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ABSTRACT

The brand-new coronavirus COVID-19 spread rapidly over the globe and killed plenty of people. The World Health Organization (WHO) has classified
COVID-19 as a global pandemic and all possible efforts are made to save human lives. Various governments implement complete and smart lockdowns to
reduce COVID-19. For the detection and diagnosis of COVID-19, the conventional Polymerase Chain Reaction (PCR) test is regarded as essential. But an
examination of a PCR test is time-consuming, requires resources as well as reports a large number of false negative results. Artificial Intelligence is fast
growing technology with unlimited successful implementation with remarkable results in all problematic sectors. There are already several examples of Al-
enabled Machine Learning (ML) and Deep Learning (DL) being used successfully in the healthcare industry. We have evaluated the most recent and cutting-
edge research in this paper. ML and DL-based work for combating COVID-19. We discussed the COVID-19 background with all essentials and presented ML
and DL-based systems highlighted by a new hierarchy. Identification and diagnosis of COVID-19 by considering medical images, sound analysis, and textual
and non-invasive technologies. Further, we have also tabularized the COVID-19 datasets with their possible implementation. In last, we have listed the current
challenges which are faced by ML and DL while combating COVID-19 and future directions for research.
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1. INTRODUCTION

A virus known as Severe Acute Respiratory Syndrome Variety.of techpiques that produce intelligent models that can
Corona-Virus-2 was the culprit behind Covid-19 (SARS-  recognize particular tasks. . .
CoV-2). It is now a significant infectious worldwide disease Some techniques for ML are Density Clustering
that was first noticed in Wuhan, China. World health (DS), Logistic Re;gr@ssion (LR), Decision Tree (DT), Na’ive
organization (WHO) confirmed this infection as a public ~ Bayes (NB), Artificial Neural Network (ANN), Restricted
health emergency of international concerns (PHEIC) [1] and Bo.ltz.mann Machines (RBM) etc. The focus of DL is on
confirmed it as a pandemic. The disease spread worldwide ~ building structural models that use feedforward and
and the death rate increased up to millions of confirmed backp}ropagatlon‘ algorithms to learn from the data. Deep
cases. In these health crises, the health industry is looking for ~ Leaming techniques use Deep Convolutional Neural
new tools, and technologies to control this pandemic. As ~ Networks, Deep Neural Networks, and Deep Belief
Artificial Intelligence is a universal technology for  Networks (DBN) (Deep CNN).
combating all challenges. Al can identify the risk, and ML and DL are massively used in public
severity and can detect the growth rate of the virus. Al can monitoring, covid-19 detection, patient diagnosis and
predate the possibility of death by examining the patient’s pandemic protection. They are used in the safety check-ups
history. Al can help battle the virus by testing people, medical ~ at airports, tracing patients and epidemic revealing too.

help, and recommendations concerning disease control, data, ~ The taxonomy of the survey, which we introduced
and information. Al covers a wide range of issues that arise m Flgufe 1 anq Whlc}’. focuses on ML and DL research work
in our complex daily lives. learning, looking, pondering, ~ on Covid-19 diagnostics and treatments as shown.

putting together, and representing. The subsets of Al known
as machine learning (ML) and deep learning (DL) contain a
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2. COVID-19 BACKGROUND

The diameter of the circular positive sense RNA
virus known as the corona virus ranges from 600A to 1400A.
[2]. The epicenter for the outbreak of Covid-19 was a
Wuhan’s general market which is for sea-food and other
uncommon animals such as, bats, snakes, marmots etc.
Infected people serve themselves as the quiet transferors of
the virus and contribute high generative number of Covid-19
virus.
2.1. CLINICAL FEATURES

The majority of Covid-19 patients displayed clinical
traits such exhaustion, fever, sputum production, and dry
cough, and other individuals displayed symptoms like
headache, sore throat, and dyspnea. Hemoptysis, nasal
congestion, diarrhea, nasal congestion, and nausea are
extremely uncommon symptoms. People over 60 and those
with pre-existing conditions like asthma, diabetes,
cardiovascular disease, and high blood pressure were most at
risk for developing serious diseases from COVID-19 [3].
2.2. TRANSMISSION MECHANISM

According to an analysis, the Covid-19 virus
spreads between people when they sneeze or cough [4].
Every person who is close to the sick person is at risk since
respiratory droplets have the ability to travel up to 6 feet. The
Covid-19 transmission has also been linked to indirect
contact with infected surfaces. According to some research,
the virus can survive on copper surfaces for 4 hours, on
cardboard for up to 24 hours, and on plastic and steel surfaces
for up to 3 days. Through the nasal way, the virus enters the
healthy body. The spikes on its surface breach the cell
membrane, causing the cells to begin replicating and
infecting other body cells. The lung air sacs are then damaged
by the virus as it descends into the bronchial tubes.
2.3. PREVENTIVE MEASURES

l. 1. Use an alcohol-based hand sanitizer or wash your

hands with soap and water to clean your hands.
Without cleaning hands, avoid touching your nose,
mouth and eyes.
Cover your Cough or sneeze into a tissue or a cloth.
If they are not available, sneezing into the elbow pit
is suitable.
IV. It is recommended that people over 60, those
with serious illnesses, and expectant mothers stay at
home and refrain from social interaction.
Keep yourself at a distance of 1 meter from others.
Sanitize the routinely touched surfaces including
desks, phones, switches, laptops, and doorknobs.
Wear masks around the people and keep distance.

VI.

VII.
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Figure. 1. ML and DL Hierarchy for COVID-19

3. COVID-19 DETECTION AND DIAGNOSIS WITH
MEDICAL IMAGES

Medical imaging, including as computed
tomography (CT), X-ray, and imaging, plays a crucial part in
this global battle against Covid-19. Medical imaging research
is used as a key tool against Covid-19 identification. Lung
CT image and chest X-ray trials are commonly used in
Covid-19 clinical imaging. In medical imaging testing Al has
played a significant role. It has formed massive results in
disease identification, geographic infection classification,
organ recognition, and image classification. It reduces the
image diagnostic time of the radiologist, as well as enhances
the correctness and performance of the diagnosis. Through
accurate diagnosis accuracy in X-ray and CT imaging, Al can
enhance work performance. Test examination is fast and
more accurate with Al. For the detection, observation, and
forecasting of diseases, computer-aided networks are
supporting the radiologists in building the clinical decisions.
Revolutions of Al techniques are discussed below.
3.1. CHEST X-RAY IMAGE DETECTION

Chest X-rays is an extremely helpful process for
testing and evaluating Covid-19 patients. Chest X-ray image
is easy to attain in clinical radiology inspections as compared
to CT images. CNN, nCOVnet, and U-Net++ are some
mythologies of deep learning used to detect Covid-19 on X-
ray images.
3.2. CHEST CT IMAGE DETECTION

Chest CT sensitivity is to identify the Covid-19 is
prior to a viral positive lab test and the rate is considerably
high. Covid-19 patients with severe and numerous
respiratory symptoms are projected through Chest CT. The
evaluation of Al may become the most important factor by
decreasing the pressure on clinicians. As it takes up to 15 min
to yourself understand a CT scan, images can be analyzed in
10s by using Al
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Table. 1. DL and ML Approaches for Detection and Diagnosis of COVID-19 Through Medical Imaging

Sr. No ML or DL Approach Data & Experimentation Result or Matrices
1. | COV Net using pre-trained | From 3322 patients, 4356 CT images were | 87%  sensitivity, = 92%
ResNet-50. obtained from 6 clinics [5]. specificity and 96% AUC.
2. | ResNet-18 and the location- | 618 CT images of healthy individuals, | 86.7% accuracy.
attention network. patients with pneumonia, and Covid-19
patients [6].
3. CNN 496 Covid-19 positive and 1385 Covid | 97% AUC, 95% specificity
negative individuals underwent CT scans [7]. | and 90% sensitivity.
4. | ResNet-50 and 3D UNet++ 723 Covid-19 verified patients with 1136 CT | 97% sensitivity and 92%
scans from 5 hospitals [8]. specificity.
5. Pre-trained ResNet-50 50 chest X-rays of the healthy individuals and | 98% accuracy.
50 of the Covid-19 patients. [9].
6. Covid-Net From 13,645 Covid patients, 16,756 chest X- | 92.4% accuracy and 91%
ray scans were obtained [10]. sensitivity.
7. | ResNet-50 A significant number of CT scans were | 97% AUC, 98% sensitivity
discovered from 157 Covid-19 patients in | and 92% specificity.
China and the US [11].
8. | DenseNet201, AlexNet, | 3487 CT scan images from normal, | 99% accuracy, 99%
SqueezNet and ResNet-18 pneumonia and Covid-19 patients [12]. sensitivity and  99.5%
specificity.
9. | Pre-trained AlexNet models | 170 Covid-19 X-ray scans and 361 Covid-19 | CT scan accuracy is 94%,
and CNN CT scan images [13]. and X-ray scan accuracy is
98%.
100% sensitivity on X-ray
scans and 90% sensitivity
on CT scans.
10. | Pre-trained VGG-19 X-ray images of 1428 healthy individuals, | 93.4%  accuracy, 92%
Covid-19 patients, and pneumonia patients | sensitivity and 98%
[14]. specificity.
11. | SVM and ResNet-50 25 Covid-19 positive and 25 healthy | 93.28% accuracy, 93%
individuals underwent CT X-ray scans [15]. | specificity and 97%
sensitivity.
12. | COVIDX-Net CT X-ray scans of 25 Covid-19 patients and | 90% accurate.
25 healthy individuals [16].
13. | M-Inception 258 healthy individuals and 195 patients with | 89.5%  accurate, 87%
Covid-19 positivity had chest CT scans [17]. | sensitivity and 88%
specificity.
14. | A 3D Deep Network and U- | 229 patients without COVID-19 and 313 | 90% accuracy, 95%
Net patients with COVID-19 had chest CT scans | sensitivity and 95%
[18]. specificity.
15. | Pre-trained ResNet-50 320 chest CT X-ray scans of viral and | 89.2% accuracy and 95%
bacterial pneumonia patients and 135 of | AUC.
Covid-19 patients [19].
16. | Deep CN CT scan of 96 Covid-19 patients from 3 | 73% accurate, 95%
clinics of China [20]. sensitivity and  95%
specificity.
17. | MobileNet-v2 3905 X-ray scans of different diseases | 99.1% accuracy, 97.3%
including Covid-19 [21]. sensitivity and  99.4%
specificity.
18. | RF CT images of 1658 patients with Covid-19 | 87.9% accuracy, 90.7%
and 1027 patients with CAP from 3 hospitals | sensitivity and  83.3%
[22]. specificity.
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19. | ResNet-18 pre-trained | Patients with Covid-19 bacterial pneumonia | 80.56% accurate.
models, GAN with AlexNet | and healthy individuals underwent 307 CT X-
and Google Net ray scans [23].

20. | Different convolutional | 437 CT X-ray scans of healthy individuals, | 98.14% accuracy.
support vector machines | illnesses, and Covid-19 [24].
(CSVMs)

4. COVID-19 DETECTION AND DIAGNOSIS WITH
COUGH AND RESPIRATION SOUND

Coughing is an indication of more than 30 diseases
including Covid-19. Doctors use sound signals made by a
human body such as breathing, digestion, moaning, vibrating
and heartbeat sounds. They are the indicators to diagnose

explored by Schullar et al [25]. They examined the CA in a
variety of illnesses, including the flu, a dry or wet cough,
sneezing, fatigue, and discomfort. To distinguish between
Covid-19, asthmatic patients, and healthy people, speech
sounds are used. Digital technologies will be used to capture
the respiratory sounds and differentiate between the Covid-

respiratory sounds. To investigate the sounds in Covid-19

suffers, Computer Audition (CA) and Al were used and it was

Table. 2. DL and ML Approaches for Detection and Diagnosis of COVID-19 Through Cough and Respiratory Sound Analysis

19 positive and a healthy person.

Sr. No ML or DL Approach Data & Experimentation Result or Matrices

1. MFCC, STFT with CN and | 1.8 million audio databases, free sound | AUC is 94.6%
MFB videos on YouTube with google audio

datasets [26].

2. INTERSPEECH 2013 A speech from 48 healthy and 47 asthmatic | 48% accurate.
people [27].

3. | Random separation, PCA on | People suffering Cough from different cough | 50% false positive rate and
audio spectrograms, and FFT | conditions, such as asthma, allergies, cold | 92% true positive rates.
coefficients weather etc [28].

4. MFCCs and ZCR with OV | Sleep measure using Watch PAT and 90 male | OSA detection is 54% and
SVM separation. speeches [29]. 50% detection of breath.

5. Cepstrogram and support | Speeches recorded of 21-years old group of | 89% of F1-measures.
machine people [30].

6. | Pectrogram with RNN and | Speech recordings using microphone of 20 | 91% respiratory sensitivity
CNN healthy people, and two respiratory belts for

breathing signals [31].

7. | Using OpenSmile with CNN | Recordings of 312 emergency calls [32]. 87.5% accurate with CNN
and SVM separators, and 87.9% accuracy with
Functional characteristics SVM.
and LLD are found.

8. BI-ATGRU Covid-19 detection using two classes and | 94.2% accurate.

breathing patterns [33].

9. DTL-MC Cough and waves from sounds of voice [34]. | 88.76% accurate.

10. | VGGish, SVM and PCA Covid-19 patient’s cough, asthma patients | 82% accuracy
cough and a healthy person’s cough [35].

11. | LSTM Cough sound of Covid-19 patient and Non- | 97% accuracy
covid-19 patient [36].

12. | MFCC Difference between the Covid-19 patients | 79% accurate voice, 65%
cough sound and a Non-Covid-s19 patients | cough and 58% breathe rate
cough sound, and a difference between the | is accurate.
two Covid-19 patients cough sounds [37].

13. | BI-at-GRU mechanism Detection of Covid-19 with the combination | 83.69% accurate.
of thermal videos and breathe [38].

14. | RF, LR, AB, DT, NL-SVM ROC-AUC are the classifiers [39]. 82.5% accuracy.
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15. | Feature extraction, MFCC | Differentiating between the negative and | 77% accurate.
and spectrum positive cough [40].

16. | ResNet-50, MFCC identifying the positive and negative cough | 97.1% accurate.
noises in Covid-19 subjects [41].

17. | SVM Detecting sleep, fatigue and anxiety [42]. 57% accuracy

18. | SVM Differentiating between the positive Covid- | 92.7% accuracy
19 speakers and negative Covid-19 speakers
[43].

5. COVID-19 DETECTION AND DIAGNOSIS WITH
TEXTUAL DATA

Data is collected and updated by the WHO and DXY
(a medical community) every 15 minutes. Health
departments and other sources are used to gather reliable
data. The purpose was to provide user-friendly tools and to
examine the range of Covid-19 to health authorities, public
and researchers. The data sets contain the daily infections,
recoveries, deaths, collected recoveries and infections etc.
Information regarding the age and sex of the cases, as well as
information about the symptoms, date of hospital admission,
and date of disease confirmation, are included in some data
sets etc. Research was made to understand the public
response on Covid-19 through social media, and many people
participated and reported their feelings, how much disgust,
fear, anger, relaxation, desire they felt. Worry and anxiety
were the dominant emotions.

Mobility dataset of more than 150 countries is
collected with the help of Google Location services. The
privacy of users is ensured, and the personal information is
not identifiable. It was done just to ensure the changes in
workplaces, supermarkets, parks, residential visits.

6. COVID-19 DETECTION AND DIAGNOSIS WITH
NON-INVASIVE METHODS

Smart phone sensors can help in detecting the
Covid-19 in the invisible detection method. Finger
recognition sensor can detect the body temperature and the
sensors can detect the patient’s voice. As it takes so long to
compare different CT pictures, so all the data collected from
the sensors will be transferred to Al cloud and will diagnose
it easily. The purpose of this work is to get accurate, high
speed CT scan images and diagnose Covid-19. The
sensitivity obtained by this method is 100%. During the
comparison of images which were testing and trained images,
95% accuracy and 81.89% specificity was obtained [44].

7. AVAILABLE DATASETS
DETECTION AND DIAGNOSIS
The datasets that are available for COVID-19 detection and
diagnosis are shown in Table 3.

FOR COVID-19

Table. 3. COVID-19 datasets
Dataset Name

Sr. No.
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1) CT-EGFR dataset [45].

2) Splitting Dataset [46].

3) Domestic datasets [47].

4) RSNA CXR dataset, pediatric CXR dataset
[48].

5) Lung CT scans using COVID-19 [49].

6) Covid-19 Image Dataset [50].

7) SARS-COV-2 Ct-Scan Dataset [51].

8) Large COVID-19 CT scan slice dataset [52].

9) COVID-CTset: A sizable dataset of COVID-19
CT scans [53]

10) COVIDx CT [54]

11) QaTa-COV19 Dataset [55].

12) Chest Xray for covid-19 detection [56].

13) COUGHVID [57].

14) Covid-19 X-ray - Two proposed Databases
[58].

15) Consortium for Lung Image Data (LIDC) [59].

16) Geneva's China University Hospitals (HUG)
[60].

17) Society for Italian Medical Radiology and
Intervention [61].

18) Generation of Candidate Points and Lung
Segmentation [62].

19) Dataset for COVID-19 CT segmentation [63].

20) X-rays from COVID-19 [64].

21) COVID-19+ BIMCV [65].

22)

23) chestxray data from COVID [66].

24) Pneumonia-Related Chest X-Ray Images [67].
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25) Database for COVID-19 radiography [68]. 31) X-ray data from COVID-19 (COVID-CAPS)
[75].
26) British Thoracic Society (BSTI) [69]. 32) RSNA Pneumonia Detection Dataset from
Kaggle [76].
27) Initiative for the COVID-19 Chest X-ray ;
Dataset [71]. 33) Chest X-ray Dataset from NIH [77].
28) Initiative for the ActualMed COVID-19 Chest 34) Classification of Pneumonia [78].
X-ray Dataset [72]. 35) COVID-19 [79].
29) Collection of COVID-19 Image Data [73]. 36) The COVIDGR-1.0 [80].
30) OCT [74] stands for optical coherence
tomography.

8. CHALLENGES AND FUTURE RESEARCH DIRECTIONS

Table. 4. Challenges and Future Research Directions

Sr.No. Challenges Future Research Directions
1. Regulations to prevent any barriers in Covid-19 | Detection of Non-contact disease.
anticipation.
2. Unavailability of trained data. Al-based DL and ML systems used in the biological researches
to identify viral factors, proteins etc.
3. Online rumors and loud data Consultations and remote video diagnosis.
4. Data protection and privacy. Vaccination and drug development.
5. lacking in the area where computer science and | Contact tracking of patients.
medicine meet.
6. Covid-19 early diagnosis with imaging technology. Evaluation and impact assessment.
7. Ambiguous information in text descriptions. Screening and identification of fake information.
8. To collect physical features and deal with unreliable | Using Al-based ML ad DL techniques for future work.
data.
CONCLUSION: Furthermore, we presented the available datasets for the

As the COVID-19 becomes global pandemic and
drastically impact on world population. All available
technologies are considered for combating with COVID-19.
Al is one of the leading technologies with proven results in
healthcare. Initially we discussed the COVID-19 background
by highlight its clinical features, symptoms transmission
mechanism and preventive measure. Then we proposed a
novel hierarchy to elaborate the contributions of DL and ML
for combating with COVID-19. We discussed medical
images such as CT-Scans and X-rays. Sound analysis via
cough, breath and voice, textual data analysis and non-
invasive technologies with DL and ML for detection and
diagnosis of COVID-19. We tabularized the recent research
and contributions which are made by ML and DL.
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detection and diagnosis of COVID-19. Finally, we have list
down the current research challenges which needs to be
address along with future research directions.
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