of means

Variances

95% Confidence Interval
Mean | Sig t dif Sig (2- Mean | Std Error
tailed) | Difference | Difference

of the Difference

Lower Upper

Equal
- 3 0215 -
variances | 2105 | 001 9% 398 032 0213 021 064 0209

assumed

M1 Equal

variances
-.996 378.596 032 -.021 0216 -.064 021
not

assumed

The normal and normalised feature values of p-ZM for
normal and COVID subjects are shown in Table 4. It is
observed that p-ZM feature values are significant between
normal and COVID subjects. Particularly second p-ZM (M2)
is found to have high significance in classifying COVID
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subjects from normal controls. M2 feature values of normal 1301.40 123758 060= | 0.66<«
and COVID subjects were (0.63 + 0.22, 0.56 = 0.23), these 8 M8 L1618 217562 018|022
values show differences in normal and infected lungs. In the
same way for all 15 features the difference can be observed. M9 1443.46 1384.56 0.59+ | 0.65=
9 +166.61 +182.73 0.18 0.21
Table 3. Minkowski feature values of normal and COVID subjects.
Difference in mean feature values between normal and COVID subjects MI0 1596.56 1545.73 0.58 + 0.66 +
indicate loss of shape in lungs due to incidence of COVID. 10 +167.77 +196.98 0.18 0.19
S No Feature Name MNorinngD MCOZHS)TD M | 173911 1696.14 056+ | 0.66=+
(Mean )| (Mean ) 1 +177.62 21610 | 017 | o0.19
1 Area 614.95 +£109.17 587.10 + 145.00 M2 1881.09 1848.30 0.55 + 0.64 +
12 +190.00 +238.22 0.17 0.19
2 Area Density 0.001 = 0.0001 0.001 £+ 0.0002
2032.41 2005.51 053+ 0.61 +
14 +212.26 +276.62 0.17 0.20
5 Perimeter 898.27 + 180.85 819.99 +120.31
2330.05 2313.59 052+ 0.60 +
6 Perimeter Density 0.01+0.001 0.009 £ 0.001 15 MI5 +223.73 429933 0.17 0.20
STD — Standard Deviation
Graphs have been plotted for extracted features of both
Minkowski functionals and pseudo Zernike moments using —
SPSS software. Fig. 3 represents a statistical analysis graph 1 2000000 SEND
for extracted pseudo Zernike moment features. On X-axis i
features were plotted whereas on Y-axis mean values for the '
features were plotted. Normal feature values have more value  ‘nponn
than COVID feature values with +1 standard deviation. 2
Similarly, Fig. 4 represents a statistical analysis graph for
extracted Minkowski functional features. 04000000
0.2000000
Table 4. Psecudo Zernike moment values of normal and subjects. The
moment feature M6 shows a better difference between the normal (1021.13) 0.0000000
and COVID (957.57) subjects. 8885538833333 3
GROUP
Norrnal Normalized Error Bars: 95% CI
Error Bars: +/- 1 SD
N S. Featur Normal COVID Normal | COVID . . . .
o cature (Mean + (Mean £ (Mean | (Mean Fig. 3. Symbolic graphs- §tat analy51§ for the extracted pseudo-Zernike
STD) STD) +STD) | + STD) moment features. Mean difference with +1 SD between the normal and
COVID subjects of each feature.
Mi 250.86 + 226.09 £ 0.54 + 0.56 +
1 56.93 5928 0.19 0.23 Clustered Bar Mean of NORMAL, Mean of COVID by GROUP....NORMAL
HcoviD
o | 43879 39487+ | 063+ |056+
2 82.91 91.09 0.22 0.23
0.800000
M3 595.40 + 54824+ | 058+ | 053+ & osmom
3 120.85 128.39 0.25 0.23 2
0.400000
M4 733.92 £ 678.40 £ 0.62 + 0.57
4 124.40 139.86 023 021
Ms | 88099 81723+ [ o061+ | 058+ —
5 131.55 144.19 0.21 0.20 area area euler euler  perimeter perimeter
density density density
GROUP
M6 1021.13+13 957.57 + 0.58 + 0.63 + .
6 9.52 150.73 0.19 0.22 Eror Bars 95% €1
Error Bars: +/- 1 SD
M7 1155.12 1090.13 0.59 + 0.65 +
7 +149.54 +163.00 0.19 0.22
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Fig. 4. Representative graphs of the statistical analysis for the extracted
Minkowski transform features. Large overlap is observed in the feature
values and also there exists high SD between within the features of
normal and COVID subjects.

For both normal and normalized feature values of Minkowski
functionals and pseudo-Zernike moments the classification
ability is performed using a neural network classifier. In
Table 5 the classification ability of Minkowski functionals in
differentiating normal and COVID subjects is represented.

TP Rate (Sensitivity)

From Table 5 it is noticeable that normalised feature values |
perform better than normal feature values in classification
purpose. Performance metric values of normalised feature
value are 0.897, 0.835, 0.835, 0.837, 0.835 for AUC, CA, F1
score, presion, recall. Similarly in Table 6 classification
ability of pseudo Zernike moments in differentiating normal
and COVID subjects is represented. Normalized feature FP Rate (1-Specificity)
values have significant performance metrics with AUC, CA, ®)

F1 score, presion, recall of 0.973,0.912, 0.912, 0.914, 0.912
than the normal feature values. By comparing both the
methods through their classification ability, it can be
concluded that pseudo Zernike moments have more ability in
classifying normal and COVID subjects than Minkowski

functionals. g
By using classification ability comparison, ROC graphs [39] 3
. . . . [}
were plotted for Minkowski functionals and pseudo Zernike %
moments respectively which is represented in Fig. 5. 3
o
=
Table 5. NN classifier is found to exhibit high performance using normalized
features compared to extracted pseudo-Zernike moment features. NN has Il
achieved 91.2% using normalized features which is comparatively higher :"
than the normal features. |
i
Neural Network | AUC | CA F1 Precision | Recall
seore FP Rate (1-Specificity)
Normal 0.854 | 0.765 0.765 0.765 0.765 (©
Normalised 0.973 | 0.912 0.912 0.914 0.912 ) —
3 ‘
8 f
& f
= {

TP Rate (Sensitivity)

FP Rate (1-Specificity)
[ (@)
Fig. 5. Representative ROC graphs of (a-b) Minkowski transforms and
(c-d) pseudo-Zernike moments. High AUC in pseudo-Zernike moments
signify that the false positive rate is greatly reduced

FP Rate (1-Specificity)
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Table 6. Normalized Minkowski features provide improved accuracy (83%)
compared to raw features (76%) using NN classifier

Neural Network | AUC CA F1 Precision | Recall
score
Normal 0.853 | 0.762 0.762 0.762 0.762
Normalised 0.897 | 0.835 0.835 0.838 0.835
Iv. DISCUSSION

CT lung images are analyzed to distinguish normal from
COVID subjects. It is observed that pseudo-Zernike moments
were better than Minkowski functionals to classify COVID
subjects from normal subjects using neural network
classifiers.

David and his team developed a method for approximating
2D and 3D Minkowski measures. For their study, they used
4 directions in 2D & 13 directions in 3D to obtain efficient
accuracy. Proposed a new method of implementing
Minkowski functionals in Matlab software. Convergence and
non-convergence of an image are measured and the final
result was represented as a grey level image. In this study
89% of accuracy is obtained by Minkowski functionals by
using the NN classifier. Arns considered dust, blurring and
noise of complex random models for the study of Minkowski
functionals. He concluded that smoothing affects
morphological measures rather than change in particle shape.
Here Minkowski functionals were used for measuring the
feature values of COVID lung CT images. Timothy used
Minkowski functionals in early detection of tumor changes in
heterogeneity of MRI images [40]. They used to differentiate
T1 weighted images and T2 weighted images before and after
the drug treatment [40]. In this study Minkowski functionals
were used for early detection of COVID by using CT scan
images.

The proposed analysis could be validated using increased
number of datasets in near future for effective classification
of normal and COVID subjects.

V. CONCLUSION

In this study, Pseudo-Zernike moments and Minkowski
features are extracted and analyzed for testing the efficiency
of normal and the COVID subjects separately. From the
results it is concluded that pseudo Zernike moments has
better capability in differentiating normal and COVID
subjects with an accuracy of 91% which in higher compared
to Minkowski functionals which exhibited the accuracy of
83%.
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