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Abstract

Coronavirus (COVID-19) is an ecumenical pandemic that has affected the whole world drastically by raising a global calamitous

situation. Due to this pernicious disease, millions of people have lost their lives. The scientists are still far from knowing how to

tackle the coronavirus due to its multiple mutations found around the globe. Standard testing technique called Polymerase Chain

Reaction (PCR) for the clinical diagnosis of COVID-19 is expensive and time consuming. However, to assist specialists and

radiologists in COVID-19 detection and diagnosis, deep learning plays an important role. Many research efforts have been done

that leverage deep learning techniques and technologies for the identification or categorization of COVID-19 positive patients,

and these techniques are proved to be a powerful tool that can automatically detect or diagnose COVID-19 cases. In this paper,

we identify significant challenges regarding deep learning-based systems and techniques that use different medical imaging

modalities, including Cough and Breadth, Chest X-ray, and Computer Tomography (CT) to combat COVID-19 outbreak. We

also pinpoint important research questions for each category of challenges. The challenges highlighted in this paper will call

an attention to the noticeable weaknesses and problems in the existing deep learning based COVID-19 detection systems and

techniques. Moreover, the research questions for each challenge will guide the researchers to come up with novel solutions in

COVID-19 detection.
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1 INTRODUCTION

Today the world is facing a humanitarian emergency in
the form of a virus called Severe Acute Respiratory Syn-
drome Coronavirus 2 (SARS-CoV-2), which was announced
to be renamed as Coronavirus Disease-2019 (COVID-19)
by World Health Organization (WHO) [1]. The WHO con-
firmed it as an epidemic on 11 March 2020 [2]. It was
initially started in Wuhan in China’s Hubei Province in
early December 2019 and that resulted in a cluster of viral
pneumonia cases [3]. As per the available statistics, due
to this virus an escalating number of reported infections
were caused in humans in China and globally, gaining
entry to over 210 countries and territories [4]. It has caused
illnesses ranging from the common cold to acute respiratory
tract infection, which has led to death in case of much
severity. A plethora of viral respiratory diseases can affect
the human pulmonary system through nose, mouth, eyes
and air borne transmission of contact-based inoculation of
infectious material in droplets. A number of viral respiratory
infections with pandemic potential have been emerged in
the past decades that have challenged humans including
the Severe Acute Respiratory Syndrome coronavirus (SARS-
CoV) which emerged in China in 2002 [1], swine-origin
pandemic (H1N1) influenza virus, which emerged in Mex-
ico in 2009 [5] and the Middle East Respiratory Syndrome
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coronavirus (MERS-CoV), which emerged in Saudi Arabia
in 2012 [6]. These three viruses frequently lead to lower
respiratory tract disease with similar syndromes like fever
and cough. It is suspected by the experts that COVID-19
virus is transmitted from animals to humans, but there are
mixed reports on the origin of the virus [7]. Collectively
experts and increasing evidences conclude that COVID-19
virus had a natural origin in bats, as with previous such
respiratory viruses [8], [9], [10]. Naturally over time, all
viruses mutate and SARS-CoV-2 is no exception. In the last
winter, when the coronavirus SARS-CoV-2 burst upon the
world, the scientists thought it was stable. But it was not
like that and in recent months, several new variants of the
original virus have been spotted. The worry of the time
is that a rapid rise in COVID-19 cases all over the world
have overwhelmed all healthcare systems. The mutations
of coronaviruses are emerging with time and thus, there
is a lack of general preventive vaccines for clinical use in
humans against such viruses, making it a serious global
threat.

Imminently, there is a rapid spread of novel COVID-
19 disease, putting even the best healthcare systems across
the world under tremendous pressure. Some of the initial
symptoms identified by WHO and CDC indicate plausible
COVID-19 infection are mild which include dry cough,
fever, diarrhoea, vomiting and myalgia which yet rapidly
change into extremely critical condition of the patient and
suffering from multi-organ failures may lead to even fatal
outcomes. Thus, early treatment morbidity rates can be
reduced by seeking the early treatment by detecting the
disease at the earliest using the limited knowledge base
and resources so that abrupt deteriorations can be reduced
[11]. According to [12] it is observed that the regions with
high temperatures and humidity have minimal spreading of
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Fig. 1. AI contributions for Combating COVID-19

COVID-19. Another observation in [13] infers that COVID-
19 virus is dependent upon some environmental conditions
such as water droplets, physical contact, and hygiene for its
growth and spread. Although, according to WHO, specific
medication is still not available for COVID-19 but since,
the number of COVID-19 cases has been increasing at an
accelerated rate, WHO has come up with some strategies to
combat COVID-19. First strategy says that all the suspected
cases should be tested and COVID-19 positive patients
should be isolated and their contacts and traveling history
should be observed. Another important strategy implies
that a non-compromising lockdown should be followed
and imposed so that social distancing is ensured for the
containment of the disease.

The Real-Time Polymerase Chain Reaction (RT-PCR) is
the most widely used traditional laboratory method for
detecting the COVID-19 virus. In this test, a sample from
person’s nose or throat is collected where the COVID-19
virus gathers and the substances like fats and proteins are
removed by using several chemicals and finally is extracted.
If virus is present then this extracted RNA contains the per-
son’s own genetic material as well as virus’s RNA. RT-PCR
method for the detection of the COVID-19 virus is continued
to be the most accurate available method since, is is specific
and highly sensitive. The process of detecting COVID-19
through RT-PCR is carried out within a closed tube and thus
has a lower potential for contamination or errors, deliver-

ing a reliable diagnosis. Apart from these advantages this
method has some limitations that are important to be noted
[14], [15]. First, the instrument is too costly and kits are not
available for all kinds of genes and disorders. This method
requires specialised bio-containment laboratories, operated
by highly trained technicians, thus, making it difficult to
scale. Second, this technique will only indicate the presence
of viral material during infection and will not indicate if a
person was infected, has or has not developed immunity
and subsequently recovered. Thirdly, due to the presence
of amplification inhibitors, variable viral load in specimens
or improper collection this testing method can have high
false-negative rates, and thus, probable cases may remain
negative. In addition, with evidence it happens many times
that even after getting negative results, COVID-19 symp-
toms can be detected by radiological images of patients [16].
However, scientists and researchers are working hard for
the enhancement and efficiency of COVID-19 diagnostic and
detection systems by overcoming the limitations of RT-PCR
testing.

The advancements and developments in AI can facilitate
healthcare personnel with the improved capacity of imag-
ing tools [17]. For the prognosis of various diseases and
to identify and monitor them, the radiologists can make
clinical decisions with the assistance of computer aided
networks, which not only decrease the picture diagnostic
time but also increase the accuracy and execution of the
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diagnosis. By leveraging AI techniques, the work perfor-
mance can be enhanced through correct diagnostic precision
in X-ray and CT imaging, which further makes it easier
to test. AI and DL have been commonly used for effective
disease identification, prediction and detection thus, results
are enormous in disease classification, image identification,
organ recognition and geographic infection classification e.g
deep learning has been used in various medical systems
such as in biomedicine [18], smart healthcare [19], [20], [21],
[22], drug discovery [23], [24], [25], medical image analysis
[26], [27], and last but not the least to successfully diagnose
Pneumonia either from chest X-ray images or CT scans [28],
[29], [30]. With the emergence of COVID-19, since, pneumo-
nia and COVID-19 exhibit similar/overlapping symptoms
and affect the human lungs, it has become more challenging
for the researchers to distinguish between the chest X-ray
images of pneumonia patients and COVID-19 patients. In
the current health crisis and Coronavirus pandemic, health
industry, practitioners and researchers are utilizing Artificial
Intelligence (AI) for tracking and controlling its growth and
spread. Figure 1 demonstrates a number of AI contributions
in fighting against COVID-19 and to curtail its adverse
effects. Moreover, the researchers are eagerly looking for
new techniques and technologies based on deep learning
for tracking the speed and detecting the growth rate of
the Coronavirus, and identifying the risk and severity of
patients. Moreover, using AI, previous patient data can be
adequately analyzed to anticipate the possibility of death.
There are three types of COVID-19 data, Clinical data,
biomedical data, and online data.

There are some studies [11], [31], [32], [33], [34], [35], [36],
[37] that have attempted to compile the literature related
to COVID-19 detection but they all have contemplated and
reviewed only one facet, either detection through CT scans
or X-ray images or cough analysis and also they fail to
cover the recent literature comprehensively. Moreover, these
studies lack to cover important challenges and research
questions in this field. The main objective of this research
is to identify significant challenges and research questions
in detecting COVID-19 through deep learning. Our contri-
butions are threefold:

• First we describe in detail the general pipeline of
image processing for COVID-19 detection.

• Second we describe in detail the deep learning
based detection of COVID-19 using different kinds
of modalities.

• Third, we identify, categorize and present some im-
portant challenges in detecting COVID-19 through
deep learning. The research questions for each cate-
gory of challenges are also identified.

The rest of the paper is organized as follows: Section
2 presents the general procedure followed for COVID-19
detection in image processing field using DL. Section 3
presents a taxonomy of modalities used for deep learning
based techniques for COVID-19 detection. Section 4 presents
a taxonomy of significant challenges in detecting COVID-19
using DL and research questions for each category. Section
5 finally concludes the paper.

2 GENERAL PIPELINE OF IMAGE PROCESSING
FOR COVID-19 DETECTION USING DL
In the automated diagnosis of COVID-19 in patients, DL is
extensively used. Generally, several steps are followed by
deep learning based COVID-19 detection systems including
Data collection, Data pre-processing, Segmentation, Local-
ization, Feature Extraction, Feature Selection and Classifica-
tion. The deep learning based COVID-19 diagnosis systems
follow the general pipeline of as illustrated in Fig 2.

2.1 Image Acquisition

In the image acquisition stage, radiography images (CT
scans or X rays images) or Sound data of the patient (speech,
cough and breadth) are collected using different technolo-
gies and machines. CT scans range from the apex to the lung
base and during a single breath hold they are acquired. CT
images are reconstructed from the acquired raw data and
then for subsequent readings and diagnosis they are trans-
mitted through picture archiving communications systems
(PACS). An inevitable contact between the technicians and
patients is required in the conventional imaging workflow
e.g. in positioning the patients, technicians assist in posing
the patients but to avoid the severe risks of infection in this
pandemic of COVID-19, it is important to employ a contact-
less and automated image acquisition workflow. Sound data
such as breathing, cough and speech can also be collected
using smartphone sensors or wearable sensors and can be
utilized for COVID-19 diagnosis.

2.2 Pre-Processing

The primary task of pre-processing is to emphasize aspects
of image and improve the quality of the raw images to make
it in a form that is well suited for further processing by
machine vision system and help in recognition tasks or even
in deep learning training phase. In pre-processing certain
parameters of images are improved such as smoothing the
inner part of the region, improving the signal-to noise ratio
and removing the irrelevant noise and undesired parts in the
background, enhancing the visual appearance of CT images
image, and preserving its edges [38]. Since CXR images
and CT scan images are collected from different sources, to
ensure uniformity across different datasets, they are resized
and transformed from RGB to grayscale. To speed up the
convergence performance, the resultant images are then
subjected to min-max normalization. In case of speech data
recorded in the installed applications and converted into
a digital format, unwanted components such as pauses,
background noise and stammering are also removed from
the digital signals in the pre-processing phase. Filtering
and general signal processing techniques are applied to
clear the areas to be processed for voice activity detection
phase. After obtaining the actual signal, feature selection
algorithms are applied to categorize the input signal into a
specific characterized speech signal [39].

2.3 Segmentation

Segmentation is the process of dividing or partitioning a
digital image into multiple segments. By diving the image
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into segments, important segments can be picked for pro-
cessing the image. For COVID-19 detection, the lung part in
a chest X-ray images is examined. For a successful detection,
lung part in each image should be segmented. Moreover,
In fighting against COVID-19, important information can
be deducted by qualitataively evaluating and delination
of lung infections and longitudina changes in CT scans
of COVID-19 patients. It is indicated that the distinctive
infection indication of ground-glass opacity (GGO) and con-
solidation can be detected through segmentation of CT scans
of COVID-19 patients [40]. It is laborious, tedious and time
consuming to manually project the lung infections with the
dependence of the accuracy of infection annotation heavily
on the knowledge and experience of the radiologist and
often influenced by individual bias and clinical experiences
as it is a subjective task. Thus, the automatic and accurate
segmentation techniques can provide rapid screening of
COVID-19. DL based techniques for COVID-19 detection
have adopt different types of segmentation techniques such
as few shot segmentation [41] and semantic segmentation
[42].

Some of the DL based techniques are designed for sever-
ity assessment of COVID-19 patients by leveraging segmen-
tation of lung or lung lobe in CT images as a prerequisite
procedure for diagnosis purposes [43], [44], [45], [46]. How-
ever, in most of these methods the lung lobe segmentation
and disease diagnosis are treated as two separate tasks and
their underlying correlation is ignored which ultimately
slows down the classification and detection or prediction
process. Thus, it is instinctive that lung lobe segmentation
and severity assessment/prediction are performed jointly in
which there is no need to detect and crop the lung field and
prediction performance is improved through faster learning
[47], [48].

2.4 Feature Extraction

Feature Extraction is an essential step towards classification
because useful characteristics of the images can be provided
by extracted features. Features can be of two types; hand-
crafted features (based on the texture, geometry, and mor-
phological characteristics of the lung) and features obtained
though transfer learning. The traditional machine learning
methods for image recognition such as Bayesian networks
(BNs), support vector machine (SVM), artificial neural net-
works (ANNs), k-nearest neighbors (kNN) require these
handcrafted features but they have a limitation that their
accuracy is dependent upon the feature extraction step thus,
making it difficult to find the most relevant feature which
are needed to obtain the most effective result [49].The fea-
tures obtained through transfer learning are the features that
a trained ML model such as CNN identify and extract for
some specific classification task. These ML models search for
what features are best to classify the images. The diagnostic
models [50], [51], [52] have used hand engineered features
for COVID-19 detection whereas the models [53], [54], [55],
have used off-the-shelf networks for feature extraction.

In feature extraction an initial set of the raw data is
divided and reduced to more meaningful groups. It aims
to reduce the number of features in a dataset by creating
new features from the existing ones and then discarding the

original features. Feature extraction is useful when dataset
is large. In case of CT scan and X ray images, deep neural
networks (DNN) can provide extraordinary capabilities for
feature extraction from a large scale dataset. Deep learning
algorithms such as CNN (which is widely used in COVID-
19 detection for features extraction) can be used to segment
regions of interest (ROI) and capture fine structures in chest
CT images and then self learned features can be easily
extracted. In a study [56], the authors have developed a
3-dimensional convolutional neural network (CNN) based
framework which differentiated COVID-19 from the com-
munity acquired pneumonia by extracting features from CT
scan images.

In a study [57], the authors have differentiated COVID-
19 from normal cases by using several pre-trained net-
works including DenseNet, MobileNet, ResNet, Incep-
tionV3, Xception, InceptionResNetV2 for feature extraction
of images. Then, six machine learning algorithms, including
random forest, decision tree, AdaBoost, XGBoost, LightGBM
and Bagging were used for training the extracted features.
In another system proposed in [58] the authors have ex-
tracted features form CT images by using ResNet50 and
then applied CNN for the classification. Moreover, in [59]
a pipeline and multiview representation learning technique
is proposed to classify COVID-19 using different types of
extracted features from CT images. In [60] the authors have
proposed a model in which random forest is used to auto-
matically extract a number of features from CT images such
infected lesion number, volume, surface area and histogram
distribution.

In case of cough sounds dataset, cough features can be
extracted such as wet cough and dry cough for COVID19
detection. However, it is time consuming to develop a
classification model from a dataset with high dimentionality
which may also converge to a local minima due to the large
search space. Also, cough features of COVID-19 may over-
lap with other diseases so performance and accuracy can be
immensely improved if a reduced set of relevant features
form an audio sample are selected. It is thus, challenging
to extract cough features however some attempts have
been made by some researchers. The authors in [61] have
collected and investigated both cough and breathing sound
that can help in COVID-19 diagnosis. They have provided
handcrafted features for cough and breathing sounds such
as onset, duration, period, tempo, frequency,Mel-frequency
cepstrum (MFCC), delta MFCC and delta delta MFCC, root
mean square (RMS) energy, spectral centroid, roll-off and
zero-crossing.

2.5 Classification
In deep learning (DL) mainly focues on on image’s features
extraction and classification in an automated manner [15],
[62], [63], [64], [65], [66], [67], [68], [69], [70], [71]. By using
Chest X-ray images (CXR/CRI) of patients, most researchers
focused on DL techniques to detect COVID-19. Some of the
researchers attempted to detect COVID from Non-COVID
called which is called binary classification [72], [73], [74],
[75], [76], [77]. Some of the researchers have proposed DL
based techniques for the severity assessment of COVID-
19 patients. In these techniques binary classification prob-
lem is formulated for the the task of severity assessment
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Fig. 2. Life-cycle of DL Based COVID-19 Detection

and finally a classification layer utilizes learned volume
features for the severity assessment of COVID-19 patients

i.e., severe or non-severe COVID-19 patients [47]. Others
concerned with three class classification (COVID vs Normal
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vs pneumonia) [15], [62], [63], [64], [65], [66], [67], [68], [69],
[78]. Only a few of the researchers focused on COVID-19
detection using four class classification (COVID vs Normal
vs Bacterial pneumonia vs Viral pneumonia) [70], [71].

3 MODALITIES USED FOR COVID-19 DETECTION
THROUGH DEEP LEARNING

In this section we devise a taxonomy for the modalities
used by the research community for COVID-19 detection.
The three types of modalities are Medical images, Sound
and Smartphone based data. The taxonomy is presented in
Figure 3.

3.1 COVID-19 Detection through Medical Images (DMI)
In the past, to successfully diagnose Pneumonia either from
chest X-rays or CT scans, artificial intelligence (AI) based
techniques were employed [28], [29], [30]. Since, in emer-
gency cases, it might not be feasible to manually checking
every CT image. Thus, presently, in this pandemic, AI
can analyze CT scans or X-Rays of COVID-19 patients in
10s, comparing to manual interpreting of CT scan by the
clinicians in 15 minutes, thereby, reducing the strain on
clinicians [44]. AI and deep learning algorithms are capable
of capturing fine structures in chest CT scan and for the
segmentation of regions of interest (ROI). Deep learning
algorithms and more recently CNN algorithm is found to
be effective in identifying COVID-19 via image classification
and can easily extract self learned features for COVID-19
diagnosis and detection while differentiating it from other
lung diseases and community acquired pneumonia [56]. In
this section we will address the innovations of deep learning
based techniques for COVID-19 detection by using chest X-
ray and CT imaging in depth.

The chest computed tomography (CT) is a valued feature
of the assessment of patients with respiratory complications,
as well as a great utility for elective surgical procedure
monitoring and neurological examinations [79], [80]. In a
chest CT examination procedure, X-rays are transmitted
through the patient’s chest, which are then reconstructed
into high-resolution medical images after being detected by
radiation detectors. At present, for the detection of COVID-
19, Thoracic CT scan and chest CT scans are extensively
used by the clinical institutes around the world and are
explored to be effective and complementary screening tool
alongside RT-PCR [81]. Even more, CT scan provides more
standard and intuitive information as compared to the RT-
PCR test [82], [83], [84], [85]. On the basis of CT scans of
COVID-19 patients, radiologists can make medical decisions
by possibly determining how badly the lungs are compro-
mised and how the illness of the individual progresses. To
be adopted as a vital method for supporting the diagnosis
and management of patients with COVID-19 infection, there
are certain patterns to look out for in a Thoracic CT scans
including air bronchograms, perilobular pattern, ground-
glass opacity (GGO), crazy paving and consolidation, and
reverse halo [86]. More importantly there is a need to know
which part of the CT lung is most affected by COVID
and specific patterns need to be look upon including bi-
lateral, peripheral, inter-lobular septa thickening, multifo-
cal patchy consolidation, basal predominant ground-glass

opacity (GGO) and crazy-paving pattern with a peripheral
distribution which have been declared as the findings of
COVID-19 infection at chest CT images [87]. Novel strate-
gies and proposals are required for simple classification and
identification of COVID severity locations (CSL) since, few
studies [88], [89] are not automated strategies for COVID
severity locations (CSL).

Although analysis of CT scans provide more useful,
fater and reliable results in the COVID-19 classification
and assessment but there are a few challenges to use CT
scans for COVID-19 detection. First of all, it is challenging
for radiologists in distinguishing COVID-19 infections from
non-COVID-19 infections using chest CT [90], [91] because
some early studies have shown that a number of potential
indicators for COVID-19 infections that are present in chest
CT images may also be present in non-COVID-19 infections
[88], [92], [93], [94]. Second, CT takes longer for imaging.
The CT imaging is highly costly and the CT scanners are
not available in many underdeveloped countries. Moreover,
due to high radiation in CT imaging, pregnant women
and children may face health risks. Third, CT scanning
equipment are not portable, and there is a need to sanitize
the room and equipment between patients followed by a
delay of at least an hour [95]. Otherwise, there is a danger
of risk of exposing the persons under investigation (PUIs),
hospital staff and other patients to the COVID-19 virus [96]
and its transmission from a patient to others due to CT scan
tunnel contamination [97].

In many medical and epidemiological cases, X-ray (CXR)
imaging has played a great role due to its wider avail-
ability. They have the potential in the monitoring and
examination of various lung diseases such as pneumonia,
infiltration, tuberculosis, hernia and atelectasis and thus,
they are recognized as a valuable medical tool for a wide
variety of examinations and procedures. They are used
for diagnosing disease and monitoring therapy painlessly
and non-invasively. CXR imaging also supports medical
and surgical treatment planning by guiding the medical
personnel when they are inserting devices inside the body
such as stents, or catheters etc. or when they are treating
tumors or removing blockages or blood clots. Currently,
in this pandemic of COVID-19, CXR images are found
to be very helpful in testing and evaluating COVID-19
patients. When attributable symptoms of COVID-19 like
fever, cough, or dyspnoea are presented by the patients,
doctors perform chest X-rays as they are cheaper and quick
and the radiologists look for ground glass opacities (in
case of COVID-19 usually the first radiological sign), with
portions of the lungs appearing as a ”hazy” shade of grey
instead of being black with fine white lung markings for
blood vessels [98]. In the studies for detecting COVID-19
the researchers have looked for predominant patterns in
chest radiographs, such as peripheral opacities, interstitial
opacities, airspace opacities, diffuse airspace opacities, lobar
consolidation, craniocaudal gradient and bilateral diffuse
reticular interstitial lung thickening and the presence of
pleural effusions [99], [100].

Comparing to CT scan imaging, chest X-ray (CXR) imag-
ing is more beneficial and effective for emergency cases
and due to its less ionizing radiations, simplicity, portability
(due to portable instrumentation), operational speed, and
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Fig. 3. Type of Modalities used for DL based COVID-19 Detection

low cost it is found to be promising. In CXR imaging,
the personnel exposure is limited, and the PUIs can be
imaged in more isolated rooms. Moreover, comparing to
CT scan, obtaining CXR images, sanitation is much less
complex [101]. Moreover, as CXR images are more easier to
obtain, the existing CXR datasets are much larger than the
CT datasets for COVID-19 diagnosis. However, according
to some prior studies [102], when X-ray images were taken
from people affected by the COVID-19, some inconsistencies
were observed in those X-ray Images. In addition, the CXR
images have a high spatial resolution, but they are planer
images and all structures visualised at CXR are displayed
on a single plane, thus, they do not allow three-dimensional
slicing [103].

3.2 COVID-19 Detection through Mobile Sensors (DMS)

To help in tracking different categories of illness and dis-
eases, such as mental, cardiovascular, respiratory, and neu-
rological, smartphone technology is found to be promising
convenient biosensor [104], [105], [106], [107], [108] and for
pandemic control, smartphone apps are a valuable com-
modity that could be tailored as respiratory monitoring
systems [109]. Moreover there are some studies [105], [110],
[111], [112] that and have analyzed a variety of acoustic
feature types and accuracy of algorithms based on machine
learning by utilizing audio recordings collected via smart-
phones for the automatic detection of respiratory illness.

In this pandemic of COVID-19, remote smartphone dig-
ital health technology has several advantages over tradi-
tional clinical visit for the screening and diagnosing COVID-
19. If COVID-19 infections are detected in early stages the
rate of its transmission can be reduced by alerting the indi-
viduals to take precautions more actively [113]. Firstly. by
using individual’s everyday smartphone devices at home,
workplace or vehicle, health screening implementation can

be conducted on a large scale via an app. and respiratory
health assessments can be performed remotely that can
assist to quickly log the location/time of symptoms or in-
cidence in real time. Secondly, overburdening at healthcare
emergency clinics can be reduced by remote evaluations
and cross infection at medical clinics and healthcare-related
expenses can be minimized while serving. Thirdly, screening
access can be provided to those individuals who live in
remote place s or where medical experts might be limited
or not available.

3.3 COVID-19 Detection through Sound Analysis

To assist in the early diagnosis and detection of various ill-
ness, there are several opportunities in using human speech
and other audio modalities and human generated audio
is used as biomarkers by the researchers, thus, offering
enormous benefits in the form of affordable solutions. For
example, in Parkinson’s disease, due to the lack of coordi-
nation of vocal muscles, the speech softness is prominent
in patient’s voice/speech [114], [115]. In coronary artery
disease, due to the hardening of the arteries, the patients
voice production (voice frequency) is affected [116]. For the
detection of invisible diseases like traumatic brain injury,
post-traumatic stress disorder and psychiatric conditions,
some speech related features are also correlated including
pitch, vocal tone, rate, rhythm and volume. Moreover, the
researchers have explored glottal speech features such as
glottal-to-noise excitation for the measurement of differ-
ences in excitation cycle, vocal tract airflow and fundamen-
tal frequency for the detection of respiratory diseases [112]
and Suprasegmental prosodic-based speech features, such
as loudness, pitch, and formant frequencies for the detection
of COPD/asthma-related illness [111].

To date, the most of the common symptoms of COVID-
19 patients include dry cough, fever, muscle pain, fatigue,
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headache, diarrhea, sore throat, conjunctivitis and loss of
taste and smell. when the condition is more severe, COVID-
19 patients feel severe chest pain, shortness of breadth
and loss of speech or movement [117]. However, respi-
ratory and non-respiratory diseases such as tuberculosis,
bronchitis, asthma, gastroesophageal and reflux disease etc
have the same symptoms as COVID-19 [118]. Due to this
symptomology overlap, it is very challenging to develop
new methods that can specifically identify and distinguish
between COVID-19 and other respiratory diseases. Recently,
researchers have explored the difference between the res-
piratory sounds of COVID-19 patients and healthy people
[119], [120].

Since, COVID-19 virus critically affects the human
speech production system and most of the symptoms of
COVID-19 are associated with the functioning of the res-
piratory system, COVID-19 detection can be performed by
analyzing three types of human generated audio or sound
signals; speech signals, cough signals and breathing signals.
A characteristic symptom of COVID-19 is the dry cough in
which no mucous or phlegm is produced with the cough.
To help in the current scenario of COVID-19, in various
studies [34], [35], [121], the authors have discussed possible
opportunities, solutions and use cases by leveraging human
speech analysis. When respiratory muscles contract, the
acoustic sound of a cough is generated. Cough (which can
be wet, dry, or a wheezing, and whooping cough) is a
sudden air expulsion from the nasal airways or throat which
is characterized by a distinctive sound [122]. A typical cough
sound signal consists of three phases; a rapid explosive
phase, an intermediate decaying phase, a voiced phase and
dry cough is characterized by all these three phases due to
the absence of any mucus or sputum.

Cough is a predominant symptom of COVID-19 and
thus, for possible preliminary screening and diagnosing
COVID-19, researchers have utilized human cough by iden-
tifying COVID-19 specific cough and differentiating it from
other similar sounds such as speech and laughter. They are
motivated to analyze human cough for COVID-19 detection
because prior studies [123], [124], [125], [126] have shown
that cough from distinct respiratory syndromes have dis-
tinct latent features which are extracted by applying appro-
priate signal processing and mathematical transformations
to train AI or Deep learning models for diagnostic pur-
poses. In understanding the impact of COVID-19 on healthy
speech production and the changes in voice of COVID-
19 infected patients, several initiatives have been taken as
recently in a study [127], it has shown that approximately
25-32% COVID-19 patients form the sampled populations
in the UK and USA have a hoarse glottal voice quality
[128]. Another study was conducted on voice pathology
which was an indication of abnormally high rates of vocal
dysphonia in COVID-19-positive individuals with mild to
moderate severity because of the inflammation in tissues
and glottic edema (vocal folds). [129].

4 CHALLENGES IN COMBATING COVID-19
In fighting against COVID-19 pandemic, massive research
proposals have been flooded regarding various aspects of
COVID-19 detection but still there are unresolved challenges

and research questions in COVID-19 detection that need to
be addressed through developing novel solutions. In this
section, we devise a taxonomy for these challenges and
categorize them according to COVID-19 Data, Diagnosis
and Regulations.

4.1 Challenges concerning COVID-19 data

In this subsection, we present two potential challenges re-
lated to COVID-19 data that the researchers are facing in
its detection. These challenges are Security and privacy of
COVID-19 patient’s data and lack of sufficient standards of
COVID-19 datasets.

4.1.1 Security and privacy of patient’s data
To control the situation in this pandemic of COVID-19, and
to make immediate actions and decisions and make up-to-
date policies in the face of public health issues, the author-
ities and governments aim to collect a range of personal
information such as ID, contact number, personal medical
data, diagnosis reports, CT scans and X-ray images, travel
trajectory, and daily activities and share it with public health
departments. This collection and sharing of highly sensitive
patient data have raised concerns regarding his/her mobil-
ity, medical, and social data. It has also generated numerous
privacy and security issues due to the open source nature of
data and mandatory usage of advisory and contact tracing
applications. This is because such applications collect sensi-
tive personal health data and do not give clear and trans-
parent privacy notices while briefing about the functions
of the application, integrating customs and travel records
with national healthcare database, using applications that
via Bluetooth, collect the records of other people who have
been in their close proximity within the past 21 days and
insecure disposal and erasure of data and monitoring the
location of individuals who are required to undergo home
quarantine via cellular signals from their mobile phones.

Although, usage of tracing apps and digital technolo-
gies for monitoring and curtailing the virus spread rates
seems to be promising especially in the time of lockdown
but, these tools can raise privacy and security concerns
just like many emerging technological advancements. Thus,
anonymization of individual’s information and ensuring the
privacy preservation of COVID-19 patients personal and
medical data is a challenging task [130], [131]. Another
major concern is that workforce shift from office based
to more remote work arrangements on permanent basis,
hackers are exploiting this disruption in normal work pat-
terns to hide intrusion activities and as a result, there is
an increase in false positives in intrusion/risk alerts and
complexity in filtering the false positives from actual pos-
itives. Due to successful cyberattacks, hospital operations
are negatively affected, access to clinical services is delayed,
leading to significant economic loss [132], [133]. In addition,
sharing COVID-19 patients data for academic purposes has
also resulted into public hatred and discrimination as re-
ported in [134]. Therefore, this situation demands complete
anonymity of medical and mobility data and there is a need
to carefully manage these concerns by implying security
controls such as encryption and anonymization to deter data
leaks and manipulation attempts form non trusted third
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Challenges and Future Directions

Challenges Research Questions

Security and privacy of patient’s
data

• How to make the collection of COVID-19 Patient’s data a transparent process by informing
individuals with whom it will be shared?

• How to securely store patient’s sensitive medical and personal data with limited access controls?
• How sensitive medical data of COVID-19 patients can be anonymized, aggregated, and encrypted?
• How to develop security and encryption systems for the protection of patient privacy and to ensure

data security by making the patients aware of privacy choices so that disclosure of sensitive personal
information can be avoided?

Lack of sufficient standard COVID-
19 datasets

• How to develop robust and statistically stable deep learning models which can learn bias?
• How the models can make predictions confidently for an unseen biased data set with similar values

of performance metrics?
• How to designing a fair testing protocol which can avoid misleading results when different datasets

are merged with large differences among them?

Detecting and Diagnosing without
or mild symptoms

• How to capture noiseless breathing patterns or signals through smartphone sensors while the
patients is wearing a facial mask?

• How to develop deep learning models that are robust against multicultural or local and multilingual
speech and sound variability?

User acceptance of remote health-
care and Tele-health/Telemedicine

• How to learn to integrate tele-medicine as one option in our routine care in a more efficient way?
• How to implement care pathways for different patient populations while determining the right

patient phenotype and dose of telemedicine for optimizing convenience and efficiency?
• What are the ways to implement telehealthcare that is financially sustainable and maximizes patient

safety and privacy?
• How to develop patients trust upon digital systems and telehelath services applications?
• How to make telehealth platforms reliable, secure, and flexible enough to accommodate the

requirements of professionals, health-care organisations and regulatory?

Policies and Regulations for Detect-
ing COVID-19

• What are the policies for data sharing in telehealth systems?
• How to make regulations, policies and standards while considering different cultures and forming a

balance between interests of individuals and that of population?
• What are steps that governments of each country has to take for minimizing the impact of fake news

during COVID, within its own political system?
• Which polices and strategies might be effective in controlling the outbreak in this COVID-19

pandemic with indifferent attitude of the public?
•

Misconeptions, Misinformation and
Misdiagnosis in COVID-19 epidemic

• How to develop the deep learning models and techniques that can detect and identify COVID-19
fake news or rumors form true information about COVID-19 spread more accurately while utilizing
a small and multilingual dataset?

• How to identify and investigate the origin behind misinformation and disinformation shring from
social media posts and how to overcome fake health information regrading COVID-19 by using
interactions based on health evidence with social impacts?

• How the mood of the population with different demography (e.g age,gender) can be handled
while containing the public concern at desirable levels and utilizing this knowledge to combat
misinformation propagation?

• How to model the reaction of people with different demographics to misinformation about COVID-
19 spread and the information presented to them in the form of alerts and warnings by keeping a
smooth balance between raising attention and providing assurance?

parties from as well as to assure that the results of COVID-
19 detection are optimum. Moreover, during the design
and refresh stages of contact tracing applications, privacy
principles such as ”privacy by design” and ”privacy by
default” should be considered. Although some efforts have
been made by leveraging technologies such as blockchain
[135], [136], [137], federated learning [138], [139], [140], [141]
and incentive based mechanisms [142].

4.1.2 Lack of sufficient standard COVID-19 datasets

Data is a key component in machine learning and without
sufficient data, for solving a problem, deep learning ap-
proaches may experience a limitation in their effectiveness,
accuracy and efficiency. Thus, in the current pandemic, lack
of standard and adequate COVID-19 clinical data prompted
as a barrier and a severe challenge in the research of COVID-
19 detection and diagnosis, limiting the performance of deep
learning based COVID-19 diagnostic and prognosis tools

and techniques [143]. Due to the rapid explosion of COVID-
19, and urgency, scientific datasets were often constructed
in a quick manner and thus the collected datasets are
small and inadequate and may not be as precise as they
should be. In this regard an effort has been made in [144],
where GAN is used to generate more X-ray images and
develop a COVID-19 diagnostic tool. With smaller datasets,
researchers have exploited pre-trained deep learning algo-
rithms which usually worked well on larger datasets but
here on smaller datasets, their performance has diminished
due to overfitting problems [145].

It is thus, challenging to develop deep learning ap-
proaches for dealing with smaller as well as imbalanced
datasets. Moreover, COVID-19 data is collected using smart-
phones or other voice recorders in unconstrained environ-
ments which are generally noisy and contain reverberation.
Hence, the available imaging data for COVID-19 patients
are in bad quality, noisy, incomplete, and in some cases the
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labels are inaccurate and ambiguous [36]. It is complex to
train a deep learning algorithm on such data while resolv-
ing data redundancy, sparsity and also the missing values.
Consequently, insufficient time series data and low quality
data result in biased and inaccurate predictions and unre-
liable results [53]. It is thus, challenging for deep learning
algorithms to diagnose and detect COVID-19 accurately and
efficiently. In addition, because of using different datasets
with different numbers of samples, definitively concluding
which system yields the best result for COVID-19 detection
is quite difficult. There is a need to establish organized
framework and datasets, to make them easily accessible for
the researchers around the world.

4.2 Challenges concerning Smartphone based COVID-
19 detection/diagnosis

In this subsection, we present two significant challenges
related to COVID-19 detection/diagnosis through smart-
phones that the researchers are currently facing for its
efficient detection. These challenges are Detecting and
Diagnosing COVID-19 patients with no or mild symp-
toms and User acceptance of remote healthcare and Tele-
health/Telemedicine.

4.2.1 Detecting and Diagnosing COVID-19 patients with no
or mild COVID-19 symptoms
Currently, to control the world-wide disruptive and spread-
ing novel coronavirus disease, smartphones, with their com-
puting proficiency, have been used to detect COVID-19 by
collecting and analyzing speech, cough and breathing sig-
nals. Some interesting frameworks based on mobile smart-
phones are provided for developing COVID-19 detection
soft wares and algorithms [61], [69], [146], [147]. Moreover,
smartphones are also capable of processing X-ray images
and CT scans by using deep learning in smartphones for
the detection of COVID-19 [148]. Deep learning algorithms
work well by providing better insights and accuracy in di-
agnosis with larger datasets but using them on smartphones
may degrade their performance because the computing
capability of a mobile to treat a large amount of data is
lower than a grand machine or a computer and thus, to
accomplish this task, lightweight algorithms are required
to develop which is a challenging task. There are also
some other noticeable challenges in this regard. Experiments
performed in [149] have shown that the quality of images
in this way is not adequate for managing the smartphone
based applications. It is also challenging to get accurate and
relevant speech data for developing deep learning models
in terms of social distancing norms. To assist in this regard,
chat bots play a significant role and automate the screening
of COVID-19 making it faster but it is also a challenging
task to design chat bots while considering its positive and
negative impacts.

In a recent pathology study [129] there was an indication
of abnormally high rates of vocal dysphonia in COVID-
19 patients with mild to moderate severity because of
glottic edema and tissue inflammation. A major problem
is that most of the smartphone based studies [109] have
not scrutinized speech data but they have only examined
recorded breathing/cough sounds for COVID-19 detection

the individuals with moderate COVID-19-like symptoms
that tested negative are ignored. Thus, these studies are
not effective in cases when individuals do not have dif-
ficulties in breathing or cough symptoms. It is therefore
challenging to develop smartphone based systems that can
detect COVID-19 patients with no or mild symptoms such
as cough.

4.2.2 User acceptance of remote healthcare and Tele-
health/Telemedicine
Information and communication technologies are playing
a significant role in assisting doctors, practitioners and
healthcare professionals and workers for faster diagnosis
of viral infections and diseases. In the COVID-19 epidemic
due to the need for social distancing and in-person contact
restrictions, telehealth services application and remote care
or remote diagnosis has accelerated and are used in the
large scale screening of patients, superviisng patient care
by experts and for remote clinical encounters [150], [151]. It
is made possible with the help of body wearable sensors,
tele-healthcare, telemedicine and AI-chatbots [152], [153].
By using telehealth, healthcare professionals are able to
provide medical services at a distance using video imaging
and videoconferencing and other technologies. When emer-
gency situations are detected, the smart homes equipped
with environmental and personal sensors (interconnected
using the IoT) are capable of monitoring patient health
and sending messages to responsible clinicians. Also, health
Wearable devices have a myraid of different sensors that
can collect distinct data types such a s steps, sleep, heart
rate pulse.

By processing the collected sensor data and applying
deep learning and statistical methods, wearable devices are
found to be promising technology to track viral infections
overtime as well for detecting COVID-19 and proactively
detect them before their onset. However, challenges are
raised because environmental conditions and external fac-
tors affect the physiological measurements resulting into in-
herently unpredictable time-series data. This unpredictabil-
ity in the data leads to low accuracy of models and systems
which in turn badly shatter the patient’s trust upon these
systems. When patients and providers are unsatisfied with
Telemedicine, rather to be subjected a bad experience, they
both may prefer to suffer the inconvenience and unavail-
ability of in-person care. Moreover, mostly patients also
prefer to see their own health care provider as opposed to
someone with whom they have no established relationship.
Thus, patients trust upon telehealth should be developed
which is a challenging task [154]. Due to the dramatic im-
provements in technology, digital availability has increased
accessibility and quality of care and at the time of epidemic
conditions such as COVID-19, telemedicine has the potential
to control the disease and management of clinical case
and to improve research of epidemiological [155], [156],
[157]. The patient’s general appearance including patient’s
respirations (effort of breathing, speech,accessory respira-
tory muscle involvement), oropharynx observation, patient-
directed lymph nodes to assess for notable lymphadenopa-
thy, presence of a patient cough (dry or wet) can be noted
via video [158]. But despite of this, the concept of telehealth
and telenursing is not a panacea, coming up with comes
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Fig. 4. Challenges in Combating COVID-19 Pandemic

with risks including security breaches and hindrances in its
wide adoption still exist [159].

The most important hinderance in wide adoption of
telemedicine is the patients preference of Face-to-Face
Healthcare. A major problem is that there are some health
issues such as transplantation, therapies etc that can only be
handled and evaluated in person and using telemedicine
it may have trouble concentrating or working remotely.
Also, hurdles in implementing telehealth care programs also
largely depend on payments systems, insurance and accred-
itation as there is a lack of supportive payment structures
and heavy regulatory laws due to which telemedicine has
yet to be widely implemented [151], [160]. Some other no-
ticeable barriers that currently exist to telemedicine include
a lack of knowledge about having telemedicine visits as an
optiona, lack of education about the efficacy and safety of
telemedicine in light of current circumstances and a lack
of understanding about how to access telemedicine visits
[161]. Although some patients are already embracing tele-
health mode of care delivery [162], [163], however, health-
care professionals need to be aware of patients preferences
for communication and to learn new skills for conducting
telemedicine visits by developing programs to educate and
mentor colleagues and trainees [164] and find the ways of
using telehealth by which the need of patients can be met
with the levels of attentiveness, expertise and empathy that
is provided during office clinical visits.

4.3 Challenges concerning Ethics and Regulations

In this subsection, we present two critical challenges related
to ethics and regulations in detecting COVID-19 that the
research community is facing currently. These challenges are
the lack of regulations and policies for detecting COVID-
19 and controlling misconceptions, misinformation and fake
news about the pandemic.

4.3.1 Lack of Regulations and Policies for detecting
COVID-19

The daily number of confirmed cases (infected and dead) is
considerably increasing. To control this outbreak, govern-
mental authorities are defining different policies and are
playing a vital role by applying various approaches such
as screening and testing at a large scale, lockdown, social
distancing etc. For example, Korean government has started
the quarantine policy from 1st April 2020 according to which
it is compulsory to quarantine all the passengers for 14 days
at designated facilities or registered addresses who are are
entering Korea. Moreover, all the passengers are obliged to
send their daily self-diagnosis reports taken through self-
diagnosis apps installed in their mobile phones. In case if
people don’t have mobile phones and cannot install the
self-diagnosis apps, the Seoul Metropolitan Government
has implemented an AI monitoring calling system which
can automatically check the health conditions of the people
[165]. It is still challenging to make effective policies and
regulations as individual citizens and businesses usually
ignore what is asked of them.

There is a need for rapid development of new policies
and additional restrictive measures, to meet the novel cir-
cumstances. FFor pandemics, the rationing policies vary
from country to country on the basis of their health sys-
tem, institution and jurisprudence and thus the COVID-19
pandemic has also raised a host of ethical challenges, due to
rationing of scarce critical care resources by the health care
systems. Some countries have uniform policy while some
have no policies at all. Thus, there is need to ensure that
remote healthcare practices are carried out in an ethical,
confidential, and safe manner by establishing laws and
regulations around the world. Moreover, to preserve many
of the current waivers that permit telemeidicine services and
to make telemedicine a viable solution, there is a need to
advocate for legislative reform at the federal and state levels.
From an ethical perspective, to avoid overt and implicit bias,
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there is a dire need to apply triage policies consistently to
all patients. From a legal perspective, allocation decisions
and triage policies should not be unlawful against protected
classes of individuals (e.g on the basis of race, religion or
color, national origin, sex ) so that discrimination can be
avoided [166].

4.3.2 Controlling Misconceptions, Misinformation and fake
news in the COVID-19 epidemic
In COVID-19 pandemic across the globe, Medicine and
Science is combating against it with the assistance of digital
technologies, but the healthcare systems are in disarray
and they are facing another critical problem, fake news
or misinformation which refer to fabrications, satires, and
hoaxes mixed in real reports to mislead people’s judgments,
especially during the pandemic. It is also stated by World
Health Organization that pandemic is accompanied by an
”infodemic” (information epidemic). Fake news is intention-
ally written to mislead readers to believe false information,
which makes it difficult and nontrivial to detect based on
news content. Fake news is divided into two categories;
misinformation and disinformation. Misinformation refers
to the false or misleading information that is inadvertently
shared and disinformation refers to deliberate creation and
sharing of false information that is purposely spread to
deceive people and is known to be false [167], [168].

With the start of COVID-19 pandemic, the spreading of
inaccurate information online., i.e, a cluster of fake news
about possible remedies, vaccinations and lockdown poli-
cies, are not only life threatening but also causing dis-
ruptions in society, creating confusion among people and
even leading to deadly consequences in health problems.
In addition, the prevalent misinformation is also disrupting
the social order and the supply chain disrupted out of fear
since people started to pile up stocks of masks and sanitizers
[169]. The misinformation in the form of numerous harmful
advice or cures being suggested regarding the prevention
and treatment of COVID-19 is taken seriously which has
caused the deterioration of the patient’s condition as well
as the emergence of new diseases [170]. For instance it is
suggested that drinking fish tank additives, bleach, or cow
urine are suggested to be a cure for COVID-19 which are
actually harmful for health [171]. Particularly, one major
concern is the misinformation regarding COVID-19 vaccines
which is the main cause of vaccine hesitancy and is fueled
by rumors of safety and conspiracies [172], thus, influenc-
ing people’s willingness to follow the recommendations by
health and political authorities on vaccination [173]. Due to
these rumors people either refuse to vaccinate or delay its
acceptance despite the availability of vaccination services
[174]. This is mainly because the online social media lack
gate keeping and proper regulations and thus, it is a place
to disseminate misinformation and fake news rapidly [175]
by providing a fertile ground for spreading a large amount
of unfiltered content [176] and authorizing a misinformation
phenomenon. Moreover, to misguiding news are presented
purposefully by many online news portals in order to in-
crease their popularity. This pandemic is seen as a good op-
portunity for the journalists, bloggers or anyone with access
to social media to increase the number of their followers or
readership rates and to obtain extra attention by publishing

COVID-19 related information. in doing this process, there
is manipulation or fabrication of valid information which
create fake news or stories in order for it to appear more
interesting to the public [177]. Consequently, the public’s
perception of reality is possibly manipulated and aggra-
vated through the dissemination of fake news content [178].

During this epidemic, these fake news and rumors are
creating panic among the masses and thus it is very crucial
to detect [179] Fake news. In most of the existing meth-
ods for fake news detection, false news is identified by
combining richer data, which provide a data repository
including news contents, social contents as well as dynamic
information. However, such methods cannot be applied in
new fields due to the lack of universality. Hence, researchers
have proposed semi-supervised and unsupervised methods
[180], [181], [182], [183], which try to make a trade-off
between the amount of training data and the final training
accuracy. It is still a challenging task to detect COVID-
19 fake news as the COVID-19 fake news is multilingual.
Moreover, the accuracy of some of the above mentioned
recent systems have not yet reached acceptable levels be-
cause of the insufficient learning of limited corpus contents
and the incomplete hard samples mining. The size and
features of data used by the researchers is not enough
for building models for accurate classification. Moreover,
for accurate classification of fake news detection, very few
research has been done towards application of linguistic
and deep learning techniques. In addition, the model’s
understanding of common sense is diminished due to the
excessive further-training, resulting in some incomprehensi-
ble mistakes. There is a need to design an effective detector
which can efficiently and accurately differentiate between
the real/actual news and fake news according to its title
or summary. For evaluating the proposed works in the
current pandemic, there is a need to apply the existing
NLP techniques for fake news identification on COVID-
19 social media data-sets [184]. From ethical point of view,
the authorities and people should be aware of their ethical
duties so as to ensure that only ethical and valid information
is being shred on social media [177].

5 CONCLUSION
Severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) disease (COVID-19) has profound effect on the well
being worldwide and has significantly impacted global
health and socio-economics systems. It has become a ma-
jor global concern because it is spreading at a fast rate
and the number of diseases related deaths continues to
grow globally. To find a viable cure against the COVID-19,
medical and scientific researchers are working rapidly and
restlessly with the aid of artificial intelligence (AI) and deep
learning (DL) in numerous ways. In contribution to fight
against COVID-19, DL algorithms more suitably CNN and
its variants have been successfully applied for screening,
diagnosis, prediction, severity checking, drug discovery and
treatment of COVID-19. This survey offers the identification
of significant challenges in deep learning based COVID-
19 detection. In this survey, we have first presented and
explained general pipeline of image processing with regard
to DL based COVID-19 detection. Then we have presented
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the taxonomy of modalities used for DL based COVID-19
detection methods and explained each category. Moreover,
we have also identified and presented potential challenges
and devised a taxonomy for the challenges in DL based de-
tection of COVID-19. Important research questions for each
category of challenges are also identified. This survey opens
a promising path and a reference guide for the researchers
contributing in the battle against COVID-19.
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