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The latest human coronavirus is COVID-19. Chest radiography imaging is
essential for screening, early detection, and monitoring COVID-19
infections since the virus resides in the lungs. Classical real time reverse
transcriptase polymerase chain reaction (RT-PCR) data and chest X-ray
pictures will become more important for COVID-19 identification as the
pandemic spreads due to their affordability, wide availability, and infection
control benefits, which reduce cross-contamination. This work presents
multi-modal hybrid automated approaches to classify COVID-19 illness into
three clinical categories: normal, pathogenic, and COVID-19 utilising
RT-PCR test data and online chest X-ray datasets. The RT-PCR and chest
X-ray image datasets were processed using supervised machine learning and
convolutional neural networks (CNN). Together, these measures help us
separate COVID-19 patients, those with similar symptoms, and healthy
persons. The author improved detection times and classification accuracy

RT-PCR dataset with extra tree classifier’s feature selection and openCV’s image sharpening.
The proposed approaches were tested using a research dataset. The proposed
methods allowed reliable COVID-19 disease categorization for clinical
decision-making, with random forest (RF) classifier global precision values
of 91.58% on the RT-PCR dataset and CNN model accuracy of 95.46% on
improved sharpened images.
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1. INTRODUCTION

In December 2019, the extreme ARC 2 (SARS CoV-2) book was located in Wuhan, China.
The World Health Organization (WHO) called it coronaviruse disease 2019 (COVID-19) in February 2020.
The WHO declared COVID-19 an epidemic on 11 March 2020 after designating it a global public health
concern on 30 January 2020 [1]. The virus swiftly spread, reaching 1.8 million cases and 114,698 deaths by
April 12, 2020. The United States, Spain, and Italy had 22,115, 17,209, and 19,899 badly impacted by the
epidemic.

Patients with infection may have fever, toux, respiratory issues, and flu. The infection can cause
pneumonia, respiratory difficulties, multi-organ failure, and death [1], [2]. Many industrialized countries’
healthcare infrastructure has disintegrated because to COVID-19’s fast spread. Few ventilators and tests.
Many governments have instituted lockdown and suspended meetings. Successful screening is needed to
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isolate and treat COVID-19-positive individuals. Real time reverse transcriptase polymerase chain reaction
(RT-PCRY) is the principal real-time COVID-19 screening tool [3], [4]. Patient respiratory samples may be
tested in two hours or two days. Alternative PCR screening procedures include chest X-rays. Reviewing
radiology journals [5], [6]. Chest imaging may help COVID-19. COVID-19 patients displayed ground-glass
opacities and hazy darkish spots in their pulm [6], [7]. Chest radiation may help researchers measure and track
COVID-19 cases. Many researchers released pre-print chest CT scan COVID-19 detection findings [8], [9].
Sensitivity techniques work well with small datasets but are rarely useful for development. These methods
must be verified and polished before use. Because they learn from data fast, deep learning systems don't need
custom features [10].

2. LITERATURE REVIEW

Previous in-depth learning categorised disorders using chest X-Rays. Deep neural network
ChexNet [11] detects chest X-ray pneumonia. ChexNet has strong radiologists and outcomes. ChestNet uses
chest X-rays to identify thorax disease [11]. With COVID-19 cases rising and artificial intelligent (Al)-based
medical diagnostics, an Al-based detection system is needed. Recently, radiologists have found COVID-19.
In conventional pneumonia-bacterial and pneumonia-via COVID-19 courses, Wang et al. [8]’s deep learning
model COVID-Net is 83.5% accurateb [12].

Hemdan et al. [13] accurate computation: COVID-19 RT-PCR positive test dataset using stages
classification through textual big data mining with machine learning,” Apostolopoulos and Mpesiana scored
98.75%, 93.48%, and 98.48% on 224 COVID-19 images with pre-trained deep neural network models.
Narin et al. [14] chest X-ray-trained ResNet-50 models found 98% COVID-19 in two groups. Undocumented
multi-class efficiency. Individual convolutional neural network (CNN) models and a COVID-19 support
vector machine (SVM) were used by Sethy and Behera [15]. Their survey found ResNet50 the best SVM
classifier [16]. Ozturk et al. [9] most recently, a dark Net-based deep network was suggested. The 17-layer
convolution model employs Leaky rectified linear unit (ReLu) activation.

The model scored 98.08% for binary and 87.02% for multi-class. All strategies except COVID-Net
are binaurally graded (normal vs COVID-19) or three-class (hormal vs pneumonia vs COVID-19) [8] others
than COVID-Net don’t discriminate bacterial and viral pneumonia. Ramnathan and Ramsundaram [16]
machine learning was used to determine COVID-19 positive using the RT-PCR ribonucleic acid (RNA) viral
expansion test. The proposed method uses machine learning and textual data mining to partition the clinical
report into four pieces. The machine learning classification method extracts features from an efficient corona
data set using cutting-edge term frequency - inverse document frequency (TF/IDF) algorithms. The three-
way COVID-19 stages are categorized using machine learning using data recovery.

The TF/IDF quantifies and statistically tests COVID-19 patient file list text data for coronavirus
prediction and classification. This study demonstrated that blood samples and machine learning may
diagnose COVID-19-positive patients without RRT-PCR. Computers classify corona-positive patients as
mild, moderate, or severe from the clinical record. Find measures using TF-IDF by comparing search
similarities to study summary features. COVID-19-contaminated patient risk was measured by diagnostic
levels. COVID-19 stages can be reliably diagnosed quickly, according to experiments [17]. A chest X-ray-
based machine learning method by Chen et al. [17] swiftly and correctly identified COVID-109.

For quantitative COVID-19-based pneumonia identification using computed tomography (CT)
imaging for automated, multiclass segmentation, Chen et al. [17] recommend residual attention U-Net.
Chan and Adhikari [18] “auto diagnostic medical analysis” network helps doctors locate polluted areas and
harmful components. Research employed CT and X-rays. A broad net network was recommended for lung
pollution removal and labelling.

3. METHOD

The system we proposed in this paper is the hybrid approach to COVID-19 classification using chest
X-ray images and RT-PCR data. Figure 1 represents the system architecture diagram. As represented in
Figure 1, we developed the multimodal approach to detect the COVID-19 diseases with the help of two
diverse datasets.

One dataset is the chest X-ray images andanother dataset is of RT-PCR dataset. The machine
learning model had been applied to the RT-PCR dataset and CNN had been applied for the classification of
the chest X-ray image dataset. The classification results are then ensemble at the final stage for identification
of COVID-19 disease as hormal, COVID-19 infected, and viral pneumonia.
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Figure 1. System architecture

3.1. Dataset description
3.1.1. Chest X-ray image dataset

The chest X-ray image dataset came from [18], [19]. It has two directories (train, test) and three
subfolders (COVID-19, pneumonia, normal). Test data include 20% of data-set’s 6432 X-ray pictures.

3.1.2. RT-PCR dataset

The Israeli Ministry of Health released SARS-CoV-2 RT-PCR nasopharyngeal swab testing data 11
[19]. The dataset provides daily initial records of all COVID-19-tested residents countrywide. Besides the test
date and outcome, clinical symptoms, sex, and a binary diagnosis of age 60 or older are available.
Total information shape is (1002063, 10). Figure 2 represents a sample image dataset obtained using chest X-
ray for all three types sof classes. Figure 2(a) represents normal patient’s chest X-ray image, Figure 2(b)
represents pneumonia patient chest X-ray image where as Figure 2(c) represent COVID-19 patient’s chest X-
ray image.

Figure 2. Chest X-ray images (a) normal patient chest X-ray image, (b) Pneumonia patient chest X-ray
image, and (c) COVID-19 patient chest X-ray image (left to right (a to ¢))

3.2. Pre-processing steps
3.2.1. RT-PCR dataset

The total dataset shape is (1002063, 10). After pre-processing, and considering only two classes for
prediction i.e., COVID-negative and COVID-positive after dropping the records of COVID-19 other being
they were very less in numbers compared to positive and negative test cases, we applied different machine
learning algorithms i.e., logistic regression (LR), decision tree (DT) and random forest (RF). The train test
split ratio waskept as 70:30.
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3.2.2. Chest-X-ray image dataset

The original photos retrieved from the site above have noise because they are hospital X-rays. These
photos may contain noise; thus, we utilised the OpenCV package for image enhancement to improve neural
network classification. Contrast enhancement, contour detection employing clever edge detection, image
blur, and image sharpening were used for study. We tested the aforementioned combination and got better
image sharpening results.

3.3. Feature selection techniques for RT-PCR data

The main objective is to have anearly prediction for COVID detection, and the feature selection
method had been implemented. The extra tree classifier model was chosen and top 5 features selected for
further implementation of the machine learning model. Figure 3 represents the top 5 features fetched using
extra tree classifier feature selection method. The top 5 features identified as headache, fever, cough,
sore_throat, andshortness_of _breath.
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sore_throat
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&
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Figure 3. Top 5 feature selections using extra tree classifier

3.4. Machine learning models on RT-PCR data

Being the data is a supervised machine learning classification type, the author applied different
machine learning classification algorithm for comparing the performance results. So that, final model can be
selected based on best performance of accuracy of mode. For that, classification algorithms like LR, DT, and
RF machine learning on the dataset had applied.

3.5. Neural network on chest-X-ray image dataset

Deep learning is prominent in artificial intelligence because it can detect complex patterns from
input data. At several stages, deep learning algorithms learn data feature representation. Computer-aided
detection/diagnostic systems and medical image analysis use these methods for accurate early detection,
diagnosis, treatment, and monitoring of many pertinent illnesses [20]. This study uses a highly convolutional
network design inspired by the keras sequential CNN, which was applied to our challenge because to its
flexibility, simplicity, and promising results in previous pulmonary illness classification tasks. Figure 4
illustrates this study’s keras sequential CNN architecture modification.

This architecture feed-forwards each layer within each dense block to maximise information flow.
Layers examine feature maps from previous layers as inputs and send them to subsequent layers to preserve
feed-forwardness. Each deep learning technique in this proposal classifies chest X-rays as normal, abnormal,
or COVID-19. We changed the categorization layer to handle this output. To balance chest X-ray photos per
category, the dataset was randomly divided into three mutually incompatible groups. Examples include 60%
for teaching, 20% for validation, and 20% for testing.

Multimodal approach for early prediction of COVID-19 disease using ... (Milind Ankleshwar)



1200 O ISSN: 2502-4752

4. RESULTS AND DISCUSSION

The training and testing were done on two diverse datasets (RT-PCR and chest X-ray images
dataset) parallelly, and the methodologies of machine learning and CNN were applied to the above dataset as
mentioned in the methodology’s sections. The author collected results of both datasets separately, and since it
is a multimodal approach, the ensemble classification results for COVID-19 disease classification were
produced. After pre-processing, we performed LR, DT, and RF to the RT-PCR dataset. The train test split
was 70:30. The full dataset was used for model training and testing in the first phase. The results got
evaluated on accuracy, precision, recall and F1-score performance parameters. Table 1 shows findings from
the full dataset without feature selection.

Table 1. Performance evaluation of complete features

Model  Precision  Recall F1-score Accuracy
LR 92 99 95 91.38
DT 92 99 95 91.41
RF 92 99 96 91.66

From Table 1, it is evident that the random forest model had performed marginally better than LR
and DT. Figures 4 and 5 represents the confusion matrix for the RF model. The performance evaluation after
the top 5 feature selection as shown in Figure 3 is mentioned in Table 2.
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Figure 4. Confusion matrix RF
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Figure 5. Confusion matrix RF after feature selection
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Table 2. Performance evaluation of top 5 features
Model Precision Recall Fl-score Accuracy

LR 92 99 93 91.46
DT 92 99 95 91.41
RF 93 99 97 91.68

It is clear from Table 2 that even among the top five feature selection methods, the RF model
outperformed LR and DT by a very small margin. The experimental setup used epochs 128. On the original
dataset, training loss was 0.2982, accuracy was 0.8667, validation loss was 0.2142, and accuracy was 0.9024.
Overall testing accuracy was 0.8446. Following openCV image improvement techniques, the author used the
same CNN model to image enhanced chest X-ray pictures utilizing image sharpened methods. Applying the
CNN with the same 128 epochs yielded training loss: 0.1782, training accuracy: 0.8971, validation loss:
0.1322, validation accuracy: 0.9624, and overall testing accuracy: 0.9526. Figure 6 showed the loss-accuracy
graph of the model. Figure 6(a) show the loss against epochs graphs and Figure 6(b) show the accuracy graph
against epochs for our CNN model. The classification report of the CNN model on sharpened image is shown
in the Table 3.
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Figure 6. Performance of CNN model (a) lossand and (b) accuracy graph of CNN model applied

Table 3. Classification report of CNN model
Precision Recall F1-score

0 0.99 0.96 0.97

1 0.89 0.91 0.90

2 0.96 0.96 0.96
Accuracy 0.95
Macro avg 0.95 0.94 0.94
Weightedavg  0.95 0.95 0.95
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The main objective of this research is to have the early detection of COVID-19 disease classification
using a multi modal approach. Time taken comparison had been put in Table 4 and its graphical
representation is shown in Figure 5. The preceding table shows that feature selection and sharpened image
dataset saved 101.70 seconds. Overall accuracy increased from 88.07% to 93.47% with the multi modal
model. Only with chest X-ray picture dataset after image sharpening enhancement approaches accuracy rose
from 84.46% to 95.43%. This achieves the multimodal model’s early COVID-19 illness categorization
research goal. The experimental analysis shows that feature selection and image dataset sharpening saved
processing time by 13%.

Table 4. Time taken by model

Methodologies Time taken (in seconds)

Complete feature with RF model (A) 69.41
Top 5 features with RF model (B) 32.71
CNN model on the original dataset (C) 7450
CNN model on sharpens images (D) 7385

Time taken E=(A+C) 7519.41

Time taken F=(C+D) 7417.71

Time saved (E-F) 101.70

5. COMPARATIVE ANALYSIS OF PROPOSED WORK

Various researchers had worked on chest X-ray images COVID detection mechanism [21]. Different
machine learning and deep learning models had applied for prediction of COVID [22]. Major performance
parameters was the accuracy of the model. In this section, we are comparing our research work with most
recent research work of COVID-19 prediction using chest X-ray images. Table 5 displays a comparison
between the proposed system and current systems.

Table 5. Comparative analysis of proposed work

Author Model Dataset Accuracy
Moura et.al. [23] Deep CNN Chest X-ray images 90.27%
from portable devices
Marateb et.al. [24] A combination of one-hotencoding, RT-PCR and CT- 96.00%
stability featureselection, over-sampling, scan
and an ensemble classifierwasused
Swapnarekha et al. [25] Mobile Net-V2 X-ray images 92.13
Proposed work Hybrid methodology of machine learning RT-PCR-chest RT-PCR data-91.68% chest X-
and CNN X-ray images Ray-94.60% (overall-93.47)

6. CONCLUSION

Due to its rapid spread, COVID-19, caused by the recently identified severe acute pulmonary
symptoms of coronavirus 2 (SARS-CoV-2), is straining worldwide healthcare systems. Suspects should be
identified quickly and monitored to prevent infection. COVID-19 detection was first limited to the defective
RT-PCR test. Radiography analyses lung anomalies to diagnose and measure disease severity.
This multimodal, automated research analyses patient RT-PCR data and chest X-ray images using machine
learning and CNNs. The suggested method employs three complementary deep learning algorithms to better
identify COVID-19-infected, similar-diseased, and healthy patients. COVID-19 and other lung diseases share
symptoms because of this. Using RT-PCR dataset and chest X-ray image data, the proposed method
distinguishes normal and COVID-19 patients. A innovative feature extraction technique on RT-PCR dataset
and image enhancement using sharpen images with OpenCV enhanced classification accuracy. It also
reduced prediction time by 110 seconds, demonstrating more accurate early COVID-19 identification.

REFERENCES

[1] World Health Organization, “Coronavirus (COVID-19) events as they happen,” Https://Www.Who.Int/Emergencies/
Diseases/Novel-Coronavirus-2019/Events-As-They-Happen, 2020. https://www.who.int/emergencies/diseases/novel-coronavirus-
2019/events-as-they-happen (accessed Jan. 25, 2021).

[2] E. Mahase, “Coronavirus COVID-19 has killed more people than SARS and MERS combined, despite lower case fatality rate,”
BMJ (Clinical research ed.), vol. 368, p. m641, Feb. 2020, doi: 10.1136/bmj.m641.

[31 W. Wang et al., “Detection of SARS-CoV-2 in different types of clinical specimens,” JAMA - Journal of the American Medical
Association, vol. 323, no. 18, pp. 1843-1844, Mar. 2020, doi: 10.1001/jama.2020.3786.

Indonesian J Elec Eng & Comp Sci, Vol. 33, No. 2, February 2024: 1196-1204


https://link.springer.com/article/10.1007/s40031-021-00589-3

Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 O 1203

[4]

[5]
[6]

[71
(8]
[9]

[10]

[11]
[12]
[13]
[14]
[15]

[16]

[17]
[18]
[19]

[20]

[21]

[22]

[23]

[24]

[25]

A. M. Alqudah, S. Qazan, and A. Alqudah, “Automated systems for detection of COVID-19 using chest X-ray images
and lightweight convolutional neural networks,” Emergency Radiology, vol. 4, no. 1, pp. 54-67, 2020,
doi: 10.21203/rs.3.rs-24305/v1.

A. Bernheim et al., “Chest CT findings in coronavirus disease-19 (COVID-19): relationship to duration of infection,” Radiology,
vol. 295, no. 3, p. 200463, 2020, doi: 10.1148/radiol.2020200463.

X. Xie, Z. Zhong, W. Zhao, C. Zheng, F. Wang, and J. Liu, “Chest CT for typical coronavirus disease 2019 (COVID-19)
Pneumonia: relationship to negative RT-PCR testing,” Radiology, vol. 296, no. 2, pp. E41-E45, Aug. 2020,
doi: 10.1148/radiol.2020200343.

Y. Fang et al., “Sensitivity of chest CT for COVID-19: comparison to RT-PCR,” Radiology, vol. 296, no. 2, pp. E115-E117,
Aug. 2020, doi: 10.1148/radiol.2020200432.

L. Wang, Z. Q. Lin, and A. Wong, “COVID-Net: a tailored deep convolutional neural network design for detection of COVID-19
cases from chest X-ray images,” Scientific Reports, vol. 10, no. 1, p. 19549, Nov. 2020, doi: 10.1038/s41598-020-76550-z.

T. Ozturk, M. Talo, E. A. Yildirim, U. B. Baloglu, O. Yildirim, and U. Rajendra Acharya, “Automated detection of COVID-19
cases using deep neural networks with X-ray images,” Computers in Biology and Medicine, vol. 121, p. 103792, Jun. 2020, doi:
10.1016/j.compbiomed.2020.103792.

M. Mittal, L. M. Goyal, S. Kaur, I. Kaur, A. Verma, and D. Jude Hemanth, “Deep learning based enhanced tumor segmentation
approach for MR brain images,” Applied Soft Computing Journal, vol. 78, pp. 346-354, May 2019,
doi: 10.1016/j.as0c.2019.02.036.

P. Rajpurkar et al., “Deep learning for chest radiograph diagnosis: a retrospective comparison of the CheXNeXt algorithm to
practicing radiologists,” PLoS Medicine, vol. 15, no. 11, p. €1002686, Nov. 2018, doi: 10.1371/journal.pmed.1002686.

H. Wang and Y. Xia, “ChestNet: a deep neural network for classification of thoracic diseases on chest radiography,” arXiv, 2018,
[Online]. Available: http://arxiv.org/abs/1807.03058 (accessed Jan. 25, 2021).

E. E.-D. Hemdan, M. A. Shouman, and M. E. Karar, “COVIDX-Net: a framework of deep learning classifiers to diagnose
COVID-19 in X-ray Images,” arXiv, Mar. 2020, [Online]. Available: http://arxiv.org/abs/2003.11055 (accessed Jan. 26, 2021).

A. Narin, C. Kaya, and Z. Pamuk, “Automatic detection of coronavirus disease (COVID-19) using X-ray images and deep
convolutional neural networks,” arXiv, Mar. 2020, [Online]. Available: http://arxiv.org/abs/2003.10849 (accessed Jan. 26, 2021).
P. K. Sethy and S. K. Behera, “Detection of coronavirus disease (COVID-19) based on deep features,” Mar. 2020,
doi: 10.20944/preprints202003.0300.v1.

S. Ramanathan and M. Ramasundaram, “Accurate computation: COVID-19 rRT-PCR positive test dataset using stages
classification through textual big data mining with machine learning,” Journal of Supercomputing, vol. 77, no. 7, pp. 7074-7088,
Jul. 2021, doi: 10.1007/511227-020-03586-3.

X. Chen, L. Yao, and Y. Zhang, “Residual attention U-Net for automated multi-class segmentation of COVID-19 chest CT
Images,” arXiv, 2020, [Online]. Available: http://arxiv.org/abs/2004.05645.

N. Chand and D. Adhikari, “Infection severity detection of CoVID19 from X-rays and CT scans using artificial intelligence,”
International Journal of Computer (1JC), vol. 38, no. 1, pp. 73-92, 2020, [Online]. Available: http://ijcjournal.org/.

“Chest X-ray (COVID-19 & Pneumonia) | Kaggle,” 2022. https://www.kaggle.com/datasets/prashant268/chest-xray-covid19-
pneumonia (accessed Jul. 04, 2022).

S. B. Bose, “Improved fully convolutional neural networks for automated handwritten character recognition,” in 6th International
Conference on Electronics, Communication and Aerospace Technology, ICECA 2022 - Proceedings, Dec. 2022, pp. 1318-1324,
doi: 10.1109/ICECA55336.2022.10009548.

L. chaudhary, S. Saleem, S. Sheikh, S. Hamid, H. Saleem, and A. Saleem, “HRCT spectrum in initially COVID-19 RT-PCR
Negative Patients,” Journal of Rawalpindi Medical College, vol. 25, pp. 37-43, 2021

P. Afshar, S. Heidarian, F. Naderkhani, A. Oikonomou, K. N. Plataniotis, and A. Mohammadi, “COVID-CAPS: a capsule
network-based framework for identification of COVID-19 cases from X-ray images,” Pattern Recognition Letters, vol. 138,
pp. 638-643, 2020, doi: 10.1016/j.patrec.2020.09.010.

J. D. Moura, J. Novo, and M. Ortega, “Deep feature analysis in a transfer learning-based approach for the automatic identification
of diabetic macular edema,” in Proceedings of the International Joint Conference on Neural Networks, Jul. 2019, vol. 2019-July,
pp. 1-8, doi: 10.1109/IJCNN.2019.8852196.

H. R. Marateb et al., “Automatic classification between COVID-19 and Non-COVID-19 pneumonia using symptoms,
comorbidities, and laboratory findings: the khorshid COVID cohort study,” Frontiers in Medicine, vol. 8, p. 768467, 2021,
doi: 10.3389/fmed.2021.768467.

H. Swapnarekha, H. S. Behera, D. Roy, S. Das, and J. Nayak, “Competitive deep learning methods for COVID-19 detection using
X-ray images,” Journal of The Institution of Engineers (India): Series B, vol. 102, no. 6, pp. 1177-1190, 2021,
doi: 10.1007/s40031-021-00589-3.

BIOGRAPHIES OF AUTHORS

Milind Ankleshwar @ B B3 2 s a Founder Director and CEO of MASS IT Solutions
LLP, Pune, India which is a technology-based company their innovative products received
appreciation at the national and international levels and completed his post graduate (M.E.
in Digital System) from Savitribai Phule Pune University, Pune, India. Heis having 25 years
of experience in the field of information technology and his interest lies in technologies like
image processing, signal processing, machine learning and neural networks. He also has
vast experience in the field of cloud computing and cryptography. He can be contacted at
email: milind.ankleshwar@gmail.com.

Multimodal approach for early prediction of COVID-19 disease using ... (Milind Ankleshwar)


mailto:milind.ankleshwar@gmail.com
https://orcid.org/0000-0003-3958-0105?lang=en

ISSN: 2502-4752

Dr. Pramod Chavan By 2 is working as Associate Professor and Head of
Department E&TC Department at KJ College of Engineering and Management Research,
Pune. He was awarded a Ph.D. in Electronics Engineering from Sathyabama Institute of
Science and Technology, Chennai. He completed his PG and Bachelors in E&TC from
Pune University. He has 20 years ofteaching and industrial experience and his fields of
interest are robotics, electromagnetic, image processing, analog and digital communication.
In addition, he has published more than 20 papers in the refereed research journals. He has
received a good teacher awards “Trinity Ratna Teacher” in January 2019 and 2021. He is a
member of professional bodies like IETE, ISTE. He can be contacted at email:
dr.pu.chavan@gmail.com.

Prof. Pratibha Chavan @ B B © js working as Associate Dean (Industry Relations) and
PG Coordinator in E&TC Department at Trinity College of Engineering and Research,
Pune. She is pursuing Ph.D. in Electronics Engineering Department at Sathyabama Institute
of Science and Technology, Chennai. She completed her PG in Electronics and Bachelors
in E&TC from Pune University. She is having 19 years of teaching and industrial
experience and her fields of interest are image processing, analog and digital
communication. In addition, she has published more than 20 papers in the refereed research
journals. She has received a good teacher awards “Trinity Ratna Teacher” in January 2019
and 2021. She is reviewer of Elsevier. She is a member of Professional bodies like IETE,
ISTE. She can be contacted at email: pratibhachavan.tcoer@kjei.edu.in.

Sushilkumar K. Ambhore © B4 B € has completed M.S. in Artificial Intelligence and
Machine Learning from the University of North Texas in Denton, Texas, USA. He has
Bachelor of Technology (B.Tech.) in Computer Science and Engineering from
Dr. Babasaheb Ambedkar Technological University Lonere in Raigad. He is having 15 plus
years of experience in the field of integration and worked with fortune 500 customers in
United States. He has experience and interest in natural language processing machine
learning and neural networks. Presently he is working as Executive President-Director at
TISSA Technology. He can be contacted at email: skambhore@gmail.com.

Indonesian J Elec Eng & Comp Sci, Vol. 33, No. 2, February 2024: 1196-1204


mailto:dr.pu.chavan@gmail.com
mailto:pratibhachavan.tcoer@kjei.edu.in
https://orcid.org/0000-0002-3713-8711
https://scholar.google.com/citations?hl=en&user=ST_RctwAAAAJ
https://orcid.org/0000-0001-8352-443X
https://scholar.google.com/citations?hl=en&user=7_7PJykAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=35781606200
https://orcid.org/0009-0003-9134-6938

